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You can join or help Todor and The Sacred Computer!

#lotsofpapers #lazar

Lots of Papers: inAl, ML, CV, ANN, DL, ... throughout history,
classical 1950s, 1960s, 1970s, 1980s, 1990s, 2000s, early 2010s to 2020s.
Computer Vision, Reinforcement Learning, Program Synthesis. Lifelong
Learning, Human-Computer Interaction, Mixed Initiative Interfaces
(Agentic Systems); Evolutionary programming, Genetic Algorithms, Self-
improving agents; Speech Synthesis, Speech Recognition, Audio
Generation etc. Groundbreaking or important researchers or related to
the flow and context of the reviewed topics; and a few Bulgarian
researchers who participated in some of the works.

* Lifelong Learning, Continual Learning, Reinforcement Learning (historical Q-
Learning, modern Deep Q-Learning: Atari DeepMind ...), RL for LLMs, policy
optimizations (DPO, PPO, OREO) ... Conditional Random Fields (CRF); Chain-of-
Thought prompting ...

* Survey of other techniques and research in computer vision, preceding the
explosion of the application of convolutional neural networks after 2012: DBN,
RBM, MREF, SIFT etc.

* Survey on Early Deep Learning architectures and Normalizations; seminal
papers and PhD theses by pioneers in DL from the schools of LeCun, Hinton,
Bengio: M.Ranzato, V.Mnih, A.Krizhevsky, |.Sutskever, A.Mohamed ...

* Survey of Object Recognition and Classification before Deep Learning

* Selected Computer Vision works from 1960s to 2020s

* Exploration and introduction of concepts and techniques in computer vision,
machine learning, neural networks

* Mixed-Initiative Interaction (Agentic Systems)

* Audio: Speech Synthesis, Audio Generation, Speech Recognition; from 1980s to
2010s

* Neural Machine Translation, Language Models, LLMs, Text Generation, Text and
Language Learning and Representation, Word Embedding

* Alternative approaches for sequence and next words prediction, instead of
neural networks: stochastic memorizer, sequence memorizer* Transformers - the
seminal paper from 2017

* Neural Program Synthesis
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* Transformer architectures for images and for reducing the quadratic complexity
* Evolutionary Algorithms | Genetic Algorithms | Genetic Programming

* Genetic Programming, Genetic Algorithms, Evolutionary Programming: Part Il

* Summary and selection of important concepts in Evolutionary Algorithms |
Genetic Algorithms | Genetic Programming etc.

* Vision Transformers - ViT

* Multimodal Learning, Dialog Learning, Continual Learning

* Diffusion Models

* Self-Improving General Intelligence, Recursive Self-Improvement

In order to quickly go to a target: Search with the following pattern:
Topics: Genetic Programming, Genetic Algorithms” etc. (a quote from the list)
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Introductory Notes

* Most of the text in this volume of references is in English, with only several small
sections and notes in Bulgarian and an introduction in Bulgarian.

* It is a record of explorations and reasoning and can serve as a dataset for study, recall
and food for thought for curious readers and thinking machines.

* The order and clustering of papers and topics are going in several overlapping
dimensions: thematic, chronological and by authors.

* The book is encyclopaedic and can search for specific topics, names, fields, terms
etc. like with the other volumes of The Prophets.

* Why different fonts are used? For example — for more diversity. Future versions may
be generated from a database core or displayed with Vsy/Al agents and generate
different layouts, connections etc.

* In the future it would be operated with the AGI infrastructure Vsy (Bceabpikel, Bcu)
and the Research Accelerator ACS (unpublished yet), which will make it “living”,
dynamic, self-extending, translating etc. Of course, you could read the book
interactively with other chatbots and agentic Al systems.

* Criticism: The information is too dense. Some abstracts are overly compressed and
lack flow. The reader is forced to make large cognitive leaps between concepts,
domains, levels of abstraction, time periods, and technical details, which leads to
information overload.

In general, this is a survey which aims at collecting a huge amount of
knowledge and presenting it in a compressed form of selected key fragments and
moments, serving as a guide and a seed for additional exploration. However, the
density and compression ratio vary and they are not always extreme. Besides you can
easily expand the content by consulting the referred material and asking Al. This will
be an interactive and convenient operation with Vsy/Bceabpxer/ACS.

* For more Bulgarian and other selected research see also #Anelia #prophets
#Listove etc.

* TOo31 TOM e Ha aHIVIMHCKY C HSIKOJIKO KpPaTKU OesIe)KKU U APYTU OTKBCH Ha ObJITapCKH
e3UK 3a yueHe C moJKperneHue u ,,OT/I0)KeHOTO Bb3HarpakjieHue", oK. c.16. Bux:
Jla3ap BbiikoB, bosH AsiekcaHpos.

* M3csieiBaHMsA Ha IPYTU METOAU B KOMITIOTBPHOTO 3peHue oT 1960-te g0 2000-Te u B
HaBeyepreTo Ha OyMa Ha MPUIOKeHUsITa Ha KOHBOJTFOL[MOHHY HEBPOHHHU MPEXKHU B Kpasi
Ha 2012 r.; MmeToau B MammmHHOTO o0yuenne: DBN, RBM, MRF, SIFT; MSER wu ap.

(...)
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Legend: Cmp: compare. Tosh, T.A., TA, Todor, T: inlined comments by the author
of “The Prophets ...”.
File: Lazar-... #Lazar

See also appendices: in English: Universe and Mind 6, “Calculus of Art: ...”, ...
many parts of Listove and Irina; some parts of the main volume; #Anelia — a big
survey of Al and computer science, including work of many Bulgarian researchers. It
is mainly in English and some Bulgarian.

@Vsy: Systematize, draw diagrams, tables, collect in memory

A reminder for navigation: Search topics with “topics:..” and keywords or authors.

ToMoBe U npuno>xeHusa Ha lNMpopoyume Ha Mucsewume MaWUuHU

ChblecTByBaLLM U HAKOU Bb3MOXXHU 6baeLLm TOMOBe

[ToBa ca MHOro KpaTku cbKpaTeHu 6enexxkm 3a MHOroobpasHu 1 06eMHu
TPYAOBE; HAKOM Ca CbCTaBAHM NpeamM 3aBbpLLUBAHETO HA rON1IEMUTE TOMOBE
(/luctoee, OcHoBeH) — 3a NoBeYe NOAPOOHOCTU BUXK APYrnTe KHUMN. ]

* #prophets — OcHoBeH TOM (>2390 c. 1.2026; >1859 cTp., 13.8.2025); O630p Ha
Teopwa Ha Pasyma n BceneHarta, cpaBHeHMe ¢ paboTu B Apyru LLKO/IN, KOUTO
NpeoTKpMBAT M NOBTAPAT, M NbK NpeaxoxXxaat o6o6LaBaHEeTo Ha MPUHLUNUTE
3a cb3gaBaHe Ha 06U U3KYCTBEH UHTENEKT, KOUTOo 6axa GopMynnpaHm oLLe B
HauanoTto Ha 2000-Te r. u nocTeneHHo ce cbbaHaxa n ce cobaBart. [JokyMeHTaneH
nperneg Ha orpomMeH o6eM HayuHW LLKONKU, nuTepatypa un ¢akTu, KpaTka u
nogpo6bHa xpoHonorua ... #tosh1

* #purvata - ,,[IbpBama cbBpeMeHHa cmpamerud 3a pazsumue 4pes3 Vil e
ny6sukyBaHa om 18-roguweH 6brapuH npe3 2003 r. u noBmopeHa u
u3ns/iHeHa om yesnuda ceam 15-20 roguHu no-kbcHo: bvairapckume
npopoyecmsa: Kak 6ux uHBecmupas eguH MU/IUOH C Hal-ros1amMa nos3a 3a
pa3Bumuemo Ha cmpaHama?“ #tosh2 (31.5.2025, 248 c1p.)

* #listove — MHoroobpasue oT TeMu cpe KOUTO Kflacnyecka  CbBpeMeEHHa
poboTmnka n nnaHnpaHe, MynTn-areHTHM CUCTEMU — KNaCUYECKN U CbBPEMEHHMU C
ronemMm e3amMKoBM MO4ENN; y4YeHe C NoAKpPEen/eHne B MalLMHHOTO 06yyeHne 1 BbB
Bpb3Ka C MO3bKa; HEBPOHAYKN U HEBPOMOPHHU CUCTEMU, Cb3HAHNE U
NaHNCUXMU3DBM, aNroOPpUTMUYHA CAOXXHOCT, APYr1 TEOPUKM Ha BCUYKO N BCe/leHaTa
CMeTau; KOTHUTUBHA IMHIBUCTUKA U MUCAEHE MO aHanornsa, esMKoBm Moaenu —
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NCTOPUYECKN N HAN-HOBU CUCTEMU, MYNTUMOLANTHN MOAENN, OCHOBHU MOAENN
3a areHTu n poboTn; 0630p Ha HayuYHU CTaTUKN, HOBUHU, N1aTGoOpPMK Ha
yatboToBE N opyry Nopaxkgallm Moaenm 3a pas3niniHU MoaanHOCTU U NPaKkTMKa;
CbBETCKa LLKONa B U3KYCTBEHWUA MHTENEKT; NPMHOC Ha 6barapm B HAKOM o6nactu
KaTo ydyeHeTo ¢ nogkpenneHune (Reinforcement Learning); v ap. (...), >730p....>
475 cTp.. (28.8.2025) (414 cTp 13.8.2025.)

* #mortal - Hy>kHU N1 ca CMDBPTHU U3UUCIUTENHN CUCTEMM 3a Cb3AaBaHe Ha
YHMUBepcanHu Mmmcnewm mawmHn?, ,CMbpTHUTE® CUCTEMIK Ca CBBP3aHUN C
HocuTena cu, 3a pasnunka ot ,,6e3CMbPTHM, 38 KAKBUTO Ce cMATaT
»OOMKHOBEHUTE® KOMMNOTPU. HO ganu n HeBpoMopdHUTE cCa HAUCTUHA
HEBPOMOPOHU, N KaKBO TOYHO € ,,6e3CMBbPTHOCT", ,,CMBbPTHOCT,
,CaMocb3gaBaHe” (aBTonoesa) u ganun sbobLie e Bb3MOXKHa. HanctuHa nu ca
no-epekKTMBHN HEBPOMOPOHUTE CUCTEMU, KAKTO U XKUBUTE NN MO-MOLEPHUTE
€N1eKTPOHHU TEXHOMOTNK C NO-Manku TpaH3nCTopu, nnn epekTMBHOCTTa e N3bop
Ha ,,CYeTOBOACTBO“ U CKPMBAHE Ha peasiHUTE pa3xoam 3a Cb3gaBaHeTo M
CblLLUECTBYBaAaHETO Ha cboTBEeTHaTa TexHonoruna? (...) 70 cTp.

* #universe6 #UnM6 - BceneHa n Pasym 6, T.ApHaynoB- #tosh3; cb3HaHue,
,MeTapunsnka“ ,ymonnawieHne” ... Ha aHrMMNCKN; CBbP3aHa c TeMu oT #mortal

()

* Universe and Mind 6 — Connected to “Is Mortal Computation...” —in English.
Why infinity doesn’t exist and Goedel theorems are irrelevant for thinking
machines? What is Truth, Real and Realness and Why? The fundamentality of

mapping (...)

* #sf #cyber — HayuHa paHTacTuka 3a N, dytyponorusa, KnbepHetuka ...
MoppobeH npernea n cpaBHeHMe Ha ctatua Ha Mankbn JleBuH ot 2024 r. 3a
camMouMnpoBu3npallata ce namet ¢ naemn ot Teopma Ha Pasyma n Bcenenara.

* #irina - beceaun n noapo6bHn 6enexkn n ap. ctatuun; MpnHa Pull; BukoaHuaTta
Ha Mowa Bax u ap. u cbBnageHuaTa Ha ugeute My ¢ Teopua Ha Pasyma u
BceneHaTta, nybnunkysaHa 20 rognHu npeam KOMeHTUpaHUTE UCKYCUN; MHTEPBIO
c Nutbp Boc Ha pbba npegun ,,epata“ Ha eHTycmasma KbM Obwma A npes3 2013
r.; c6ObaHanu ce npeasmxaaHma ot 2005 r. 3a MaLLUMHHMA NPEBOA U
TBOPYECTBOTO M 32 aBTOMATUYHOTO nporpammpaHe ot 2018 r. n ap.; becepgac
yyacTtmeto Ha Mankbn JleBuH (nosede oT Hero B #OcHoBHMA ToM, #KnbepHeTtuka
n #/lnctose.

- * #lazar #lotsofpapers - this volume; To3n ToM €

* #anelia- O630p Ha paboTaTta Ha MHOXXECTBO 6 b/Irapcku n3cregoBaTenu.
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Survey of the work of numerous Bulgarian researchers. See also the main volume
and Listove.

* #instituti- nperneg Ha nHcTUTYTK No I B 3TOUHa EBpoOna u ceeTa,
CpaBHEHMe Ha NoBTapALLNTE ce nocnaHua; kbM 2003 r. B Bbrnrapua nmawue
ny6nmkyBaHun 2 HauMOHaNHM cTpaTternmn 3a passutue ¢ A - 16 rognHu npeau
nbpBarta YepHoBa Ha BAH n 19 roanHun npeawn otkpmeaHeTo Ha INSAIT, n asete
[erno Ha FoHOLUW.

* #complexity - AnropmtMmnYHa crio>KHOCT — 0630p 1 6ene>kkn No MHOXKECTBO
ctatum n 0606LeHMA n n3sogn. ann mawmnHata Ha THOPUHT e noaxoadAula 3a
onuncaHwue Ha Mucnewa mawuHa? #hector

* #calculusofart - MaTtematnyeckm aHann3 Ha U3kycTBoTo. My3uka | — Kak ce
onpenena ganv gageH ,,KbCc* U3KYCTBO € KpacuB 1 3aLL,0 HX xapecBa?
Kpacortarta, koMnpecunpaHeTo 1 npeasuxgaHeTo Ha 6baewnTe gaHHM Bb3
OCHOBa Ha MuHanute. Myaunkata TpAabBa ga e KpacmBa U fa Ce USMepBa BbB
BCUYKM MaLabu, oT Han-MankmTe C NOCTeneHHO HapacTBaly o6xBar.

* #kotkata - 3apauarta o1 ,,AHa/s1U3 Ha CMUCB/1a Ha U3peyeHUe Bb3 OCHOBA Ha
6azama 3HaHuA Ha gelicmBawa Mucsiewa MawuHa (...)% T.ApHaynos 2004 r. B
Ananor c yatéotosete ChatGPT n Bard, kpaa Ha 2023 r. go Ha4. Ha 2024 r.unc
GPT5 npepn 2025 r. — nocneaunaTt ycnaea aa pasbepe v NpuioXKu B ONpoCcTeH BUA,
MeTopga OT cTaTtuATa.

* #zabluda - 3abny>xgaBalimte NOHATMA KU pa3bop Ha MICTUHCKMA UM CMUCDHI:
TPaHCXyMaHU3bM, UMBUAN3aALUA, ... — KHUTa, KoATo nybnmkyeax npe3 2020 r. n
3anoy4Ha KaTo cTaTua 3a TpaHcxyMaHmaMa. OTKbCbT MOXe Aa 6bae BKIOYEH U B
OTAENHO NPUNOXKEHUE.

#razvitie #transhumanism - ToM dokycupaH Bbpxy pa3BUTUETO Ha YOBEKA,
KOCMU3BM, ,, TPAHCXyMaHNU3bM®; eTnKa, GBUOTEXHONOIMMMN, MO3BUYHO-KOMMIOTBPEH /
MO3bYHO-MaLlMHeH B3anMnuk (Brain-Computer Interface, Brain-Machine
Interface), HeBpOMOpPPHU CUCTEMU, FEHETUYHO UHXKEHEPCTBO, FTEHOMMKKA,
6unonorua, cMMynMpaHe Ha KNeTkn 1 >XXKMBU OPraHmn3Mm mn gp.

MpakTuka, paboTtnnHuum n ap. (6bvaewin)

* #robots-drones-ros-slam-simulation-rl - HazeMHu 1 netawm poboTu:
ApoHoBe; obuia Teopua, NnpakTnuka, KOHKPETHU CUCTEMU M NpunoxkeHns; Robot
Operating System (ROS, ROS2); cpegun 3a cumynaumm Ha GrU3n4eckn u
BUPTYanHun poboTn 1 MallmHHo obyueHumne: Gazebo, MuloCo, RoboTHOR, Isaac
Sim, Omniverse; gymnasium u gp.
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* #neuromorphic-snn-practice — [1pakTrka no HeBpoMopdHU CUCTEMMN,
MMMYNCHW HEBPOHHU MpeXxu; Lava-nc n gp.

* #llm-generative-agents — ronemMn eankoBu Mmogenu: nokanHa pabora,
nnatdopmun; ynotpeba, noaroresaHe Ha Habopu OT AaHHU; obyyeHune, TecTBaHe.
TekcT, o6pas, Bnaeo, TpUnN3MepHU Moaenun, NporpaMeH Koa, Lenm urpm m
ceeToBe ¢ ¢un3uka (,world modeling“), BcakakBm MoganHoOCTH; oUdPy3HN MoaeNN,
npeobpasutenu (TpaHcpopmaTopmn), cbrnacyBaHm ¢ puamkarta MaTeMaTUUYeCKU
MoAenm, NPUUYNMHHOCTHU MOAENM C YNpaBNABaLLO-NPUYNHABALLM YCTPOMUCTBA NO
noente ot Teopua Ha Pasdyma n BceneHata. AreHTn, MynTu-areHTHU CUCTEMU:
apxuTekTypu n ap ... (suxx J/lucmose v J/lazap)

* #codegen — aBTOMaTMYHO NporpamMmpaHe, CUHTE3 Ha NporpamMm; Mogenm 3a
Tasu uen, nnatbopmmn; MetToau, NpUNOXeHUA ... program synthesis, automatic
programming, code generation

* #sigi-evolve — camMopa3BmBaLLM Ce MaLlLIUHWN, EBOMOLMOHHMN TEXHUKM,
pekypcmBHO caMoycbBbpLueHcTBaHe (Recursive Self-Improvement, RSI)

* #appx — Mpuno>keHMe Ha NPUNOXKEHUATA, CNMCHK C 06aBEHN MO-KbCHO;
PBbKOBOACTBO 3a YeTeHe U ap.

* #agi-chronicles — XxpoHOMOrM4YeH 3anuc n npocrnenasaHe Ha pa3BUTUETO Ha
ncTopuATa, HOBUHU, CBOUTUA, NOEN, CUCTEMUN, MPUNOXKEHMA; N3CNenoBaTeNu

(BepoamHo ¢ Bceabprkeuy)

... C/legBaT NPoAb/IHKEHUA — Apyrn NpunoXxeHus n BcesreHama:

* Cb3poaBaHe Ha MUC/eLWM MaLlumHu — ... 3puM, Beceabpxel,,
Bbpwepopn, Kazbopog, Bcebopasuten, Bcetsoaencrteso, Becesog, ...

BHuMaHue! [OpHUAT CNUCHBK U MHPOPMaUMATa B HErO MOXKe [a ca
HEeMb/HWU, HETOYHU UK ocTapenun. Bb3MOXXHO e aa n3nmsaT HOBMU
n3paHnAa c nonpaeku 1 gonbnHeHna. 3a obHoBNeHNA cneaete yeb
cTpaHunuute, pencbyk rpynaTa ,,YHUBEpcaneH nsakycteeH pasym*, KOTio6
kaHanute, luckopa cbpBbpa U AP.

Mo>keTe ga noMorHeTe 3a NnogobpeHMEeTo Ha CbLLECTBYBALLUTE N 3a
ocblUEecTBABAHETO Ha 6baeLLnTe pa3paboTku.

10
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CeeuweHussm cMemay npu3oBaBa Cb3HULN, CbMULLMEHNLN, CbAPYKHULM
N CbTPYAHULM; YHUBEPCUTETN, N3CNEQOBATENCKA UHCTUTYTU N PUPMK;
YY€HU, MHXEHepW, pa3paboTumum n TBOpLM; CNOMOLLECTBOBATENMN,
AapuTenu, nocriegoeaTenu, apyrapu, nacnegoeartenn n cbaBTopu 3a
NpoabIMKEHNA N NogobpeHn Bepcumn 1 3a pa3BuTue Ha AenHOCTTa Ha
N3crnenoBaTenCcko-TBOPYECKOTO APY>KECTBO.

AKO 1ckaTe Aa NOMOrHeTe, 3a KOHKPETHU NOEN BUXKTE B HA4YanoTo Ha
OCHOBHUSI TOM, B Npunoxexue Jlucmose, B MHpopMaLmsaTa 3a NpoeKTa
Bceabpxew Unn ce cebpxeme ¢ MeH.

PabotaTa no cuctemara 6u ce yckopuna’ upes BcsikakBa CbBpeMeHHa Unm
n3non3BaemMa TEXHMKa 3a Ho8a u3cnegoBarternicka 4enHOCT, KakTo U 4OCTbN
A0 obnayHu ycrnyrm oT BCAKaKbB BUA — KakTo JOCTbM A0 nopaxgalim
mogenu kato ChatGPT, Gemini, Claude v np.; Taka u 4o CbpBbPU, ANCKOBO
NpocTpaHcTBO K Np. CbLLO Taka MoraT a Hy MOMOrHaT NoMeLLeHNa 3a
TexHuka u pabota un np.

CbxpaHsaiBaHETO Ha Gbnrapckarta n CBETOBHA KOMMIOTbPHA UCTOPUS U NaMeT
€ yacT oT genHocTTa Ha Cmemaya owle oT 3opata My npe3 2000 r.

Crapa 6bnrapcka 1 CBETOBHa U34MCNUTENHA TEXHUKA, KOATO 1cKaTe Aa
AapuTe, CblLO e 4o6pe AoLuna nNpy Hac Unu Npu Koneru.

! Mucnewara mawunHa Beceabprkel, paboTu Ha TakaBa TeXHMKa, C KAaKBATO pasnosiarame u ce
BMECTBa B Hesl. AKO HE MOXKEeM Aa OCUTrypum apyro, Bcegbprkey, we Tpabsa Aa ce cnpasu U1
Ha eQHO UM HAKoAIKo PC-Ta, nanTonu 1 No-masiku KOMNIOTPK, C Bb3MOXKHA BPb3Ka U KbM
MOBWNHM YCTPOMCTBA 3a CEH30PU M APYrM NOMOLHN 06paboTKK; 6e3 an cbe AOCTLN 40
NHTepHET 1 061a4YHM YCAYyTv, KAKBUTO MOXKEM A3 CU NO3BOAUM. Bux ,, CuHeynapHocm Ha
Tow” — ypasHeHUemo Ha omHocumenHama eghekmusHocm B npunoxexHue ,Mopsama
cbB8peMeHHa cmpameaus 3a pazsumue ypes UN...“

* Bux cynepkomntotbpa lMemak I: https://github.com/Twenkid/SIGI-
2025/blob/main/petaki.md — MNog, ,,cbBpemeHHa TexHMKa” ce pa3bupa 1 MalLuMHU C
npouecopu Core i OT 8cuYKU rnokoseHuA. Npes 2014 r., paboTeliku BbpXy UHPPACTPYKTypaTa
Ha NpoToTUna Ha Bcedbpiey cnomeHaBam 4-aapeH NpoLecop

Core i54570 ¢ 32 GB RAM un egHo ToraBaiwHo GPU KaTo morke 61 A0CTaTbYyHM 33 3apoamLl Ha
pasyMm, AOCTUraLl, YOBELIKO U CBPBbXYOBELLIKO HMBO Ha YHMBEPCaNeH pasym.
https://artificial-mind.blogspot.com/2014/03/whats-going-on-everything-predictions.html
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LAZAR

* Topics: Lifelong Learning, Continual Learning, Reinforcement
Learning (historical Q-Learning, modern Deep Q-Learning DNN:
Atari DeepMind ...), RL for LLMs, policy optimizations (DPO, PPO,
OREOQO) ... Conditional Random Fields (CRF); Chain-of-Thought
prompting ...

* Lazar Ignatov Valkov — a Bulgarian researcher — Jlasap UriaTtos Bbnkos
https://scholar.google.com/citations?user=GMee GYyEAAAAJ&hl=en

Houdini: Lifelong learning as program synthesis. Lazar Valkov, Dipak Chaudhari,
Akash Srivastava, Charles Sutton, and Swarat Chaudhuri. Advances in Neural
Information Processing Systems, 31, 2018,

Modular Lifelong Machine Learning, Lazar Ignatov Valkov, 2022/2023, PhD
Thesis, Institute for Adaptive and Neural Computation School of Informatics
University of Edinburgh — Continual learning, Lifelong Machine Learning (LML), split
the NN into modules; solve a sequence of problems, one at a time; HOUDINI —
modular neurosymbolic framework for modular LML, program synthesis to select a
suitable neural architecture; probabilistic search framework — PICLE for module
combinations. Three contributions: reducing the number of examples for learning
(better generalization), extending the scope of solved problems with learning and
making it easier to understand how the knowledge is being reused.

* A Probabilistic Framework for Modular Continual Learning, Lazar Valkov,
Akash Srivastava, Swarat Chaudhuri, Charles Sutton, 5.2024
https://arxiv.org/pdf/2306.06545 - different composition of modules for each problem:
module compositions; PICLE

An Introduction to Conditional Random Fields, Charles Sutton,
Andrew McCallum, 17.11. 2010 https://arxiv.org/pdf/1011.4088
CRF — an important probabilistic method from 2000s & early-mid 2010s.

6pSrivastava, L Valkov, C Russell, MU Gutmann, C Sutton, Advances in neural
information processing systems 30, 846, 2017
https://proceedings.neurips.cc/paper/2017/file/44a2e0804995faf8d2e3b084a1e2d
b1d-Paper.pdf
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* Adaptive Memory Replay for Continual Learning, James Seale Smith, Lazar Valkov,
Shaunak Halbe, Vyshnavi Gutta, Rogerio Feris, Zsolt Kira, Leonid Karlinsky, 2024
https://arxiv.org/abs/2404.12526 — Extended Pre-Training (EPT); randomly selects
from all past data to reduce catastrophic forgetting; memory replay datasets; adaptive
memory replay; rehearsal-based methods; - store selective samples of the previous
tasks; Experience replay from memory, selective replay ... See also the BgGPT
training.

Todor: Replay (retraining) is not a change in the general approach of training NNs.
See “Replay in Brains and Machines” in #Listove.

* Programming by example (PBE) https://www.microsoft.com/en-us/research/wp-
content/uploads/2017/10/program_synthesis _now.pdf

e Program synthesis with large language models, Jacob Austin, et al. 8.2021
https://arxiv.org/abs/2108.07732 Mostly Basic Programming Problems
(MBPP) dataset contains 974 programming tasks

* Chain-of-Thought Prompting Elicits Reasoning in Large Language Models Jason
Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Brian Ichter, Fei Xia, Ed Chi, Quoc
Le, Denny Zhou, 1.2022/1.2023 https://arxiv.org/abs/2201.11903

Math: GSM8K, SVAMP, ASDiv, AquA, MAWPS ; Commonsense: CSQA, StrategyQA,
SayCan; few-shot prompting, popularized by Brown et al. (2020), .. p.41, Table 28, Prompt
for SayCan Robot Planning:

Locations = [counter, table, user, trash, bowl,door]. Objects = [apple, kettle chips, tea,
multigrain chips, coke, potato chips, rice chips, orange, grapefruit soda, pepsi, wdffle,
sponge, water]. The robot can pick up items with pick(object) and put down items with
put(object) as well as find objects or locations with find(). The robot can only understand the
explicit locations and objects listed. Human: I’'m hungry, can you bring me some chips.
Explanation: The user is hungry and has asked for chips. There are several types of chips
available, I will bring the user the potato chips. Plan: 1. find(potato chips), 2. pick(potato
chips), 3. find(user), 4. put(potato chips), 5. done(). ... Human: Bring me a drink.
Explanation: The user has asked for a drink and there are many options. I will bring them
some water. Plan: 1. find(water), 2. pick(water), 3. find(user), 4. put(water), 5. done(). SayCan
(Ahn et al., 2022): https://say-can.github.io/ Compare PLANNER/STRIPS from late 1960s-
early 1970s.

* GraphPrompt: Unifying Pre-Training and Downstream Tasks for Graph Neural
Networks, Zemin Liu, X.Yu, Y.Fang, X.Zhang, 25.2.2023, GNN, Pre-training — fine-tuning
on downstream tasks; objectives: node/edge features, node connectivity/links, local/global
patterns; GPPT — Graph pre-training; prompts — more efficient than fine-tuning when pre-
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training on big datasets; task-specific learnable prompts; ... topology, subgraphs; contextual
subgraph; ... link prediction; classification of grouping — similarity ... unified template for
prompting; ReadOut operation: aggregation function to fuse node representations.
GraphPrompt: subgraph similarity; Datasets: Flickr, PROTEINS, COX2, ENZYMES, BZR.
Leanabe prompt-vector; Avg.nodes/Avg.edges/Node features/Node Classes, Task per DS:
~(89K, 899K, 500, 7, N), (39,73,1,3,N/G), (41,43,3,-,G), (32,62,18,3, N/G), (35,38,3,-,G) N
—node clsf, G — graph clsf (classes, labels); Link prediction: similarity between connected
subgraphs; few-shot learning methods: Meta-GNN, RALE; Graph pre-training models:DGI,
InfoGraph, GraphCL; end-to-end graph neural networks: GCN, GraphSAGE, GAT, GIN.
https://arxiv.org/pdf/2302.08043

GNN encoder ... Readout — reads neighbours; Learnable node classification prompt and
Learnable Graph classification prompt (the whole graph) ... 50-shot learning (50 sample
ground-truth example, still just 0.06% in the flickr graph)

* CLDG: Contrastive Learning on Dynamic Graphs, Yiming Xu et al., 19.12.2024 — a
sampling layer to extract the temporally-persistent signals; temporal translation invariance
under timespan views; consistent local and global repres.; maximizing the mutual information
(MI) between different augmented views; Discrete-time Dynamic Graph: DTDG — sequence
of network snapshots within a given time interval; Continuous-time Dynamic Graph — the
nodes are annotated with timestamps: (...) https://arxiv.org/abs/2412.14451v1

* Brian Lester, Rami Al-Rfou, and Noah Constant. 2021. The Power of Scale for
Parameter-Efficient Prompt Tuning. In Conference on Empirical Methods in Natural
Language Processing. 3045-3059.

* Pengfei Liu, Weizhe Yuan, Jinlan Fu, Zhengbao Jiang, Hiroaki Hayashi, and Graham
Neubig. 2021. Pre-train, prompt, and predict: A systematic survey of prompting methods in
natural language processing. arXiv preprint arXiv:2107.13586 (2021)

* Personalized Mathematical Word Problem Generation Oleksandr Polozov et al.
http://www.eleanorourke.com/papers/word_problems ijcai.pdf — facts and rules in a first-
order logic representation (syntactically similar to Prolog). Propositionalization of this
program (called grounding), answer set solvers search the space of truth assignments
associated with each logical statement. problem encoding, problem instance; logical graph;
grounding; saturation technique; skolemization [Benedetti, 2005]; Disjunctive rules; answer-
set programming - ASP; classic guidelines of NLG systems [Reiter and Dale, 1997]; plot
generation, discourse tropes; automatic problem generation; PCG: procedural content
generation via declarative specs; primitive templates, templates, entity references
disambiguation, non-repetitively ... to produce valid English. Primitive templates; sentence
ordering.

* Marco Benedetti. Evaluating QBFs via symbolic skolemization. In Logic for
Programming, Artificial Intelligence, and Reasoning, pages 285-300. Springer, 2005.

* Proximal Policy Optimization Algorithms, John Schulman, Filip Wolski, Prafulla
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Dhariwal, Alec Radford, Oleg Klimov https://arxiv.org/pdf/1707.06347 PPO

Trust Region Methods - TRPO [Sch+15b] — surrogate objective; limit the size of policy
update in order to avoid worsening the performance; cmp Kldiv ... conjugate gradient
algorithm: penalty instead of constraint; Clipped Surrogate Objective ... A2C [Mni+16], A2C
with trust region [Wan+16]. A2C stands for Advantage Actor Critic ...

* Jlias Chrysovergis, Proximal Policy Optimization — example with code, 2021/2024
https://keras.io/examples/rl/ppo_cartpole/

See also a Deep-Q example for Breakout: https://github.com/keras-team/keras-
io/blob/master/examples/rl/deep g network breakout.py

Actor-critic (simpler) etc.:

https://github.com/keras-team/keras-
io/blob/master/examples/rl/ipynb/actor_critic_cartpole.ipynb

The Actor: returns a probability for each action in its action space;

The Critic: estimates the total reward in the future, given the state of the environment.
num_inputs = 4 — state of the env.; num_actions = 2 — what can be done, affordances;
num_hidden = 128 — learning parameters; ... The example shows the usage of
tf.GradientTape for automatic differentiation and gradient descent calculations.

Cmp. #bongard, ,,’)KuotH0o“ in #Listove #prophets (0CHOBeH TOM)

CNN; DeepMind; ... “Off-Policy” method, meaning its Q values are updated assuming that
the best action was chosen, even if it was not applied as an action in the behavioral policy.
* Q-Learning, CHRISTOPHER J.C.H. WATKINS, 1992
https://link.springer.com/content/pdf/10.1007/BF00992698.pdf

Model-free RL; “Asynchronous dynamic programming” (async. DP), act optimally in
Markovian domains ... action-replay process (ARP);

* Watkins, C.J.C.H. (1989). Learning from delayed rewards. PhD Thesis, University of
Cambridge, England.

https://www.researchgate.net/publication/33784417 Learning From_Delayed Rewards
“behavioral ecology, stochastic DP for calculating animals’ optimal behavioral policies...
performance criterion, efficiency.; optimal learning; learning of efficient strategies — pulling
which “lever” gives the highest reward on average (“two-armed bandit”) ... (See Chapter 1)
— “T'n.1. ObyueHHeTO B TIOBeZIeHHE, KOETO Ce Bb3Harpaxk/jaBa e Tpr3HaK 3a UHTeJTUreHTHOCT,
Harp. eCTeCTBEHO e Jia ce 00y4r Kyue upe3 Harpax/aBaHe, KOraTto OTIOBapsi TI0 TIOAXO/ISI]
HauWH Ha KoMaH M. ... CTpaHHO e obaue, ue TO3U TUT 00ydeHHe e O/ B rosisiMa CTeTieH

ripeHeOperHaT B KOTHUTHBHATa Hayka, TIOpa/ii KOeTO He N03Hagam 0opu u eOHA cmamust 3a
UHMeNU2eHMHOCMMa HA HCUBOMHUMe, Kosimo 0a e 6uaa nybauKyeaHa 8 OCHOBHUSI NOMOK HA
/Aumepamypama no ,, uskycmeeH uHmesnekm*. ...“ob1 mogxoz 3a o0yueHue upe3 Harpagu U
HaKa3aHMsi, KOWTO MOXKe /la Ce TMPUJIOKU BbPXY IIMPOKO MHO>KeCTBO OT CUTYyaLuH ...
ApryMeHT 3a ONITUMAaJIHOCT Ha MOBe/|eHUeTO, 3a /la OLle/isiBa — HO KPUTHUKH, e ce OTHACs 3a
JKMBOTHOTO ¥ TTOBEZIEHHETO MY Karo Is/10, @ He 3a BCSIKa T0ZIPOOHOCT. ...

Ben. Tom: 1) U chijo B cpaBHeHue C pyTH; He Hali-[00pOTO, a MPOCTO No-006po,
docmamwsuHo 006po, Taka ue CUCTeMara Jja MpOobJ/DKH /la ChILeCTBYBA HJTH Ts /1a POBJDKY,
a He fipyrara. Taka U ,,o1je/ifiBa Hail-nprcnocobenus T no JJapBuH e norperiHo. OuensiBa
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00CMamsyHO npucnocobeHusim, KOeTo ChIL[0 TaKa e TaBTOJIOTHSI U TPUBUATHOCT: ako He
W3bprKalll Ha fa/ileHa TeMIiepaTtypa, He MOXKelll /la AUILAl 110/ BOJia, a € HY>KHO /la AUIIalll,
3a /la KUBeel U T.H., HsIMa /ia oLjesieel 1of BoAa. MIHTepecHOTO e Kol e npucnocobeH, 3aujo,
Kak ce npucnocobsea, 3aujo. CiyuyallHUTe MyTarjiy He 00sSICHSIBAT TIOUTH HUIIIO, ,,[IPOOBal 1
11]e BUMII® — 3al1]0 Ce C/yuBaT TOUHO B /laZieH MOMEHT, KOU Ce C/Ty4Bar U T.H.).

2) B uoBemIKH ycJI0BHA Harpazara criopesi o0yunTesist He BUHaru e Tasu, KosiTo 00y4JaBaHUSIT
BBb3MpHeMa 110 To3u HaukH. Bk KpuTrKkara Ha ,,Marshmallow Test” ot T.ApHayzi0B B
CTaTHATa B TIPUIOKEHHUSATA B OCHOBHUS ToM*. RL 10 yueOHMKOBO oripe/iesieHre Bpblija
cKanapHa Hazpadd, camo effHa CTOMHOCT, U MO)Ke 01 Ta3u 0COOEHOCT e TIpUBIeKaTesHa,
3al1I0TO OMPOCTSIBA 33/lauara U fiaBa eqHo pelieHre. CI0XKHUTe areHTH KaTo uyoBely obaue B
,,CBOOO/IHO CHCTOSIHUE® HSIMAT 3a/Ib/DKUTETHO eJUHUYHA MPOoCTa (PyHKIMS Ha 110J13aTa, 3aToBa
Y UeCTo U3ITIeXAaT ,,HepayuoHaaHU", KOraTo OLeHUTEJIST ce ONuTa Jja I'M CBeJle 10 CKajlapHa
GbyHKLMS, TOHeXe MoBe/IeHNeTo UM Ce pa3MUHaBa C O4akBaHa IpeZrosiaraeMa OonpocTeHa
TpaeKTOPUsI, KOSITO /I0MyCKa caMO e[jHa Harpajja u/uiu norpeliiHa ¢GyHKLUs Ha ToJi3ara.

* OT/I0)KeHOTO Bb3HarpaxKieHue e 3a0/1y>kJjaBaiio noHsaTue, Tomop ApHay/oB,
,/I3KycTBeH pa3ym“ — Artificial Mind, 27.6.2018 (Bwx pa3impeHa Bepcysi Ha ObJITapcKy B
Kpasi Ha OCHOBHUS TOM, ciief; 1832 c. B pegakiusita KbM 19.8.2025 ) Wiv Ha aHIVIMCKY B
6nora:

* Delayed gratification is an ILL-Defined Concept: In Analysis, Articles, Developmental
Psychology, Neuroscience by Todor "Tosh" Arnaudov - Twenkid // Wednesday, June 27, 2018
/I Leave a Comment

https://artificial-mind.blogspot.com/2018/06/delayed-gratification-is-ill-defined.html

* Offline Reinforcement Learning for LLM Multi-Step Reasoning. Huaijie Wang, Shibo
Hao, Hanze Dong, Shenao Zhang, Yilin Bao, Ziran Yang, Yi Wu, 20.12.2024
https://arxiv.org/pdf/2412.16145 — Offline Reasoning Optimization: OREO. LLM reasoning
with reinforcement learning (RL). Compare to DPO — Direct Preference Optimization (costly,
pairs of data for preferences); Proximal Policy Optimization PPO — expensive for training.
SFT — Supervised Fine Tuning.

* Human-level control through deep reinforcement learning. Volodymyr Mnih, Koray
Kavukcuoglu, David Silver, Andrei A. Rusu, Joel Veness, Marc G. Bellemare, Alex Graves,
Martin Riedmiller, Andreas K. Fidjeland, Georg Ostrovski, Stig Petersen, Charles Beattie,
Amir Sadik, Ioannis Antonoglou, Helen King, Dharshan Kumaran, Daan Wierstra, Shane
Legg & Demis Hassabis, 2015. Nature.
https://web.stanford.edu/class/psych?209/Readings/MnihEtAlHassibis15NatureControlDeepR
L.pdf (Slides, 2015) Atari 2600 RL from pixels, DeepMind. RL + DNN = Deep
Reinforcement Learning; DQN — Deep Q-Network (traditionally RL was limited to low
dim.input) — experience replay, fixed Q-target
https://www.semanticscholar.org/paper/Human-level-control-through-deep-reinforcement-
Mnih-Kavukcuoglu/340f48901f72278f6bf78a04ee5b01df208cc508)
https://courses.grainger.illinois.edu/cs546/sp2018/Slides/Apr05 Minh.pdf
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* Volodymyr Mnih: https://scholar.google.com/citations?user=rLdfJ1gAAAAJ&hl=en

https://www.cs.toronto.edu/~vmnih/
*V.Mnih, Machine Learning for Aerial Image Labeling, PhD Thesis, 2013 — advisor

G.Hinton See references from th ethesis etc.:

* Topics: Survey of Object Recognition and Classification before Deep Learning

* A seminal work on image segmentation and classification:

* R. L. Kettig, Computer Classification of Remotely Sensed Multispectral Image Data
by Extraction and Classification of Homogeneous Objects, 1975, NASA-CR-147403, ...
Purdue University, 2.1976
https://ntrs.nasa.gov/api/citations/19760014577/downloads/19760014577.pdf
“The pixels within a given object of a given spectral class are completely characterized

by their class-conditional joint probability distribution function. ... no-memory
classification, - only the marginal distribution of each pixel is required ... parametric
or non-parametric estimation of the probability distribution function PDF ... ”
Unsupervised Annexation, cell selection ... Supervised annexation & cell selection ...
progressive merging of adjacent elements which are found to be similar according to
some statistical criterion. Thus an algorithm consists of statistical tests applied in

some logical sequence.

Todor: according to some criterion (it doesn’t have to be statistical); 1. Division into a
grid of e.g. 2x2 pixels — singular cells; 2. Compare to adjacent “field” — a group of one
or more connected cells and eventually merge, else compare to another adjacent
field or becomes a new field itself. The expansion of the fields ends until the natural
boundaries, where the rejection rate “abruptly increases” ... generalized likelihood
ratio ... sample variance, sample generalized variance ... Data representation is 8
bits for aircraft data and 6 bits for LANDSAT. ... Relative error rate ...

* R. L. Kettig and D. A. Landgrebe. Classification of multispectral image data by extraction
and classification of homogeneous objects. IEEE Transactions on Geoscience Electronics,
14:19-26, 1976 https://www.lars.purdue.edu/home/references/L.TR _011976.pdf

* Rodd, E. M., ,,Closed Boundary Field Selection in Multispectral Digital Images,“ IBM

Publication No. 320.2420, Jan. 1972.
* Kettig, R. L. and D. A. Landgrebe, ,,Automatic Boundary Finding and Sample
Classification of Remotely Sensed Multispectral Data, LARS Information Note 041773,
Laboratory for Applications of Remote Sensing, Purdue University, West Lafayette, IN,

April 1973. ... “spectral variations in combination with spatial variations .. for automatic
boundary finding and sample classification of remotely sensed multispectral data.
Preliminary applications of the method to agricultural data show significant improvements
in accuracy as compared to the use of spectral data alone.”
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* Ruzena Bajcsy and Mohamad Tavakoli. Computer recognition of roads from satellite
pictures. IEEE Transactions on Systems, Man, and Cybernetics, 6(9):623—-637, 9.1976.
https://www.academia.edu/36011344/Computer Recognition of Roads from Satellite Pic

tures “A program which recognizes real roads, their intersections, and objects which are
road-like” ... satellite pictures ... spectral, geometric and spatial properties. .. Make
hypotheses about the objects in the scene and verify them until there are no contradictions,
using the low-level operators and the world model. .. pattern recognition in high-energy
particle physics; minimum spanning tree .. edge-following & line-fitting programs, line
finders ... Low level operators = directional strip detector, road grower, thinning operator,
short segment eliminator, intersection finder, end finder etc. Higher Level World
Model; The Scene Land (Vegetation, Non-Vegetation) Land (Islands, Continent)
Land (Natural Land (Forest, Desert), Man-Made Solid Objects(Cities, Roads, Bridges,
Pollutants)) ... The Scene  Waterway  (Small Waterway  (Rivers, Lakes), Ocean Sea;
Features: Reflectivity, Shape, Texture, Relationships ~ Shape Size  Reflectivity ...
Criteria: “above, inside, connected, surrounded by ...” neighbours ...

* COOX, C. M. and ROSENFELD, A. “Size detectors.” Proc. IEEE 58 (Dec. 1970), 1956-
1957.

* A. Rosenfeld, “Picture Processing by Computer,” Computing Surveys 1, 1969, pp. 147-
176.

* AZRIEL ROSENFELD, Progress in Picture Processing: 1969-71, University of
Maryland, College Park, Maryland, Computing Surveys, Vol 5, No 2, June 1973
https://dl.acm.org/doi/pdf/10.1145/356616.356617

* Azriel Rosenfeld, “Progress in picture processing,” Techn. Report, TR-176, University of
Maryland, January 1972;

* A. Rosenfeld, “Picture processing,” 1972 Techn. Report TR-217, Univ. of Maryland,
1.1973.

* A. Rosenfeld, “Picture Processing,” 1973 Techn. Report TR-284, U.of.M. 1.1974.

* A.Rosenfeld, J.S.Weszka, Picture Recognition and Scene Analysis, 5.1976
https://www.computer.org/csdl/magazine/co/1976/05/01647359/13rRUxBrGku ... “The
development of techniques for the computer analysis of pictures and scenes began over 20
years ago. Most of the work in this field has been application-oriented; some of the major
applications areas are automation (robot vision), cytology, radiology, high-energy physics,
remote sensing, and document processing (character recognition)”. However, many of the
techniques and algorithms are more general than their original application. “The goal of
picture (or scene) analysis is the extraction of a description from the given picture. This
description may consist of a set of numerical data (feature measurements), or it may be some
type of data structure which represents relationships among significant parts (segments) of the
picture, as well as properties of these parts. Thus in general, picture analysis involves
segmentation of the picture into parts; measurement of properties of the parts (including both
grayscale-dependent properties such as texture, and geometrical properties such as size and
shape); and determination of relations among the parts. In addition, it may be desirable to
,»preprocess“ the picture-i.e., to modify it so as to make the subsequent analysis steps easier
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or more reliable. This paper reviews some of the early milestones in picture recognition and
scene analysis techniques. Topics covered include preprocessing (noise cleaning, deblurring,
filtering); segmentation (region growing, decomposition of regions into parts, grouping of
regions into ,,objects“); property measurement (invariant properties, textural properties);
shape analysis (local shape features, boundary and skeleton representations); and structural
analysis (syntactic analysis, model matching). The emphasis is on describing representative
ideas that are of historical importance, rather than on giving a systematic treatment of the
subject. “ p.8 Local shape features: Closed contour: Bay, Convex corner, Spur, Peninsula,
Concave corner, Notch; Contour of a band/a path with two approximately parallel contour
lines: End, Branching, Crossing ... skeleton or medial axis; chord statistics: intersections with
families or lines or line segments; perimeter of the convex hull ... boundaries & parametric
equations; Fourier descriptors; Chain code — sequence of horizontal, vertical or diagonal
moves of length 1 or SQRT(2) (vector drawing step-by-step, tracking). Outlining, deblurring
... Segmentation: homomorphic filtering, run tracking and shrinking: intersections, merges,
splits, size changes.; minimum-area circumscribed rectangle ... linking, normalization by
autocorrelation; Moments ... double integrals ... texture: coarseness: the size of “pieces”,
“elements” and directionality — variation of the coarseness as a f(direction) ... 1950s - rate
of falloff of the texture’s autocorrelation or of the power of the spectrum as one moves away
from the origin (shifting)... Early 1960s — statistical approach — P(particular pairs of gray
levels in relative position (u,v)). ... Transition probability matrices ... second-order transition
probabilities are affected by the first order ... Preprocessing: normalize the grayscale —
region growing; Grouping regions into “objects; ... autocorrelation; Textures; Geometrical
Properties: local, chord statistics; curve: slope, arc length ... Structural Analysis — syntactic
approach — e.g. strokes in handwriting. Higher-level knowledge e.g. object models ...
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* Survey of other techniques and research in computer vision,
preceding the explosion of the application of convolutional neural
networks after 2012: DBN, RBM, MRF, SIFT

* N3cnepBaHuA Ha gpyrm Mmetoan B KOMMNIOTHPHOTO 3peHue oT
HaBeuepueTo Ha GymMa Ha NPUNOoXXeHUsITa Ha KOHBOJTIOLLMOHHU
HEeBPOHHU MpeXxun B Kpasd Ha 2012 r.: DBN, RBM, MRF, SIFT

* Generating more realistic images using gated MRF’s. M. Ranzato, V. Mnih,
and G. Hinton. In NIPS, 2010. Possibly that’s the same paper with a different name:

* How to generate realistic images using gated MRF’s, M. Ranzato, V. Mnih,
and G. Hinton , 2010, https://www.cs.toronto.edu/~vmnih/docs/gen images.pdf
BepossmuocmHume modeau Ha ecmecmeaeHU u3006paxceHus 06UKHO8eHO ce
OUeHA8amM HeNpAKo upe3 3ad0ayu Kamo npemaxeaHe Ha Wyma u pucysaHe Ha
mackupauu wacmu. ITo-npsix HaQUUH 3a oyeHka Ha nopaxcoaw, moden e da ce
u3enexam npobu om Hezo u 0a ce nposepu 0aau cmamucmuyeckume ceolicmea Ha
npobume cs8nadam cuvC cmamucmukama Ha ecmecmaeeHume usobpaxcerus. To3u
Memo0 pAdKO ce U3N0A38a C U300PaXceHUs ¢ 8UCOKA pasdeaumenta cnocobHocm,
mall KAMo Hacmoawume Modeau nNpou3sexcoam u3obdpaxceHus, Koumo ca MHo20
PA3AUHHU O ecmecmaeeHume, Koemo Modice 0a ce oyeHs8a 0opu ¢ Npocmo OKo.
H3cnedsame npuuuHume 3a mo3u Heycnex u nokassame, He ype3 paswuupasaHe Ha
colecmaysawume modeau 0o 08a Habopa om CKpUMuU NPOMeHAUBU: eQuUHUAM
Habop mModeaupa uHmMeH3umMemMa Ha nuxkceaume, a opyausm - kosapuayuume Ha
nukceaume, Koumo ca ocobeHu 3a uzobpaxceruemo. I1o mo3u HawuH Moxcem 0a
2eHepupame u3006paxceHuA ¢ 8UCOKA paszdeaumenHa cnocobHocm, Koumo
usaaexcdam MH0O20 no-peaaucmuyHu om npeou. I[sarocmuusm moden moxce da ce
MsAKY8a Kamo 8eposimHocmHo noae Ha Mapkos uau Mpexca Ha Mapxoe (MRF —
Markov Random Field), ke0emo xaxmo 3asucumocmume no 080uUKU, MaKa u
cpeoHumMe UHMeH3umemu Ha nuxkceaume ce MooyAupam om coCmosSHULIMAa Ha
ckpumume npomeHausu. M naxkpasn, nomesospicoasame, ue ako 3abpaHum
cnodeasiHemo Ha meaaama mexcoy peyuenmueHu noaema, Koumo ce npunokpueam
edHo ¢ dpyzo, 3ameoperusam MRF Hayuasa no-epekmusHu 8smpewHu
npeodcmassaHUL, KAKMo e N0KA3aHo 8 HAKOAKO 3a0ayu 3a pa3no3HasaHe.

¢ Modeling Natural Images Using Gated MRFs, Marc’Aurelio Ranzato, Volodymyr
Mnih, Joshua M. Susskind, Geoffrey E. Hinton, 2013
https://www.cs.toronto.edu/~vmnih/docs/ranzato_pami13.pdf
Gated Markov Random Fields - two sets of latent variables to create an image-
specific energy function that models the covariance structure of the pixels by
switching in sets of pairwise interactions; the second set models the intensities of
the pixels. The Deep Belief Network DBN then uses several layers of Bernoulli latent
variables to model the statistical structure in the hidden activities of the two sets of
latent variables of the gated MRF. ... One simple way to check whether a model
extracts features that retain information about the input, is by reconstructing the
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input itself from the features. @Bcwu: npanx

* On Deep Generative Models with Applications to Recognition, Marc’Aurelio
Ranzato, J.Susskind, V.Mnih, G.Hinton, 2011
https://www.cs.utoronto.ca/~vmnih/docs/ranzato_cvpr2011.pdf

a gated MRF + several hidden Deep Belief Network layers (binary) — performs
“comparably to SIFT descriptors”.

“Hali-nonynapHuam Ha4yuH 3a U3ro/13BaHe Ha BepOSMHOCMHU MoAe/1U B
KOMMHOMBbPHOMO 3pEHUE — MbPBO 4a Ce U3B/ieKkam oriucamesiu Ha cBolicmBama Ha
Masiku o671acmu om u3obpaxkeHuemo u/su yacmu om obekmu 4pes gobpe
rnpoekmupaHu npu3Hayu, u cse4 mosa 4a ce u3rosdsam cpegcmasa 3a
cmamucmu4ecko oby4yeHue, 3a 4a ce Mogesiupam 3aBucuMocmume Mexay
npusHayume u BepoamHume emukemu. B masu paboma usnosnssame eguH om
Hal-gobpume nopaxkgaw,u Mo4esiu Ha HUBO MUKCE/IU — MPEeBK/IroYBawja Mpexxa Ha
MapkoB* - kamo Hal-HUCKO HUBO Ha Ab/160Ka Mpexka Ha yoexxgeHuama (deep belief
network) c HAK0/1Ko ckpumu c/104.“ PbyHO npoekmupaHume ripu3Hayu: SIFT, HoG
(Histogram of Oriented Gradients), SURF, PhoG - onucsam kbc4ema, Masiku
ob6s1acmu om u3obpaxkeHuUemo u ru Hampyrnsam B pas3/Iu4HU MpocmpaHcmBeHU
pasgesiumesiHu crnocobHocmu U ro pas/siudHuU Yyacmu om usobpakeHuemo. Taka
ob6pal3yBam BeKmMop Ha npu3Hayume, Komo cse4 moBa ce riogasa Ha
knacugpukamop c obwjo npegHasHa4vyeHue kamo SVM (Support Vector Machine).
Bwbrnpeku, 4e ca MHOro ycriewHu, me3u Memo4u pazyumam maBbpge MHOIro Ha
yoBewku gu3aliH Ha u3B/u4aHemo u Ha obeguHABaHemo uM B 06w sekmop. lNpu
rosieMuam u Hapacmsauw, 6pol Ha 16CHO 4OCMBITHU U306pa>keHUA U HanpeabKbm
B MaWUHHOMO 0b6y4yeHuUe, 6uU mpAa6bBaso Aa 6bAe Bb3MOXHO Aa Ce Hay4yam I1o-
A406pu ornucamesiu Ha Kbc4emama u no-4o06vp Ha4yuH 3a 06eg4UHABAHEMO UM.

Fast Persistent Contrastive Divergence (FPCD). “Llenta Ha 06y4yeHneTo e na ce
HaMepAT NapaMeTpuTe Ha NbpBuAa cnom (C, M, y b1) n Ha no-eucokute (Wi, bi), konto
yBenmuyaeaT BepoATHOCTTa Ha o6pa3uTe oT obyveHmeTo. Cohn-Kanade (CK) dataset,
Toronto Face Database (TFD) - CK: 920 nnuesu nspaxkeHuma 48x48 n 8 suaga eMoumn.
https://www.kaggle.com/datasets/davilsena/ckdataset
* npeBKAOYBALLLA MpeXka Ha Mapkos 1 — gated Markov Random Field; HapeueHa Taka,
3aLW,0TO NPEBKAOYBA MEXKAY ABETE MHOXECTBA OT CKPUTU MPOMEHIUBU.

e M. Ranzato and G.E. Hinton. Modeling pixel means and covariances using
factorized third-order boltzmann machines. In CVPR, 2010
https://www.cs.toronto.edu/~ranzato/publications/ranzato_cvpr2010.pdf

o K. Kavukcuoglu, M. Ranzato, R. Fergus, and Y. LeCun. Learning invariant features
through topographic filter maps. In CVPR, 2009

* M.Ranzato: https://ranzato.github.io/publications/publications.html

A Seminal PhD Thesis in Deep Learning:
* Unsupervised Learning of Feature Hierarchies, Marc’ Aurelio Ranzato,
2009 (supervisor: Yann LeCun)
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https://www.cs.toronto.edu/~ranzato/publications/ranzato-phd-thesis.pdf “... this work
focuses on “deep learning” methods, a set of techniques and principles to train hierarchical
models.Hierarchical models produce feature hierarchies that can capture complex non-
linear dependencies among the observed data variables in a concise and efficient manner ...
Energy-Based Model framework and gradient-based optimization techniques that scale well
on large datasets. The principle underlying these algorithms is to learn representations that
are at the same time sparse, able to reconstruct the observation, and directly predictable by
some learned mapping that can be used for fast inference in test time. With the general
principles at the foundation of these algorithms, we validate these models on a variety of
tasks, from visual object recognition to text document classification and retrieval ... a general
class of trainable non-linear functions, dubbed “deep networks” (Hinton et al., 2006; Hinton
and Salakhutdinov, 2006; Bengio and LeCun, 2007; Bengio et al., 2007; Ranzato et al.,
2007c; Lee et al., 2007). ... p.8 A particularly important class of unsupervised algorithms,
which includes principal component analysis, K-means, and many others, produces internal
representations of data vectors as part of the energy computation. These representations, also
known as feature vectors, or codes can be used as input for further processing such as
prediction. Moreover, many unsupervised machines make explicit use of such representations
by reconstructing the data vectors from the representations, and by using the reconstruction
error as part of the energy function ... K-means: the code is the index of the prototype in the
codebook that is closest to the data vector. ... p.13. EBM (LeCun et al. 2006, Ranzato et al.
2007a) assigns lower energy values to input vectors that are similar to training samples and
higher energy values elsewhere. ” ... p.25 F(Y ; W) = min;€[1,...,N] ||Y — Wi || ... each
training sample can be properly represented by a unique code — a low energy value F(Y ;W)
(e.g., good reconstruction) .. unobserved points are assigned codes similar to those associated
with training samples, so that their energies (e.g., reconstruction error) are higher. How to
limit the information content of the code — finite number of different values (quantization),
lower dimensionality than the input, forcing the code to have lower dimensionality than the
input ; a term in the energy function E(Y, Z; W) that forces the model to be a “sparse” vector
(most components = 0) ... Predictive Sparse Decomposition PSD & invariant PSD (IPSD);
code contrastive term - without this term, the model could assign the same energy of value to
all points in input space. ... p. 62(37): Popular unsupervised algorithms in the EBM
framework: Principle Component Analysis (PCA), Autoencoder, Restricted Boltzmann
Machine, ICA-IM, Sparse coding, PSD, K-Means, Mixture of Gaussians, Prediction of
Experts PoE: ... Encoder: W'Y ; Decoder WZ ; Input Reconstruction Loss = || Y — WZ|?
Code Prediction Cost: Z = ge(Y;W) .. Code Cost .. pull-up ... etc. (Matrix multiplications,
weights, transposed matrices, ...); log partition function ... regions of high density of training
data .. negative log probability loss ... p.65 (40) E=squared reconstruction error =>
minimizing the negative log probability loss does not necessarily lead to good reconstruction
of training samples; it is for maximizing the likelihood of the data => compression. However,
for extracting features: only regions with the high-density data ... Product of Experts: The
encoder is a set of linear filters, rows of matrix We, and the energy is defined as: F(Y ) =
Zgilog(1 + z?);Z=W.Yand gi,i € [ 1, ..., N] — set of learnable coefficients. Training:
negative log probability loss with a gradient step, approximated by contrastive divergence. ...
producing the code for a given input is a simple matrix multiplication, but generation —
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expensive sampling, MCMC & HMC [Markov Chain Monte Carlo & Hamiltonian Monte
Carlo]; recent: “persistent Markov Chains”; Contrastive Margin Loss ... Sparse codes ...
K-Means Clustering — no encoder, only decoder and a reconstruction cost module; squared
reconstruction error. Mixture of Gaussians ... Wi - the mean of the i-th component, Ai is its
inverse covariance matrix, W — all the params of the model (means & covariances) ...
Expectation-Maximiation EM algorithm. Other alg. Factor Analysis (Hinton et al., 1997),
Minimum Description Length (Hinton and Zemel, 1994) — the number of bits that are needed
to encode the reconstruction error, to represent the code and to encode the parameters of the
model. Injecting noise in the representation in order to limit the inform. Content of the code
(Doi et al., 2006); Score Matching (Hyvarinen, 2005): min(loss_functional —
difference(first_derivative, second_derivative) d(input_training_data)); the training samples
are minima of the energy surface in regions of high curvature. Non-EBM: denoising
autoencoder (LeCun, 1987; Ranzato et al., 2007a; Vincent et al., 2008): noisy input  clean
version of the input; learning vector fields (corrections). PSD: Predictive Sparse
Decomposition (PSD), producing features with either direct or non-linear mapping. ge(Y ;
We, D) = D tanh(W.Y ) ... Y € RM~ input; W. € RN*M— filter matrix, tanh — hyperbolic tangent
non-linearity, D € RM*M — g diagonal matrix of coefficients. ... Learning - find the optimal
value of the parameters of both encoder and decoder { We, D, Wd} on-line block coordinate
gradient descent ... 1. Minimize the energy E(Y, Z; Wd, We, D) with respect to Z, starting from
the initial value ge(Y; We, D). ... Z 2. Parameter update step — using the optimal value of the
code Z found in the prev. step, update the parameters by one step of stochastic gradient
descent on the loss. U — U — n 0L/0U ; where U denotes {We, D, Wd} and n is the step size
(learning rate). The columns of Wd are then re-scaled to unit norm.- representation that
simultaneously reconstructs the input, is sparse, and is not too different from the predicted
representation. ...

e Tishby, N., Pereira, F., and Bialek, W. (1995). The information bottleneck method.
Neural Computation, 7:1129-1159.
* H. Lee, R. Grosse, R. Ranganath, and A. Y. Ng. Convolutional deep belief networks
for scalable unsupervised learning of hierarchical representations. In Proc. ICML,
2009.
* V. Mnih. Cudamat: a CUDA-based matrix class for python. Technical Report
UTML TR 2009-004, Dept. Computer Science, Univ. of Toronto, 2009 — Panna
0u0/IM0OTeKa 3a MPU/IOKEHHA CBhP3aHH C MalIMHHO 00yuenue c CUDA.
https://www.cs.toronto.edu/~vmnih/docs/cudamat_tr.pdf
H. Bay, A. Ess, T. Tuytelaars, and L. Van Gool. Surf: Speeded up robust features. In
Computer Vision and Image Understanding, 2008 — SURF feature; see SIFT.
* US 2009238460, Ryuji Funayama, Hiromichi Yanagihara, Luc Van Gool, Tinne
Tuytelaars, Herbert Bay, ,,ROBUST INTEREST POINT DETECTOR AND
DESCRIPTOR®, published 2009-09-24 — Methods and apparatus for operating on images
are described, in particular methods and apparatus for interest point detection and/or
description working under different scales and with different rotations, e.g. for scale-
invariant and rotation-invariant interest point detection and/or description. The present
invention can provide improved or alternative apparatus and methods for matching
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interest points either in the same image or in a different image. ...

* https://patents.google.com/patent/US20090238460A1/en ... 0004: The most
widely used interest point detector probably is the Harris corner detector [10], proposed
in 1988, and based on the eigenvalues of the second-moment matrix.. .. — not scale
invariant. .. Lindeberg introduced the concept of automatic scale selection. This allows
detection of interest points in an image, each with their own characteristic scale. Harris-
Laplace and Hessian-Laplace, scale adapted.... Laplacian of Gaussians (LoG) by a
Difference of Gaussians (DoG) filter by Lowe. Kadir and Brady: entropy-maximizing of a
region; edge-based region detector: Jurie et al. Others: Gaussian derivatives, moment
invariants, complex features, steerable filters, phase-based local features and descriptors
representing the distribution of smaller-scale features within the interest point
neighbourhood — ... SIFT .. computes a histogram of local oriented gradients around the
interest point and stores the bins in a 128-dimensional vector (8 orientation bins for each
of 4x4 location bins). Ke and Sukthankar [22] .. PCA-SIFT: a 36-dimensional descriptor,
fast for matching, but less distinctive than SIFT in a second comparative study .. and a
slower feature computation reduces the effect of fast matching. (Principal component
analysis of the gradient image) GLOH: also SIFT with PCA. .. In on-line applications all
three phases have to be fast: detection, description, matching. ...

Cited By 196: ...

* Method of detecting and describing features from an intensity image, 2011,
Inventor: Daniel Kurz, Peter Meier, Current Assignee Apple Inc
https://patents.google.com/patent/US20140254874A1/en ...

¢ N. Dalal and B. Triggs. Histograms of oriented gradients for human detection. In CVPR,
2005
* A. Bosch, A. Zisserman, and X. Munoz. Representing shape with a spatial pyramid
kernel. In CIVR, 2007
* G. Hinton, S. Osindero, and Y.-W. Teh. A fast learning algorithm for deep belief nets.
Neural Comp., 18:1527-1554, 2006
* S. Lazebnik, C. Schmid, and J. Ponce. Beyond bags of features: Spatial pyramid
matching for recognizing natural scene categories. In CVPR, June 2006
D. Lowe. Distinctive image features from scale-invariant keypoints. 1JCV, 2004 (SIFT)
* A. Krizhevsky. Learning multiple layers of features from tiny images, 2009. MSc Thesis,

Dept. of Comp. Science, Univ. of Toronto https://www.cs.toronto.edu/~kriz/learning-
features-2009-TR.pdf —p.17-19. ~ Previous work: unsuccessful attempts to train on the

80 million tiny images dataset, only global filters, point-like identity functions; uniform,
global, noisy — modelling the noise [instead of the lower frequency patterns and
structure].

* S. Osindero and G. E. Hinton. Modeling image patches with a directed hierarchy of
markov random fields. In NIPS, 2008

C. Tang and C. Eliasmith. Deep networks for robust visual recognition. In ICML, 2010
*Y. W. Teh, M. Welling, S. Osindero, and G. E. Hinton. Energy-based models for sparse
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overcomplete representations. JMLR, 4:1235-1260, 2003

* U. Schmidt, Q. Gao, and S. Roth. A generative perspective on mrfs in low-level vision.
In CVPR, 2010.

*T. Kanade, J. Cohn, and Y. Tian. Comprehensive database for facial expression analysis.
In Int. Conf. on Automatic Face and Gesture Recognition, pages 46—53, 2000

* M.J. Wainwright and E.P. Simoncelli. Scale mixtures of gaussians and the statistics of
natural images. In NIPS, 2000

* G.E. Hinton. Training products of experts by minimizing contrastive divergence. Neural
Computation, 14:1771-1800, 2002.

*Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner. Gradient-based learning applied to
document recognition. Proceedings of the IEEE, 86(11):2278-2324, 1998.

* Does the brain do inverse graphics, Geoffrey Hinton, Alex Krizhevsky, Navdeep
Jaitly, Tijmen Tieleman & Yichuan Tang, 2012.
https://www.cs.toronto.edu/~hinton/[PAM5.pdf — Capsules; equivariance, pose
vectors; each capsule learns a fixed template which is scaled and translated
differently for different images; factor analyzer; learning the basic parts: a “very non-
linear” problem. p.36: another way to learn the lowest level parts: pairs of images,
related by a known coordinate transformation (e.g. known control, movement,
rotation etc. — interaction); Transforming autoencoders - non-linear recognition units
to map the observation space to the space in which the dynamics is linear. Then they
use non-linear generation units to map the prediction back to observation space.

___*Transforming Auto-encoders, G. E. Hinton, A. Krizhevsky & S. D. Wang, 2011
https://www.cs.toronto.edu/~hinton/absps/transauto6.pdf 3. Discussion: ... A
transforming auto-encoder can force the outputs of a capsule to represent any
property of an image that we can manipulate in a known way.

__*Improving neural networks by preventing co-adaptation of feature
detectors, Geoffrey E. Hinton, Nitish Srivastava, Alex Krizhevsky, llya Sutskever,
Ruslan R. Salakhutdinov, 7.2012 https://arxiv.org/abs/1207.0580 - dropout of 50% of
the hidden units and data augmentation for reducing the overfitting and improving
the classification performance; the work introduces the ImageNet dataset in appx. E
and proposes the AlexNet briefly in appx. H. 1.3M training images, 50K validation,
150K testing, 1000 categories. Images resized to 256x256, 224x224 is taken. Linear
filters — weights, parameters... , all neurons in a bank apply the same filter, but as
just mentioned, they apply it at different locations in the input image ... shared-filter
architecture - a drastic reduction in the number of parameters relative to a neural net
in which all neurons apply different filters. ... The distance, in pixels, between the
boundaries of the receptive fields of neighboring neurons in a convolutional bank
determines the stride with which the convolution operation is applied. Larger strides
imply fewer neurons per bank. ... Pooling layers — summarize the activities of local
patches ... typical: max & average;, max-pooling, average-pooling; overlapping
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pooling; pooling stride — cmp. to conv.stride; local translation invariance. Local
response normalization - encourages competition for large activations among
neurons belonging to different banks — a form of lateral inhibition found in real
neurons. Constants N, a, and 8 - hyper-parameters, determined using a validation
set. ... Neuron nonlinearities — max-with-zero (ReLU) f(x) = max(0, x). ... Objective
function: maximize the multinomial logistic regression objective = minimizing the
average across training cases of the cross-entropy between the true label distribution
and the model’s predicted label distribution Weight initialization - a zero-mean
normal distribution with a variance set high enough to produce positive inputs into the
neurons in each layer. Training: p.17 (see the formula) ... the avera over the i-th
batch of the derivative of the objective with respect to wi ; stochastic gradient descent
with a batch size of 128 examples & momentum of 0.9. cuda-convnet, NVIDIA GTX
580, CIFAR-10: 90 minutes, ImageNet: 4 days with dropout and two days without.
Learning rates: an equal learning rate for each layer, whose value we determine
heuristically as the largest power of ten that produces reductions in the objective
function. In practice it is typically of the order 102 or 10-3: 0.01, 0.001. We reduce the
learning rate twice by a factor of ten shortly before terminating training. G. Models
for CIFAR-10: without dropout: CNN, 3 conv.layers, pooling after all, 3x3
neighborhood, stride = 2. Max-pooling then average-pooling. Respose normalization
layers follow the first two pooling layers, N=9, a = 0.001, B = 0.75. The top-most
pooling layer is connected to a 10-unit softmat layer which outputs a probability
distribution over class labels. All conv.layers x 64 filter banks and filter size of 5x5 (x
number of channels in the preceding layer). The model with dropout: an additional
fourth weight layer, locally-connected, but not convolutional; filters in the same bank
don’t share weights. 16 banks of filters 3x3, 50% dropout. The softmax layer takes
its input from this fourth weight layer. Models for ImageNet: 7 weight layers, 5
convolutional, 2 globally-connected (fully-connected) x 4096. Max pooling after 1,2,5
conv.layers. All pooling summarize 3x3, stride 2. Response-normalization layers
follow the first and second pooling layers. The first conv. Layer has 64 filter banks
11x11 filters, stride 4 pixels; seccond conv.layer: 256 filter banks 5x5, this layer takes
two inputs. ... the output of the last globally-connected layer is fed to 1000-way
softmax producing the probabilities. Conclusion p.18: “ using non-convolutional
higher layers with a lot of parameters leads to a big improvement with dropout, but
makes things worse without dropout.”

* Tosh: LRN: Local Response Normalization — brightness normalization, contrast
normalization; it improved the generalization performance by making the features
more robust to variations in intensity. “BN normalizes the features by the mean and
variance computed within a batch.” (A.Arora, 2020). Batch Normalization —
BatchNorm replaced LRN in later CNN architectures, because it was discovered that
LRN provided too little improvement. BatchNorm is much more effective than LRN in
improving training speed and performance. BatchNorm includes two learnable
parameters scaling and shifting for each neuron (y, B); it normalizes the activations
across the samples in a mini-batch for each neuron, while LRN normalizes
activations across different feature maps (channels, “filter banks”) at the same spatial
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location over N “adjacent” banks of neurons (“at the same position in the topographic
organization”). Unlike the learnable BatchNorm parameters y and 3, LRN is
controlled with a set of fixed hyper-parameters N, a, 3.

Tosh: See also other Normalization methods:

* Group Normalization, Yuxin Wu, Kaiming He, 22.3.2018/ 11.6.2018
https://pytorch.org/docs/stable/generated/torch.nn.GroupNorm.html Facebook Al
Research (FAIR) — GN divides the channels into groups and computes within each
group the mean and variance for normalization. GN's computation is independent of
batch sizes, and its accuracy is stable in a wide range of batch sizes. .. solves the
problem of BatchNorm having big errors for small batch sizes (2,4, 8 ...). GN shows
error rate on ImageNet ResNet-50 with batch size = 2 similar to BatchNorm of size
16. * Group Normalization, Aman Arora, 9.8.2020,
https://amaarora.github.io/posts/2020-08-09-groupnorm.html .. a batch of
dimension (N, C, H, W) that needs to be normalized (N = Batch size, C = Number of
Channels; H,W: Height and Width of the feature map.

* Layer Normalization Jimmy Lei Ba, Jamie Ryan Kiros, Geoffrey E. Hinton
21.7.2016 https://arxiv.org/abs/1607.06450 both at training and test times, can be
applied for RNN as well, stabilizing their hidden state dynamics. p.3 Invariance under
weights and data transformation; p.4 Weight norm; weight matrix (re-scaling, re-
centering); Dataset re-centering; Single training case re-scaling. p.6: 6.1 Order
embeddings of images and language .. layer normalization to order-embeddings
model of Vendrov et al. [2016] for learning a joint embedding space of images and
sentences. .. modify their publicly available code to incorporate layer normalization
which utilizes Theano [Team et al., 2016]. Images and sentences from the Microsoft
COCO dataset [Lin et al., 2014] are embedded into a common vector space, where a
GRU [Cho et al., 2014] is used to encode sentences and the outputs of a pre-trained
VGG ConvNet [Simonyan and Zisserman, 2015] (10-crop)..

* https://github.com/ivendrov/order-embedding - caption-image retrieval

* Order-Embeddings of Images and Language Ivan Vendrov, Rvan Kiros, Sanja
Fidler, Raquel Urtasun 19.11.2025/1.3.2016 https://arxiv.org/pdf/1511.06361
University of Toronto — Hypernymy, textual entailment, and image captioning can be
seen as special cases of a single visual-semantic hierarchy over words, sentences,
and images. .. explicitly modeling the partial order structure of this hierarchy. Towards
this goal, we introduce a general method for learning ordered representations, ..
hypernym prediction and image-caption retrieval. p.1 Computer vision and natural
language processing are becoming increasingly intertwined. ... future, autonomous
artificial agents will need to jointly model vision and language in order to parse the
visual world and communicate with people. Example: “woman skiing” — skis — entity;
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skiing — woman — person — entity; woman walking her dog — woman walking — person

walking — person — entity; dog — entity ... p.2 Much of the expressive power of human
language comes from abstraction and composition.
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* Instance Normalization: The Missing Ingredient for Fast Stylization, Dmitry
Ulvanov, Andrea Vedaldi, Victor Lempitsky, 27.6.2016/6.11.2017 Computer
Vision Group at Skoltech & Yandex Russia, Visual Geometry Group University of
Oxford United Kingdom https://arxiv.org/abs/1607.08022 .. swapping batch
normalization with instance normalization ... Gatys et al. (2016) introduced a
method for transferring a style from an image onto another one, as demonstrated in
fig. 1. The stylized image matches simultaneously selected statistics of the style
image and of the content image. Both style and content statistics are obtained from a

deep convolutional network pre-trained for image classification. The style statistics
are extracted from shallower layers and averaged across spatial locations whereas
the content statistics are extracted from deeper layers and preserve spatial
information. In this manner, the style statistics capture the “texture” of the style
image whereas the content statistics capture the “structure” of the content image.
However it is inefficient, using iterative optimization until it matches the desired
statistics, taking several minutes to stylize an image of size 512 x 512. The new
method: comparable quality but generated in real time. Style image x0 to learn a
generator network g(x,z). Interesting: While the generator network g is fast, the
authors of Ulyanov et al. (2016) observed that learning it from too many training
examples yield[s] poorer qualitative results. In particular, a network trained on just
16 example images produced better results than one trained from thousands of
those. .. style loss, transfer elements from a style image to the content image such
that the contrast of the stylized image is similar to the contrast of the style image.

* Image Style Transfer Using Convolutional Neural Networks, Leon A.

Gatys; Alexander S. Ecker; Matthias Bethge https://www.cv-

foundation.org/openaccess/content_cvpr_2016/papers/Gatys_Image_Style_Transfer
CVPR_2016_paper.pdf texture transfer, ...

* Image Style Transfer using Convolutional Neural Networks, Simon Hessner -
Supervised by Saquib Sarfraz Computer Vision for Human-Computer Interaction
Lab Karlsruhe Institute of Technology https://simonhessner.de/wp-
content/uploads/2017/11/Simon_Hessner_seminar_paper_2018_Image_Style Transf
er_using CNNs.pdf L.Gatys et al.: ... up to 500 iterations to produce visually
appealing images; every iteration = a forward and a backward pass; up to 16
seconds for 256x256px images; 215 sec for 1024x1024px on a modern GPU. Pg.5:
Arbitrary Style Transfer in Real-time with Adaptive Instance Normalization. Huang
and Belongie: Adaptive Instance Normalization (AdalIN) between the encoder and
the decoder; style & content. VGG-19 ... pg.9: Approaches: iterative optimization,
feed-forward network (Per-style model), AdalIN (Decoder, style & content),
Whitening & Coloring Transform (WCT): Decoder (content only). All outors: Titan
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X GPUs, 256x256 images.
* X. Huang, S. Belongie, Arbitrary style transfer in real-time with adaptive
instance normalization, CoRR, abs/1703.06868 (2017).

Study:
https://pytorch.org/docs/stable/generated/torch.nn.InstanceNorm1d.html
https://pytorch.org/docs/stable/generated/torch.nn.InstanceNorm2d.html

* LayerNorm

https://en.wikipedia.org/wiki/Normalization (machine learnin

https://en.wikipedia.org/wiki/Normalization (machine learning)#L.ocal response n

ormalization

— 1. data normalization, 2.activation normalization. 1: feature scaling: same range,
mean, variance etc.; min-max normalization, sclae, e.g. [0,1] [-1,1].
https://en.wikipedia.org/wiki/Feature_scaling — Rescaling (min-max normalization)
x’=(x-min(x))/(max(x)-min(x)) ... (cmp: Lerp, linear interpolation in shader
languages: HLSL, GLSL etc.); mean normalization: x’ = (x-avgx)/(max(x)-min(x))
avgx = average(x) — the mean of the feature vector. Another kind of “means
normalization” — standardization — divides by the standard deviation:

* Standardization, Z-score Normalization. x’ = (x-avgx)/sigma; sigma = o =
standard deviation. Robust scaling: using median and interquartile range (IQR) —
designed to be robust to outliers. It scales the features using he median and IQR as
reference points, instead of the mean and stddev. x’=(x-Q2(x))/(Q3(x)-Q1(x));
Q1(x), Q2(x), Q3(x) are 3 quartiles (25",50%, 75" percentile) of the features.

* Unit vector normalization — each individual data point is regarded as a vector
and is divided by its vector norm to obtain x’ = x/||x||. Any vector norm: usually L.1
and L2. If x = (v1, v2, v3), Lp-normalized = (v1/(|v1[?, [v2[P, [V3|P)P, v2/(|v1], [v2],
[V3[P)P, v3/(IV1P, [v2P, [v3[P)'P)

* https://en.wikipedia.org/wiki/Outlier — a data point that differs significantly from
other observations.

[Tosh: However, the data point is classified or attributed as belonging to the same
group, selection, dataset, class etc. at the time of evaluation-observation. Thus, a
signal should trigger the system that another segmentation/division is required —
more groups, subspaces for more appropriate/precise classification, addressing,
representation. The signal could be an error, a feature, a buffer underrun or
overrun/oversize/undersize/threshold etc.]
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* Criteria for deciding is a data point an outlier: Chauvenet’s criterion
Chauvenet%27s_criterion — around the center of a normal distribution; mean and
stddev ..., Grubbs’s test for outliers Dixon’s Q test, ASTM E178: Standard Practice
for Dealing With Outlying Observations, Mahalanobis distance and leverage,
Subspace and correlation based techniques for high-dimensional numerical data,

Pierce’s, Tukey’s fences; Anomaly detection — distance-based or density-based
(Local Outlier Factor LOF — local density, where locality is given by k nearest
neighbors, Local_outlier_factor), Modified Thompson Tau test, ... What to do with
outliers? Retention or Exclusion. Non-normal distributions — “fat tails”, Cauchy
distribution ... Set-membership uncertainties (instead of a probability density
function); hierarchical Bayes model, or a mixture model

https://en.wikipedia.org/wiki/Unit_of observation#Data_point — The unit of
observation should not be confused with the unit of analysis. a unit of observation is
the unit described by the data that one analyzes. A study may treat groups as a unit
of observation with a country as the unit of analysis, drawing conclusions on group

characteristics from data collected at the national level. ..

A data point or observation is a set of one or more measurements on a single
member of the unit of observation. Level of analysis - in social sciences: location,
size, or scale of a research target; the context/framework... [Tosh: this concept can
be applied for every domain: resolution of causality-control and perception, see Theory
of Universe and Mind). Unit_of_analysis - the entity that frames what is being looked at
in a study, or is the entity being studied as a whole; the ,actor* or the ,entity‘ to be
studied“. The unit of observation is a subset of the unit of analysis. Statistical unit —a unit
is a member of a set of entities being studied — a ,,random variable“, e.g. a single person,
animal, plant, manufactured item, or country that belongs to a larger collection of such
entities being studied. (experimental, sampling) unit. Unit of measurement or unit of
measure — a definite magnitude of a quantity .. (e.g. metre for length, gram for weight,
second for time).

* Data_type | Observational_error — the difference between a measured value of

a quantity and its unknown true value | Statistical parameter - a parameter is any
quantity of a statistical population that summarizes or describes an aspect of the
population, such as a mean or a standard deviation. .. Elementary event — atomic

event or sample point — an event which contains only a single outcome in the sample
space — mutually exclusive, collectively exhaustive; appropriate granularity ..
Multiple sample spaces. Atom (measure theory) — A measurable set with positive
measure that contains no subset of smaller positive measure. Outcome_(probability)

— a possible result of an experiment or trial."} Each possible outcome of a particular
experiment is unique, and different outcomes are mutually exclusive (only one
outcome will occur on each trial of the experiment). All of the possible outcomes of
an experiment form the elements of a sample space..
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Probability band — https://en.wikipedia.org/wiki/Confidence and prediction bands

Confidence and prediction bands https://en.wikipedia.org/wiki/Prediction interval
https://en.wikipedia.org/wiki/Novelty detection — identify an incoming sensory pattern as
being hitherto unknown. .. The reverse phenomenon is habituation, i.e., the phenomenon
that known patterns yield a less marked response.

Tosh: What is unknown, how it is decided? Define & discover degrees, criteria, contexts.

* Winsorizing — limiting extreme values in the statistical data to reduce the effect of
possibly spurious outliers. Compare: Trimmed estimator — a trimmed estimator is

an estimator derived from another estimator by excluding some of the extreme values, a
process called truncation. This is generally done to obtain a more robust statistic, and the
extreme values are considered outliers. Given an estimator, the x% trimmed version is
obtained by discarding the x% lowest or highest observations or on both end: it is a
statistic on the middle of the data. The median is preserved. Estimator — a rule for
calculating an estimate of a given quantity based on observed data: thus the rule (the
estimator), the quantity of interest (the estimand) and its result (the estimate) are
distinguished.!! .. the sample mean is an estimator of the population mean. ..

point and interval estimators. The point estimators yield single-valued results. This is in
contrast to an interval estimator, where the result would be a range of plausible

values. Quantified properties: error, mean squared error MSE, Sampling deviation,
Variance, Bias ... Censoring_(statistics) — out of bounds measurements, it may be known
that the value is above or below a threshold, but not how much exactly |
Maximum_and_minimum | Truncation_(statistics) | Censoring_(statistics)

Fat-tailed distribution — Cauchy etc. — https://en.wikipedia.org/wiki/Cauchy_distribution
— the canonical example of a ,,pathological “ distribution since both its expected value and
its variance are undefined. The mean and stddev does not converge, unlike in the normal
distribution:https://en.wikipedia.org/wiki/Cauchy_distribution#/media/File:Mean estimato
r_consistency.gif | Normal distribution — Gaussian distribution
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* Network In Network, Min Lin1,2, Qiang Chen2, Shuicheng Yan2, 2014, National
University of Singapore — a novel deep network structure called “Network In Network”(NIN)
to enhance model discriminability for local patches within the receptive field. ...

1x1 Convolution

* Talented Mr. 1X1: Comprehensive look at 1X1 Convolution in Deep Learning, Raj
Sakthi, 13.1.2020 https://medium.com/analytics-vidhya/talented-mr-1x1-comprehensive-
look-at-1x1-convolution-in-deep-learning-f6b355825578 depth of the input matrix —
number of channels (e.g. RGB: 3 channels, depth = 3, e.g. 64x64x3); usually the filters
have the same depth as input... The 1x1 Conv reduces the number of channels while
introducing non-linearity. 64x64x3 - 64x64x1. Dimensionality reduction = Cross channel
down-sampling. The Winner of ILSVRC (ImageNet Large Scale Visual Recognition
Competition) 2014, GoogleNet, used 1X1 convolution layer for dimension reduction “to
compute reductions before the expensive 3x3 and 5x5 convolutions” .. “Inception
Module” — reduces the computation 10 times. Usage 2: Building DEEPER Network
(“Bottle-Neck” Layer) 2015 ILSVRC Classification winner, ResNet, had least error rate
and swept aside the competition by using very deep network using ‘Residual connections’
and ‘Bottle-neck Layer’. .. In their paper, He et all explains (page 6) how a bottle neck layer
designed using a sequence of 3 convolutional layers with filters the size of 1X1, 3X3,
followed by 1X1 respectively to reduce and restore dimension. The down-sampling of
the input happens in 1X1 layer thus funneling a smaller feature vectors (reduced number
of parameters) for the 3X3 conv to work on. Immediately after that 1X1 layer restores the
dimensions to match input dimension so identity shortcuts can be directly used. .. identity
shortcuts and skip connection ...

* Networks in Networks and 1x1 Convolutions - Deep Convolutional Models: Case
Studies | Coursera, Andrew Ng https://www.coursera.org/lecture/convolutional-neural-
networks/networks-in-networks-and-1x1-convolutions-ZTh8x 6x6x1 - like multiply by a
number, scalar; however: 6x6x32 * 1x1x32 = 6x6 = 36 elements * ... 28x28x192 CONV
1x1 (1x1x192) > 28x28x32 Srinking the volumes. Save on computations. Adding non-
linearity ...

Tosh: The non-linearity of the activation function enables conditional and logic-like

behavior.

* Deep Residual Learning for Image Recognition, Kaiming He Xiangyu Zhang
Shaoqing, Ren Jian Sun, 10.12.2015, Microsoft Research https://arxiv.org/pdf/1512.03385
The residual learning framework makes the training of substantially deeper networks
easier. .. comprehensive empirical evidence ... the residual networks are easier to
optimize, and can gain accuracy from considerably increased depth. .. up to 152 layers—
8x deeper than VGG nets but still having lower complexity. An ensemble of these residual
nets achieves 3.57% error on the ImageNet test set ..

* SQUEEZENET: ALEXNET-LEVEL ACCURACY WITH 50X FEWER PARAMETERS
AND < 0.5 MB MODEL SIZE, 2017, Forrest N. landola 1 , Song Han 2 , Matthew W.
Moskewicz 1, Khalid Ashraf 1, William J. Dally 2 , Kurt Keutzer, DeepScale, UC Berkeley,
Stanford University, ICLR 2017 https://openreview.net/pdf?id=S1xh5sYgx
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https://github.com/forresti/SqueezeNet v1.0 | https://caffe.berkeleyvision.org/ - Caffe
(now outdated framework for DL), released in 2014. https://github.com/BVLC/caffe
https://github.com/forresti/SqueezeNet/tree/master/SqueezeNet v1.1

Architectural design strategies: Replace 3x3 filters with 1x1 - 9X fewer. .. Decrease the
number of input channels to 3x3 by squeeze layers. Downsample late in the network, so that
convolution layers have large activation maps... Fire module: Conv 1x1 = Expand_layer
(mix of 1x1 & 3x3 CONYV filters). Three tunable dimensions (hyperparameters): s1x1, elxl1,
e3x3: the number of filters in a the squeeze layer (all 1x1), the number of 1x1 in the expand
layer, thenumber of 3x3 in the expand layer. 96 filters 7x7, pool_{1,4,8}, 1.72
GFLOPS/image, ImageNet accuracy >=80.3% top-5. V1.1: 64 filters 3x3, pool_{1,3,5},
0.72 GFLOPS/image, >=80.3% top-5 [inference], 2.4x less computation.

”Comparing SqueezeNet to model compression approaches: AlexNet Top-1 ImageNet
Accuracy Top-5 = 240 MB/32bit/57.2%/80.3%, SVD (Denton et al., 2014) 32 bit 240MB -
48MB, 5x, 56.0%/79.4%. AlexNet Network Pruning (Han et al., 2015b) 32 bit 240MB -
27MB 9x 57.2% 80.3% AlexNet Deep Compression (Han et al., 2015a) 5-8 bit 240MB -
6.9MB 35x 57.2% 80.3%. SqueezeNet None 32 bit 4.8MB 50x 57.5% 80.3% SqueezeNet
(ours) Deep Compression 8 bit 4.8MB — 0.66MB 363x 57.5% 80.3% SqueezeNet Deep
Compression 6 bit 4.8MB — 0.47MB 510x 57.5% 80.3%. Deep Compression (Han et al.,
2015b) uses a codebook as part of its scheme for quantizing CNN parameters to 6- or 8-
bits of precision. ... Han et al. developed custom hardware — Efficient Inference Engine
(EIE) — that can compute codebook-quantized CNNs more efficiently (Han et al., 2016a) ...
SqueezeNet was ported to: MXNet (Chen et al., 2015a) by (Haria, 2016) * Chainer (Tokui
et al., 2015) port of SqueezeNet: (Bell, 2016) * Keras (Chollet, 2016) port of SqueezeNet:
(DT42, 2016) * Torch (Collobert et al., 2011) port of SqueezeNet’s Fire Modules:
(Waghmare, 2016) (Some of these libraries are already historical, but Keras and Torch are
still in active development) https://pytorch.org/hub/pytorch vision squeezenet/

https://en.wikipedia.org/wiki/Comparison_of deep learning software

* Cmp: Alexnet: https://en.wikipedia.org/wiki/AlexNet, — The LeNet-5 (Yann

LeCun et al., 1989)[I8] was trained by supervised learning

with backpropagation algorithm, with an architecture that is essentially the same as
AlexNet on a small scale. Max pooling was used in 1990 for speech processing
(essentially a 1-dimensional CNN),2! and for image processing, was first used in
the Cresceptron of 1992. ... A deep CNN of (Dan Ciresan et al., 2011) at IDSIA
was 60 times faster than an equivalent CPU implementation.[13] Between May 15,
2011, and September 10, 2012, their CNN won four image competitions and
achieved SOTA for multiple image databases.[14][15][16] According to the AlexNet
paper,[1] Ciresan’s earlier net is “somewhat similar.” Both were written with CUDA
to run on GPU. Computer vision During the 1990-2010 period, neural networks
were not better than other ML methods like kernel regression, support vector
machines, AdaBoost, structured estimation,[17] among others. For CV in particular,
much progress came from manual feature engineering, such as SIFT features,
SURF features, HoG features, bags of visual words, etc. It was a minority position
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in computer vision that features can be learned directly from data, a position which
became dominant after AlexNet.[18] ImageNet - Fei-Fei Li et al., 2007- ... 14
million labeled images across 22000 categories, Amazon Mechanial Turk, WordNet
hierarchy. ILSVRC - ImageNet Large Scale Visual Recognition Challenge. ..
Sutskever convinced Krizhevsky, who could do GPGPU well, to train a CNN on
ImageNet, with Hinton serving as principal investigator. So Krizhevsky

extended cuda-convnet for multi-GPU training. AlexNet was trained on 2 Nvidia
GTX 580 in Krizhevsky's bedroom at his parents‘ house. Over 2012, Krizhevsky
tinkered with the network hyperparameters until it won the ImageNet competition in
2012. Hinton commented that, ,llya thought we should do it, Alex made it work, and
| got the Nobel Prize“.[21]

* CHM Releases AlexNet Source Code, Hansen Hsu, Computer History Museum
(CHM), 20.3.2025:https://computerhistory.org/blog/chm-releases-alexnet-source-
code/ “It seemed like this unbelievably difficult dataset, but it was clear that if we
were to train a large convolutional neural network on this dataset, it must succeed if
we just can have the compute,” Sutskever told Huang in 2023. The fast computing
they needed turned out to be a dual-GPU desktop computer that Krizhevsky
worked on in his bedroom at his parents’ house.” * Alex Krizhevsky,
https://github.com/computerhistory/AlexNet-Source-Code

See also: https://github.com/orgs/computerhistory/repositories |
https://github.com/computerhistory/Historical-Source-Code-Quick-Draw-Repository
| https://github.com/computerhistory/Historical-Source-Code-MacPaint-Repository |
https://github.com/computerhistory/Historical-Source-Code-Apple-lI-DOS-
Repository

https://computerhistory.org/playlists/source-code/ |
https://computerhistory.org/blog/xerox-alto-source-code/ |
https://computerhistory.org/blog/microsoft-word-for-windows-1-1a-source-code/

* Cost estimation of ImageNet: Low-High: $2-3 to $5-7 million (if average $0.05
per image verification, 4 per image, ... if $0.01-0.10 per image on Amazon
Mechanical Turk 2007-2009 and additionally up to 2012), and ~20% per these
payments + infrastructure costs?, development costs, quality control. ? (Claude 3.7
Sonnet reasoning)

*2011: DanNet by Dan Ciresan et al. triggers deep CNN revolution, Jirgen
Schmidhuber (Feb 2021, updated 2022)
https://people.idsia.ch/~juergen/DanNet-triggers-deep-CNN-revolution-2011.html

* History of computer vision contests won by deep CNNs on GPUs
Jurgen Schmidhuber (2017; updated for DanNet‘s 10th birthday 2021)
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https://people.idsia.ch/~juergen/computer-vision-contests-won-by-gpu-cnns.html
In 2010, IDSIA ... “50-fold speedup over CPUs, breaking the long-standing famous
MNIST [15c] benchmark record [18a], using pattern distortions [15d]. This really was all
about GPUs—no novel NN techniques were necessary, no unsupervised pre-training, only
decades-old stuff. .. In 2011, we extended [18b-g] this approach to the convolutional
NNs (CNNs) developed by Fukushima (1979), Waibel (1987), LeCun (1989), Weng (1993),
and others... 60 times faster than CPU-based CNNs... 2012: First Deep Learner to win
medical imaging contest .. Highway networks: first NN with > 100 layers”
* Handwriting Recognition: https://people.idsia.ch/~juergen/handwriting.html
Winning Handwriting Recognition Competitions Through Deep Learning (2009:
first really Deep Learners to win official contests). Jirgen Schmidhuber (2009-
2013) ... https://people.idsia.ch/~juergen/2010-breakthrough-supervised-deep-
learning.html
Dalle_Molle Institute for_Artificial Intelligence Research —
https://www.idsia.usi-supsi.ch/ J.Schmidhuber worked there.

* Dan Ciresan — PhD from “Politehnica” University of Timisoara, Romania. He first
worked as a postdoc before becoming a senior researcher at IDSIA, Switzerland.
Dr. Ciresan is one of the pioneers of using CUDA for Deep Neural Networks
(DNN). His methods have won five international competitions on topics such as
classifying traffic signs, recognizing handwritten Chinese characters, segmenting
neuronal membranes in electron microscopy images, and detecting mitosis in
breast cancer histology images. Currently, he continues his research with DNN at
Conndera Research; Founder of Conndera Research in 2016. Romania and
Switzerland. https://people.idsia.ch/~ciresan/

* ImageNet https://en.wikipedia.org/wiki/lmageNet 2010: 11 participating teams,
the winning team: a linear SVM; a dense grid of HoG and LBP, sparsified by local
coordinate coding and pooling. 52.9% in classification accuracy and 71.8% in top-5
accuracy; trained for 4 days on three 8-core machines (dual quad-core 2 GHz Intel
Xeon CPU). The second competition in 2011 had fewer teams, with another SVM
winning at top-5 error rate 25%.19 The winning team was XRCE by Florent
Perronnin, Jorge Sanchez. A linear SVM, running on quantized[3¢l Fisher
vectors.B7lI38] 74.2% top-5 accuracy. In 2012, a deep

convolutional neural net called AlexNet achieved 84.7% in top-5 accuracy, a great
leap forward.29 In the next couple of years, top-5 accuracy grew to above 90%.
While the 2012 breakthrough ,,combined pieces that were all there before®, the
dramatic quantitative improvement marked the start of an industry-wide artificial
intelligence boom.

* Automatic detection of concrete cracks from images using Adam-
SqueezeNet deep learning model, Lin Wang, Hefei University, Hefei, Anhui
Province, 230061, China
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19.6.2023 https://www.youtube.com/watch?v=uy27wUnpHQ4
https://www.fracturae.com/index.php/fis/article/view/4216/3845 CrackSN, Adam
optimization. Tosh: Such cracks can be recognized without DL/CNN. Implement!?

* ImageNet-21K Pretraining for the Masses, Tal Ridnik, Emanuel Ben-Baruch,
Asaf Noy, Lihi Zelnik-Manor, Alibaba, 22.4.2021/5.8.2021
https://arxiv.org/abs/2104.10972

* https://github.com/Alibaba-MIIL/ImageNet21K a dedicated preprocessing stage,
utilization of WordNet hierarchical structure, and a novel training scheme: semantic
softmax. ImageNet-21K = 1.3 TB (vs 130 GB for 1K); cleaning invalid classes (e.g.
“‘cow” sometimes as “animal”; validation split, image resizing to 224x224 in the
preprocessing stage in order to reduce the dataset to 250 GB; squish-resizing
(although this method limits the scale augmentations). Reduced the number of
images and classes from 14,197,122 to 12,358,688 images from 11,221 classes —
many classes with only 1-10 samples, only 13% reduction of the number of
pictures. 50 images per class for standardized validation split. P.4: Hierarchy
Example Classes: 0 person, animal, plant, food, artifact 1: domestic animal,
basketball court, clothing ... 6: whitetip shark, ortolan, grey kingbird ImageNet-21K-
P, has 11 possible hierarchies. Balance the dataset. Multi-label Training Scheme
— semantic multi labels. P. 6: 11 softmax layers, for the 11 different hierarchies ...
avoid extreme multi-tasking (11, 221 uncoupled losses in multi-label training). we
have only 11 losses, as the number of softmax layers. The 21K classes are not
mutually exclusive; they are arranged in a hierarchical structure and many are
related to each other. This structure allows for a different penalty for
misclassification based on the distance within the hierarchy. Higher accuracy with a
few % for various architectures and datasets: p.8-9. E.g. Imagenet1K, ViT-B-16:
83.3 2> 83.9; Food 251: 74.6 - 76.0; Pascal-VOC: 78,7 — 93.1 (a big jump); MS-
COCO: 81.1>82.6 etc.

p.4: Single-label training scheme: ImageNet-1K: On 8xV100 NVIDIA GPU
machine, mixed-precision = 40 min/epoch for ResNet50 and TResNet-M
architectures (~ 5000 img/sec ), total training time of 54 hours. single loss.

* The Kinetics Human Action Video Dataset, \Will Kay, Joao Carreira, et al.,
Google, 19.5.2017 https://arxiv.org/pdf/1705.06950 400 human action classes,
with at least 400 video clips for each action. Each clip lasts around 10s and is

2 See the making of the effects of “CbH B neteH abxa“ video (Sleeping/Dream in a Summer
Rain). Twenkid Studio — Artificial Mind, Tow, Epektute B "CbH B 1eTeH AbXKA" - MacKMpaHe Ha
J10T0 B AbXKA0BEH HecTabuneH Kagbp | Aunsua Mnosaus 18. 17.9.2020,
https://www.youtube.com/watch?v=0WI7HQWyZWg Mc(anHum): 2000, 2002 (3anncku T.A),
SuperCogAlg v ap. https://github.com/Twenkid/SuperCogAlg/
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taken from a different YouTube videos... https://www.youtube.com/watch?v=+
youtube_code

codes: https://github.com/s9xie/Mini-Kinetics-200/blob/master/train_ytid list.txt
hLxaZBRBVH8 2KRiMcjZue4 etc.

Bag-of-words model in_computer vision — Bag of visual words (BoW), Content
based image indexing and retrieval (CBIR); features such as SIFT, vector dim=128;
codewords, codebook generation; local patches. One of the notorious
disadvantages of BoW is that it ignores the spatial relationships among the
patches, which are very important in image representation. .. Naive Bayes ..
probabilistic latent semantic indexing (PLSI)
Probabilistic_latent_semantic_analysis — Compared to standard latent semantic
analysis which stems from linear algebra and downsizes the occurrence tables
(usually via a sinqular value decomposition), probabilistic latent semantic analysis
is based on a mixture decomposition derived from a latent class model.
Structural_equation_modeling * https://en.wikipedia.org/wiki/Latent class_model —
clustering multivariate discrete data. It assumes that the data arise from a mixture
of discrete distributions, within each of which the variables are independent. |
Fisher_kernel — a function that measures the similarity of two objects on the basis
of sets of measurements for each object and a statistical model. | Segmentation-
based object categorization — partitioning an image into multiple regions
according to some homogeneity criterion. Graph ... Normalized cuts .. Part-
based models - constellation and non-constellation based ... mean face,
deformable ... 35 elements, 100 elements ... deviations from a mean face: shape,
orientation, gray level ... minimization of an error function ... template matching
Elastic_matching Graphical _time_ warping , Dynamic _time_ warping — measuring
similarity between two temporal sequences, which may vary in speed. See also:
Sequence alignment | Multiple sequence alignment etc: Levenshtein distance,
Wagner-Fischer algortihm, Needleman-Wunsch algorithm, Fréchet distance —

a measure of similarity between curves that takes into account the location and
ordering of the points along the curves .. Nonlinear mixed-effects model ..
Constellation_model — a probabilistic, generative model for category-level object
recognition .. attempts to represent an object class by a set of N parts under mutual
geometric constraints. Because it considers the geometric relationship between different
parts, the constellation model differs significantly from appearance-only, or ,,bag-of-words®
representation models, which explicitly disregard the location of image features. ..
https://en.wikipedia.org/wiki/Feature (computer_vision)#Detectors — feature
(detection,extraction); Neighborhood operation; feature (image, vector, space,
types(edge(gradient magnitude, boundary; arbitrary shape, junctions), (corner/interest
points(curvature,...), blobs(regions; smoother than edges. Scale: LoG, DoH blob detectors
Laplacian of Gaussian & Difference of Gaussians), ridges(elongated)). Feature detection:
Canny, Sobel, Harris & Stephens/Plessey, SUSAN, Shi & Thomas, Level curve curvature,
FAST, Laplacian of Gaussian, Difference of Gaussians, Determinant of Hessian, Hessian
strenght feature measure, MSER, Principal curvature ridges, Gray-level blobs, * SIFT -
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Scale-invariant_feature transform

* Object recognition from local scale-invariant features, David G Lowe, 2004

https://www.cs.ubc.ca/~lowe/papers/ijcv04.pdf In the current implementation, each image
generates on the order of 1000 SIFT keys, a process that requires less than 1 second of
computation time ... p.2 Related work: Many candidate feature types have been proposed
and explored, including line segments [6], groupings of edges [11, 14], and regions [2],
among many other proposals. ... worked well for certain object classes, but .. not detected
frequently enough or with sufficient stability to form a basis for reliable recognition. Key
localization .. identify locations in image scale space that are invariant with respect to
image translation, scaling, and rotation, and are minimally affected by noise and small
distortions .. p.3 “Maxima and minima of this scale-space function are determined by
comparing each pixel in the pyramid to its neighbours. First, a pixel is compared to its 8
neighbours at the same level of the pyramid. If it is a maximum or minimum?* at this level,
then the closest pixel location is calculated at the next lowest level of the pyramid, taking
account of the 1.5 times resampling. If the pixel remains higher (or lower) than this closest
pixel and its 8 neighbours, then the test is repeated for the level above. Since most pixels
will be eliminated within a few comparisons, the cost of this detection is small and much
lower than that of building the pyramid”*. Harris corner detectors for interest points ..
canonical orientation.. eigenspace matching, color histograms, and receptive field
histograms .. cluttered images, .. — many small local eigen-windows, but expensive search
... dense local features (e.g., Schmid & Mohr [19])

[Tosh: Compare SIFT with ANN, CNN. The sequence of convolutions and resolution
reduction — downsampling — resembles the construction of a Gaussian pyramids,
providing coverage over scale space. Pooling operations and layers (e.g. max-pooling)
and nonlinear activations act as implicit mechanism for selecting salient responses,
analogous to extrema detection in SIFT.]

* Object Recognition from Local Scale-Invariant Features, David G. Lowe; Presented
by: Yan Fang (slides), University of Pittsburg
https://people.cs.pitt.edu/~kovashka/cs3710_sp15/features yan.pdf

* Object Recognition from Local Scale-Invariant Features (SIFT), David G. Lowe,
Presented by David Lee, March 2006, https://scispace.com/pdf/object-recognition-from-
local-scale-invariant-features-5887b1cgwf.pdf

* David Lowe, Fitting Parameterized Three-Dimensional Models to Images, 1991,
https://faculty.nps.edu/oayakime/ADSC/Scoring%20-%20Lowe%20-
%20Fitting%20Parameterized%20Three-Dimensional%20Models%20t0%20Images.pdf
“Model-based recognition and motion tracking depends upon the ability to solve for
projection and model parameters that will best fit a 3-D model to matching 2-D image
features”

3 The original quote is “If it is a maxima or minima” (plural), but it seems it is about the pixel (singular) 2.5.2026
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* Schmid, C., and R. Mohr, “Local grayvalue invariants for image retrieval,” IEEE
PAM], 19, 5 (1997), pp. 530-534. https://inria.hal.science/inria-00548358/document
Geometric vs luminance-based approaches... Geometric: matching, pose estimation,
verification. Simplifying the matching process: trees, indexing ... differential greyvalue
invariances ... multi-scale approach .. voting algorithm .. vector of local characteristics;
handling of partial visibility and transformations such as rotation and scaling. .. robustness
to outliers and tolerance to image noise .. Multi-scaled differential greyvalue invariants ..
Experiments have been conducted for an image database containing 1020 images. ..
recognition rate is above 99% for a variety of test images taken under different conditions.
200 paintings, 100 aerial images and 720 images of 3D objects.

* Treisman, Anne M., and Nancy G. Kanwisher, “Perceiving visually presented
objects: recognition, awareness, and modularity”, Current Opinion in Neurobiology, 8
(1998), pp. 218-226.
https://web.mit.edu/bcs/nklab/media/pdfs/TreismanKanwisherCurrOpBio98.pdf
Object perception may involve seeing, recognition, preparation of actions, and emotional
responses-functions that human brain imaging and neuropsychology suggest are localized
separately. Perhaps because of this specialization, object perception is remarkably rapid
and efficient. Representations of componential structure and interpolation from view-
dependent images both play a part in object recognition. Unattended objects may be
implicitly registered, but recent experiments suggest that attention is required to bind
features, to represent three-dimensional structure, and to mediate awareness. .. 6 types of
representations ... 1: ‘object token’-a conscious viewpoint-dependent representation of the
object as currently seen. Second, as a ‘structural description’- a non-visually-conscious
object-centered representation from which the object’s appearance from other angles and
distances can be predicted. Third, as an ‘object type’-a recognition of the object’s identity
(e.g. a banana) or membership in one or more stored categories. Fourth, a representation
based on further knowledge associated with the category (such as the fact that the banana
can be peeled and what it will taste like). Fifth, a representation that includes a
specification of its emotional and motivational significance to the observer. Sixth, an
‘action-centered description’, specifying its “affordances” [l], that is, the properties we
need in order to program appropriate motor responses to it, such as its location, size and
shape relative to our hands. These different representations are probably formed in an
interactive fashion, with prior knowledge facilitating the extraction of likely features and
structure, and vice versa. .. Continuity, regularity, ... specialized modules ... The
accumulating evidence for cortical specialization for specific components of visual
recognition raises a number of important questions. Does this fine-grained specialization
of function arise from experience-dependent self-organizing properties of cortex [98], or
are cortical specializations innately specified? .. ‘shallow specialization’ or a deeper form
of modularity in which a small number of functionally specific regions each carries out a
qualitatively distinct computation in the service of an evolutionarily or experientially
fundamental visual process. .. multiple representations that are extracted in the first
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quarter of a second of viewing a complex visual stimulus. Both structural descriptions
and viewpoint-dependent representations sufficient for discriminating between objects are
extracted within about 200ms. The phenomena of repetition blindness, attentional blink,
attentional masking, and inattentional blindness reveal some of the heuristics by which the
visual system decides which of these representations to incorporate into the developing
stable representation of visual experience. (...) suggesting that extracting shape from
shading is a distinct process from extracting shape from edges. .. both structural
descriptions and more specific viewpoint-dependent representations are retained in visual
memory. .. Experts with extensive encounters with different instances may base their
recognition on matching to multiple stored views, giving the impression of invariant
representation. .. Gauthier and Tarr [77] gave subjects prolonged training — “greebles”; ..
[face-like 3D-objects, which are also recognized with the fusiform face area (FFA)].
Structural — geons; above, below.. both structural descriptions and more specific viewpoint-
dependent representations are retained in visual memory .. extracting shape from shading is
a distinct process from extracting shape from edges. [Tosh: suggestions, ideas,
considerations for Cognitive Architectures.]

* Gauthier I, Tarr MJ: Becoming a ‘Greeble’ expert: exploring mechanisms for face
recognition. Vision Res 1997, 37:1673- 1682.

* Greeble (Psychology), Wiki4All, 57,1 K Subscribers, 2296 views, 28.03.2022 2.
https://www.youtube.com/watch ?v=9JIE9Y4Nxil

* Unraveling Mechanisms for Expert Object Recognition: Bridging Brain Activity and
Behavior. Isabel Gauthier, Vanderbilt University, Michael J. Tarr, 2012. Brown University
http://gauthier.psy.vanderbilt.edu/wordpress/wp-
content/uploads/2012/03/GaTa_UnravelingMechanisms_02.pdf Holistic processing; 1.
Holistic—configural effects, 2. Holistic—inclusive effects, 3. Holistic—contextual effects on
recognition. 1: individual object parts are placed in the context of the other individual parts
from the same object.1 Holistic-configural: Each individual part is better recognized in the
original learned configuration than in the context of these same object parts in a new
configuration. For instance, the nose of a familiar face .. 2. Holistic-inclusive: individual
object parts are better recognized in the context of other individual parts from the same
object and instance as compared with the context of parts from other objects and instances
3. Holistic-contextual individual object parts are better recognized in the context of other
parts than in isolation. .. 1 & 2 increase from expertise, while 3 doesn’t depend on it...

Tosh: “The structure of images” is a seminal paper, related to the “Scale Spaces”. See
also the main volume of the book “The Prophets of the Thinking Machines...” — the list
with schools of thoughts and comparison to the Theory of Universe and Mind (2001-
2004), the hierarchy of Universes at different levels of the Universe computer with
reduced resolution and a bigger span etc. See also Universe and Mind 6.

* J.J. Koenderink, The structure of images, Biological Cybernetics, vol. 50, pp. 363-
396, 1984 https://scispace.com/pdf/the-structure-of-images-gx3bm37921.pdf - “realms” of
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the extrema.” p.5. “For a certain finite range of resolution the blobs can be identified (that
is if t is less than the value at which the extremum meets its saddle-point), and in a still
more limited range the blob exists in its pure form, unarticulated. For too high a resolution
the blob may be difficult to detect because it is articulated with irrelevant smaller detail
(e.g. blurring really helps to find objects in scintigrams), whereas for too low a resolution
the blobs loose identity (e.g. in a cardioscintigram the left and right ventricles may merge).
Details thus have a limited range of resolution in which they can be said to exist. We can
define this range from the top of the realm to the next lower top of any included subrealm.
“ 6 Conclusions .. “a single .. way to embed an image into a one-parameter family of
derived images, with resolution as a parameter: namely by a diffusion process, or
convolution with a family of Gaussian point spread functions. This result must have
seemed obvious to some previous investigators in this field who started out from the family
of Gaussians (or rather ,,DOG‘s“: ,,difference of Gaussians ) or from iterated blurrings
(which asymptotically leads to diffusion) in an apparently ad hoc fashion (Marr and
Hildreth, 1980). The relation to the diffusion equation appears to have been overlooked
previously, although it is this equation that explicitly defines the deep structure of the
image.” [Tosh: emphasize: mine. Compare to CNNs and the ANN Image generation
models with Diffusion.]

* The structure of images: 1984-2021, Jan Koenderink, Mar 2021, Biological
Cybernetics 115(4), DOI: 10.1007/s00422-021-00870-0 _The title was The Structure of
Images. It became known as “scale space.”
https://www.researchgate.net/publication/350453877 The_structure of images 1984-2021
.. diffusion cannot generate, but only destroy spatial articulations .. The diffusion equation
serves to connect scale levels. ... One may define a vector field whose streamlines capture
such connections. It is like the pointers in discrete image pyramids. The streamlines let one
track details over finite scale ranges. .. the diffusion equation is a linear PDE (partial
differential equation). .. The evolution of differential invariants over scale Images are
trivial fiber bundles. .., differential invariants are like geographical objects such as ruts,
ridges, peaks, pits and passes . ... See the referenced literature by Koenderink:

* Koenderink J (1993) What is a “Feature”? J Intell Syst 3(1):49-82

* Koenderink JJ, Bouman MA, Bueno de Mesquita AE, Slappendel S(1978) Perimetry of
contrast detection thresholds of moving spatial sine wave patterns. [-IV. J Opt Soc Am
68(6):845-849, 850-854,854-860, 860—865

* Koenderink J, van Doorn A (1978) Visual detection of spatial contrast influence of
location in the visual field, target extent and illuminance level. Biol Cybernet 30:157-167
* Koenderink J, van Doorn A (1979a) The structure of two-dimensional scalar fields
with applications to vision. Biol Cybernet 33:151-158

* Koenderink J, van Doorn A (1979b) The internal representation of solidshape with
respect to vision. Biol Cybernet 32:211-216

* Koenderink J, van Doorn A (1982a) Invariant features of contrast detection: an
explanation in terms of self-similar detector arrays. J OptSoc Am 72(1):83-87

* Koenderink J, van Doorn A (1982b) The shape of smooth objects and the way contours
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http://dx.doi.org/10.1007/s00422-021-00870-0
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https://www.researchgate.net/publication/350453877_The_structure_of_images_1984-2021
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end. Perception 11:129-137

* Koenderink J (1984a) The structure of images. Biol Cybernet 50:363-370 .. *
Koenderink J (1984c) Geometrical structures determined by the functional order in
nervous nets. Biol Cybernet 50:43-50 * Koenderink J, van Doorn A (1986) Dynamic
Shape. Biol Cybernet 53:383-396 * Koenderink J, van Doorn A (1987) Representation
of local geometry in the visual system. Biol Cybernet 55:367-375 ... * Koenderink J,
Richards W (1988) Two-dimensional curvature operators. J Opt Soc Am A 5(7):1136—
1141 .. * Koenderink J (1990a) Solid Shape. The MIT Press, Cambridge

* Koenderink J (1990b) The brain a geometry engine. Psychol Res52:122-127 ...

* Koenderink J, van Doorn A (1994) Two-plus-one-dimensional differential geometry.
Patt Recognit Lett 15:439-443 * Koenderink J, van Doorn A (1999) The structure of
locally orderless images. Int J Comp Vis 31(2/3):159-168 * Koenderink J, van Doorn A
(2000) Blur and Disorder. * Koenderink J (2011) Gestalts and Pictorial Worlds. Gestalt
Theory 33(3/4):289-324 * Koenderink J, van Doorn A (2012) Gauge Fields in Pictorial
Space. SIAM J IMAG SCI 5(4):1213-1233

* Distinctive Image Features from Scale-Invariant Keypoints, David G. Lowe,

5.1.2004, Computer Science Department University of British Columbia Vancouver, B.C.,
Canada ... stable keypoint locations p.7: Maxima and minima of the difference-of-
Gaussian; ... orientation histogram ...: 36 bins x 10 degrees ... peaks — dominant directions
.. image gradients, keypoint descriptors; p.20: keypoint descriptor — 128 dimensions; k-d
tree — no benefit for > 10 dim so — Best-Bin-First (BBF) — the closest neighbor with high
probability .. clustering features in pose space using the Hough transform (Hough, 1962;
Ballard, 1981; Grimson 1990). ... @Vsy: Study: (& all)

* Perceptual Organization and Visual Recognition, David Lowe, 9.1984, PhD Thesis
https://apps.dtic.mil/sti/tr/pdf/ADA150826.pdf Gestalt, perceptual groupings;

3-space inferences, viewpoint independent, lightsource independent; object boundaries,
edges; curves, lines, segmentation; Possible viewpoint and objects, ranking; well-structured
objects. Evidential reasoning. Speed up the search process. Problem of decision. Model-
based. Independence assumptions; relative ranking, not absolute probabilities. Dividing
line: object & future: various scales. Many sources of evidence: contextual information.
Color, texture, enclosure, connectivity, adjacency. Update the expectations. Significance.
Threshold of the significance. Invariances from 2D projection to 3D. Formulas for recovery
of 3D from 2D, perspective, ...

* SIFT Detector | SIFT Detector (Part I), Shree Navar, T. C. Chang Professor of
Computer Science at Columbia Engineering 3.3.2021,
https://www.youtube.com/watch?v=ram-jbLLJjFg — a stack of blurred images, Gaussian.
Find extrema, say 3x3x3 > Interest points at different scales ... thresholds to reduce the
number of interest points .. blob-like ... Scale-invariance .. Image gradient direction, create
a histogram of the directions (the range [0,360 deg] is split in buckets)
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* SIFT Descriptor | SIFT Detector (Part 2), First Principles of Computer Vision, 2021, 76
K subscribers — continuation, SIFT signatures; principal orientation; Normalized histogram
is invariant to rotation, scale, brightness; compare two arrays of data, compute the distance
https://www.youtube.com/watch?v=IBcsS8 gPzE

https://www.youtube.com/@firstprinciplesofcomputerv3258

* Overview | Shape from Shading First Principles of Computer Vision, 76K subscribers
1: https://www.youtube.com/watch?v=kZWQ2sBGHuU

2: Human Perception of Shading | Shape from Shading,
https://www.youtube.com/watch?v=VjtDBSPSomo

Shape from shading is an underconstrained problem: many assumptions have to be made.
1:5x... bumps or holes (convex or concave)? Light is above us; 3:00 — is this a moun or a
crater? — assuming the light is coming from above; 4:15 — if light comes from the sid?
(higher brightness) — you imagine the lighting first and then decide; global illumination ..
Humans assume that there is a singular light coming from a singular direction. 6:35 Strips,
boundaries. 7:40 perceptual grouping - the X, bumps as we assume the light direction for
the central part of the image; 8:52 Hollow mask of a face lit from above looks like a face lit
from below. Ramachandran, 1990 * Stereographic Projection | Shape from Shading
https://www.youtube.com/watch?v=VLc7BC7GJEI * Depth from Defocus, Depth from Focus,
... etc. See also SURF: Speeded up robust features Summed-area table — higher
precision for the sums (e.g. 8-bit image = 16, 32-bit or float for the sums)
Viola%E2%80%93Jones_object detection framework — Haar filters, face detection, 2001
... 15 fps at 384x288 pixel images on a Pentium IIT 700 MHz, 50k parameters; runs on iPaq
PDA/Pocket PC at 2 fps. https://en.wikipedia.org/wiki/IPAQ

Phase_congruency — Phase congruency reflects the behaviour of the image in the frequency
domain. It has been noted that edgelike features have many of their frequency components
in the same phase. The concept is similar to coherence, except that it applies to functions of
different wavelength. ... Phase congruency compares the weighted alignment of the
Fourier components of a signal with the sum of the Fourier components.

* GLOH (Gradient Location and Orientation Histogram)
https://en.wikipedia.org/wiki/GLOH - a SIFT-like descriptor that considers more spatial
regions for the histograms. An intermediate vector is computed from 17 location and 16
orientation bins, for a total of 272-dimensions. Principal components analysis (PCA) is
then used to reduce the vector size to 128 (same size as SIFT descriptor vector).

* A Performance Evaluation of Local Descriptors, 10.2005, Krystian Mikolajczyk and
Cordelia Schmid — recall with respect to precision and is carried out for different image
transformations. We compare shape context [3], steerable filters [12], PCA-SIFT [19],
differential invariants [20], spin images [21], SIFT [26], complex filters [37], moment
invariants [43], and cross-correlation for different types of interest regions.

https://www.robots.ox.ac.uk/~vgg/research/affine/det_eval files/mikolajczyk pami2004.pdf
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* SIFT, SURF GLOH descriptors
https://www.micc.unifi.it/delbimbo/wp-content/uploads/2011/03/slide_corso/A33%20SIFT-
GLOH-SURF.pdf Alberto Del Bimbo, 2011 SIFT ... p.8. Gaussians + Blur + Resample
(both resized at different levels and blurred). Subtract — DoG, Difference of Gaussians ...
U-SUREF (Upright version), SURF-128 ... GLOH is a method for local shape description
very similar to SIFT introduced by Miko in 2004. Differently from SIFT it employs a log-
polar location grid: — 3 bins in radial direction — 8 bins in angular direction — 16 bins for
Gradient orientation quantization .. Dominant direction from the histogram .. SURF:
much faster than the other feature detectors (2.5 — 4 times than SIFT, according to p.33);
relying on integral images for image convolutions — building on the strengths of the
leading existing detectors and descriptors (using a Hessian matrix-based measure for the
detector, and a distribution-based descriptor) — simplifying these methods to the essential.
Integral images; Haar Wavelets; p.34: Other SIFT-like Implementations * GIST: Rapid
Biologically-Inspired Scene Classification Using Features Shared with Visual Attention,
TPAMI 2007

* LESH: Head Pose Estimation In Face Recognition Across Pose Scenarios, VISAPP
2008

* Peter Kovesi, “Image Features From Phase Congruency”. Videre: A, Journal of
Computer Vision Research. MIT Press. Volume 1, Number 3, Summer 1999

See also: https://www.micc.unifi.it/delbimbo/wp-
content/uploads/2011/10/slide corso/A33 affine region detectors.pdf

https://web.archive.org/web/20030828084038/http://mitpress.mit.edu/e-

journals/videre/001/v13.html
https://web.archive.org/web/20030828180227/http://mitpress.mit.edu/e-

journals/videre/001/articles/v1n3001.pdf

* Real-Time Single-Workstation Obstacle Avoidance Using Only Wide-Field Flow
Divergence, Ted Camus,1 David Coombs,2 Martin Herman,3 Tsai-Hong Hong2, 1999:
HyperSparc 80 MHz UNIX ... Optical flow ...
https://web.archive.org/web/20030828180227/http://mitpress.mit.edu/e-
journals/videre/001/articles/vin3002.pdf

* PCA-SIFT: A More Distinctive Representation for Local Image Descriptors, CVPR
2004 - Spin image: Sparse Texture Representation Using Affine-Invariant Neighborhoods,
CVPR 2003

* A Sparse Texture Representation Using Affine-Invariant Regions, Svetlana Lazebnik
Cordelia Schmid, Jean Ponce, CVPR 2003

https://slazebni.cs.illinois.edu/publications/cvpr03a.pdf
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* A Sparse Texture Representation Using Local Affine Regions, Svetlana Lazebnik
Cordelia Schmid, Jean Ponce, PAMI 2005
https://slazebni.cs.illinois.edu/publications/pami05.pdf — texton dictionary .. p.3: 1. Extract
a sparse set of affine regions 2. Normalize the shape of each elliptical region by
transforming it into a circle. 3. Perform clustering on the affine-invariant descriptors to
obtain a more compact representation of the distribution of features in each image ...
signature 4. 4. Compare signatures of different images using the Earth Mover’s Distance
(EMD)

* Viola, P.; Jones, M. (2001). “Rapid object detection using a boosted cascade of
simple features”, Proceedings of the 2001 IEEE Computer Society Conference on
Computer Vision and Pattern Recognition. CVPR 2001. Vol. 1. IEEE Comput. Soc.
doi:10.1109/cvpr.2001.990517. ISBN 0-7695-1272-0. S2CID 2715202. 2.2001
https://www.researchgate.net/publication/3940582 Rapid Object Detection using a Boos
ted Cascade of Simple Features .. Integral image (fast summation of the intensity over
rectangular region only with 4 or 6 etc. operations)... Haar Basis functions; AdaBoost
classifiers; detection window; sum of the pixels in the white rectangle from the Haar f. are
subtracted from the sum of the white. Mitsubishi Electric Research Laboratories. Compaq
CRL ... MIT+CMU face detection dataset ... [Tosh: note that in the 1990s and 2000s the
word “database” is used instead of the now common “dataset”]

* Face Databases, Ralph Gross, 2005 — for recognition, detection and facial expression
analysis. https://www.ri.cmu.edu/project/face-detection-databases/ Pose variation PIE
database etc.... Hyperspectral images — CMU; illumination variations; Equinox Infrared
Face Database .. Max Planck Institute for Biological Cybernetics Face Database: 3D data
collected with a Cyberware laser scanner ... Combined MIT/CMU Test Set: 180 images in
two sets — frontal and non-frontal face detection, tilted test, profile view, ... nonface images

— from web.

* Viola, Paul; Jones, Michael J. (May 2004). “Robust Real-Time Face Detection”.
International Journal of Computer Vision. 57 (2): 137-154

* Implementing the Viola-Jones Face Detection Algorithm, Ole Helvig Jensen, 2008
https://web.archive.org/web/20140513142727/http://etd.dtu.dk/thesis/223656/ep08_93.pdf
A short description of other algorithms of the time (see also the Viola-Jones papers).

* DeepFace — DL facial recognition system, Facebook, 2014; released 2015.
https://en.wikipedia.org/wiki/DeepFace 9-layer ANN, 120 million connection weights,
trained on 4 million images of FB users. “The Facebook Research team has stated that the
DeepFace method reaches an accuracy of 97.35% + 0.25% on Labeled Faces in the Wild
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(LFW) data set where human beings have 97.53%” ... four modules: 2D alignment, 3D
alignment, frontalization, and neural network. An image of a face is passed through them
in sequence, resulting in a 4096-dimensional feature vector representing the face. .. to
identify the face, one can compare it against a list of feature vectors of known faces, and
identify the face with the most similar feature vector. DeepFace uses fiducial point detectors
based on existing databases to direct the alignment of faces. The facial alignment begins
with a 2D alignment, and then continues with 3D alignment and frontalization. That is,
DeepFace’s process is two steps. First, it corrects the angles of an image so that the face in
the photo is looking forward. To accomplish this, it uses a 3-D model of a face. 2D — 6
fiducial points; 3D: 67 alginment points; input: 152x152 RGB, output: dim=4096; in the
2014 paper: also a FC 4030-dim. Layer for 4030-persons classification.

* https://en.wikipedia.org/wiki/FaceNet — a mapping (also called an embedding) from a set
of face images to a 128-dimensional Euclidean space; Triplet loss (anchor-negative-
positive) — The triplet loss function minimizes the distance between an anchor and a
positive, both of which have the same identity, and maximizes the distance between the
anchor and a negative of a different identity. FindFace — 2016, Ntech Lab, Russia
https://findface.pro/

Kahan summation algorithm |)... | Difference of Gaussians — a feature enhancement
algorithm that involves the subtraction of one Gaussian blurred version of an original image
from another, less blurred version of the original. In the simple case of grayscale images,
the blurred images are obtained by convolving the original grayscale images with Gaussian
kernels having differing width (standard deviations); it is an approximation of the Mexican
hat kernel function used for the Laplacian of the Gaussian operator. As a feature
enhancement algorithm, the difference of Gaussians can be utilized to increase the visibility
of edges and other detail present in a digital image. Morlet _wavelet — a wavelet composed
of a complex exponential (carrier) multiplied by a Gaussian window (envelope). This
wavelet is closely related to human perception, both hearing!? and vision.

Pyramid (image processing)#Gaussian _pyramid — a type of multi-

scale signal representation developed by the computer vision, image processing and signal
processing communities, in which a signal or an image is subject to

repeated smoothing and subsampling. Pyramid representation is a predecessor to scale-
space representation and multiresolution analysis (MRA) or multiscale approximation
(MSA) — is the design method of most of the practically relevant discrete wavelet
transforms (DWT) and the justification for the algorithm of the fast wavelet

transform (FWT). It was introduced in this context in 1988/89 by Stephane Mallat and Yves
Meyer and has predecessors in the microlocal analysis in the theory of differential
equations (the ironing method) and the pyramid methods of image processing as introduced
in 1981/83 by Peter J. Burt, Edward H. Adelson and James L. Crowley. ... Self-similarity
in time, Self-similarity in scale, In the sequence of subspaces ..., Regularity, linear hull

Completeness, nested subspaces fill the whole space ... Wavelet — wave-
like oscillation with an amplitude that begins at zero, increases or decreases, and then
returns to zero one or more times. Wavelets are termed a ,,brief oscillation®. ...
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Gaussian_blur .. Ronchi ruling — a constant-interval bar and space square-wave optical
target or mask. The design produces a precisely patterned light source by reflection or
illumination, or a stop pattern by transmission, with precise uniformity, spatial frequency,
sharp edge definition, and high contrast ratio. .. a precise signal for testing resolution,
contrast, distortion, aberrations, and diffraction in optical imaging systems.

1951 USAF resolution_test chart Halftone — photographic screening, only black dots on
white paper, 19-th century method for printing photography; halftone dots — from a
sufficient distance the shades look smooth, continuous. Continuous_tone _image — each
color at any point in the image can transition smoothly between shades, rather than being
represented by discrete elements such as halftones or pixels. | Hough_transform - lines,
circles | Harris_corner_detector | Canny_edge_detector | Sobel operator | Deformable,
parametrized shapes | Active contours (snakes) Active contour model — energy
minimizing, deformable spline; constraint and image forces that pull it towards object
contours and internal forces that resist deformation; the external energy term is to control
the fitting of the contour onto the image. Signed distance function (SDF) or signed
distance field ~ Level Set Function; see Computer Graphics, 3D objects modeling by the
boundaries, ray marching. .. Active contour model is related to Graph cuts, or max-
flow/min-cut — a generic method for minimizing the Markov random field (MRF) energy.
Boundary vector field | Markov random field = Sherrington—Kirkpatrick model
Spin_glass#Sherrington%E2%80%93Kirkpatrick _model

* Image Segmentation using Active Contours (Snake) Vignesh Gopalakrishnan,
10.1.2024, Level Set Function (LSF) - a binary array, with specific regions marked as -1 to
represent an initial estimate of the object’s boundary. Curve Evolution: energy
computations, curvature analysis, gradient calculations, and LSF updates. The contour
evolves to fit the object boundaries better over multiple iterationss; parameters: mu, nu,
epsilon, step, number of iterations; energy: elastic, bending, external. Elastic: remain close
to the original shape, penalizing deviations. Bending: penalizes curvature, sharp bends or
kinks — encourages smoothness. External ... Automatic initialization.
https://en.wikipedia.org/wiki/Corner_detection#The level curve curvature approach
https://en.wikipedia.org/wiki/Features from_accelerated segment_test (FAST) - corner
detection: AST corner detector uses a circle of 16 pixels (a Bresenham circle of radius 3)
https://en.wikipedia.org/wiki/Midpoint_circle_ algorithm
https://en.wikipedia.org/wiki/Blob_detection#The Laplacian of Gaussian ...
https://en.wikipedia.org/wiki/Ricker wavelet (Mexican hat wavelet, Marr wavelet)
https://en.wikipedia.org/wiki/Scale_space | https://en.wikipedia.org/wiki/Ridge_detection -
connector set, valleys, relative critical set ... Wavelet Transform:
https://en.wikipedia.org/wiki/Wavelet_transform - The fundamental idea of wavelet
transforms is that the transformation should allow only changes in time extension, but not
shape, imposing a restriction on choosing suitable basis functions.Wavelet coefficients,
wavelet filters, length; JPEG2000 .. First a wavelet transform is applied. This produces as
many coefficients as there are pixels in the image (i.e., there is no compression yet since it
is only a transform). These coefficients can then be compressed more easily because the
information is statistically concentrated in just a few coefficients. This principle is called
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transform coding. After that, the coefficients are quantized and the quantized values are
entropy encoded and/or run length encoded. Transform_coding | Square-integrable_function
— the integral of the square of the function is finite, < infinity; for wave functions: Fourier,
Wavelets, Quantum wave functions — can be described as a sum of a series of orthogonal
functions (decomposition of independent components), I.2 norm can be applied, Cauchy sequences
converge in that space etc.

* Fischler, M.A.; Elschlager, R.A. (1973). “The Representation and Matching of
Pictorial Structures”. IEEE Transactions on Computers. C-22: 67-92. doi:10.1109/T-
C.1973.223602.

* Yuille, Alan L.; Hallinan, Peter W.; Cohen, David S. (1992). “Feature extraction from faces
using deformable templates”. International Journal of Computer Vision. 8 (2): 99
doi:10.1007/BF00127169

* Brunelli, R.; Poggio, T. (1993). “Face recognition: Features versus templates”. IEEE
Transactions on Pattern Analysis and Machine Intelligence. 15 (10): 1042.
doi:10.1109/34.254061.

* Robust wide baseline stereo from maximally stable extremum regions (PDF), J.
Matas; O. Chum; M. Urban & T. Pajdla (2002). British Machine Vision Conference. pp.
384-393. https://cmp.felk.cvut.cz/~matas/papers/matas-bmvc02.pdf

MSER, robust similarity measure for establishing tentative correspondences ..
distinguished regions, extremal regions (DR, ER), local invariant descriptors, replace the
Mahalanobis distance ... Mahalanobis_distance Measurements from large regions are
either very discriminative (it is very unlikely that two large parts of the image are identical)
or completely wrong (e.g. if orientation or depth discontinuity becomes part of the region)
.. tentative local correspondances .. The rough epipolar geometry estimated from tentative
correspondences is used for guiding the search for further region matches ... MSER:
Imagine all possible thresholdings of a gray-level image ... In many images, local
binarization is stable over a large range of thresholds in certain regions .. Detection of
MSER is also related to thresholding. Every extremal region is a connected component of a
thresholded image. However, no global or ’optimal’ threshold is sought, all thresholds are
tested and the stability of the connected components evaluated.* P.5 “..small regions are
less discriminative, i. e. they are much less likely to be unique.”’p.6. Rough epipolar
geometry: by RANSAC to the centers of gravity of DR.Correspondence of covariance
matrices defines an daffine transformation up to a rotation: RANSAC again ... Next:
correlation of the transformed images above a threshold are selected ... Another RANSAC

— convex hull centers are EG-consistent ... MSER:
https://en.wikipedia.org/wiki/Maximally_stable extremal regions — “The equation checks
for regions that remain stable over a certain number of thresholds. If a region Q[i+delta]
is not significantly larger than Q[i-delta], then Q[i] is taken as a maximally stable region.
Advantages: Invariance to affine transformation of image intensities; Covariance to
adjacency preserving (continuous) transformation. Stability: only regions whose support is
nearly the same over a range of thresholds is selected. Multi-scale detection without any
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smoothing involved, both fine and large structure is detected. Note, however, that detection
of MSERs in a scale pyramid improves repeatability, and number of correspondences
across scale changes. The set of all extremal regions can be enumerated in worst-case
O(n), n — the number of pixels. Comparison to other region detectors: ( Region density,
Region size, Viewpoint change, Scale change, Blur, Light change) .. Measurement regions
are selected at multiple scales: the size of the actual region, 1.5x, 2x, and 3x scaled convex
hull of the region. .. almost planar patch, stable invariant description =

‘good measurement’; unstable patches, non-planar surfaces or discontinuities = ‘corrupted
measurements’ .. The robust similarity is computed by: two images, comparing
corresponding regions, nearest to M'a .. RANSAC ... another RANSAC with a more
narrow threshold ... [see above and the paper]”... weakness of MSER to blur — enhanced
with Canny edge detection, for extraction of blurred text.

* https://en.wikipedia.org/wiki/Random_sample_consensus — RANSAC an iterative
method to estimate parameters of a mathematical model from a set of observed data that
contains outliers, when outliers are to be accorded no influence!“'l’l on the values of the
estimates. * Thresholding https://en.wikipedia.org/wiki/Thresholding (image_processing)
- global, local - adaptive; histogram-shape based: the peaks, valleys and curvatures of the
smoothed histogram are analyzed; clustering-based, entropy-based: foreground-
background regions; cross-entropy between the original and binarized image ... Object-
attribute-based methods search for a measure of similarity between the gray-level and the
binarized images: fuzzy shape similarity, edge coincidence etc. ; Otsu: Otsu%27s_method
— automatic, foreground-background, 1D variant of Fisher’s discriminant analysis; a
globally optimal k-means on the intensity histogram . Niblack‘s Method:[9] .. computes a
local threshold for each pixel based on the mean and standard deviation of the pixel‘s
neighborhood. Spatial methods use higher-order probability distribution and/or correlation
between pixels. Choropleth_map | dasymetric technique | Chorochromatic_map — the
division of the areas is by predefined segmentation spaces, e.g. administrative districts,
regions, countries etc and the area which is aggregated may vary, e.g. states: Alaska and
Washington D.C, or Luxemburg and Australia. Dasymetric_map - “population density,
irrespective of any administrative boundaries, is shown as it is distributed in reality, i.e. by
natural spots of concentration and rarefaction.” — 1911 by Benjamin Semyonov-Tian-
Shansky (6aoi¢ dasys — dense, density) | Contour_line — contour line (also isoline, isopleth,
isoquant or isarithm) of a function of two variables is a curve along which the function has
a constant value, so that the curve joins points of equal value.contour: map, interval *
https://en.wikipedia.org/wiki/Feature (computer vision)#Detectors — feature
(detection,extraction); Neighborhood operation; feature (image, vector, space,
types(edge(gradient magnitude, boundary; arbitrary shape, junctions), (corner/interest
points(curvature,...), blobs(regions; smoother than edges. Scale: LoG, DoH blob detectors
Laplacian of Gaussian & Difference of Gaussians), ridges(elongated)). Feature detection:
Canny, Sobel, Harris & Stephens/Plessey, SUSAN, Shi & Thomas, Level curve curvature,
FAST, Laplacian of Gaussian, Difference of Gaussians, Determinant of Hessian, Hessian
strenght feature measure, MSER, Principal curvature ridges, Gray-level blobs, SIFT -
Scale-invariant_feature_transform (see also SURF: Speeded up_robust features
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Summed-area_table — higher precision for the sums (e.g. 8-bit image = 16, 32-bit or float
for the sums) Viola%E2%80%93Jones object detection framework — Haar filters, face
detection, 2001 ... 15 fps at 384x288 pixel images on a Pentium III 700 MHz, 50k
parameters; runs on iPaq PDA/Pocket PC at 2 fps. https://en.wikipedia.org/wiki/IPAQ

Affine invariant features, regions; invariance

Laplacian 2 (nabla?), Laplacian of Gaussian LoG, Scalar field; Filter; Diffusion ..
https://en.wikipedia.org/wiki/L.aplace operator the sum of second partial derivatives of the
function with respect to each independent variable. Discrete Laplace operator [1—2 1]

0|1 |0
1-4 |1
0|1 |0

* https://docs.opencv.org/3.4/d5/db5/tutorial laplace operator.html

* https://cadubentzen.github.io/pdi-ufrn/unit1/laplgauss.html

* https://medium.com/@rajilini/laplacian-of-gaussian-filter-log-for-image-processing-
€2d1659d5d2

* A Sparse Texture Representation Using Affine-Invariant Regions, Svetlana Lazebnik,
Cordelia Schmid Jean Ponce, 2003 https://slazebni.cs.illinois.edu/publications/cvpr03a.pdf
* A Sparse Texture Representation Using Local Affine Regions Svetlana Lazebnik, 2005,
https://slazebni.cs.illinois.edu/publications/pami05.pdf (35 pg.)

Harris affine region detector .. Steerable filters

* Harris_affine region detector | Kadir%E2%80%93Brady_saliency detector
Hessian_matrix — a square matrix of second-order partial derivatives of a scalar-

valued function, or scalar field. It describes the local curvature of a function of many
variables: ¥V, D?

* An affine invariant interest point detector, Krystian Mikolajczyk, Cordelia Schmid. 2002.
https://inria.hal.science/inria-00548252/document p.9 3.2 Affine invariant interest point
multi-scale Harris detector ... | Structure_tensor — second-moment matrix; derived from
the gradient of a function. It describes the distribution of the gradient in a specified
neighborhood around a point and makes the information invariant to the observing
coordinates.

* https://www.micc.unifi.it/delbimbo/wp-
content/uploads/2011/10/slide_corso/A33_affine region_detectors.pdf - approximate with
ellipses; Gaussian kernel — ellipsoid .. Gaussian scale space, affine normalization, using an
iterative affine adaptation algorithm to detect affine invariant regions. ... Circular/Polar
coordinate system ... p.6 Isotropic neighborhoods, related by rotation .. Iterative estimation
of localization, scale, neighborhood ... maximize the Harris corner measure in the 8-
neighborhood...

Tosh: Match at different scales and after a transformation, warping of the circle/ellipse
Intensity Extremal Regions ... Radial rays, connect the intersections, the region boundary
to a curve and approximate with an ellipse. MSER: params: Margin — the number of
threshold steps where the region is stable; MaxArea, MinArea, Max Variation ... reject also
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if a child region is too similar to its parent ... MSER — doesn’t work well with images with
any motion blur. Multi-resolution MSERs. Comparison: MSER is best for viewpoint and
scale change and JPEG.

* T.Tuytelaars, L.V.Gool. “Wide Baseline Stereo Matching Based on Local, Affinely
Invariant Regions”, BMVC 2000.

* Filter and Filter Bank Design for Image Texture Recognition, Trygve Randen, Dr. Ing.
thesis, Norwegian University of Science and Technology. Defended November 24, 1997,
https://www.ux.uis.no/~tranden/ https://www.ux.uis.no/~tranden/thesis/thesis.pdf
p.39(31) 4.1 Prediction error filtering .. Linear prediction error ...

* Thematic map * Map * https://en.wikipedia.org/wiki/Image segmentation .. *
Object_co-segmentation | List of manual image annotation tools: LabelMe

https://labelme.io/ https://github.com/wkentaro/labelme

* CVAT https://github.com/cvat-ai/cvat | https://www.cvat.ai/ |
https://github.com/HumanSignal/label-studio (continues

https://github.com/HumanSignal/labellmg - now archived) ... https://www.basic.ai/blog-

post/top-10-best-data-annotation-data-labeling-tools-2024
See Image Captioning ... https://www.ultralytics.com/blog/get-hands-on-with-google-

gemini-2-5-for-computer-vision-tasks https://en.wikipedia.org/wiki/TaglLab - used for

tagging corals | Range_segmentation | Color guantization | Optimization problem — find

the best solution from all feasible solutions.

* Connected space#Connected components ... (path, arc, local) connectedness;

disconnected spaces. See also: Text segmentation — word splitting, intent segmentation;
(sentence, topic, morphemes, paragraphs) segmentation.

* OpenCV: Image Thresholding

https://docs.opencv.org/3.4/d7/d4d/tutorial py_thresholding.html |

Jenks natural breaks optimization | Circular thresholding — related to the histogram, e.g.
for segmentation of living cells in microscope images; however:

Tosh: Extend the thresholding transformation to different flows, shapes, heatmaps etc.
when sampling with non-linear laws of comparison.

* Random Sample Consensus: A Paradigm for Model Fitting with Applications to
Image Analysis and Automated Cartography. Martin A. Fischler & Robert C. Bolles
(June 1981). (PDF). Comm. ACM. 24 (6): doi:10.1145/358669.358692 .

S2CID 972888. Archived — Location Determination Problem (LDP): given an image
depicting a set of landmarks with known locations, determine that point in space from
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which the image was obtained. .. fitting a model to experimental data .. we illustrate its use
in scene analysis and automated cartography.

Todor: Mapping in general. See SLAM: Simultaneous localization and mapping in the
Robotics etc. part of The Prophets of the Thinking Machines, volume Listove etc. It
could be extended to every domain, modality etc.

* Epipolar geometry: https://en.wikipedia.org/wiki/Epipolar_geometry — the geometry of
stereo vision. When two cameras view a 3D scene from two distinct positions, there are a
number of geometric relations between the 3D points and their projections onto the 2D
images that lead to constraints between the image points. Virtual image plane .. Epipolar
line, epipolar plane, triangulation; pinhole camera .. 3D reconstruction, 3D reconstruction
from multiple images, Collinearity equation, Photogrammetry, Essential matrix,
Fundamental matrix, Trifocal tensor, Binocular disparity, 3D scanner ...

* Chen, Huizhong; Tsai, Sam; Schroth, Georg; Chen, David; Grzeszczuk, Radek; Girod,
Bernd. ,Robust Text Detection in Natural Images with Edge-enhanced
Maximally Stable Extremal Regions*. Proc. IEEE International Conference on Image
Processing 2011... Text detection has been considered in many recent studies .. two

categories: texture-based and connected component (CC)-based.

* https://en.wikipedia.org/wiki/Connected-component labeling — connected-component
analysis (CCA), blob extraction, region labeling, blob discovery, or region extraction is

an algorithmic application of graph theory,
* MSER etc. connected-component blob recognition and segmentation:
Cmp: CogAlg, SuperCogAlg

OCR dataset and competitions (“recently historical” and a starting point)

* http://www.iapr-tc11.org/mediawiki/index.php/ICDAR_2003_Robust Reading Competitions
* ICDAR 2003 Robust Reading Competitions - TC11

* https://github.com/xinke-wang/OCRDatasets?tab=readme-ov-file Natural Scene Text,

Document Text, Historical Document Text, Video Text, Synthetic Text etc.
* https://rrc.cvc.uab.es/?ch=1

http://www.iapr-tc11.org/mediawiki/index.php?title=ICDAR 2003 Robust Reading Competitions
ICDAR 2005 Robust Reading Competitions - TC11

http://www.iapr-tc11.org/mediawiki/index.php/ICDAR 2005 Robust Reading Competitions
* Netzer, Yuval, Wang, Tao, Coates, Adam, Bissacco, Alessandro, Wu, Bo, and Ng,

Andrew Y. Reading digits in natural images with unsupervised feature learning. 2011. —
Street View House Numbers dataset, SVHN.

* DDI-100: Dataset for Text Detection and Recognition, Ilia Zharikov1,* , Filipp
Nikitin1 , Ilia Vasilievl and Vladimir Dokholyan1 https://arxiv.org/pdf/1912.11658
Seattle, Washington 98195 ... See also Segmentation related topics: Quad-trees, Octrees,
kd-tree, space partitioning, binary space partitioning; raster images, vector images,
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vectorization, image tracing; chain code ... Subpaving. Quantization, vector
quantization; autocorrelation, Cross-correlation (compare Convolution). Content-
Based Image Retrieval (CBIR) — see below. Image texture(co-occurrence
matrix/distribution*, Laws Texture Energy Measures: level ,edge, spot, ripple, wave) *
also in NLP: https://medium.com/@imamitsehgal/nlp-series-distributional-semantics-co-
occurrence-matrix-31283629951e
* Machine Learning 51: Co-Occurrence Matrix, Kasper Green Larsen, 1,32 K subs.,
11.2022
e  https://www.youtube.com/watch?v=V_DrOKWt1MI
* https://en.wikipedia.org/wiki/Spatial database .. —locations, adjacency;
geographic ... e.g.
[Tosh: but also all kinds of mapping or other kinds can be transformed into these]:
e ST_Distance(geometry, geometry) : number
e ST Equals...,ST_Disjoint, ST Intersects, ST_Touches, ST_Crosses, ST_Overlaps,
ST Contains: boolean
e ST_Length(geometry), ST_Area(geometry) : number
e ST_Centroid(geometry), ST _Intersection : geometry
Cmp: Mihail Bongard, Bongard problems. #bongard Buk cbBeTCKM U3KyCTBeH
rHTesekT 0T 1960-te u 1970-Te B OcHOBHMSA TOM M TOM JluctoBe. #Listove

* Hierarchical Clustering

* https://en.wikipedia.org/wiki/Hierarchical clustering ... Deciding Linkage Criteria
Compactness, connectivity, Single linkage (nearest neighbor), chaining effect,

Complete linkage (farthest neighbor), Average linkage (also known as UPGMA—
Unweighted Pair Group Method with Arithmetic Mean), Centroid linkage defines cluster
distance based on the Euclidean distance between their centroids (mean vectors).
dendrograms, Maximum or complete-linkage clustering, Minimum or single-linkage
clustering, Unweighted average linkage clustering (or UPGMA), Weighted average linkage
clustering (or WPGMA), Centroid linkage clustering, or UPGMC, Median linkage
clustering, or WPGMC, Versatile linkage clustering[, Ward linkage,[8] Minimum Increase
of Sum of Squares (MISSQ)[9], Minimum Error Sum of Squares (MNSSQ)

Minimum Increase in Variance (MIVAR)[9], Minimum Variance (MNVAR),

Hausdorff linkage,Minimum Sum Medoid linkage, Minimum Sum Increase Medoid linkage
Medoid linkage, Minimum energy clustering, Elbow Method, Silhouette Score, Gap
Statistic | Ward‘s method | ... Complete-linkage clustering
https://en.wikipedia.org/wiki/K-medoids https://en.wikipedia.org/wiki/Medoid |
https://en.wikipedia.org/wiki/Centroid

* See also CogAlg, SuperCogAlg and future work, implementing the framework, explained
in “Chairs, Buildings, Caricatures...”, or “AGI Digest 2012”, T.Arnaudov, 2012

o Texture networks: Feed-forward synthesis of textures and stylized images.
Ulyanov, D., Lebedev, V., Vedaldi, A., and Lempitsky, V. S. (2016). In Proceedings
of the 33nd International Conference on Machine Learning, ICML 2016, New York
City, NY, USA, June 19-24, 2016, pages 1349-1357. etc.
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* TILT: Transform Invariant Low-rank Textures, Zhengdong Zhang - Arvind Ganesh -
Xiao Liang - Yi Ma, 2012
https://people.eecs.berkeley.edu/~yima/matrix-rank/Files/TILT 1JCV.pdf
* TILT: Rectify everything you see, 19.6.2012: 1589 views
https://www.youtube.com/watch?v=119wYna3GIw
[Todor: See also the video with Eric Horvitz about Personal Assistants and
integrative Al from 2012]

* Machine Learning and Intelligence in Our Midst, Microsoft Research,
28.03.2012r.... https://youtu.be/Qe0256zAsNU?si=NPN90J40mdclXkX2 5609
views ... Notice the unpopularity of this brilliant content: just about 5600 views for
13 years — there was no enough “hype” about “AI”. The video is published before the
“revolution”, which began in the end of the same year.]

__* Traffic: Recognizing objects using hierarchical reference frame
transformations, Zemel, R.S., Mozer, M.C., Hinton, G.E.:, 1989 “a model that can
recognize two-dimensional shapes in an unsegmented image, independent of their
orientation, position, and scale.” — transforming feature instances — constraints on the
spatial relationships between features of an object; constructing only plausible
assignments of image features to object; hierarchical architecture — it handles
unsegmented, non-normalized images and a wide range of candidate objects; training
on examples in various poses; The pattern recognition technique known as
hierarchical synthesis (Barrow, Ambler and Burstall, 1972), employs a similar
architecture

___*Barrow, H. G., Ambler, A. P, and Burstall, R. M. (1972). Some techniques for
recognising structures in pictures. In Frontiers of Pattern Recognition. Academic
Press, New York, NY.
https://www.sciencedirect.com/science/article/abs/pii/B9780127371405500063?via%3
Dihub

_ * ASTRUCTURAL METHOD OF SCENE ANALYSIS, Zdenek Zdrahal,
1981, Czech Technical University, E.E. https://www.ijcai.org/Proceedings/81-
2/Papers/018.pdf — Relational structures are employed as a tool for describing scenes
and objects. Descriptive primitives are extracted from the television image together
with their interrelations and the recognition is defined as a task of matching this
structural description against models. The “Structural Method...” is applied with the
GOALEM robot’s visual subsystem.

* Kirchmann , B. , Kopecky, P., and Zdrahal . Z . “GOALEM from Prague”,
in Proc,, IJCAI-77 , Cambridge , MA, August , 1977, 771 — a robot arm with 6 DOF
and an autonomous vision system of two TV cameras, created at the Technical
University of Prague, Dept. of Control; “GOAL-oriented Electrical Manipulator” (the
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name is a word play with “Golem from Prague”, a legend from Czechia*). Camera
resolution up to 130x180, but 128x128 or 64x64 are usually processed, 4-bit grayscale
(16 levels). Max load: 0.5 kg.

https://www.ijcai.org/Proceedings/77-2/Papers/048.pdf

____*7Zdrahal , Z . “Structural Methods in Pattern Recognition” , CSc* (PhD.) thesis
, Czech Technica | University , Prague , 1979 (in Czech)

* [10] K. Hirata and T. Kato. Query by visual example — content based image retrieval. In
A. Pirotte, C. Delobel, and G. Gottlob, editors, Advances in Database Technology (EDBT’92),
pages 56—71, Vienna, Austria, 1992. 2 pages available at:
https://link.springer.com/chapter/10.1007/BFb0032423

Showing a rough sketch is sufficient to enable retrieving some image data
from the system.. The powerful pattern recognition algorithms search for the best match
candidates on the pictorial index. Currently, the system can accept a handdrawn rough
sketch, a monochrome photo, or a xerographic copy, as well as a full color fair copy as a
visual example. ... ART MUSEUM: multimedia database with sense of color and composition

p..pon the matter of art * https://en.wikipedia.org/wiki/Content-based image retrieval

* https://en.wikipedia.org/wiki/List of CBIR engines (modern: ANN, CLIP, Image
generators like DALLE etc.)

* Fast Multiresolution Image Querying, Charles E. Jacobs, Adam Finkelstein, David H.
Salesin. Department of Computer Science and Engineering, University of Washington, 1995 —
1000-20000 image databases, query with sketches/paintings or low quality scans.
Content-based retrieval, image indexing ... query by (content, example, similarity), sketch
retrieval; Haar wavelet decomposition — signatures, only the most significant information
about each image; image querying metric. 128x128 image query on a database of 20,000
images in under % second on an SGI Indy R4400 — L1 metric takes over 14 minutes (~1700
times slower). Previous work: color histograms [33], texture analysis [12], and shape
features like circularity and major-axis orientation of regions in the image [7]. QBIC — IBM —
a particular color composition (x% of color 1, y% of color 2, etc.), a particular texture, some
shape features, and a rough sketch of dominant edges in the target image.

* Multi-label Machine I.earning and Its Application to Semantic Scene
Classification, Xipeng Shen, Matthew Boutell, Jiebo Luo, and Christopher Brown, In

Proceedings of IS&T/SPIE‘s Sixteenth Annual Symposium on Electronic Imaging: Science
and Technology (EI 2004), San Jose, California, USA, January 2004, pages 188—199.
https://research.csc.ncsu.edu/picture/publications/papers/ei5307-22.pdf

4 https://www.jpost.com/international/from-the-golem-of-prague-to-artificial-intelligence-650713
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Learning Multi-label Scene Classification, Matthew R. Boutell, Jiebo Luo, Xipeng

Shen and Christopher M. Brown, in Pattern Recognition, Volume 37, Issue 9, 2004, pages
1757-1771. https://research.csc.ncsu.edu/picture/publications/papers/pr04.pdf

* A survey of content-based image retrieval with high-level semantics, Ying Liu,
Dengsheng Zhang, Guojun Lu, Wei-Ying MaAuthors Info & Claims, Pattern Recognition,

Volume 40, Issue 1, Pages 262 — 282, 1.1.2007,
https://doi.org/10.1016/j.patcog.2006.04.045
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* Selected Computer Vision works from 1960s to early 1990s

* Haralick R.M. Using perspective transformation in scene analysis Comput.
Graphics Image Process. (1980)
https://www.sciencedirect.com/science/article/pii/0146664X80900465
https://haralick.org/journals/using perspective transformations 1980.pdf
Photogrammetry; Inverse perspective ... p.6 - ... compute z’ from the coordinates of the
projection; vanishing points; direction cosines; camera geometry 1/D + 1/f = 1/F; M = I/N
=1{/D; M/f + 1/f = 1/F; f — distance from the object’s coordinates to the lens; D — distance
behind the lens, where the image is projected; F — the focal length of the camera; I — the
size of the projected image; M - magnification; f = (M+1)*F — the magnification of the
image with respect to the film and the focal length of the camera lens can determine the
distance f in front of the lens which the image is located. .. p.15/205: V.3. The Inverse
Projective Transformation

* Irwin, Camera Models and Machine Perception, Stanford Artificial Intelligence
Project, Memo AIM-121, Computer Science Department, Stanford University, Stanford,
Calif., May 1970.

* B. Duda and P. Hart, Pattern Classification and Scene Analysis, Wiley, New York,
1973.

* J. C. C. Williams, Simple Photogrammetry, Academic Press, New York, 1969.

* P. R. Wolf, Elements of Photogrammetry, McGraw-Hill, New York, 1974.

*Mackworth, A.K., Interpreting pictures of polyhedral scenes, Artificial Intelligence 4(2)
(1974),121-137

https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=ed165fa39e4ecda494049f4
59bbe57448101ecc4 .. p.8 Picture region (inner, outer) closure ... line, left, end; scene,
surface ... Programs: POLY; others: Guzman’s SEE, Clowes’s OBSCENE, Falk’s
INTERPRET. ...
* Kanade, T. Recovery of the 3-D shape of an object from a single view, Artificial
Intelligence (1981) https://www.sciencedirect.com/science/article/pii/000437028190031X
https://www.ri.cmu.edu/pub_files/pub4/kanade takeo 1981 1/kanade takeo 1981 1.pdf
.. junctions: Guzman [3] ELL, ARROW, FORK; a line can be: a convex edge, a concave
edge, an occluding edge; a dictionary... Waltz [18] : cracks, shadows: labeling, filtering;
Qualitative analysis/shape recovery ... Quantitative: gradient, surface connection graph;
Surface Connection Graph (SCG); the Origami world ... Falk: Face adjacency graph,
but the recovered shapes are qualitative only. For quantitative shape recovery from a
single picture additional assumptions are required. Roberts [15] .. Labeling procedure:..
11.1. Summary of the results, p.44: Assumptions: Al: Objects are planar-surfaced with
restricted configurations at vertices. A2. The meta-heuristic concerns nonaccidental
regularities in the picture; in particular: A2.1: similarity of color edge profiles; A2.2:
parallelism of lines; A2.3: skewed symmetry. .. Labeling: Recover qualitative shapes of
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line drawings together with constraints on surface orientations. Order geometrically
possible interpretations. Assuming local symmetry of the surfaces whose projection
(picture) is skewed-symmetrical. Equal-length lines, nearly right angles etc. Picture-
domain cues: junction types, direction of lines, shapes of regions, parallelisms of lines.
p.46 (454): *Chairs’ would have no particular predefined shapes but are usually defined by
the descriptions of their functional shapes: say, an L-shaped main structure made of a
‘seat’ and a ‘back’, both usually flat; often four legs, attached to the lower corners of the
seat; optional two ‘arms’ attached symmetrically to the main structure, etc. ...” the generic
models of objects are described in terms of general 3-D shapes and relations (i.e., scene-
domain cues). Therefore, in order to access appropriate models for the top-down use of
semantic information, we have to first reach certain shape descriptions, either qualitative
or quantitative, from the picture in a data-driven manner. Once the appropriate model is
found, the general hypothesis-and-test mechanism is activated ... interfacing between the
model-driven part and the data-driven part of image understanding. .. Appendix:
gradient-space lines or surfaces S... v1 = (cos(a), sin(a) ), v2=(cos(b), sin(b)) ...

the changes in z if S has the gradient G... Gradient Space 5. A theory of the Origami
world ... Labeling Cube scene, Folded paper ... 6. Mapping Image Regularities into
Shape Constraints Parallelism of lines ... Skewed symmetry*

7. Quantitative Shape Recovery: Basic Method ... Interpretations 9. P. 33 (441) Edge
profiles; Color edge profiles (RGBB), from V1 to V2...Gradients G, interpretations of G —
graphs on coordinate systems, P, q ...); image regularity heuristics. Assigning gradients.
Non-cube interpretation. ... 10. Shape recovery of the “chair” scene ... Surfaces: (S1, s2,
s3, s4) mutually constrain the Energy = E. E = E(p1, ql, p2, g2, p3, q3, p4, q4) ... five
terms, surface interconnection (5 arcs in SCG), 3 terms for the skewed-symmetry heuristic
(S1,S2,S3), one term for the parallel-line heuristic (S1, S3 have almost parallel boundaries
) ... 5.1. Surface-oriented assumptions: No more than 3 planar surfaces of different
orientations meet at a vertex, and <= 3 edges of diff. directions are involved at a vertex.
“Up-to-3-surface vertices” ... Junction dictionaries: L, ARROW, FORK, T. Origami
world: also K, X, PSI junctions. Huffman-Clowes dictionary of junctions. Waltz-filtering
on junction labels. etc.

AT

*[Tosh: see isometric 3D; affine transforms])

Gradient space — Huffman and Macworth, surface orientation; types of edges: + convex, -

concave, 1 occluding — “physical meaning” (Huffman’71); dual lines . ...

Selected references from Kanade 1981:

* Clowes, M.B., On seeing things, Artificial Intelligence 2(1) (1971), 79-116.

* Falk, G., Interpretation of imperfect line data as a three-dimensional scene, Artificial
Intelligence 3 (1972), 101-144.

* Guzman, A., Computer recognition of three-dimensional objects in a visual scene, Tech.
Rept. MAC-TR-59, MIT, Cambridge, MA (1968).
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* Herskovits, L. and Binford, T.O., On boundary detection, MAC Al Memo 183, MIT,
Cambridge, MA (1970).

* Horn, B.K.P., Understanding image intensity, Artificial Intelligence 8(2) (1977), 201-231.
* Huffman, D.A., Impossible objects as nonsense sentences, in: Meltzer, B. and Michie,
D. (Eds.), Machine Intelligence 6, Edinburgh University Press (1971).
https://www.inf.ed.ac.uk/teaching/courses/ics/papers/Huffman-Impossible-objects-
nonsense-sentence-MI-1971.pdf — polyhedral language, smooth language .. labels; labeling
constraints; forbidden picture subgraphs; complete listing of possible pictures of vertices
(pp.4-5/300-303);

Todor: Explore low-poly models in flat shading and wireframe modes to clearly observe
triangles, vertices, and edges. Focus especially on voxel models, using general 3D
modeling software such as Blender, or more specialized voxel 3D-editors like
MagicaVoxel or others. You will notice the set of possible edges, connections, occlusions
etc. which are enumerated and studied in this and the other related works from Guzman,
Mackworth, Kanade and other scholars from 1960s, 1970s and 1980s.

MagicaVoxel: https://ephtracy.github.io/ and MagicaVoxel Viewer. Turn on the borders
or select models. In Rendering mode the shape, depth and the surface relations and
geometry are immediately observable due to real-time rendering at a high frame rate.
High-quality rendering with lighting requires significantly more computational resources,
but the qualitative difference, regarding the “substantial” and most important
information about the geometry and the topology, compared to the previous and the early
stages, becomes progressively smaller. This is evident in the history of computer graphics
as well, demonstrated by the evolution of the video games. There was rapid progress in
3D graphics, moving from the early attempts with vector graphics and very low-polygon
models with objects consisting of a few triangles or lines, sometimes without hidden-line
removal. They were followed by flat shaded models with a few triangles; then by simple
texture mapping, progressively higher polygon models and more complex light- and
visual effects etc. Since the Playstation 3 or 4 eras, the improvements have become less
dramatic and there are 3D PC games from about 2003-2004 which remain aesthetically
pleasing>*. Another indication for the diminishing returns was that the higher
performance ray tracing, offered by Nvidia RTX 2000 series in 2018, failed to attract the
expected attention and reaction®.

* Todor: Therefore, the earlier generations of video games were sufficiently good,
realistic, complete or complex to withstand the test of time, given the limitation and

5 Examples of aesthetically timeless old games from Todor’s personal list are the first-person shooters Pain Killer
and Unreal Tournament 2004, and even older isometric 3D style games such as the real-time strategy StarCraft,
1997, Commandos: Beyond the Call of Duty, 1999.

6 https://wccftech.com/nvidia-geforce-rtx-20-sales-lower-than-expected-45-percent-revenue-decline/

* NVIDIA GeForce RTX 2080 and GeForce RTX 2070 Sales Lower Than Expected, Gaming Revenue Down 45% —
Crypto and Excess Channel Inventory Also To Blame, Hassan Mujtaba, Feb 15, 2019 at 07:43am EST

* Nvidia explains disappointing RTX 2080 / 2070 sales, year-over-year gaming GPU sales down 45% —
https://www.notebookcheck.net/Nvidia-explains-disappointing-RTX-2080-2070-sales-year-over-year-gaming-
GPU-sales-down-45.407836.0.html
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preferences of human perception. It is a matter of taste, but the above could be said for
decades older 2D games as well, where the art of the games for arcade machines from
the 1980s; for 16-bit consoles like Sega Genesis and SuperNES or even for the 8-bit
NES such as Konami’s Contra are still appreciated. Notice how small these games
were as data and how limited was the hardware, which was able to implement them,
compared to modern technology: from just several KB of RAM to 128 KB (arcade
machines); from just 16 KB or 40 KB or 128 KB of ROM for 8-bit cartridges to 512
KB or a Megabyte for the most complex arcade games and early 16-bit consoles.

* Guzman, Adolfo. (1968) Decomposition of a visual scene into three-dimensional
bodies. Proc. of the Fall Joint Computer Conference, pp. 291-304.
https://dl.acm.org/doi/pdf/10.1145/1476589.1476631 The program SEE.

We consider visual scenes composed by the optical image of a group of bodies. When such
a scene is ,,seen“ by a computer through a film spot scanner, image dissector, or similar
device, it can be treated as a two-dimensional array of numbers, or as a function of two
variables. At a higher level, a scene could be meaningfully described as a conglomerate of
points, lines and surfaces, with properties (coordinates, slopes, ...) attached to them. Still a
more sophisticated description could use terms concerning the bodies or objects which
compose such a scene, indicating their positions, inter-relations, etc. This paper describes a
program which finds bodies in a scene, presumably formed by three-dimensional objects.
Some of them may not be completely visible. The picture is presented as a line drawing.
When SEE—the pretentious name of the program— analyzes the scene TRIAL (see Figure 1
,TRIAL ), the results are: (BODY1.1S:6:2:1) (BODY2.1S:11:12:10)
(BODY3.15:4:9:5:7:3:8:13) ... See early literature:

REFERENCES

1. R. GREENBLATT, J. HOLLOWAY, “Sides 21,” Memorandum MAC-M-320, A.I.

Memo 101, Project MAC, MIT, August 1966. A program that finds lines using gradient

measurements.

2. K.K. PINGLE, “A program to find objects in a picture,” Memorandum No. 39,

Artificial Intelligence Project, Stanford University, January 1966. It traces around objects

in a picture and fits curves to the edges.

3. A. GUZMAN, “Scene analysis using the concept of model,” Technical Report No.

AFCRL-67-0133, Computer Corporation of America, Cambridge, Massachusetts,

January 1967.

4. A. GUZMAN, “A primitive recognizer of figures in a scene,” Memorandum MAC-M-

342, A.I. Memo 119, Project MAC, MIT, January 1967.

5. A. GUZMAN, “Some aspects of pattern recognition by computer,” MS Thesis,

Electrical Engineering Department, MIT, February 1967. Also available as a Project

MAC Technical Report MAC-TR-37. This memorandum discusses many methods of

identifying objects of known forms.

6. A. GUZMAN, H.V. MCINTOSH, “CONVERT,” Communications of the ACM 9,8,

August 1966, pp. 604-615. Also available as Project MAC Memorandum MAC-M-316,

A.l. Memo 99, June 1966.

61


https://dl.acm.org/doi/pdf/10.1145/1476589.1476631

The Prophets of the Thinking Machines: Appendix Lazar: Lots of papers ...

7. A. GUZMAN, “Decomposition of a visual scene into bodies,” Memorandum MAC-M-
357, A.1. Memo 139, Project MAC, MIT, September 1967, unpublished. This
memorandum is a more technical description of SEE.

8. R.H. CANADAY, “The description of overlapping figures,” MS Thesis, Electrical
Engineering Department, MIT, January 1962.

9. L.G. ROBERTS, “Machine perception of three-dimensional solids,” Optical and
electrooptical information processing, pp. 159-197, J.T. Tippett et al. eds., MIT Press,
1965.

10. M.L. MINSKY, S.A. PAPERT, “Research on intelligent automata,” Status report II,
Project MAC, MIT, September 1967.

11. J. MCCARTHY, “Plans for the Stanford artificial intelligence project,” Stanford
University, April 1965.

12. C.A. ROSEN, N.J. NILSSON (eds.), “Application of intelligent automata to
reconnaissance,” Third Interim Report, Stanford Research Institute, December 1967.
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* Kanade, T., A theory of Origami world, Artificial Intelligence 13(1) (1980), 279-
311.https://www.ri.cmu.edu/pub_files/pub3/kanade takeo 1980 1/kanade takeo 1980 1.p
df 3D-reconstruction: up-to-3-surface junctions: selecting surfaces as basic components,
enumeration of the up-to-3-surface junction labels, (3) the use of links to capture the global
relationships of regions in the form of a (4) the filtering procedure defined on the spanning
angles, and (5) the discussion of relationships among various worlds dealt with in prior
work on polyhedral scene analysis. ...
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* Woodham, R.J., A cooperative algorithm for determining surface orientations from a
single view, Proc. Fifth International Joint Conference on Artificial Intelligence,
Cambridge, MA (1977)

* Witkin A.P. Recovering surface shape and orientation from texture, Artificial
Intelligence (1981) https://www.sciencedirect.com/science/article/pii/0004370281900199
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03697340/document

1. Baker, H. Harlyn. Edge Based Stereo Correlation. DARPA Image Understanding
Workshop, April. 1980. pp. 168-175.
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?Todor: What is “semantic” in this context? A shorter or different representation, a reference,
relation to something else, a classification.
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York, 1971.
* Alan K. Mackworth https://scholar.google.com/citations?user=6Jf5GeYAAAAJ&hl=en

* Consistency in networks of relations, AK Mackworth, Artificial intelligence 8 (1),
99-118, 4111, 1977 .. Al problems as constraint satisfaction; backtracking; inconsistencies:
node, arc, path — may make the algorithm inefficient or lead to cycles; the problem of
traversing and labeling of the visited nodes; branch, ... “Waltz [24] ... (to convert to our
framework, for ,,junction“ read ,,node“, for ,,label“ read ,,value* and for ,,branch“ read
»arc“). PLANNER:

A.Mackworth, 1977: As an example, ,,Find a large rectangle which is touching a
triangle and inside a circle“ could appear in MICRO-PLANNER as
(THPROG (X YZ)

(THGOAL (OBJ $ ?X RECTANGLE))

(THGOAL (SIZE $ ?X BIG))

(THGOAL (TOUCHING $? Y $ ?X))

(THGOAL (OBJ ~ ? Y TRIANGLE))

(THGOAL (OBI $?Z CIRCLE))

(THGOAL (INSIDE $?X $?7))

(THRETURN $ ?X))
https://www.cs.ubc.ca/~mack/Publications/AI77.pdf

24. Waltz, D. L., Generating semantic descriptions from drawings of scenes with
shadows, MAC AI-TR-271, MIT (1972)

* A theory of multiscale, curvature-based shape representation for planar curves, F
Mokhtarian, AK Mackworth, IEEE transactions on pattern analysis and machine intelligence
14 (8), 789-805, 1399, 1992 https://www.cs.ubc.ca/~mack/Publications/IEEE-PAMIS2.pdf —
Continuation of the work from the 1986 paper; arc length evolution, resampled curvature
scale space (of Africa etc.). Three multiscale representations techniques for planar curves: 1:
the regular curvature scale space image, 2: the renormalized curvature scale space image, 3:
the resampled curvature scale space image; ... for specific applications: uniform noise,
nonuniform noise, ...

* Representing knowledge of the visual world, W Havens, A Mackworth, Computer 16
(10), 90-96, 110, 10/1983

* Scale-based description and recognition of planar curves and two-dimensional shapes,
Farzin Mokhtarian, Alan Mackworth, 1986/1
https://www.cs.ubc.ca/~mack/Publications/[EEE-PAMI86.pdf The problem of finding a
description, at varying levels of detail, for planar curves and matching two such descriptions
is posed and solved in this paper. A number of necessary criteria are imposed on any
candidate solution method. Path-based Gaussian smoothing techniques are applied to the

curve to find zeros of curvature at varying levels of detail. The result is the “generalized scale
space” image of a planar curve which is invariant under rotation, uniform scaling and
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translation of the curve. These properties make the scale space image suitable for matching.
The matching algorithm is a modification of the uniform cost algorithm and finds the lowest
cost match of contours in the scale space images. It is argued that this is preferable to
matching in a so-called stable scale of the curve because no such scale may exist for a given
curve. This technique is applied to register a Landsat satellite image of the Strait of Georgia,
B.C. (manualy corrected for skew) to a map containing the shorelines of an overlapping area.
Index Terms-Cartography, computational vision, curve recognition, generalized scale space,
map generalization, path-based Gaussian smoothing, remote sensing, shape description,
uniform cost algorithm, zeros of curvature. ... I. SOME CRITERIA FOR A RELIABLE
REPRESENTATION ... areliable method and representations for curve description and
recognition must be: a) efficiently computable b) .. essentially invariant under rotation,
uniform scaling, and translation of the curve .. ¢) The representation should contain
information about the curve at varying levels of detail. Moreover, it should be clear from the
representation which features of the curve belong to coarser levels of detail and which
features to finer levels d) The amount of change in the representation should correspond to
the amount of change made to the curve. In other words, a small change to part of the curve
should create a small local change in the representation. e) Arbitrary choices should not
dffect the representation. f) In case of open curves intersecting the frame, the representation
should only change locally with the location of the cutoff points. g) The representation should
uniquely specify a single curve, otherwise it would be possible to match a curve against a
class of curves all of which have the same representation. This criterion only requires
uniqueness up to the curve equivalence classes induced by requirement b) above. ...

T: The same criteria can be applied to all kinds of representations at varying scales.

The Knowledge Frontier: Essays in the Representation of Knowledge, Book, © 1987 1*
edition, Editors: Nick Cercone, Gordon McCalla https://link.springer.com/book/10.1007/978-
1-4612-4792-0 ... Knowledge representation is perhaps the most central problem confronting
artificial intelligence. Expert systems need knowledge of their domain of expertise in order to
function properly. Computer vision systems need to know characteristics of what they are
,»Seeing“ in order to be able to fully interpret scenes. Natural language systems are
invaluably aided by knowledge of the subject of the natural language discourse and
knowledge of the participants in the discourse. Knowledge can guide learning systems
towards better understanding and can aid problem solving systems in creating plans to solve
various problems. Applications such as intelligent tutoring, computer-aided VLSI design,
game playing, automatic programming, medical reasoning, diagnosis in various domains and
speech recognition, to name a few, are all currently experimenting with knowledge-based
approaches.

¢ How to see a simple world, University of British Columbia. Department of Computer
Science, ..., 59, Alan K Mackworth, 1975
* Consistency in networks of relations, Alan K Mackworth, 1977/2/1, Journal of
Artificial intelligence, Volume 8, Issue 1, Pages 99-118, Elsevier .. Artificial Intelligence
tasks which can be formulated as constraint satisfaction problems, with which this paper
is for the most part concerned, are usually solved by backtracking ... ~ examining the
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thrashing behavior that nearly always accompanies the process. ... Identifying three of its
causes and proposing remedies for them we are led to a class of algorithms which can
profitably be used to eliminate local (node, arc and path) inconsistencies before any
attempt is made to construct a complete solution. A more general paradigm for attacking
these tasks is the alternation of constraint manipulation and case analysis producing an
OR problem graph which may be searched in any of the usual ways. Many authors,
particularly Montanari and Waltz, have contributed to the development of these ideas; a
secondary aim of this paper is to trace that history. ...

¢ On the Geometric Interpretation of Image Contours, Radu Horaud, Michael Brady
https://perception.inrialpes.fr/Publications/1988/HB88/1988 Arti_Intel.pdf
... a computational model for the 3D interpretation of a 2D view based on contour
classification and contour interpretation. We concentrate on those contours arising from
discontinuities in surface orientation. ... A combination of a generic surface description
with a model of the image formation process, which derives image contour configurations
that are likely to be interpreted in terms of surface contours. ...
1.) An image analysis process produces a description in terms of contours and
relationships between them; 2.) among the contours, a desired configuration is selected.
3.) The selected contours are combined with constraints available with the image

formation process in order to be interpreted in terms of discontinuities in surface
orientation; ... a dramatic reduction in the number of possible orientations of the
associated scene surfaces. p.4 (PDF)/336 (pages): Discontinuities: 1.) in distance from
the viewer, 2.) in surface orientation; 3.) changes in surface reflectance; 4.) illumination
effects. .. Generalized cylinders: a planar cross-section curve ... curvilinear abscissa; an
eccentricity angle Psi; a spine function; an expansion function h. .. 2.2 Extremal contours
n(s,z) = h(z)(dg/ds)I — h(z)(df/ds)(j) ... k ... curvature ... contour generator .. globally
symmetric; local symmetry; circular cross-section ru(®,z) = h(z)*cos(®*i) + h(z)*sin(©*j)
+z*k ... impossible to determine the actual shape of the cross-section by observing an
extremal contour ... Discontinuity contours ... space contour ... M = Area/(Perimeter)?
— global shape of a closed planar curve ... scale-invariant number characterizing the
curve — maximized by the circle. The ellipse can be interpreted as a tilted circle*, a
parallelogram as a tilted and rotated square.

Contour labeling, p.15/347 ... extremal, discontinuity ... catalogue of image junctions ...
Curvature-L, Three-tangent, Projection of a vertex neighborhood or edge neighborhood,
T-junction .. Contour classification algorithm — graph representation.

* Barnard, S.T. and Pentland, A., Three-dimensional shape from line drawings, in:
Proceedings Image Understanding Workshop, Arlington, MA (1983) 282-284.

* Barrow, H.G. and Tenenbaum, J.M., Interpreting line drawings as three-dimensional
surfaces, Artificial Intelligence 17 (1981) 75-116.

* Binford, T.O., Visual perception by computer, in: Proceedings IEEE Conference on
Systems and Control, Miami, FL (1971).
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* Brady, M. and Asada, H., Smoothed local symmetries and their implementation, Int. J.
Rob. Res. 3 (3) (1984) 36-61.

* Brady, M., Ponce, J., Yuille, A. and Asada, H., Describing surfaces, Compu. Vision Graph
Image Process. 32 (1985) 1-28,

* Brady, M. and Yuille, A., An extremum principle for shape from contour, IEEE Trans.
Pattern Anal. Mach. Intell. 6 (3) (1984) 288-301

* Koenderink, J., The internal representation of solid shape based on the topological
properties of the apparent contour, in: W. Richards and S. Ullmann (Eds.), Image
Understanding 1986 (Ablex, Norwood, NJ, 1986).

* Malik, J. Labeling line drawings of curved objects, in: Proceedings Image Understanding
Workshop, Miami Beach, FL (1985) 209-218.

* Marr, D., Analysis of occluding contour, Proc. Roy. Soc. London B 197 (1977) 441-475.
* Marr, D., Vision (Freeman, San Francisco, CA, 1982).

* Witkin, A.P., Recovering surface shape and orientation from texture, Artificial
Intelligence 17 (1981) 17-45., received May 1987; revised version received January 1988

TA: See some of the versions of Trigonometric-3D, 1999, 3D-graphics on Pravetz-8M
(Apple II clone) where the perspective and rotation were simulated by the
eccentricity of ellipses and the 3D figures were described in a polar coordinate
system as a set of angular coordinates along ellipses. Some weeks later I realized the
right formula with the /z for complete three-dimensional coordinates, allowing all
kinds of transformations.

Ellipses used as perspective gauges in Trigonometric-3D
from 6.1999 on Pravetz-8M

Another way for producing depth and an earlier technique from my technological
chronology was called ART SUPER 98 II from 1998 — the simple insight was that
if the original step of one of the coordinates in a contour is changed, then the
redrawn image would appear rotated.
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Now I would add, that the step can be changed in a more complex way, e.g. by:

1. Computing the center of mass, even just by the average coordinate, and/or
finding the extrema points: top, bottom, left, right

2. Choosing a center/cutting point/axis at that row or column;
3. Tracing/rendering from there and while drawing along the

contour, changing the step size in both directions/dimensions with dynamic

modifiers, either along all steps, or for example the upper half: multiplying the step
(like if it is getting closer to the viewer) while dividing the step on the bottom half;
keeping the quotient = 1 in the middle section and diminishing to the "tail".

* NEVIS’22: A Stream of 100 Tasks Sampled from 30 Years of Computer Vision
Research, Jorg Bornschein, Alexandre Galashov, Ross Hemsley, Amal Rannen-Triki,
Yutian Chen, Arslan Chaudhry, Xu Owen He, Arthur Douillard, Massimo Caccia,
Qixuang Feng, Jiajun Shen, Sylvestre-Alvise Rebuffi, Kitty Stacpoole, Diego de las
Casas, Will Hawkins, Angeliki Lazaridou, Yee Whye Teh, Andrei A. Rusu, Razvan
Pascanu, Marc’ Aurelio Ranzato, DeepMind, 11.2022/5.2023
https://arxiv.org/abs/2211.11747 Never-Ending VIsual-Classification Stream ... 106
tasks, 1992-2021; 8M images; p.9: Domains: satellite images, faces, textures, objects,
shapes, OCR, scenes, medical, quality, counting, Xray; meta-learner.
https://github.com/google-deepmind/dm_nevis

* CORe50: a new Dataset and Benchmark for continual Object Recognition,
Vincenzo Lomonaco and Davide Maltoni. Proceedings of the 1°* Annual Conference
on Robot Learning, PMLR 78:17-26, 2017.

* Fine-Grained Continual Learning. Vincenzo Lomonaco, Davide Maltoni and
Lorenzo Pellegrini. Arxiv Pre-print arXiv:1907.03799, 2019.
https://vlomonaco.github.io/core50/
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* Andriy Mnih - AHgpen MHuUX https://www.cs.toronto.edu/~amnih/
y

An early contributor to the field of deep learning in the mid-to-late 2000s.

Interests: Latent variable models, Variational inference, Monte Carlo gradient estimation.
Representation learning.

* Improving a Statistical Language Model Through Non-linear Prediction, Andriy Mnih,
Zhang Yuecheng, and Geoffrey Hinton, Neurocomputing, 72:7-9, 2009

* Restricted Boltzmann Machines for Collaborative Filtering, Ruslan Salakhutdinov, Andriy
Mnih, and Geoffrey Hinton, ICML 2007

* Visualizing Similarity Data with a Mixture of Maps, James Cook, llya Sutskever,
Andriy Mnih, and Geoffrey Hinton, AISTATS 2007

* https://www.cs.toronto.edu/~amnih/papers/sne _am.pdf

Aspect maps, mixture of different types of similarity; pairwise similarities; multi-dimensional
scaling (MDS), principal component analysis (PCA); local linear embedding (LLE),
maximum variance unfolding, stochastic neighbour embedding (SNE); local distances
(strong similarities)

* Learning Nonlinear Constraints with Contrastive Backpropagation, Andriy Mnih and
Geoffrey Hinton, International Joint Conference on Neural Networks 2005 (IJCNN 2005)
[bibtex]

* Wormholes Improve Contrastive Divergence, Geoffrey Hinton, Max Welling, and
Andriy Mnih, NIPS 2003:

* https://www.cs.utoronto.ca/~hinton/absps/worm.pdf

Catastrophic divergence with MCMC is when there are multiple modes in the distribution,
several high probability regions, separated by low probability density regions (several local
maxima with a high density in the PDF and low density areas in between); a bigger range
of the step of search for the Markov Chain Monte Carlo is required in order to escape, the
wormholes are the short-cuts between these modes/maxima - mode-hopping ... One way
to model the density of high-dimensional data is to use a set of parameters, O to
deterministically assign an energy, E(x|©®) to each possible datavector, x ... The way in
which the data distribution gets distorted in the first few steps of the Markov chain provides
enough information about how the model differs from reality to allow the parameters of the
model to be improved by lowering the energy of the data and raising the energy of the
“confabulations” produced by a few steps of the Markov chain” ...

Notes: contrastive divergence: training RBM (energy-based) — start with the input data,
single step Gibbs sampling with the hidden units, then sampling the visible units based on
the hidden and compare the reconstruction: the difference between the reconstructed
distribution is used to update the model’s parameters; the energy of the data points is
made lower. MCMC samples many steps of the probability distribution until equilibrium,
better for multiple modes. Maximum Likelihood Estimation (MLE) — computes the log-
likelihood function, Sum(all possible configurations). ... Hamiltonian Monte Carlo (Hybrid
MC) - Metropolis—Hastings algorithm with a time-reversible & volume-preserving
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numerical integrator — leapfrog integrator to propose a move to a new point in the state
space... https://en.wikipedia.org/wiki/Hamiltonian Monte Carlo
Cmp: Gaussian random walk: https://en.wikipedia.org/wiki/Random_walk#Gaussian_random_walk

* Andriy Mnih is Volodymyr Mnih’s brother. See also: Yosha Bengio and Samy Bengio:
https://scholar.google.com/citations?user=Vs-MdPcA AA AJ&hl=en

* Continual Learning

* Yanislav Donchev (Yani Donchev) — a Bulgarian researcher
* AAHncnae [oH4YeB - 6bNrapuH

A. Douillard, Q. Feng, A. Rusu, R. Chhaparia, Y. Donchev, A. Kuncoro, M. Ranzato,
A. Szlam, J. Shen “DiLoCo: Distributed Low-Communication Training of
Language Models”. arXiv 2311.08105 2023, 11.2023/9.2024, Google DeepMind
https://arxiv.org/abs/2311.08105

* DiPaCo: Distributed Path Composition, Arthur Douillard, ..., Yani Donchey, ...
3.2024

* Scaling Instructable Agents Across Many Simulated Worlds, SIMA Team:
M.Raad, ... Yani Donchey, ...

* A. Fisch, A. Rannen-Triki, R. Pascanu, J. Bornschein, A. Lazaridou, E. Gribovskaya,
M. Ranzato , Towards robust and efficient continual language learning®. arXiv 2307.05741
2023 https://arxiv.org/abs/2307.05741

* Multi-scale Transformer Language Models, Sandeep Subramanian, Ronan
Collobert, Marc’Aurelio Ranzato, Y-Lan Boureau, 2020
https://arxiv.org/pdf/2005.00581 ... Multi-headed attention is a generalization of
dot-product attention (Bahdanau et al., 2014; Luong et al., 2015) where a score is
computed between a query Q and key K for different learned projections ..
SampleRNN (Mehri et al., 2016), a multi-scale recurrent architecture for
generating audio. Downsampled representations at various scales: average
pooling or strided convolutions, of both. Each scale — own context window. ... p.7
“a sequence of 512 tokens, shuffle the first 256; if the shuffled context is more
than 50 tokens away, a very little diff. of the likelihood in the predicted tokens
comp. with the correct order, i.e. the model may not be using word order beyond
that distance. ...the representation at coarser scales: on shorter sequences, is
combined with the repr. of the finest scale ... Future work: multi-scale
architectures + adaptive attention head spans. ...
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* Learning Multiscale Transformer Models for Sequence Generation, Bei Li ,Tong
Zheng Yiling ,Chengbo Jiao, Tong Xiao, Jingbo Zhu, 2022 — Universal MultiScale
Transformer (UMST); transformer developments: convolutional self-attention,
multiscale self-attention, multi-granularity self-attention; placing convolutions in
sequence or parallelly in self-attention; the concept of scale for NLP: sub-word,
word, phrase; leverage word boundaries; inter-individual, intra-group and inter-
group correlations between scales ... 2. Preliminary ... encoder-decoder paradigm
(Sutskever et al., 2014) & transformer (Vaswani et al. 2017). Pre-Norm
Transformer

* MSTR: Multi-Scale Transformer for End-to-End Human-Object Interaction
Detection, B.Kim et al,,
https://openaccess.thecvf.com/content/CVPR2022/papers/Kim MSTR Multi-
Scale Transformer for End-to-End Human-

Object Interaction Detection CVPR 2022 paper.pdf Human-Object Interaction
(HOI) detection is the task of identifying a set of (human, object, interaction)
triplets from an image. Dual-Entity attention and Entity-conditioned Context
attention; Deformable attention; multi-scale feature maps vs single-scale;
bounding boxes: human (the subject), object (target), obj. class, interaction type;
reference points for interaction; MSTR encoder: CNN backbone

* SCALEFORMER: ITERATIVE MULTI-SCALE REFINING TRANSFORMERS FOR TIME
SERIES FORECASTING, Mohammad Amin Shabani, Simon Fraser University,
Canada, Amir Abdi, Lili Meng, Tristan Sylvain, Borealis Al, Canada, 2023
Prev.work: FEDformer, Autoformer, Informer, Reformer, Performer; explicit scale-
awareness; cross-scale feature relationships; seasonal components, structural
prior; cross-scale normalization. Time-series forecasting: weather, inventory
planning, astronomy, economy and financial; seasonal trends. Early models:
ARIMA, exponential smoothing, RNN, temporal CNN (CTN), time-series
Transformers. Yformer — Y-shaped, multi-resolution embeddings. Autoformer:
cross-correlation attention — operate at the level of subsequences; FEDformer —
frequency transform to decompose the sequence into multiple frequency domain
modes. Look-back and horizon windows for the forecast. The goal of the
forecasting task is to predict the horizon window X(H) given the look-back window
X(L) . Datasets: Electricity Consuming Load (ECL), Traffic,Weather, Exchange-Rate,
National lliness (ILI); Framework: Given an input time-series X(L), iteratively apply
the same neural module mutliple times at different temporal scales.
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* Topics Cluster: Audio: Speech Synthesis, Audio Generation,
Speech Recognition; 1980s to 2010s

* SampleRNN: An Unconditional End-to-End Neural Audio Generation Model,
Soroush Mehri, Kundan Kumar, Ishaan Gulrajani, Rithesh Kumar, Shubham Jain,
Jose Sotelo, Aaron Courville, Yoshua Bengio, 12.2016/2.2017
https://arxiv.org/abs/1612.07837 ,,a hierarchy of modules, each operating at a
different temporal resolution. The lowest module processes individual samples,
and each higher module operates on an increasingly longer timescale and a lower
temporal resolution. Each module conditions the module below it, with the lowest
module outputting sample-level predictions. The entire hierarchy is trained jointly
end-to-end by backpropagation.”; Datasets: Blizzard Prahallad et al. (2013) for
speech synthesis, 315 h ... Onomatopoeia - 6738 sequences of 3.5 hours ...Music
dataset: all 32 Beethoven’s piano sonatas publicly available on archive.org ...;
related to WaveNet

* A. Waibel, T. Hanazawa, G. Hinton, K. Shikano, and K. Lang. Phoneme
recognition using time-delay neural networks. IEEE Acoustics Speech and Signal
Proc., 37:328-339, 1989

* Jurgen Schmidhuber. Learning complex, extended sequences using the
principle of history compression. Neural Computation, 4(2):234-242, 1992.

* Salah El Hihi and Yoshua Bengio. Hierarchical recurrent neural networks for
long-term dependencies. In NIPS, volume 400, pp. 409. Citeseer, 1995.

* Yoshua Bengio and Samy Bengio. Modeling high-dimensional discrete data with
multi-layer neural networks. In NIPS, volume 99, pp. 400-406, 1999

* Sepp Hochreiter and Jurgen Schmidhuber. Long short-term memory. Neural
Computation, 9(8): 1735-1780, 1997. (...)

* A. Graves and J. Schmidhuber. Framewise phoneme classification with
bidirectional LSTM and other neural network architectures. Neural Networks,
18(5-6):602-610, 2005.

* Junyoung Chung, Caglar Gulcehre, KyungHyun Cho, and Yoshua Bengio.
Empirical evaluation of gated recurrent neural networks on sequence modeling.
2014, arXiv:1412.3555, 2014 (GRU)

* Dahl, George E., Yu, Dong, Deng, Li, and Acero, Alex. Context-dependent pre-
trained deep neural networks for large-vocabulary speech recognition. IEEE
Transactions on Audio, Speech & Language Processing, 20 (1):30-42, 2012.
https://www.cs.toronto.edu/~gdahl/papers/DBN4LVCSR-TransASLP.pdf
Automatic speech recognition (ASR); Gaussian mixture model (GMM); recent
progress: maximum mutual information estimation (MMI), minimum classification
error training (MCE), minimum phone error training (MPE), large-margin
estimation etc., large-margin Hidden Markov models, large-margin MCE, boosted
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MMI, conditional random fields (CRF), hidden CRFs and segmental CRFs, however
these approaches had not yet achieved human-level accuracy. ... senones - tied
triphone states ... A hybrid approach HMM & ANN — late 1980s — early 1990s;
“Around 1999, ... a shift from using neural nets to predict phonetic states to using
neural nets to augment features for later use in a conventional GMM-HMM
recognizer”; in this work, instead, they try to replace the traditional shallow NN
with deeper, pre-trained NN by using senones — tied triphone states of a GMM-
HMM tri-phone model as the output units of the NN, in line with state-of-the-art
HMM systems. (...) @Bcwu: npan @Vsy: extnd

* M. Hwang and X. Huang, “Shared-distribution hidden Markov models for
speech recognition,” 28.4.1991, Carnegie Mellon University/IEEE Trans. Speech
Audio Process., vol. 1, no., 4, pp. 414-420, Jan. 1993 -
https://www.researchgate.net/publication/3333302 Shared-

Distribution Hidden Markov Models for Speech Recognition

Left and right phonetic contexts; 7500 context-dependent triphones (CDT) in the
DARPA Resource Management (RM) task ... if each triphone is represented by a
discrete Hidden Markov models HMM, there will be several millions of parameters
to be estimated. To estimate the increased number of free parameters, more
training data are generally needed. How to estimate a huge amount of parameters
with only limited training data? smooth parameters, deleted interpolation,
heuristic interpolation ... interpolation weights can be determined according to the
ability of predicting unseen data or a function of training tokens: diphone or
context-independent phoneme model, co-ocurrence matrice, layers of intermediate
clustered phonetic model by a decision tree; parameter sharing; semi-continuous
(tied-mixture) HMM (SCHMM) ... Training procedures are based on the forward-
backward algorithm. P.12. table with phones and triphones: AE, EH, IH, 1Y, UH, AH,
AX, IX, AA, AO, UW, AW, AY, EY, OW, OY, L, R, W, Y, EN, ER, M, N, NG, CH, JH, B, D,
DH,G,K, P T, F S, SH, TH, V, Z, HH, SIL, DD, PD, TD, KD, DX, TS ... to triphone #, to
cluster # ... 3500, 4500, and 5500 shared distributions ... 7549 models for each
context-dependent triphone

* Between-Word Coarticulation Modeling for Continuous Speech Recognition.
Hwang, M., Hon, H., and Lee, K. Technical Report, Carnegie Mellon University, April
1989

*Context-Dependent Modeling for Acoustic-Phonetic Recognition of Continuous
Speech. Schwartz, R., Chow, Y., Kimball, O., Roucos, S., Krasner, M., and Makhoul,
J; in: IEEE International Conference on Acoustics, Speech, and Signal Processing.
1985, pp. 1205-1208

*Robust Smoothing Methods for Discrete Hidden Markov Models. Schwartz, R.,
Kimball, O., Kubala, F,, Feng, M., Chow, Y., C., B., and J., M. in: IEEE International
Conference on Acoustics, Speech, and Signal Processing. 1989, pp. 548-551

* Hidden Markov Models for Speech Recognition. Huang, X., Ariki, Y., and Jack, M.
Edinburgh University Press, Edinburgh, U.K., 1990
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* An Overview of the SPHINX-II Speech Recognition System, Xuedong Huang,
Fileno Alleva, Mei-Yuh Hwang, and Ronald Rosenfeld, 1993 —
https://aclanthology.org/H93-1016.pdf

Recently SPHINX-1l achieved the lowest error rate in the November 1992 DARPA
evaluations. For 5000-word, speaker-independent, continuous, speech recognition,
the error rate was reduced to 5%. the testing set has 330 utterances collected from
8 new speakers ... “conventional backoff trigram model” [ P(w3]| wl ,w2); backoff
— if the trigram wasn’t seen in the training data — “backing off” to a bigram or
unigram P(w3|w2), P(w3) (Probability of the word (token)). Smoothing — assign
small P to unseen n-grams. Trigram Prob. P(w3| w1l ,w2) = count(w1l, w2,
w3)/count(w1,w2) unigram P(w3) = count(w3)/count(all_words). Additive Laplace
smoothing: a small constant (e.g. 1) to each count. Kneser-Ney smoothing: how
frequently a word appears in novel contexts. A senone — a basic subphonetic unit,
distinct acoustic class — finer grained than phonemes, context-dependent;
produced by clustering the state dependent output distributions; classification
with a decision-tree, asking questions in a hierarchical manner. HMM - decode
the most likely sequence of hidden states — sequence of senones, given the
acoustic data, which is explicit.

Sphinx-1l System diagram: Testing Data = Multipass Search(Feature Codebook,
Lexicon, HMM Senone, Language Model & Weight) = Reestimation = MFCC
Normalized Features and Quantization, Senonic Semi-Continuous HMM, Unified
Stochastic Engine } Training Data

Feature extraction: 12 LPC cepstrum coefficients ... HMMs assume each frame is
independent of the past [the Markov property] ... SPHINX-I: 3 codebooks: 1. 12 x
LPC (Linear predictive coding) coefficients, 2. 12 differenced LPC cepstrum
coefficients (40 msec difference), 3. Power and differenced power (40 ms) ... New
measures for spectral dynamics, second order differential cepstrum and power
AAxi(k) & third order ... tis in units of 10 ms; incorporating both 40 ms & 80 ms
differenced cepstrum ... mel-frequency cepstral coefficients (MFCC) ... the final
configuration = 51 features in 4 codebooks x 256 entries... the new feature set
reduces the errors by > 25% ... Semi-continuous HMM (SCHMM), Shared
mixtures, ... Viterbi beam search (VBS), stack decoding ... fast-match, N-best
paradigm — simple acoustic & language models, then a multi-pass rescoring. ... 3
search phases: left-to-right VBS: word end times, between-words model; & bigram
language model; right-to-left VBS - word beginning times ... A* search combines the
previous two with a long distance language model ... A* Stack search, “theory:
partial theory, one word extension, time, two scores ...

* From CMU Sphinx-ll to Whisper — Making Speech Recognition Usable,
Chapter, pp 481-508. Automatic Speech and Speaker Recognition, X. Huang, A.
Acero, F. Alleva, M. Hwang, L. Jiang & M. Mahajan, 1996 —
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https://www.microsoft.com/en-us/research/wp-content/uploads/2016/02/tr-94-20.doc
— For 5000 and 20,000-word speaker-independent continuous speech recognition;
error: reduced to 5% and 13% ... the lowest error rate among all of the systems
tested in the November 1992 ARPA spoken language technology
evaluationsWindows ... One of the most important contributions: the availability of
large amounts of training data. “In the Sphinx-Il system, for acoustic model training:
7200 utterances of read Wall Street Journal (WSJ) text, 84 speakers (half male and
half female) language model training: 45-million words of text by the WSJ. Recently
35,000 utterances of read speech and 400-million words of newspaper text.“ ... “For
typical Windows® Command-and-Control applications (less than 1,000 words),
Whisper provides a software only solution on PCs equipped with 486DX
microprocessors. For 5,000 to 60,000 word continuous speech dictation, it requires
an Intel Pentium® or MIPS R4400 class microprocessor. For command-and-control:
Context Free Grammar language model; for dictation: a statistical trigram language
model.” Multi-pass search procedure ... SPHINX-II requires extraordinary working
memory and high-end working station — currently requirements for low-cost PCs.
Always some speakers have a different dialect, accent, culture background, or vocal
tract shape, but Sphinx-Il lacks online adaptation and noise rejection mechanism
(phone ring, cough and out-of-vocabulary words OQV). For a 20000-word dictation
system, on average more than 3% of the words in a free-style test set are not
covered by the dictionary; for vocabulary of 64,000 words, OOV > 1.5%. Error rate
20K words > 9% (excluding OOV. The Nov 1992 ARPA stress test evaluation: both
spontaneous speech with many OOV words & several different microphones: with >
20000 utterances in the training set and a noise normalization component, reduction
only from 12.8212.8% and 18% for the stress test.

Sphinx-ll: a lot of memory for the acoustic model. Whisper: 20 times less RAM, 5 x
faster. ... Uncompressed acoustic output probabilities: Codeword 1, Senone 1: 0.02;
0.28; 0.035; 0.0 ... Codeword 256: 0.0 ; Senone 2: .02, 0.3 ... Senone 3: 0.0, 0.0,
0.035 Senone 4: 0.0 ... Senone 5: 0.1 Senone 6: 0.0. The sum of each column = 1.0
(senone-dependent output probability distribution); RLE compression for rows (run-
length encoding, repetitive values = value & number of repetitions): Codeword 1 =
<0.020,3>, 0.0, 0.1, ..., 0.0, Codeword 2 = 0.28, 0.30, 0.020, <0.0,257> ... lossless
compression > 35%; context-free grammar (CFG), non-terminals to terminals;
disallow left recursion ... Working size memory: 800 KB; Noise rejection, the whole
utterance, and then classifies each component as “accepted”, “need clarification
through dialogue” or “rejected” for the purposes of the user interface. Confidence
measures, rejection accuracy ... environmental & speaker adaptation ... correction
vector ... Gaussian distribution for noise & speech; adaptation rate ... error rate:
1.8%. Conclusion: The emergence of advanced speech interface is a significant
event that will change today’s dominating GUI-based computing paradigm. It is
obvious that the paradigm shift would require not only accurate speech recognition,
but also integrated natural language understanding with a new programming model.
The speech interface would not be considered intelligent until we make it transparent,
natural, and easy to use. With our ongoing research effort, we believe that we could
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make Whisper engine work indeed as its acronym promised—Windows Highly
Intelligent Speech Recognition.”
(cmp. MS Whisper to the modern speech recognition model of OpenAl Whisper)

* Robust Speech Recognition via Large-Scale Weak Supervision, Alec Radford,
Jong Wook Kim, Tao Xu, Greg Brockman, Christine McLeavey, llya Sutskever,
6.12.2022 https://arxiv.org/abs/2212.04356 — Whisper, OpenAl - 680,000 hours of
multilingual and multitask supervision ... Whisper supports Bulgarian. Tiny, base,
medium, large, large-v2 sizes ...

Tosh: Wisper is applied by Vsy/Bceaobpxey, Autoclap since early 2024.
https://github.com/twenkid/Vsy

* WaveNet: A generative model for raw audio, 8.9.2016, Aaron van den Oord,
Sander Dieleman https://deepmind.google/discover/blog/wavenet-a-generative-
model-for-raw-audio/ - direct modelling of the waveform, one sample at a time,
instead of training a vocoder, as in previous methods;
https://github.com/kokeshing/WaveNet-tf2
https://github.com/soroushmehr/wavenet-2

WaveNet is based on:

* Conditional Image Generation with PixelCNN Decoders, Aaron van den Oord et
al., 2016 —https://arxiv.org/abs/1606.05328

* Pixel Recurrent Neural Networks, Aaron van den Oord, Nal Kalchbrenner, Koray
Kavukcuoglu https://arxiv.org/abs/1601.06759

* wav2vec 2.0: A Framework for Self-Supervised Learning of Speech
Representations. Alexei Baevski, Henry Zhou, Abdelrahman Mohamed, Michael
Auli. 2020

https://arxiv.org/abs/2006.11477 - Using a transformer for audio encoding.

Abdelrahman Mohamed:

https://scholar.google.ca/citations?user=tJ PrzgAAAAJ&hl=en — early applications of
Deep learning in audio applications: speech recognition, phone recognition,
synthesis.

* Deep belief networks for phone recognition, Abdel-rahman Mohamed, George
Dahl, Geoffrey Hinton, 12.2009,
https://www.cs.utoronto.ca/~gdahl/papers/dbnPhoneRec.pdf

“Hidden Markov Models (HMMs) have been the state-of-the-art techniques for
acoustic modeling despite their unrealistic independence assumptions and the very
limited representational capacity of their hidden states. There are many proposals in

76


https://arxiv.org/abs/2212.04356
https://github.com/twenkid/Vsy
https://deepmind.google/discover/blog/wavenet-a-generative-model-for-raw-audio/
https://deepmind.google/discover/blog/wavenet-a-generative-model-for-raw-audio/
https://github.com/kokeshing/WaveNet-tf2
https://github.com/soroushmehr/wavenet-2
https://arxiv.org/abs/1606.05328
https://arxiv.org/search/cs?searchtype=author&query=Kalchbrenner,+N
https://arxiv.org/search/cs?searchtype=author&query=Kavukcuoglu,+K
https://arxiv.org/search/cs?searchtype=author&query=Kavukcuoglu,+K
https://arxiv.org/abs/1601.06759
https://arxiv.org/abs/2006.11477
https://scholar.google.ca/citations?user=tJ_PrzgAAAAJ&hl=en
https://www.cs.utoronto.ca/~gdahl/papers/dbnPhoneRec.pdf

The Prophets of the Thinking Machines: Appendix Lazar: Lots of papers ...

the research community for deeper models that are capable of modeling the many
types of variability present in the speech generation process...”
https://catalog.ldc.upenn.edu/LDC93S1

* UNIVERSAL PHONE RECOGNITION WITH A MULTILINGUAL ALLOPHONE
SYSTEM, {Xinjian Li et al., 2020 — phoneme, phone, allophone — dpoHeMa, 3BYK,
anooH; poHemMaTa HOCU CMUCHIA; 3BYKOBETE Ca KOHKPETHUTE MNPOU3HOLLEHUS, KaTo
MOXe [a ca pasfiIMyHKU B pasfIyHN akUueHTU, HO Ja oTpasssaT cbuiata poHeMa (Mek,
TBbPA roBOp M Np.); anodoHUTEe ca pasnNUYHN BapnaHTU Ha M3roBOp Ha hoHeMa,
Hanp. B pasfiMyHa OKOSTHOCT — Npep, onpeaeneHa cbrnacHa, rnacHa; OHeTUYEH
3anuc: [ ], a 3BykoB /.../8

DARPA TIMIT Acoustic-Phonetic Continuous Speech, 1993
https://catalog.ldc.upenn.edu/LDC93S1
https://www.kaggle.com/datasets/mfekadu/darpa-timit-acousticphonetic-continuous-
speech acoustic-phonetic knowledge, 6300 sentences, 630 speakers from 8 major
dialect regions, each reading 10 sentences.

* Phone recognition with the mean-covariance restricted Boltzmann machine,
George E Dahl, M Ranzato, A Mohamed, GE Hinton, 2010
https://proceedings.neurips.cc/paper _files/paper/2010/file/b73ce398c39f506af761d22
77d853a92-Paper.pdf

* Acoustic modeling using deep belief networks, Abdel-rahman Mohamed, G
Danhl, Geoffrey Hinton, 2010
https://www.cs.toronto.edu/~asamir/papers/speechDBN_jrnl.pdf

“Gaussian mixture models are currently the dominant technique for modeling the
emission distribution of hidden Markov models for speech recognition. ... better
phone recognition on the TIMIT dataset ... by replacing GMM by deep neural
networks that contain many layers of features and a very large number of
parameters. These networks are first pre-trained as a multilayer generative model of
a window of spectral feature vectors without making use of any discriminative
information. ... discriminative fine-tuning using backpropagation to adjust the
features slightly to make them better at predicting a probability distribution over the
states of monophone hidden Markov models.”

e Multiresolution deep belief networks, Yichuan Tang, Abdel-rahman Mohamed, 3.2012
https://proceedings.mlr.press/v22/tang12/tang12.pdf

8 https://en.wikipedia.org/wiki/Allophone * https://ru.wikipedia.org/wiki/AnnodoH
* https://en.wikipedia.org/wiki/Phone (phonetics)
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* Topics: Neural Machine Translation, Language Models, L1.Ms,
Text Generation, Text and Language Learning and
Representation, Word Embedding

Multiple-Attribute Text Rewriting, Guillaume Lample, Sandeep Subramanian, Eric
Smith, Ludovic Denoyer, Marc’ Aurelio Ranzato, Y-Lan Boureau, 21.12.2018, .
https://openreview.net/forum?id=H1g2INhC5K(Q https://arxiv.org/abs/1710.04087
Controllable text generation, generative models, conditional generative models, style
transfer; rewriting text conditioned on multiple controllable attributes; unsupervised

“style transfer” in; others: a latent representation, independent of the attributes of the
“style”: a new model that controls several factors of variation; instead of
disentanglement: a simpler back-translation. Control over multiple attributes: gender,
sentiment, product type; more fine-grained control on the trade-off between content
preservation and change of style with a pooling operator in the latent space. Fully
entangled model produces better generations ... even with multiple sentences and
multiple attributes.

Tosh: The examples, age-groups 18-24, 64+, reviews: stereotypes.

Word Translation Without Parallel Data, Alexis Conneau, Guillaume Lample,
Marc’ Aurelio Ranzato, Ludovic Denoyer, Hervé Jégou, 10.2017/1.2018
https://arxiv.org/pdf/1710.04087 — Learning cross-lingual word embeddings: bilingual
dictionaries or parallel corpora; recent — the need for parallel data supervision can be

alleviated with character-level information; however, worse results and limited to
pairs of languages with the same alphabet. This work builds a bilingual dictionary
mapping two languages without any parallel corpora, by aligning monolingual word
embedding spaces in an unsupervised way; without any character information. Works
well for distant language pairs, such as English-Russian or English-Chinese; and for
low-resource language pairs such as English-Esperanto; the potential impact in fully
unsupervised machine translation. The code, embeddings and dictionaries are publicly
available. Cross-domain similarity local scaling — nearest neighbors KNN, hubs &
anti-hubs.
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* Distributed word-representations with artificial neural networks: RNN etc.
Mikolov, Sutskever, A.Mnih, G.Hinton, Bahdanau, Bengio, ...

* Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey Dean. Efficient estimation of
word representations in vector space. ICLR 2013

* Tomas Mikolov, Quoc V Le, and Ilya Sutskever. Exploiting similarities among
languages for machine translation, 9.2013 arXiv preprint arXiv:1309.4168
https://arxiv.org/abs/1309.4168 - automating dictionary and phrase table generation in MT
with monolingual data and small bilingual datasets for learning word mappings with a high
precision. ... a linear projection between vector spaces that represent each language;
distributed Skip-gram or Continuous Bag-of-Words (CBOW) ... Language Training
tokens/Vocabulary size: English 575M/127K; Spanish 84M/107K; Czech 155M/505K

* Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg S Corrado, and Jeff Dean. Distributed
representations of words and phrases and their compositionality. Advances in neural
information processing

systems, 2013

* Tomas Mikolov, Martin Karafiat, Lukas Burget, Jan Cernocky, and Sanjeev Khudanpur.
2010. Recurrent neural network based language model

* Tomas Mikolov. 2012. Statistical Language Models based on Neural Networks

* Andriy Mnih and Geoffrey E Hinton. 2008. A scalable hierarchical distributed
language model.

* Neural Machine Translation by Jointly Learning to Align and Translate
Dzmitry Bahdanau, Kyunghyun Cho, Yoshua Bengio 9.2014/5.2016 - Attention

... a recently proposed approach to MT. Unlike the traditional statistical M T, the NMT:
build a single NN that can be jointly tuned to maximize the translation performance;
Encoder-Decoders: a source sentence encoded into a fixed-length vector from which a
decoder generates a translation. ... the fixed-length vector is a bottleneck in improving the
performance of this architecture; allow a model to automatically (soft-)search for parts of a
source sentence that are relevant to predicting a target word, without having to form these
parts as a hard segment explicitly. ... achieve a perf. ~ SOTA phrase-based system in
English-to-French transl. (soft-)alignments ... RNN, BiRNN, ...

“4.1. Dataset ... WMT 14 contains the following English-French parallel corpora:
Europarl (61M words), news commentary (5.5M), UN (421M) and two crawled corpora of
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90M and 272.5M words respectively, totaling 850M words.

»

* Kalchbrenner, N. and Blunsom, P. (2013). Recurrent continuous translation models.

* Sutskever, L., Vinyals, O., and Le, Q. (2014). Sequence to sequence learning with
neural networks. In Advances in Neural Information Processing Systems (NIPS 2014)

* Cho, K., et al., 2014. Learning phrase representations using RNN encoder-decoder
for statistical machine translation. In Proceedings of the Empirical Methods in Natural
Language Processing (EMNLP 2014).

* Cho, K. Et al., 2014. On the properties of neural machine translation: Encoder—
Decoder approaches.

* Devlin, J. et al. 2014. Fast and robust neural network joint models for statistical
machine translation. In Association for Computational Linguistics

* Bengio, Y., Ducharme, R., Vincent, P., and Janvin, C. (2003). A neural probabilistic
language model. J. Mach. Learn. Res., 3, 1137-1155.

* Schuster, M. and Paliwal, K. K. (1997). Bidirectional recurrent neural networks.
Signal Processing, IEEE Transactions on, 45(11), 2673-2681.

* Tlya Sutskever, Training Recurrent Neural Networks, PhD thesis, 2013
https://www.cs.utoronto.ca/~ilya/pubs/ilya sutskever phd_thesis.pdf - temporal RBM ...;
the solution manages to train a RNN on long sequences, overcoming a problem assumed
that was thought to be unsolvable; it learns long range dependencies for up to 200
timesteps; Ch.8. Delayed feedback, motor cortex; in order to handle unpredictable
disturbances the controller “must rapidly estimate and counteract the disturbance by
observing the manner in which the arm responds to the muscle commands”; more hidden
states are needed to map the long-range structure of text;

* Todorov, E. (2004). Optimality principles in sensorimotor control. Nature
Neuroscience, 7(9):907-915.

* Li, W. and Todorov, E. (2004). Iterative linear-quadratic regulator design for
nonlinear biological movement systems. In ICRA-1, volume 1, pages 222—229, Setubal,
Portugal.

* Huh, D. and Todorov, E. (2009). Real-time motor control using recurrent neural
networks. In IEEE Symposium on Adaptive Dynamic Programming and Reinforcement
Learning, pages 42—

49
Language modelling, word-agnostic: “the sequence memoizer”, 2009-2010 — a
hierarchical nonparametric Bayesian method. (Wood et al., 2009; Gasthaus et

al., 2010)
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* Alternative approaches for sequence and next words prediction,
instead of neural networks: stochastic memorizer, sequence memorizer

*A stochastic memoizer for sequence data. Wood, F., Archambeau, C.,
Gasthaus, J., James, L., and Teh, Y. (2009). In Proceedings of the 26th Annual

International Conference on Machine Learning, pages 1129-1136. ACM.
http://www0.cs.ucl.ac.uk/staff/c.archambeau/publ/icml_fw09.pdf

* Gasthaus, J., Wood, F., and Teh, Y. (2010). Lossless compression based on the Sequence
Memoizer. In Data Compression Conference (DCC), 2010, pages 337-345. IEEE. —
extends the Sequence Memorizer (SM) with an entropy coder (e.g. arithmetic coder of
Witten et al. 1987). Cmp: PPM and CTW algorithms [Cleary and Teahan, 1997; Willems,
1998] ... “The context tree is essentially a (compressed) suffix tree of the reversed string
Xi:-1:1,” PLUMP/DEPLUMP, INSERTCONTEXTANDRETURNPATH; PATHPROBABILITY
— computes the probability of each symbol s in all contexts along the path; parameter
update function UPDATEPATH — update the counts in Sxi.i for all nodes along (uo, . . . , up )
in light of the observation xi+1 ... ,,Our compressor is derived from an underlying
probabilistic model which we call the sequence memoizer. This is a hierarchical Bayesian
nonparametric model composed of Pitman-Yor processes originally conceived of as a
model for languages (sequences of words)*!. SM encodes the prior knowledge that the
predictive distributions over the subsequent symbols in different contexts are similar to
each other, with contexts sharing longer suffixes being more similar to each other. In other
words, the later symbols in a context are more important in predicting the subsequent
symbol*?, Also, by virtue of using PYPs, the SM encodes an assumption that sequences of
symbols have power-law properties. context tree; unbounded context lengths; context-
mixing PAQ family of compressors [Mahoney, 2005]; CTW, PPM; PAQ; PYP; CTW —
Context-tree weighting method; the use of latent variables to capture reqularities in the
data for compression purposes, as applied in this paper, has been explored in the past
[Hinton and Zemel, 1994]

*Hinton, G. E. and Zemel, R. S. (1994). Autoencoders, minimum description length, and
Helmbholtz free energy. Advances in Neural Information Processing Systems 6, pages
3-10.

* PPM: Prediction by partial matching,
https://en.wikipedia.org/wiki/Prediction_by_partial matching published research since
mid-1980s, implementations since 1990s — the PPM alg. requires a lot of RAM; lossless
compression of text; https://pypi.org/project/pyppmd/

* PAQ: lossless data compression archivers, context-mixing algorithm; predictor

& arithmetic coder; weighted combination of probability estimates from a large number of
models conditioned on different contexts. Unlike PPM, a context doesn‘t need to be
contiguous. https://en.wikipedia.org/wiki/PAQ
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* Arithmetic Coding: https://en.wikipedia.org/wiki/Arithmetic_coding

* CTW: Context-tree weighting

* Hutter, M. (2006). Prize for compressing human knowledge. URL:http://prize.hutter1.net/
* Mahoney, M. (2009). Large text compression benchmark. URL:
http://www.mattmahoney.net/text/text.html

* Mahoney, M. V. (2005). Adaptive weighing of context models for lossless data
compression. Technical report, Florida Tech. Technical Report CS-2005-16, 2005.

* F. M. J. Willems, Y. M. Shtarkov, and T. J. Tjalkens, “Context tree weighting: A
sequential universal source coding procedure for FSMX sources,” in Proc. IEEE Int.
Symp. Information Theory (San Antonio, TX, Jan. 17-22, 1993)

__* A. Blumer, J. Blumer, A. Ehrenfeucht, D. Haussler, and R. McConnel, “Linear size
finite automata for the set of all subwords of a text: An outline of results,” Bull. Eur. Assoc.
Theoret. Comput. Sci., vol. 21, pp. 12-20 — Z4-linearity of binary code over Z4under the
Gray map. .. several well-known families of nonlinear binary codes are actually Z4-linear.
* The context-tree weighting method: extensions, Willems, F. M. J. (1998).

https://pure.tue.nl/ws/portalfiles/portal/1600756/Metis122604.pdf
Infinite complete context tree, infinite context tree, infinite-depth context-tree weighting

* Todor, 5.2.2025: *1. “a model for languages (sequences of words)” — This definition
is an example of the utterly reductive conception of language as a “sequence of words”,
where “words” are viewed as the tokens. Real thoughts have deeper and more complex
representations and the linear textual or vocal sequence is only an input-output limitation
of the physical body, time and cognitive performance trade-offs. LLMs emulate the
existence of multiple possible trajectories with Tree-of-thought, ReAct, various
Reasoning methods and other techniques for sampling multiple generation paths,
estimating consistency, matching final results etc®.

*2. “the later symbols in a context are more important in predicting the subsequent
symbol” — This is not a strict rule in the real world. The later symbols in a context are not
always more important in predicting the next symbol — the real languages and real texts
are not just probabilistic sequences of the symbols in the specific run of tokens, they have
meanings which may have different nature, origin and consequences; for example the
specific words as tokens or code can refer to other sources of meaning or directions, to
recall other “engines” and to invoke something else, which is not specified or cannot be
defined in the current text or “context” etc. The development of LLMs recognized and
reflected that need with the inclusion of “tool use”, “solvers”, “web access”, robot control
etc. Regarding the last citation, note that sometimes the most distant symbol, word etc.
could be the most predictive in comparison to the rest, e.g. the title or the name of a
character in a story before a conclusion, which addresses it; also, the most precise
prediction is a result of the estimation of the whole sequences and also of a choice of
proper interpretation and all map to other representations, virtual universes, simulations

% For reviews see this book “Lazar” and the other volumes from The Prophets of the Thinking Machines such as
Listove (Reflections on Everything), Anelia, the main volume (#prophets, #tosh) and others.
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etc. and still the predictions can be approximate or a set of possibilities, as the text,
especially the interesting and original one, does not answer everything in an obvious and
explicit way. There are different precisions of prediction; the average precision of the
prediction may be different and discontinuous at different scales — within the lowest level
shortest symbols as characters or lowest level tokens in the LL.Ms, or between words or
sentences or between sentences; when there is a plot-twist etc. The highest predictability
and little or no uncertainty is measured when the prediction head traverses stereotypical
sequences; a curious human reader of fiction would find such passages boring and would
rather prefer not to be able to predict with such a high precision; instead she would like to
be surprised and some level of the representation, but yet to be able to find and
understand a plausible mapping and correlations in the related realms of the text and the
virtual universes, when all the evidence is collected and integrated.

The actual content of the data, perceived by the evaluator-observer, is more than the
literal symbols. It includes the implications, connections, associations etc., which are also
activated and considered for the estimation of the following predictions. The hidden
states of the deep multi-layered LL.Ms encompass and encode some of these features and
forces in implicit form.

* https://en.wikipedia.org/wiki/Pitman%FE2%80%93Yor process
Pitman-Yor process: 0 < d < 1 a discount parameter, a strength parameter 6 > —d and a
base distribution Go over a probability space X.
* Pitman, Jim; Yor, Marc (1997). The two-parameter Poisson—Dirichlet distribution derived from
a stable subordinator. ... doi:10.1214/a0p/1024404422. MR 1434129. Zbl 0880.60076.
* Perman, M.; Pitman, J.; Yor, M. (1992). Size-biased sampling of Poisson point processes and
excursions. Probability Theory and Related Fields. 92: 21-39. doi:10.1007/BF01205234.

* Ilya Sutskever. Nonlinear Multilayered Sequence Models, Master’s Thesis, 2007
(Sutskever, 2007)

* Learning Multilevel Distributed Representations for High-Dimensional
Sequences Ilya Sutskever and Geoffrey Hinton. In the Eleventh International Conference
on Artificial Intelligence and Statistics (AISTATS), 2007 (Sutskever and Hinton, 2007)

* Generating Text with Recurrent Neural Networks Ilya Sutskever, James Martens, and
Geoffrey Hinton. In the 28th Annual International Conference on Machine Learning
(ICML), 2011 (Sutskever et al., 2011)

* Transformers - the seminal paper from 2017

* Attention Is All You Need, Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, Illia Polosukhin,
6.2017/8.2023 https://arxiv.org/abs/1706.03762 - the transformer architecture;
(mpeobpasuren);
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* ATTENTION-BASED SEQUENCE TRANSDUCTION NEURAL
NETWORKS, Shazeer et al, 7.8.2020
https://patentimages.storage.googleapis.com/1b/52/ac/3f1c75cb9ef037/US10956819.pdf

https://patentimages.storage.googleapis.com/09/5d/66/533474d7020f06/US20240144006A
1.pdf 2.5.2024

“Self-attention , sometimes called intra-attention, is an attention mechanism relating

different positions of a single sequence in order to compute a representation of the
sequence. ... effectively learn dependencies between distant positions during
training, improving the accuracy, ... easier to train, quicker to generate ... machine
translation task (MT) ...” Many possible applications are listed: MT, QA (question-
answering), summarization, text-to-image, image-to-text, speech-to-text, ...
encoder-decoder.

In some cases, the positional embeddings are learned; the term “learning”
means that an operation or a value has been adjusted during the training of the
sequence transduction neural network. ...PE(pos,2i) = sin(pos/10000?/dmodel)
POS(pos,2i+1) = cos(pos/10000%7dmodl) " dpmogel— dimensionality of the positional
embedding ”

* Topics: Neural Program Synthesis

Illia Polosukhin On Inventing The Tech Behind Generative AI At Google,
CNBC https://www.youtube.com/watch?v=0Q4 YTXhqg7no — Illia explains how they
created the transformer; the original idea: Jakob Uszkoreit; they realized the
sequence items can be processed in parallel and not just sequentially like in the RNN

or jumping back to check the answer (~1-4 min.); Illia is the creator of “Near AI” in
2017, intended to do code generation with transformers, but they realized they
lacked the scale of the data; they paid developers, ... then switched to Blockchain
technologies.

* Naps: Natural program synthesis dataset, Maksym Zavershynskyi, Alex Skidanov,
Illia Polosukhin, 6.7.2018, https://arxiv.org/pdf/1807.03168 human written problem
statements and solutions for these problems ... crowdsourcing & human-written
solutions in programming competitions with input/output examples; AlgoLISP

https://github.com/nearai/program_synthesis/blob/master/program_synthesis/naps/READ
ME.md Problems from: https://codeforces.com/problemset/problem/313/C

UAST — universal abstract syntax tree;
https://github.com/nearai/program_synthesis/blob/master/program_synthesis/naps/uast/R
EADME.md

* Sarnak, Neil and Tarjan, Robert E. Planar point location using persistent search trees.
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Commun. 1986.

https://www.cs.princeton.edu/courses/archive/spr04/cos423/handouts/planar%20point.pdf
https://courses.csail.mit.edu/6.854/16/Notes/n2-persistent.html Persistent Data Structures

* Polosukhin, Illia and Skidanov, Alexander. Neural program search: Selving
programming tasks from description and examples. CoRR, 2018
http://arxiv.org/abs/1802.04335

Seq2Tree model, semi-synthetic dataset; Domain Specific Languages DSL inspired by
LISP — easily converted into Abstract Syntax Tree; types: const, argument, function call,
function, lambda. Related: 1. Programming by example (PBE) — RobustFill, DeepCoder,
Neuro-Symbolic Program Synthesis (predict tree structured programs at search time),
Deep API Programmer, Programming from Description (PfD), Latent Program Induction
(LPI) — Neural Turing Machines, Neural GPUs, stacks-augmented RNNs, Neural
Program Interpreters, Semantic Parsing — PfD limited to some structured form. ...

* Neuro-Symbolic Program Synthesis, E Parisotto, A Mohamed, R Singh, L Li, D
Zhou, P Kohli, arXiv preprint arXiv:1611.01855, 407, 2016
https://arxiv.org/pdf/1611.01855

* David Alvarez-Melis and Tommi S Jaakkola. Tree-structured decoding with
doubly-recurrent neural networks. 2016

* LEARNING A NATURAL LANGUAGE INTERFACE WITH NEURAL
PROGRAMMER, Arvind Neelakantan et al., 2017 https://arxiv.org/pdf/1611.08945
Map natural language NL to logical forms or programs to execute as queries to a DB.
By .13 Tabn. Onepauuu.: aggregate — count, superlative: argmax, argmin;
comparison: > < >= <=; Table Ops: select, mfe (most common entry), first, last,
previous, next; Print; Reset. p.8: “what is the total number of teams”, “who had more
silver medals: Bulgaria or Belgium?”; training examples: 11321/2831/4344. ... 37.7%
accuracy, comp. to 37.1% of traditional NL semantic parser; WikiTableQuestions
dataset.

Tomr: Recognize topics/related columns, operations ..., CpBH paborara Ha ["ans

AnrenoBa, BAH, Hau. Ha 1980-te B o6sactTa Ha fjocTs 10 B/l ¢ ecTecTBeH e3UK, BX

CIUCHK C OBJTaPCKU YUeHH, TIPUIOKEeHHe AHeHs.

* Jacob Andreas, Marcus Rohrbach, Trevor Darrell, and Dan Klein. Learning to
compose neural networks for question answering. NAACL, 2016

* Ronald Williams. Simple statistical gradient-following algorithms for
connectionist reinforcement learning. Machine Learning, 1992.
* Pointer Networks, Oriol Vinyals, Meire Fortunato, Navdeep Jaitly,
https://arxiv.org/abs/1506.03134 Neural architecture, conditional probability of an
output sequence with elements — discrete tokens, corresponding to positions in an
input sequence — for sorting and combinatorial optimization; using “the recently
proposed mechanism of neural attention” to solve the problem of variable size of the
output dictionaries. Ptr-Net — find approximate solutions of convex hull, Delaunay
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triangulations, planar travelling salesman in a purely data-driven way: given examples
... RNN — “the inputs and outputs were available at a fixed frame rate”; sequence-to-
sequence: one RNN to map an input sequence to an embedding and another (possibly
the same) RNN to map the embedding to an output seq. Ptr-Net: at each step
“modulates a content-based attention mechanism” over inputs ... softmax distribution
with dictionary size = len(input). ... Seg-to-Seq: a training pair, compute the
conditional prob. Using a parametric model (RNN with params. ®) to estimate the
terms of the prob. Chain rule of multiplied probabilities, conditional prob. For the
training set. ... Prev.work: RNNSearch, Memory Networks, Neural Turing Machines.

* NEURAL GPUS LEARN ALGORITHMS, Lukasz Kaiser & Ilya Sutskever
Google Brain, 2015/2016 https://arxiv.org/abs/1511.08228 — Improving the results of
Neural Turing Machines (NTMs) which are not parallel and are hard to train... long
addition and long multiplication; contrib.: parameter sharing relaxation, adding a small
dropout & gradient noise to increase generalization. A problem of RNNs, LSTMs...
the entire input is encoded into a single fixed-size vector, so the model cannot
generalize to inputs much longer than this fixed capacity. The attention mechanism
partially resolves it (Bahdanau et al., 2014) by allowing inspection of arbitrary parts of
the input in every decoding step.

Tosh: Why the addition of dropout and noise improves generalization and reduces
overfitting? Maybe because it forces the search process to explore side-solutions and
to use a broader source of evidence.

* SuperCoder: Program Learning Under Noisy Conditions From Superposition of
States, Ali Davody, M.Safari, Razvan V. Florian, 7.12.2020
https://arxiv.org/abs/2012.03925 — a new method of program learning in a DSL,
gradient descent with no direct search. Probab.repr. of the DSL vars.; at each step, diff.
func. Applied on the DSL vars with a cert. prob.  diff. possible outcomes...
superposition in a single fuzzy state, contrasted at the final step with the ground-truth
output — a loss func. Attention-based NN; able to learn under noise. “program
synthesis” - a symbolic representation of the program is inferred or “program
induction” - a neural network predicts the output corresponding to a given input.
Combined search + NN; beam search ...

* Deepcoder: Learning to write programs. M. Balog, A. L. Gaunt, M.
Brockschmidt, S. Nowozin, and D. Tarlow. In International Conference on Learning
Representations (ICLR), 7.11.2016/2017. https://arxiv.org/abs/1611.01989 solving
programming competition-style problems from input-output examples using deep
learning; augmenting enumerative search and SMT-solvers. RNNs. ... differentiable
interpreters; a differentiable mapping from source code and inputs to outputs; DSL:
defining a programming language that is expressive enough to include real-world
programming problems while being high-level enough to be predictable from input-
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output examples; Satisfiability Modulo Theories (SMT) SAT-style search with theories
like arithmetic and inequalities; the ranking problem... (of possible solutions). Sample
programs: Program 0: k « int, b ~ [int],c « SORTb,d —~ TAKE kc,e —« SUMd
Input-output example: Input: 2, [354 7 5] Output: [7]

Description: A new shop near you is selling n paintings.

You have k < n friends and you would like to buy each of your friends a painting

from the shop. Return the minimal amount of money you will need to spend.” | Fig.4: a
diagram with Predictions of a neural network on the 9 example programs ... Numbers
in squares would ideally be close to 1 (function is present in the ground truth source
code), whereas all other numbers should ideally be close to 0 (function is not needed).
p.5. 1. an encoder: a differentiable mapping from a set of M input-output examples
generated by a single program to a latent real-valued vector, and. 2. a decoder: a
differentiable mapping from the latent vector representing a set of M input-output
examples to predictions of the ground truth program’s attributes.

p.5 Possible continuations/symbols in the DSL and generated probabilities: “+1)
(-1) (*2) (/2) (*-1) (**2) (*3) (/3) (*4) (/4) (>0) (>0) (%2==1) (%2==0) HEAD LAST
MAP FILTER SORT REVERSE TAKE DROP ACCESS ZIPWITH SCANLI1 + - *
MIN MAX COUNT MINIMUM MAXIMUM SU” 0.00.00.1..1.00.0..0.4 ..

Tosh: Semantic parsing is better than this. @Vsy: Cmp & apply semantic parsing.
Zrim: {K}#, {K}! {K-.-K}

* FlashExtract: a framework for data extraction by examples, Vu Le, Sumit
Gulwani, 6.2014 http://www-cs-
students.stanford.edu/~adityagp/courses/cs598/papers/flash-extract.pdf
Programming by Examples (PBE): FlashExtract Video 2, Microsoft Research
337 K Subscribers, 387 views, 30.01.2017 .
https://www.youtube.com/watch?v=_KYyibApd 4
“Extract the strings | starting at each line beginning with Left-Bracket
Alphanumeric;ending before the following first occurrence of Line Separator after
WhiteSpace.Number.Dot ...” ... = other options: ending before/after the last
occurrence of Alphanumeric-WhiteSpace-Camel Case in the second line ... +3,-20
(positive/negative examples/cases?); nested extraction; Active learning: the system
asks questions: Disambiguation. inductive program synthesis from a definition of data-
extraction DSLs

* Programming by Examples (PBE): FlashExtract, 30.01.2017 r., 411 nok.
https://www.youtube.com/watch?v=apTsnpsPEds

* Programming by Natural Language: Bing enabled code search, Microsoft
Research, 30.1.2017, 267 noka3Banus https://voutube.com/watch?v=nnsCYr9xOT8 -
Visual Studio add-on ... IntelliSense: “How do I...” ... generate md>5 hash from string
@line... - snippet
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* A Webbased Frontend for Easy Interaction with the Inductive Programming
System Igor, Microsoft Research, 479 noka3sanus, 7.10.2016 T
https://voutu.be/wRbhrUht-ok Maude programming language, hypotheses — Maude
functions on input-output examples (usually 4 to derive hypoth.); internal types

* Maude: term-language, sets of equations & rewrite-rules.
https://en.wikipedia.org/wiki/Maude_system

https://maude.cs.illinois.edu/wiki/The Maude System

* Programming and symbolic computation in Maude, Francisco Duran et al.,
1.2020, https://www.sciencedirect.com/science/article/pii/S2352220818301135

Few-show learning. Macro-recorders in wordprocessors etc. from a long time are a

ML framework: complex functions— mapping from one complex object

state to state) that the user could have taken; a hierarchical version space algebra
(union, join, transduction); version space libraries; ... Editing by Example (EBE);
DEED (1998) - focus interpretation, modification interpretation; heuristics;
classification rule learners; hints; action history, pattern matching

Cmp: Imitation learning in robotics; self-customizing software & adaptive interface;
COLLAGEN - hierarchical plan, ...

(T, L, P, S) states (text buffer, cursor location, clipboard contents, and

selection region) ...”Learning programs from traces” p.74, py subset, loops &

S0, S1, S2... Conditional(VarI<const, Varl>const, Var < Var, Var>Var, Var==Var) —
version space ... mixed-initiative interfaces (TA: collaborative; cxTpyaHuyan

B3aHMOﬂeﬁCTBHETO; CUCTEMATa MOXe [a I1pefjara, a IpeKbCBd, Ad ,,[10eMd

MoganHoctu. [1pu unTepdeticure ¢ pUKcHMpHa, TBbpJa UHULMATUBA, BbB BCEKU
MOMEHT e SICHO /le(pvHUPaHO KOW BOAW/“TOBOPU™ U KOM e C/IyLlaTe//TIpUeMHUK.

* Programming by Demonstration: a Machine Learning Approach, Tesa Lu, 2001,
PhD thesis, University of Washington; supervisors: Daniel S. Weld, Pedro Domingos
PBD - another term for PBE. Solves biography editing problems: SMARTedit. Cmp:

proto-PBD, but usually too brittle, recording only exact key sequences. Cross-domain
PDB: abstract language with control-flow — a subset of Python: SMARTpython; a new

to another complex object: states of the application etc. (cmp: structure learning); see

version space in concept learning/abstraction, however extended from a binary {0,1}
to any functions; a hypothesis space with the set of all possible actions (functions from

condit.;program-statement-if(false,true)-primitive-next_step; a trace is a seq of states

B3aUMJIUK/ B’bO6]II/IK, roArioMaralil areHt, IoArioMarail] B3auMJ/IMK; OAylIe€eBe€H B3dUMJIK,
oAylueBeH B’bO6JII/IK; CdAMOITIOCTpOsBAl] Ce, CaMOHaI/IaCAlr Cce U IIPOMEH/IMBU DO/IU Ha

VHUL[MaThBaTa“, /ja A0IbJIBa U Mp. KaTo B pa3roBOp, BbB BCSKAKBU CETUBHO-MOTOPHU

* Allen Cypher, editor. Watch what I do: Programming by demonstration. MIT
Press, Cambridge, MA, 1993

AAAI93, pages 459465, 1993

* Pattie Maes and Robyn Kozierok. Learning interface agents. In Proceedings of
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* Henry Lieberman, editor. Your Wish is My Command: Giving Users the Power
to Instruct their Software. Morgan Kaufmann, 2001

* Robert P. Nix. Editing by Example. ACM Transactions on Programming
Languages and Systems, 7(4):600-621, October 1985. (EBE)

*Y. Fujishima. Demonstrational automation of text editing tasks involving
multiple focus points and conversions. In Proceedings of Intelligent User
Interfaces *98, pages 101-108, 1998. DEED — extends EBE

* Gordon W. Paynter. Generalising Programming by Demonstration. In
Proceedings Sixth Australian Conference on Computer-Human Interaction,
pages 344-345, Nov 1996.

* J. Schlimmer and L. Hermens. Software agents: Completing patterns and
constructing user interfaces. J. Artificial Intelligence Research, pages 61-89,
1993 — predictive completion of notes

* C. Rich and C. Sidner. Segmented interaction history in a collaborative agent.
In Third Int. Conf. Intelligent User Interfaces, pages 23-30, Jan 1997.

N. Lesh, C. Rich, and C. Sidner. Using plan recognition in human-computer
collaboration. In Proceedings of the Seventh Int. Conf. on User Modelling,
Banff, Canada, July 1999

* Steven A. Wolfman, Tessa Lau, Pedro Domingos, and Daniel S. Weld.
Collaborative Interfaces for Learning Tasks: SMARTedit Talks Back. In
Proceedings of the 2001 Conference on Intelligent User Interfaces, 2001

* Principles of mixed-initiative user interfaces, Eric Horvitz, 1999
https://erichorvitz.com/chi99horvitz.pdf — interface “agents” vs direct
manipulation; important points: the uncertainty of user’s goal, user’s attention’s
content,... dialogs to resolve uncertainties; efficient direct invocation and
termination; alerts to minimize the cost of wrong guesses, grades of precision
(generality) of proposed actions (do less but the correct one), memory of recent
interactions, continual learning by observing; LookOut project for Outlook email
client — scheduling, calendar, emails ... identify user’s goals by considering
messages’s content; manual or automated-assistance modalities; social-agent
modality as an animated characted (Genie): hands-free mode with speech
recognition and text-to-speech; levels of confidence; expected utility:
autonomous actions: only if the agent believes that they will have greater
expected value than inaction for the user.

* Machine Learning and Intelligence in Our Midst, Microsoft Research,
28.03.2012r.... https://youtu.be/Qe0256zAsNU?si=NPN90J40mdcIXkX2 5609
views ... 38 min: Coordinate: Presence forecast .. ,,since 2002 ... for the

assistant.

46:50: Memory Landmarks: Life browser, Selective ...

49:11: Privacy, protection, privacy budget ...

50 min: PSearch ... Integrative intelligence: Multimodality: integration of data
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sources from all kinds of inputs and sensors — see citation in the section about
Eric Horvitz or see from 29 min.

29:15 .. I dobe into richer applications that mesh together vision and speech
natural language and this gets back to the area that I mentioned a bit earlier:
integrative intelligence ... the idea is to mesh together natural language
processing NLP motion control speech generations; pic kyour addition,
planning, learning, vision and inferential methods you might say that the goal
here is in part to build a comprehensive systems with a whole is somehow
magically greater than the sum

of the parts and this is a kind of maybe a dream of Al that if we bring together a
vision and speech natural language and inverse kinds of reasoning and learning
that there‘ll be some synergies among these components if you wove these
together weave them together in an effective manner so our main project what
we ‘re exploring this interactive Al notion is called situated interaction (...)”

* Topics: Mixed Initiative Interaction

* Mixed-Initiative Creative Interfaces, Sebastian Deterding et al. (9), CHI EA
17: Proceedings of the 2017 CHI Conference, Pages 628 — 635, 5.2017
https://doi.org/10.1145/3027063.3027072
https://eprints.whiterose.ac.uk/112515/1/wks0132_deterdingA.pdf A
Workshop. creativity support in HCI; from computer as tool to a collaborator to
autonomous creator (computational creativity); procedural content generation
(PCG); (semi-)-autonomous interfaces

* Joseph Carl Robnett Licklider. 1960. Man-Computer Symbiosis. IRE
Transactions on Human Factors in Electronics 1, 1: 4-11.
https://doi.org/10.1109/THFE2.1960.4503259
* Jaime R Carbonell. 1971. Al in CAI: An Artificial Intelligence Approach to
Computer-Assisted Instruction. IEEE Transactions on Man-Machine Systems 11,
4: 190-202. https://doi.org/10.1109/TMMS.1970.299942
* (PDF) Drawing Apprentice: An Enactive Co-Creative Agent for Artistic
Collaboration.https://www.researchgate.net/publication/280014470_Drawing A
pprentice_An_Enactive_Co-Creative_Agent_for_ Artistic_Collaboration
* Gillies, M., Kleinsmith, A., and Brenton, H.Applying the CASSM Framework
to Improving End User Debugging of Interactive Machine Learning.
Proceedings of the 20th International Conference on Intelligent User Interfaces,
(2015),181-185

See also other references.
* Mixed-initiative interaction — Trends & Controversies, Intelligent Systems,
Marti A. Hearst, J.Allen, E.Horvitz, C.Guinn, 1999
https://www.microsoft.com/en-us/research/wp-
content/uploads/2016/11/mixedinit.pdf
* Mixed-initiative interaction, James F. Allen, 1999 Levels of capabilities for
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M.I. agents: 1. Unsolicited reporting — notifications for critical information,
when it appears; 2. Subdialogue initiation for clarification, corrections etc. 3.
Fixed subtask initiative on predefined subtasks. 4. Negotiated mixed initiative -
coordination of the initiative with other agents (multi-agent systems); Intention
recognition: speech acts (a request, an acceptance of promise or other
performatives, speech acts); what exact action the user tries to accomplish, does
she want to edit it and how etc. Dialog, turn-taking, contextual interpretation,
grounding; interrupt, wait, answer ... plan management system; data from
human interaction, different interactions: evaluating & comparing options,
suggesting courses of action, clarifying and establishing state, clarification &
confirming the communication, discussing problem-solving strategy,
summarizing courses of action, identifying problems and alternatives.

[TA. 2. See coding agents, “CLI” (command-line interface): claude code-cli,
gemini-cli, opencode, kilocode etc. They interactively ask the user for
clarification of the requirements: what libraries to use, which features are
more critical, what programming language to use etc.)

3. For example in modern LLM assistants the user provides the prompt, the
chatbot generates a summary etc.

* Uncertainty, action, and interaction: in pursuit of mixedinitiative computing
Eric Horvitz, 1999
* Evaluating mixed-initiative dialog, Curry I. Guinn, 1999
*
* Eric Horvitz:
https://scholar.google.com/citations?user=V40OPEAgAAAAJ&hl=en
A lecture cited in: News: TILT - Efficient Rectification (Texture-Pixel-Based
3D-Like Perspective and other) by Microsoft Research - and the SIGI-AGI
Prototype and Research Accelerator News, T.Arnaudov, Artificial Mind 2012
https: m, h?2v= 2567AsNU&list= Kn8F
m-ILO&index=40&f re=pl

* Machine Learning and Intelligence in Our Midst Microsoft Research 344
K Subscribers, 5609 views, 28.03.2012 r. (30.5.2025)

38 min: Coordinate: Personal Assistants; Presence & Availability predictions ..
“Since 20027 ...

46:50: Memory Landmarks: Life browser, Selective ...

49:11: Privacy, protection, privacy budget ...

50 min: Psearch- Personal Search (Desktop search, contextual ambiguity
resolution) ;

* An Introduction to Least Commitment Planning Daniel S. Weld, 1994
World description, goal, and domain theory; search with progression and
regression forward or backward planners — from initial states or from the goal;
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coherent planning vs situated (deliberative vs non-deliberative, reactive); plan
space or state space; branching in all positions, not only the end or the beginning
of the plan; ... selection of goal, action, ... partial order (POP — partial order
planning); causal links — provide preconditions for other actions; threats
(changes which alter the state and the plan — invalidate causal links and require
resolution with promotion or demotion — reordering of actions, or confrontation);
static & dynamic universes; least-commitment planning: avoid premature
commitments, deferred decisions; STRIPS: propositions, conjunctive goals and
add/delete lists; subgoal interactions (Sussman anomaly, A,B,C blocks, order of
actions). Planning in planning space: nodes are plans; edges are refinements of
the plans. [TA: cmp. PPO, proximal policy optimization]

Preconditions and effects. Conditional effects: depend on preconditions.
Universal quantification: for all preconditions. Threat resolution. Closed world
assumption: assuming false for unmentioned literals [cmp. the frame problem].
Agenda: list of open preconditions to address. Unification: matching variables to
bind parameters. Static or Dynamic universe — the latter allows creation and
destruction of objects. Confrontation: resolve threats by negation of problematic
items. Heuristic search: domain knowledge helps guiding the planner.
Maintenance goals — constraints which must hold through the execution, but may
not be stated explicitly, for example “preserve the environment and self-
preserve” etc. Hierarchical planning, case-based planning vs generative
planning: use older plans or generate new from scratch*; explanation-based
planning — experience improves efficiency. Branching factor — search efficiency.
Systematic exploration: no redundant plan exploration. Soundness and
completeness of planners. Plan verification; Null plan — the initial plan <Astart,
Aend> with start/end actions - the planning process “grows” from them. Means-
end analysis ... Atomic planning, deterministic effects, omniscience, sole cause
of change (only agent’s actions); Total Order Planning vs Partial Order planning:
<A; O; L> Actions, ordering constraints and causal links; nondeterministic
“choose” primitive: number of calls to solution, number of possibilities to
consider — branching factor.

[What is really “from scratch”? The methods for generation implicitly encode
the seeds of possible plans]

* Kevin Ellis https://scholar.google.com/citations?user=tVixANMAAAAJ&hl=en

* Dimensionality Reduction via Program Induction., 2015, Kevin Ellis, Eyal Dechter,
Joshua B Tenenbaum https://cdn.aaai.org/ocs/10284/10284-45219-1-PB.pdf — symbolic
dimensionality reduction; programs as a representation for Al systems: prev.work:
(Dechter et al. 2013; Liang, Jordan, and Klein 2010), genetic programming literature
(Poli, Langdon, and McPhee 2008) and from work in Cognitive Science termed

logical dimensionality reduction (Katz et al. 2008).
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* Topics: Genetic Programming, Genetic Algorithms, Evolutionary
Programming ...

See also Self-Improving General Intelligence, Recursive Self-Improvement

https://www.researchgate.net/publication/216301261 A_Field Guide to_Genetic_Pro
gramming p.19/34 “5 preparatory steps: terminal set, function set, fitness measure,
parameters, termination criterion”. Terminal set: external input, functions without
arguments (display, random sampling), constants; Func.set: + - * / ... transforms;
closure: type consistency & evaluation safety (e.g. protected division % if division by
0 returns 1), sufficiency for solving the problem (coverage); can evolve other
structures e.g. by programming the steps of creation of the artifacts: electric circuits or
other graphs or designs, music etc. Param.: population size, probabilities of
performing genetic operations (crossover or mutation) ... Construct the initial
population, seeding... Trees; subtree mutation, node replacement, ... Modular,
grammatical, Developmental Tree-based GP (p.47/62) automatically defined functions,
program architecture & architecture-altering operations; constraining structure;
grammar-based constraints; bias .. Developmental Genetic Programming: cellular
encoding: modify, grow a simple initial structure (embryo) (Gruau 1994, Gruau and
Whitley, 1993 ...) * https://www.genetic-programming.com/gpdevelopment.html
Strongly Typed Autoconstructive GP; Linear vs Graph GP .. Parallel & Distributed;
Probabilistic GP, Estimation Distribution Algorithm (EDA), probability tree:
conditional probability table for each node. Mixing Grammars and Probabilities
[compare “Neurosymbolic”]: program evolution with explicit learning (PEEL) (Shan,
McKay, Abbass, and Essam, 2003. Multi-objective GP/optimizer (e.g. fitness, speed);
Pareto tournament selection... p.77 (92) Bloat & Complexity control .. 9.3 p. 80/96 -
Dynamic and Staged Fitness Functions. Static, but staged. ... classical repair operators
in constrained optimisation. Performance: reduce the cost of fitness,use caches,
compute distributed — in evolutionary sense: spread in different locations that can
interact and sometimes get disconnected etc. GPUs — at the time Geforce 8800, 128
streaming processors @ 1360 MHz, 16 x 8 blocks. 16 KB shared memory, 8*1 KB L1
cache, 4 texture address units, 8 texture filters. ... Effective use of a GPU for GP: only
30 GFLOPs for reverse polish notation RPN post-fix in 2008 [not yet a well developed
GPGPU for that purpose]. FPGA ...

The Sorrow of Al

”Human-competitive results” instead of “intelligence”

Cmp: “Human-Level AI” https://www.human-competitive.org/awards

* John R. Koza, https://www.genetic-programming.com/ List of publications:
https://www.genetic-programming.com/jkpubs72t093.html
https://www.human-competitive.org/

* Koza, John R. 1993a. Simultaneous discovery of detectors and a way of using the
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detectors via genetic programming. 1993 IEEE International Conference on Neural
Networks, San Francisco. Piscataway, NJ: IEEE Press. Volume III. Pages 1794-1801.

http://www.genetic-programming.com/jkpdf/icnn1993pattern.pdf

* Koza, John R. 1993b. Simultaneous discovery of reusable detectors and
subroutines using genetic programming. In Forrest, Stephanie (editor). Proceedings
of the Fifth International Conference on Genetic Algorithms. San Mateo, CA: Morgan
Kaufmann Publishers Inc. Pages 295-302. https://www.genetic-

programming.com/jkpdf/icga1993.pdf

* GP on SPMD parallel Graphics Hardware for mega Bioinformatics Data Mining W.
B. Langdon, A. P. Harrison, 2008 — GeForce 8800 GTX, RapidMind’s GPGPU ...
http://www0.cs.ucl.ac.uk/staff/W.I.angdon/ftp/papers/langdon 2008 SC.pdf

* Genetic Programming Theory and Practice XVIII, Ed. Wolfgang Banzhaf,
Leonardo Trujillo, Stephan Winkler, Bill Worzel, 2022
https://link.springer.com/book/10.1007/978-981-16-8113-4 ARC — Abstract
regression classification

* Ch. Feature Discovery with Deep Learning Algebra Networks, Michael F.

Korns
https://www.researchgate.net/publication/355439099 Feature Discovery with Deep

Learning Algebra Networks

* Genetic Programming Symbolic Classification: A Study, Conference paper, 7.
2018 Conference paper, Genetic Programming Theory and Practice XV, Michael F.
Korns — vs Symbolic regression

* Highly Accurate Symbolic Regression with Noisy Training Data, Chapter,

Michael F. Korns, 22.12.2016 https://www.researchgate.net/profile/Michael-
Korns/research

* Extreme Accuracy in Symbolic Regression, Michael F. Korns, 4.2014 in book
Genetic Programming Theory and Practice XI Publisher: Springer Editors: Rick Riolo
(Editor, Jason H. Moore (Editor, Mark Kotanchek (Editor ...— commercial applications
& free; commercially deployed regression package which handles up to 50 to 10,000
input features using specialized linea rlearning (McConaghy, 2011); heurism
(heuristics), Generalized Linear Model (GLM) (Nelder and Wedderburn (1972) —
GLMs can represent any possible nonlinear formula. pareto, islands,

* Eureqa Desktop - Eureqa uses a breakthrough machine learning technique called
Symbolic Regression to unravel the intrinsic relationships in data and explain them as
simple math. (Initially by Cornell university) = https://www.datarobot.com/
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https://web.archive.org/web/20141009020835/http://www.nutonian.com/products/eure
qa/

* Distributed Evolutionary Algorithms in Python https://github.com/DEAP/deap
https://deap.readthedocs.io/en/master/
https://deap.readthedocs.io/en/master/tutorials/advanced/gp.html

https://deap.readthedocs.io/en/master/tutorials/advanced/constraints.html
SCOOP (Scalable COncurrent Operations in Python)

https://github.com/soravux/scoop

* See an additional summary of topics and concepts in Evolutionary and
Genetic Algorithms in a table below this one.

* Liang, P.; Jordan, M. L.; and Klein, D. 2010. Learning programs: A hierarchical
bayesian approach. In Furnkranz, “J., and Joachims, T., eds., ICML, 639-646.

Omnipress. https://people.eecs.berkeley.edu/~jordan/papers/liang-jordan-klein-
icml10.pdf

* Poli, R.; Langdon, W. B.; and McPhee, N. F. 2008. A field guide to genetic
programming. Published via http://lulu.com and freely available at http://www.gp-
fieldguide.org.uk (With contributions by J. R. Koza).

* Unsupervised Learning by Program Synthesis, Kevin Ellis, Armando Solar-
Lezama, Joshua B. Tenenbaum, 2015.
*https://proceedings.neurips.cc/paper_files/paper/2015/file/b73dfe25b4b8714c029b37a6
ad3006fa-Paper.pdf

,» the idea that inductive learning should be thought of as probabilistic inference over
programs is at least 50 years old.” Sketching ... Symbolic search; Satisfiability; Modulo
Theories (SMT); SMT solver; Visual concept learning: a set of example images, parse
them into a symbolic form, synthesize a program that maximally compresses these
parses. Synthetic Visual Reasoning Test (SVRT); containment relations contains(i, j);
DSL ... teleport(position[0], initialOrientation); draw(shape[0], scale = 1);
move(distance[0], Odeg). Turtle commands. Grammar rule English description E - (M;
D) ... Visual: + Alternate move/draw; containment relations; borders relations M —
teleport(R, 80) Move turtle to new location R, reset orientation to .. M — move(L, A);
M - flipX(|flipY(); M - jitter() ; — draw(S, Z); Z — 1|z1|z2| - - - Scale .. positions,
shapes, lengths; contains, contains? (optional), borders, borders? (optional) between
integer indices... English: Morphological rule learning grammar ... 4.1 Related Work:
Inductive programming systems have a long and rich history. .. Stochastic search:
genetic programming or MCMC. Others: constrain the hypothesis space to enable fast
exact inference. The inductive logic programming — Prolog programs using heuristic
search. .. Recent successes of systems that put program synthesis in a probabilistic
framework. .. introduction of solver-based methods for learning programs. Synthesizing
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programs from large datasets is difficult; complete symbolic solvers scale poorly with
the increase of the problem size. Counter Example Guided Inductive Synthesis (CEGIS).

* Ray J Solomonoff. A formal theory of inductive inference. Information and control,
7(1):1-22, 1964

* Counterexample Guided Inductive Synthesis Modulo Theories*, Alessandro
Abate, Cristina David, Pascal Kesseli, Daniel Kroening, Elizabeth Polgreen, 2018 ...
CEGIS(T) (counterexample — upe3 fjoka3BaHe Ha MPOTUBHOTO?; (Upe3) ONpoBep KeHue)
SVRT: The Synthetic Visual Reasoning Test Challenge, 11.3.2010
https://k4all.org/2010/03/the-synthetic-visual-reasoning-test-challenge/

23 hand-designed, image-based, binary classification problems. The images are binary
and with resolution 128%128. For each problem we have implemented a generator

in C++, which allows one to produce as many i.i.d samples as desired.
http://www.idiap.ch/~fleuret/svrt/svrt.pdf [ “not found” and missing in archive.org]

* Comparing machines and humans on a visual categorization test, Francois
Fleuret francois.fleuret@idiap.ch, Ting Li, Charles Dubout, +2 , and Donald Geman
https://www.pnas.org/doi/10.1073/pnas.1109168108 ... two disjoint “categories” of
image a compositional “rule. “inside,” “in between,” and “same.” ... the SVRT
is designed to focus on one in particular—abstract reasoning. ... purposely removed

many of the subtasks and complications encountered in parsing images acquired from
natural scenes: There is no need to recognize natural objects or to account for volume,
illumination, texture, shadow, or noise. Moreover, being planar and randomly
generated, the shapes are“unknown” to humans, which ameliorates our advantage
over machines due to extensive experience with everyday objects and a three-
dimensional world. (...) People tend to characterize a category in phrases such as:
“the two shapes are in contact,” “the two halves of the picture are symmetric,” “the
shapes are aligned with the large one between two small ones.” ... One or more of the
Gestalt principles of perceptual organization (9, 10), including proximity, similarity,
symmetry, inclusion, collinearity, and others. They are higher-order (nonlocal)
configural properties of the displays that biological visual systems have evolved to
perceive effortlessly as part of scene understanding. ... They only have direct access to
information of the sort “there is an elongated dark area,” “the black pixels are spread
out,” “there is a patch with edges all in the same direction.”. Cmp: Bongard, 1967.
“Chairs, Caricatures, ...”, 2012, TOUM

* PASCAL?2 — Pattern Analysis, Statistical Modeling and Computational Learning
https://web.archive.org/web/20110120220358/http://pascallin2.ecs.soton.ac.uk/Challen
ges/ ... https://web.archive.org/web/20110215170401/http://Ishtc.iit.demokritos.gr/ ~
2011 Large Scale Hierarchical Text classification (LSHTC2)

* Algorithms for Learning to Induce Programs, Kevin Ellis, 2020, PhD Thesis, MIT;
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supervisors: Joshua B. Tenenbaum & Armando Solar-Lezama ...
https://dspace.mit.edu/bitstream/handle/1721.1/130184/1241081869-
MIT.pdf?sequence=1&isAllowed=y ...

mentioned (in thanks) Kliment Serafimov (North Macedonia, undergrad.) on
DreamCoder

https://cdn.aaai.org/ocs/10284/10284-45219-1-PB.pdf

* Is Programming by Example solved by LL.Ms?, Wen-Ding Li, Kevin Ellis,
6.2024/19.11.2024 https://arxiv.org/pdf/2406.08316 PBE: Given input-output examples
of a hidden algorithm, they seek to construct the source code of the underlying function;
algorithms on vectors of numbers, string manipulation macros, and graphics
programs in LOGO/Turtle. Pick a program p from {p € L : p(Xi) = p(Yi), Vi}. Succeed if
p(X'j) = p(Y'j), Vj (1) ... FlashFill’s Basic prompting: List functions is a PBE domain
meant to model a “programmer’s assistant”. Classic PBE: Traditional approaches to
programming-by-examples operate by symbolically searching or solving for programs
consistent with the input-output examples [13, 49, 2, 1, 37, 6]. They use
domain-specific programming languages that are designed to either enable efficient
search and/or bias the system toward functions that are likely to generalize new inputs.
Related Work: Automatic data generation with LLMs, such as self-instruct [32],
WizardCoder ... Collectively these results suggest that LLMs make strong progress
toward solving the typical suite of PBE tasks, potentially increasing the flexibility and
applicability of PBE systems.

* Code Repair with LL.Ms gives an Exploration-Exploitation Tradeoff, Hao Tang
Cornell, Keya Hu ... Kevin Ellis (7), Cornell University, Shanghai Jiao Tong University,
29.10.2024 — refinement, explore-exploit tradeoff: n arm-acquiring bandit problem,
Thompson Sampling, loop invariant synthesis, visual reasoning puzzles, and competition
programming problems. Correct, repair, or debug its initial outputs; a tree of possible
programs; branching factor is infinite; transition function is stochastic; “rollouts” would
demand a prohibitively expensive series of LLM calls to refine down to some maximum
depth. REx (REfine, Explore, Exploit); a multiarmed bandit framing: different actions
correspond to refining different programs; reward corresponds to the quality of

a newly generated program; and maximizing discounted future reward corresponds to
solving the programming problem in the minimum number of LLM calls.

Bandit problems [multi-armed bandit: maximize the reward of a set of possible actions]
Thompson Sampling — a probabilistic method for solving bandit problems; it updates
beliefs (prior/posterior) about each arm’s reward distribution, Bayes rule; at each step the
model samples the beliefs and pulls the arm with the highest expected reward. Loop
Invariant Synthesis: formal verification; automatically find invariant conditions, which
are always true during a loop execution. Z3 theorem: check invariants against three
criteria: precondition, induction (invariant holds after each iteration) and postcondition.
Solver. ... Tasks: Bandits and Tree Search. [classic] tree search algorithms introduce
an explore-exploit tradeoff; Monte Carlo Tree Search (MCTS) is the canonical tree
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search algorithm that relies on this insight. However, REx has a different structure: no
rollouts, backups, or tree traversals. Instead: ... the refinement process [in the LLMs]:
any node can be further expanded (infinitely), every node can be treated as a terminal
node, and node expansions are very expensive (so rollouts would not be practical). To the
best of our knowledge, it is not possible to apply MCTS or any of its standard variants
[35, 36, 37] to our problem statement out-of-the-box because of these unique properties.
Bandit-based algorithms have also been applied for fuzz testing [38, 39], where code
coverage is more important and code mutation is performed instead of code refinement
.... Competition programming APPS dataset. Visual reasoning puzzle (ARC, Chollet) ...
Limitations and Future Directions: only modestly more effective at actually solving
more problems overall in the large-compute limit: Its advantages are largest when
viewed through the lens of minimizing cost, and of being robust across hyperparameters
and datasets.

See the sample tasks in the APPS, sample ARC problems and their solutions etc. [numpy
matrices in Python...]; Human-Written Hypotheses; non-linear polynomial arithmetic,
LLM invariant gen. ...

and interacting with the environment Hao Tang, Darren Key, Kevin Ellis,
16.12.2024, 65 pages.
https://proceedings.neurips.cc/paper_files/paper/2024/file/820c61a0cd419163ccbd2c33
b268816e-Paper-Conference.pdf model-based agent that builds a Python program
representing its knowledge of the world based on its interactions with the environment.
The world model tries to explain its interactions, while also being optimistic about
what reward it can achieve. ... a logical constraint between a program and a planner.
Gridworlds, task planning — more sample efficient than deep RL, more compute-
efficient than ReACT LLM agents and can transfer knowledge by editing its code.
Related work p.8 “Exploration & Optimism in the face of (model) uncertainty”
Programs as world models. Programs as Policies. LLMs for decision-making; LLMs
for building world models; LLMs as a world model; Neurosymbolic world models,
World models. ... Appx p. 18-20 — Data-consistent reward-func (random guess given
the textual mission) Data-consistent transit-func (figured out how to rotate) ...
Goal-driven transit-func (imagine how to pickup, toggle, and drop, without
interactions) ... p.26 Planning: MCTS ... Minigrid, Sokoban — synthesized (transition,
reward) function (p.30); p.31: synthesized world model for Alfworld. Prompts ...
(Initialize, run, refine) (reward, transit-func). Gener. Reward func. for new goals.
Refine to satisfy optimism under uncertainty ... * https://haotang1995.github.io/
Cmp, see: * Code as Reward: Fmpowering Reinforcement I.earning with VI.Ms,
David Venuto, Sami Nur Islam, Martin Klissarov et al., 2.2024.
https://arxiv.org/pdf/2402.04764

* On the Modeling Capabilities of Large Language Models for Sequential
Decision Making” by Martin Klissarov, Devon Hjelm, Alexander Toshev and
Bogdan Mazoure, 10.2024 — Bx. A.Toiues. https://arxiv.org/abs/2410.05656 See
“MaptuH Kimcapos®.
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* Dreamcoder: Bootstrapping inductive program synthesis with wake-sleep library
learning, K.Ellis et al. (9), 2021 https://dl.acm.org/doi/pdf/10.1145/3453483.3454080
Wake-sleep cycle neural search ... structure hypothesis — program sketch, DSL etc. —
make the program search tractable by restricting it to a limited space of possible
expressions... Problem-solving domains: List processing, Text-editing, Regexes, LOGO
graphics, Block Towers, Symbolic Regression, Recursive Programming, Physical Laws ...
building a library from the initial primitives to more advanced functions to form a
hierarchically organized layers of functions. A training corpus of synthesis problems and
a base language. Two cycles: Wake: Recognition network (RN)— an auxiliary one which
proposes latent variables; Sleep: trains it back with generated samples. The recognition
network learns to map specifications to programs, while the generative model is a
probability distribution over programs (latent variables). RN — a neural search policy.
Abstraction Sleep and DreamSleep. @Vsy: Obrb; @Bcu: O6p6

* See the appendix #anelia for Alex Toshev’s work and the main volume for Martin
Klissarov’s.

* The ,,wake-sleep algorithm for unsupervised neural networks. Geoffrey E Hinton,
Peter Dayan, Brendan J Frey, and Radford M Neal. 1995. Science 268, 5214 (1995),
1158-1161.

* Robert John Henderson. 5.2014. Cumulative learning in the lambda calculus. Ph.D.
Dissertation. Imperial College London. https://doi.org/10.25560/24759
https://spiral.imperial.ac.uk/entities/publication/3ed1e305-2f76-49e7-bfff-279945f78aeb
“cumulative learning” — the automatic acquisition of the knowledge necessary for
solving harder problems through experience of solving easier ones; p.4(9) “Progression
to more difficult problems is made possible via the incremental accumulation of
knowledge. “; inductive programming; the technique of abstraction: lambda calculus
rather than first-order logic; however, the first-order Inductive Logic Programming (ILP)
is more mature; p.11 (5) “The standard mechanism for ‘progressing to more difficult
problems’ is the input of human expertise.” However, ML systems “that accumulate their
own expertise and domain-specific knowledge through problem-solving experience ...
will be more flexible and ... applicable in a much wider variety of situations without the
need for reprogramming or tuning by a human operator.” .. the dream of ‘strong AI’ or
‘artificial general intelligence’.. Since the 1970s, strong AI has been an emotive, almost
taboo topic among artificial intelligence researchers' .. However, in recent years some
prominent Al scientists are starting to talk about strong Al as a serious research topic in
public again [Bengio et al., 2013; Hutter, 2012; Schmidhuber et al., 2011; Maei and
Sutton, 2010]. “

* P. Michelucci and D. Oblinger. Cumulative learning. In C. Sammut and G. Webb,
editors, Encyclopedia of Machine Learning, pages 249-257. Springer, 2010
https://www.researchgate.net/publication/247935122 Cumulative_Learning ... +

99


https://dl.acm.org/doi/pdf/10.1145/3453483.3454080
https://doi.org/10.25560/24759
https://spiral.imperial.ac.uk/entities/publication/3ed1e305-2f76-49e7-bfff-279945f78aeb
https://www.researchgate.net/publication/247935122_Cumulative_Learning

The Prophets of the Thinking Machines: Appendix Lazar: Lots of papers ...

inductive transfer, but in this context “the transfer of knowledge to new tasks, not the
underlying learning algorithms”; related: meta-learning, learning to learn
*CONFUCIUS (Cohen, 1978; Cohen & Sammut, 1982) — an instructor teaches the
system concepts, long term memory; new concepts are matched against stored concepts —
re-describe the examples in terms of the background knowledge ... the system becomes
capable to describe complex objects more compactly with the accumulation of more
knowledge. Synonyms: Continual learning, Lifelong learning, Sequential inductive
transfer. Learning: Agency, Utility, Domain knowledge acquisition (deliberative —
selected based on estimated utility or reflexive — all); Task awareness — identify,
recognize the beginning and end of a new task... Estimated sample complexity, number
of exemplars, generalization accuracy; efficacy: whether inductive bias improves
generalization; efficiency: comput.time with or without inductive bias.; instructional
computing; Indexing method — comparison process, either by exemplars or by
representatons (where the authors mean NNs-like weights or a vector); indexing
efficiency. Knowledge representation — functional: exemplars or representational:
hypotheses. Retention efficacy vs efficiency = accuracy vs comput./memory cost. Meta-
knowledge. ... MTL — multi-task learner, Caruana 1993. Long-term memory & Short-
term memory (LTM, STM). Inductive(bias, (parallel, sequential) transfer); explanation-
based learning; (Agency & Ultility) (Single, Task-based)(learning method selection)

* Claude Sammut Geoffrey I,. Web (ed.) Encyclopedia of Machine Learning, 2011

* Learning Libraries of Subroutines for Neurally-Guided Bayesian Program
Induction, Kevin Ellis, Lucas Morales et al., Part of Advances in Neural Information
Processing Systems 31 (NeurIPS 2018)
https://papers.nips.cc/paper_files/paper/2018/file/7aa685b3b1dc1d6780bf36f7340078c9-
Paper.pdf — Learning polynomials (smooth graphs) and rational functions (sharp
discontinuous like cardiogram) ... DSL; number of continuous degrees of freedom... (*
real (+ x real)); explore-compile, explore-compress (learn a generative model); EC?,
bidirectional GRU ...

* Learning to infer graphics programs from hand-drawn images, Kevin Ellis, Daniel
Ritchie, Armando Solar-Lezama, Josh Tenenbaum, 2018 , NIPS
https://proceedings.neurips.cc/paper/2018/file/6788076842014c83cedadbe6b0ba0314-
Paper.pdf ~LaTeX, DL+program synthesis (PS); CNN — plausible primitives; PS to
recover a graphics program; variable bindings, iterative loops, conditionals; correct &
extrapolate graphics with the program

* Top-down synthesis for library learning, Matthew Bowers, Theo X Olausson, Lionel
Wong, Gabriel Grand, Joshua B Tenenbaum, Kevin Ellis, Armando Solar-Lezama, 2023
https://dl.acm.org/doi/pdf/10.1145/3571234 - corpus-guided top-down synthesis, DSL.
The algorithm builds abstractions directly from initial DSL primitives, using syntactic
pattern matching of intermediate abstractions to intelligently prune the search space and
guide the algorithm towards abstractions that maximally capture shared structures in the
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corpus. “Stitch”, parallel Rust, alg. comp. to Deductive libraries of DreamCoder: 1000 —
10000 times faster and 100 times less memory with better or comparable quality
(compressivity). Initial DSL: connect | transform | matrix | circle | line | 0|1 |2 2
(connect (connect (transform (repeat (transform line (matrix 1 0 -0.5 (/ 0.5 (tan (/ pi
8))))) ... ...Stitch: Draws polygons parameterized by number of sides and side length 2>
learned_fn — then use it as an abstractin with the basic ones (“connect”, “transform”,
...) Strict Dominance = Pruning .. Complete or Partial Abstraction - Max utility;
Holes; Grammars; Library. Corpus Guided Top-down Search and Synthesis (CTS).
Match Locations, Corpus Grammar; Rewrite strategy ~ Branch & Bound; Top-down;
Rewrite Strategy Expansion; Abs; Var; Hole; Downshift. Lambda Unify ...

Matches(P, A???) = Partial Abstractions ... Incremental Match; Context-expression pairs.
Redundant Arguments Elimination and Deductive Rewriting. Initial DSL ... = Functions
-> Replace with the new functions (compress the representation, the code, ...)
learned_fn_0 = (Ix.ly(1...(...()))) ... Learned library s new abstractions ... Rewritten

compressed programs ...

* Write, Execute, Assess: Program Synthesis with a REPL, Kevin Ellis, Maxwell
Nye et al., 2019, https://www.sciencedirect.com/science/article/pii/S0004370221000722
https://proceedings.neurips.cc/paper_files/paper/2019/file/50d2d2262762648589b194307
8712aa6-Paper.pdf Advances in neural information processing systems Context-free
grammar, Markov decision process (CFG,MDP): State, action, transition, reward. Code-
Writing Policy n and the Code-Assessing Value v. Interleave code writing & code
assessing. Sequential Monte Carlo. Inverse CAD (3D). 2D graphics: P->E—>circle|
quadrilateral ... 3D: sphere, cube, cylinder ( radius, ...) ... String Editing
Programming Language p.11: Program, Expression, Nesting, Regex; Type, Case,
Delimiter, Index, Boundary: Start | End. 2-3 days training on P100 GPU, millions of
examples for the 3D CAD. 24000 x 4000 for string editing (iterations x batch size) ... >
* Diffusion On Syntax Trees For Program Synthesis, Shreyas Kapur, Erik Jenner,
Stuart Russel, University of California, Berkeley, 30.5.2024 https://arxiv.org/pdf
/2405.20519 Reverse graphics programs — Diffusion for discrete data & code generation;
Program synthesis for inverse graphics;

* From perception to programs: regularize, overparameterize, and amortize, Hao
Tang, Kevin Ellis, 7.2023 https://proceedings.mlr.press/v202/tang23c/tang23c.pdf
Synthesizing neurosymbolic programs; mixing discrete symbolic processing with
continuous neural computation.

* Program Synthesis with Pragmatic Communication, Yewen Pu, Kevin Ellis, Marta
Kryven, Joshua B. Tenenbaum, Armando Solar-Lezama (MIT), 2020 a pragmatic
program synthesizer .. asks why an informative user would select that specification — for
resolving the ambiguity in program synthesis; inductive biases; recursive pragmatics
incremental pragmatic model via version space algebra. a reference game, a speaker-
listener pair (S, L) cooperatively communicate a concept h € H using some atomic
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utterances u € U — see also SHRDLURN [23]

* Making sense of raw input, Richard Evans, Matko Bosnjak, Lars Buesing, Kevin
Ellis, David Pfau, Pushmeet Kohli, Marek Sergot, 1.10.2021 — apperception task;
parsing input; post-hoc interpretation vs unsupervised learning — take a temporal
sequence of raw unprocessed sensory information and produce an interpretable theory
capturing the regularities in that sequence. Apperception Engine .. Finding the most
probable interpretation .. binary NN — BNN.

* Library Learning for Neurally-Guided Bayesian Program Induction, Kevin Ellis,
Lucas Morales, Mathias Sablé-Meyer, Armando Solar-Lezama, Joshua B. Tenenbaum,
2018: EC? - learning a DSL while jointly training a NN to efficiently search for programs
in the learned DSL. Lists, edit text, solving symbolic regression problems (find a formula
for a graph of a function,a numerically given function). ... grows or bootstraps a DSL.
Lists: higher-order filter functions, maximum element in list, ? contains (k) ... character
substitutions; drop a character until reaching a specific other char, abbreviate a sequence
of words (LISP-like code) ... polynomials of different orders ... fo(x) = (+ x real), f1(x)
= (f0 (* real x)) ... program induction. “In contrast to computer assisted programming
[7] or genetic programming [8], our goal is not to automate software engineering, to
learn to synthesize large bodies of code, or to learn complex programs starting from
scratch. Ours is a basic Al goal: capturing the human ability to learn to think flexibly
and efficiently in new domains.” Human-like: skilled coders build libraries of reusable
subroutines that are shared across related programming tasks. EC?> = ECC =
Explore/Compress/Compile. Enumeration, instead of using sophisticated algorithms for
program search. Why? A general approach that doesn't require special conditions on the
space of programs. Prior work: Metagol, FlashFill (hand-engineered DSL); neural:
RobustFill; hybrid: neural-guided deductive search; hybrid: DeepCoder. A frontier of task
x —explore... 2017 SyGuS competition; EC? learns from and critically needs a corpus of
training tasks (...) proposing small changes ... Fragment Grammars [17] and Tree-
Substitution Grammars [27], and is closely related to the idea of antiunification [28, 29].
6. Related work: Schmidhuber’s OOPS model; MagiHaskeller. ... 7. Another direction is
to explore DSL meta-learning: can we find a single universal primitive set that could
effectively bootstrap DSLs for new domains, including the three domains considered, but
also many others?

* Bootstrap learning via modular concept discovery. Eyal Dechter, Jon Malmaud,
Ryan P. Adams, and Joshua B. Tenenbaum. In IJCAI, 2013. (EC)
https://www.ijcai.org/Proceedings/13/Papers/196.pdf Starting with a stochastic grammar,
learning to compress it, exploring unknown spaces. A frontier: finite set of expressions
to be evaluated in an iteration; a frontier size N — number of elements in the fr. The task
is ”hit” by the frontier if it is solved by an expression found in the frontier. Exploring
the frontier by enumerating the N most probable expressions from the current distribution
D, compressing the hit tasks to estimate a new distrib. 3.1. A basis of combinators,
primitive combinators — identity, composition, ... lambda calculus: application &
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abstraction; combinatory logic; variable routing of the basis combinators, thus a variable-
free representation. Program = binary tree. 3.2. Stochastic Grammar over Program —
Feldman et al. 1969 (SG) ... C = cl,...,cN — primitive combinators; D = p1, ..., pN —
prior probability distribution of each ci. Products of prob.; maximum likelihood
estimation; ... 3.3 Best-first Enumeration of Programs 3.4. The most compressive set of
solutions: number of unique trees 3.5. Re-estimating the SG. 4.2. Boolean function
learning ...

* Grammatical complexity and inference. Jerome A. Feldman, James Gips, James J.
Horning, and Stephen Reder. Stanford University, 1969.

https://www.researchgate.net/publication/265065712 Grammatical Complexity and Inf
erence induction, infer grammars, grammar-grammar; universal terminal alphabet &

universal variable alphabet — sets of symbols; e - empty string; empty set. S* - finite
strings context-free grammar CFG: G = (V,T,X,P) ... production rules Z->w ...
intermediate string ; leftmost derivation d(y,w,G); G — totally reduced if no rules: Z->e,
Zi > Zj ... e-free language ... a positive information sequence — each sentence in the
language occurs in the sequence = frequency distribution; relative freq. ... n(X) X finite
set of objects (strings) — cardinality r = n(T) — number of terminal symbols in the
alphabet T ... P.17: Grammar complexity, measures .... P.43 Grammatical inference:
“Many definitions of learnability are possible ... “ [Gold 67] — derives from [Gold 65] —
limiting recursion. ... p.54 if a grammar is too large, there must be some redundant rules.
Ch.4. Programs for Grammatical Inference; a pivot grammar

* Human-level concept learning through probabilistic program induction. BM Lake,
R Salakhutdinov, JB Tenenbaum. Science 350 (6266), 1332-1338, 2015
https://www.cs.cmu.edu/~rsalakhu/papers/LakeEtAl2015Science.pdf — humans can
generalize from a single example, while machines requires tens or hundreds ...

A generative model of handwritten characters., Fig. 3., p.3.1334: GenerateType: sample
in a sequence (number of parts, number of subparts, sub-part sequences); sample relation
-> gen. token > return @generate_token; procedure generate_token: add motor variance,
sample part’s start location, compose a part’s trajectory ... sample affine transform;
sample image; how a human and the machine parse the drawing

See also patents, samples of their style and content, by Kevin Ellis et al.

* Behavior feature use in programming by example, Inventors: Sumit Gulwani, Kevin
Michael Ellis; publ.date: 2020/6/30, Patent office US, Patent number 10698571;
Application number 15394238
https://patentimages.storage.googleapis.com/4d/62/4c/ed533491e396f9/US10698571.pdf

Also: Temporal rule-based feature definition and extraction (executable traces etc.)
https://patents.google.com/patent/US8538909B2/en Microsoft “A temporal rule-based
feature extraction system and method ... temporal-based rules satisfied by a trace. Once
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a temporal-based rule is found that is satisfied by the trace, then embodiments of the
temporal rule-based feature extraction system and method leverage that rule to either use
as a feature or to extract additional features. The extracted feature then is used to
characterize the trace. Embodiments of the system include” ... extrinsic & intrinsic
features similarity measures of two traces...

* Large Language Models for Software Engineering Survey and Open Problems,
Angela Fan, Beliz Gokkaya, Mark Harman, Mitya Lyubarskiy et al. 11.2023
https://arxiv.org/pdf/2310.03533 — the output from an LLM is not only code, but also
other software engineering artefacts: requirements, test cases, design diagrams,
documentation etc. explanation. Code Generation. Prompt Engineering for Improved
Code Generation. Hybrids of LLMs and other Techniques. Scientific Evaluation of LLM-
based Code Gen. Generating New Tests Using LLMs. Test Adequacy Evaluation. Test
Minimisation. Test Output Prediction.Test Flakiness. Debugging and Repair.
Performance Improvement. Clone Detection and Reuse. Refactoring

Existing large language models for code generation: CodeBERT February 2020
Microsoft 125M, CodeX August 2021 OpenAl 12B, Copilot October 2021 Github and
OpenAl 12B ... InCoder April 2022 Meta 6.7B, 1.3B ...

* Bulgarian Researchers: Boian Alexandrov et al.

* Enhancing Code Translation in Language Models with Few-Shot Learning via
Retrieval-Augmented Generation, Manish Bhattarai, ..., Boian Alexandrov et al.,
7.2024 Fortran to C++ https://arxiv.org/pdf/2407.19619 ; CFortranTranslator:
https://github.com/CalvinNeo/CFortranTranslator Fortran90/Fortran77 code to C++14

* HEAL: Hierarchical Embedding Alignment Loss for Improved Retrieval and
Representation Learning, Manish Bhattarai, ... Valentin Stanev, Vladimir Valtchinov,
Boian Alexandrov et al. 5.12.2024 https://arxiv.org/pdf/2412.04661

* https://cnls.lanl.gov/External/people/Boian Alexandrov.php - Los Alamos Center for
Non-linear studies
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* Topics: Transformer architectures for images and for reducing
the quadratic complexity

* Jakob Uszkoreit: “the father” of the Transformer
https://scholar.google.com/citations?user=mOGObwsAA A AJ&hl=de

* Image Transformer, Niki Parmar, Ashish Vaswani, Jakob Uszkoreit, f.ukasz
Kaiser, Noam Shazeer, Alexander Ku, Dustin Tran, 2018
https://proceedings.mlr.press/v80/parmar18a/parmar18a.pdf

* Music transformer, Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit,
Noam Shazeer, Ian Simon, Curtis Hawthorne, Andrew M Dai, Matthew D Hoffman,
Monica Dinculescu, Douglas Eck, 9.2018 https://arxiv.org/pdf/1809.04281
“Self-attention over its own previous outputs allows an autoregressive model to
access any part of the previously generated output at every step of generation. By
contrast, recurrent neural networks have to learn to proactively store elements to be
referenced in a fixed size state or memory, potentially making training much more
difficult. We believe that repeating self-attention in multiple,

successive layers of a Transformer decoder (Vaswani et al., 2017) helps capture the
multiple levels at which self-referential phenomena exist in music.”; relation-aware
version of self-attention

* Set Transformer: A Framework for Attention-based Permutation-Invariant
Neural Networks, Juho Lee, Yoonho Lee, Jungtaek Kim, Adam R.

Kosiorek, Seungjin Choi, Yee Whye Teh, 10.2018/5.2019
https://arxiv.org/pdf/1810.00825

* A decomposable attention model for natural language inference. Ankur Parikh,
Oscar Téckstrom, Dipanjan Das, and Jakob Uszkoreit. In Proceedings of the
Conference on Empirical Methods in Natural Language Processing, 25.9.2016.
https://arxiv.org/pdf/1606.01933 - Self-attention; “decompose the problem into
subproblems that can be solved separately, thus making it trivially parallelizable”;
alignment in statistical machine translation; ... The neural counterpart to alignment,
attention (Bahdanau et al., 2015)”- see the reference above, with Bengio ...

* AN IMAGE IS WORTH 16X16 WORDS: TRANSFORMERS FOR IMAGE
RECOGNITION AT SCALE, Alexey Dosovitskiy , Lucas Beyer , Alexander
Kolesnikov , Dirk Weissenborn , Xiaohua Zhai, Thomas Unterthiner, Mostafa
Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszkoreit, Neil
Houlsby, 6.2021 https://arxiv.org/pdf/2010.11929/1000

Vision Transformers — ViT [Find below a section on ViT]

* Transformers are RNNs: Fast Autoregressive Transformers with Linear
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Attention. Angelos Katharopoulos et al., 8.2020 https://arxiv.org/abs/2006.16236
cmp. to the “quadratic attention” of the transformer (global receptive field,
similarity, softmax of NxN matrix); other methods: weight pruning, weight
factorization, knowledge distillation; replaced token detection; product-key

attention; Transformer-XL (2019) https://towardsdatascience.com/linearizing-
attention-204d3b86ccle

* Transformer-XL: Attentive Language Models Beyond a Fixed-Length
Context, 6.2019 Zihang Dai, Zhilin Yang, Yiming Yang, Jaime Carbonell, Quoc V.
Le, Ruslan Salakhutdinov https://arxiv.org/abs/1901.02860 - captures longer term
dependencies beyond the context window ...
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* Topics: Evolutionary Algorithms | Genetic Algorithms | Genetic
Programming — Part |l

Concepts: Metaheuritic, search algorithm, stochastic (partly random, Monte Carlo,
stochastic approximation (SA), stochastic gradient descent, finite-difference SA, scenario
optimization ...), Genetic programming (GP) — Koza, 1992; Cartesian genetic
programming: spatial grid (2000) , Grammar-guided GP (constraints) — pruning in
initialization; Gene expression programming (2001); Multi-gene GP ... Geometric
semantic GP — direct search in the space of underlying semantics of the programs;
Surrogate GP (2015), Memetic semantic GP (2015), Statistical GP — for generation of
well-structured subtrees (2017); Multi-dimensional GP — novel program representation ...
Search: linear, binary, and hashing. Optimization: local & global
https://en.wikipedia.org/wiki/John Koza | https://www.genetic-
programming.com/johnkoza.html
* 1,000-Pentium parallel computer in Mountain View:

* 1,000-Pentium Beowulf-Style Cluster Computer for Genetic Programming:
https://www.genetic-programming.com/machine1000.html (1000 x Pentium II 350 MHz
x 64 MB RAM = 64 GB in total ... 500 dual-CPU Tyan Tiger 100 (ATX form factor); a
server with 256 MB & 14 GB hard disk ... 100 Mbit LAN; Red Hat Linux 6.0 ...25x40
toroidal grid; ~ %4 or 32 MB per node for the population (30000 individuals, each x 3000
bytes ... ) A 1000-node system: 10M x 3000 individuals, a fitness evaluation in 0.10 sec,
for 10K individuals — 1000 seconds. One generation: 15 minuts, 96 generations per day.
Migration — low-bandwidth ... ~ 12000 SPEC{t95 ... <1% low-bandwidth migration. An
earlier cluster of 70 machines with DEC Alpha CPUs. A related work of smaller scale:

* Bennett, Forrest H 111, Koza, John R., Shipman, James, and Stiffelman, Oscar. 1999.
Building a parallel computer system for $18,000 that performs a half peta-flop per
day. In Banzhaf, Wolfgang, Daida, Jason, Eiben, A. E., Garzon, Max H., Honavar, Vasant,
Jakiela, Mark, and Smith, Robert E. (editors). 1999. GECCO-99: Proceedings of the
Genetic and Evolutionary Computation Conference, July 13-17, 1999, Orlando, Florida
USA. San Francisco, CA: Morgan Kaufmann. Pages 1484 - 1490.
https://www.researchgate.net/publication/220740439_Building a Parallel Computer Syste
m_for 18 000 that Performs a Half Peta-Flop per Day — 10-node DEC Alpha 21164
533 MHz x 64 MB RAM, “half PFLOP” per day on runs of GP. Perhaps ~ Alpha 21064,
188 SPEC{t95. Peak performance per single CPU and node: 2 x 1.066 GIPS + 1.066
GFLOPS. (In FLOP that is theoretical ~ 0,255 PFLOP/day=24 h peak + the integer (twice))
Tosh: Compare to the later generation PCs and GPU/matrix/tensor accelerated clusters.

107


https://en.wikipedia.org/wiki/John_Koza
https://www.genetic-programming.com/johnkoza.html
https://www.genetic-programming.com/johnkoza.html
https://www.genetic-programming.com/machine1000.html
https://www.researchgate.net/publication/220740439_Building_a_Parallel_Computer_System_for_18_000_that_Performs_a_Half_Peta-Flop_per_Day
https://www.researchgate.net/publication/220740439_Building_a_Parallel_Computer_System_for_18_000_that_Performs_a_Half_Peta-Flop_per_Day

The Prophets of the Thinking Machines: Appendix Lazar: Lots of papers ...

Summary and selection of important
concepts in Evolutionary Algorithms |
Genetic Algorithms | Genetic
Programming etc. based on sources from
Wikipedia etc.

Authors: Wikipedia authors et al.

Selection and Edited by: Todor Arnaudov,
27-29.4.2025

Note: The text flows first in the left column,
then returns to the top of the right column.

https://en.wikipedia.org/wiki/Cartesian_genet
ic_programming - graph representation to
encode programs.
https://en.wikipedia.org/wiki/ ... @Vsy:
Concatenate with the titles or use the
URLSs, substitute underscore _ as space
when reading etc.: Search algorithm |
Binary_search | State-space search:
uninformed (depth-first, breadth-first,
iterative deepening, lowest-cost-first
search/Uniform-cost search) ..., informed
search (Heuristic depth-first search, Greedy
best-first search, A* search: SRI Stanford
1968, extension of Dijkstra, shortest path to a
goal (not all paths) — Shakey the robot) ...
State space planning — forward and backward
search ... forward: from the start state to the
target/goal/final state, backward — from the
final state to the initial state (back
propagation).
State_space_(computer_science)

UCS — Uniform cost search: frontier ...
bidirectional variants ... shortest paths
(reach-based routing), hierarchical
decompositions ... transit nodes, transit node
routing (speed up shortest-path routing by
precomputing access nodes in sub-networks
(subdivision) — distances to intermediate
nodes); Shortest_path problem | Shortest-

[{313

path tree | Contraction_hierarchies
https://en.wikipedia.org/wiki/Dijkstra%27s a

Grammatical evolution
Genetic_representation

Genetic_operator

Evolutionary_pressure

Genetic_drift — founder effect ..
Genetic_code

Meme | Memetic_algorithm

Cultural algorithm — Belief spaces
(knowledge): Normative (desirable value
ranges for the individuals; acceptable
behavior in the population), Domain specific
(related to the area of application and the
problem), Situational (events, successful and
unsuccessful solutions), temporal (history of
the search space — temporal patterns of the
search process), Spatial knowledge — the
topography of the search space
Fitness_function — objective or cost function
that is used to summarize, as a single figure
of merit, how close a given candidate
solution is to achieving the set aims. ..
Evolutionary algorithms (EAs): each
candidate solution, also called an individual
is commonly represented as a string of
numbers (“chromosome”). ... niche
differentiation, co-evolvng, fitness landscape
... weighted sum, penalty functions. Pareto
optimization — Pareto-optimal if the
improvement of one objective is only possible
with a deterioration of at least one other
objective. Pareto set of objectives (f1, 2, ...)
to be maximized, constraints. Objectives:
Primary objectives, Auxiliary objectives.
Loss_function |
Test_functions_for_optimization
https://en.wikipedia.org/wiki/Fitness landsca
pe or adaptive landscape: the
relationship(genotypes, reproductive
success). Fitness: Height of the landscape.
Similar genotypes — close to each other,
different — far from each other.

Inferential programming - describing an
intended result to a computer, using a
metaphor such as a fitness function, a test

In
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lgorithm#Practical optimizations and _infinit
e_graphs | Bidirectional search

Genetic_programming | Meta-genetic
programming |
Genetic_improvement (computer_science) |

Search-based software_engineering |
Metaheuristic — a higher-level procedure or
heuristic designed to find, generate, tune, or
select a heuristic (partial search algorithm)
that may provide a sufficiently good solution
to an optimization problem or a machine
learning problem, especially with incomplete
or imperfect information or limited
computation capacity .

Glover, F.; Kochenberger, G.A. (2003).

Handbook of metaheuristics. Vol. 57.

Springer, International Series in

Operations Research & Management

Science. ISBN 978-1-4020-7263-5.

Blum, Christian; Roli, Andrea

(2003). ,.Metaheuristics in combinatorial

optimization: Overview and conceptual

comparison®“. ACM Computing

Surveys. 35 (3). ACM: 268—

308. doi:10.1145/937503.937505
Matheuristics — problem agnostic
optimization algorithms that make use of
mathematical programming (MP) techniques
in order to obtain heuristic solutions.
Problem-dependent elements are included
only within the lower-level mathematical
programming, local search or constructive
components.
Rider optimization algorithm — ROA,
attacker, overtaker, follower, and bypass
rider.
* Binu D and Kariyappa BS (2019).
,» RideNN: A new rider optimization
algorithm based neural network for fault
diagnosis of analog circuits“.
Local search (optimization) — problems that
can be formulated as finding a solution that
maximizes a criterion among a number

specification, or a logical specification, and
then the computer, on its own, would
construct a program needed to meet the
supplied criteria.

Population_model (evolutionary_ algorithm)
— the set of all proposed solutions in an EA in
one iteration — individuals. Island models —
subpopulations, size, neighbourhoods, criteria
for the termination of an epoch; sync or async
migration, migraion rate, migrant selection.
Neighbourhood models — diffusion model or
fine grained model, topological relations.
Locality — isolation by distance. Cellular Eas,
cellular genetic alg. cGA. A commonly used
structure for arranging the individuals of a
population is a 2D toroidal grid
https://en.wikipedia.org/wiki/Panmixia -
global or panmixic model, panmicticism —
uniform random fertilization; random
mating usually implies the hybridising
(mating) of individuals regardless of any
spatial, physical, genetical, temporal or
social preference. ... individuals are able to
move about freely within their habitat,
possibly over a range of hundreds to
thousands of miles, and thus breed with other
members of the population.

Differential evolution

Gaussian_adaptation — normal or natural
adaptation (in GA — mean fitness); climbing a
mountain example : with a normalization
using a Gaussian function around the current
location

Coevolution — mutualism

* Mathematical_optimization ...
Global optimization; branch and bound
methods (BB, B&B) — discrete &
combinatorial optimization problems:
systematic enumeration of candidate
solutions by menas of state space search ...
rooted tree ... interval methods .. cutting-
plane methods ...
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of candidate solutions. |
https://en.wikipedia.org/wiki/Feasible region
#Candidate_solution

Iterated local search - a modification of
local search or hill climbing; “kicking” a
solution out from a local optimum;
perturbation algorithm, (adaptive,optimizing)
perturbation. A simple modification:
iterating calls to the local search routine,
each time starting from a different initial
configuration — repeated local search.
Variable neighborhood search — VNS, more
distant neighborhoods of the current
incumbent solution ... neighborhood change:
descent to local minima and escape from
valleys containing local minima.

Guided local search — a meta-heuristics;

builds up penalties during a search; Selective
penalty modifications; searching through an
augmented cost function .. Tung-leng Lau —
guided genetic programming (GGA)
algorithm. It was successfully applied to the
general assignment problem (in scheduling),
processors configuration problem (in
electronic design) and a set of radio-link
frequency assignment problems (an
abstracted military application).

* Davenport A., Tsang E.P.K., Kangmin Zhu
& C J Wang, GENET: A connectionist
architecture for solving constraint satisfaction
problems by iterative improvement, Proc.,
AAALI 1994, pp. 325-330

Greedy randomized adaptive search proced

Schema (genetic algorithms) — a subset of

strings with similarities at certain string
positions, a template |*

Formal concept analysis — deriving

a concept hierarchy or formal ontology from
a collection of objects and their properties.

.. context‘s ,,concept lattice“. “Restructuring
Lattice Theory“,Rudolf Wille, 1982. “Bodies
of water” ... Software: ConExp[19],
ToscanaJ[20], Lattice Miner[21], Coron[22],
FcaBedrock[23], GALACTIC[24] ..
Biclustering and multidimensional clustering,
knowledge spaces

Fitness (biology) - reproductive success
(Tosh: NB!: not just “adaptability” etc.;
average contribution to the gene pool of the
next generation, made by the same
individuals of the specified genotype or
phenotype. The fitness of a genotype is
manifested through its phenotype. ... Herbert
Spencer’s well-known phrase “survival of the
fittest” should be interpreted as: “Survival of
the form (phenotypic or genotypic) that will
leave the most copies of itself in successive
generations.” Tosh: i.e. in human
populations, currently the people which live
about the worst, the poor nations in Africa,
who reproduce the most, are “the most fitted”
in biological sense by these definitions and
their genes survive better [27.4.2025].
Propensity_probability — disposition,

ure Greedy randomized adaptive search
procedure (GRASP): restricted candidate list
(RCL). Semi-greedy heuristic, ... cost
perturbations, bias functions, memorization
and learning, and local search on partially
constructed solutions... Phase I: the
constructive phase, a feasible solution for the
entire problem is constructed in a stepwise
manner. Then it is used for the local
improvement Phase II.

Gradient_descent — multi-variable

tendency ... to yield a certain kind of
outcome; purported causes, not relative
frequencies.

* Universal Darwinism — @Vsy: ObObr:
beyond biology, but also in psychology,
linguistics, economics, culture, medicine,
computer science, and physics etc.: variation,
selection, heredity or retention ... searching
for the best solution of how to survive and
reproduce by generating new trials, testing
how well they perform, eliminating the
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function , defined and differentiable in a
neighborhood of a point a, then

F(x) decreases fastest if one goes from

a in the direction of the negative gradient of F
... small enough step size or learning rate

Constructive_cooperative_coevolution -
multi-start architecture of GRASP;
decomposition into subproblems; simulation-
based optimisation.

Hill climbing — ridge, alley; plateau, local
maxima;

Hyper-heuristic — search in the space of
heuristics; heuristics to generate heuristics:
HyFlex, ParHyFlex, EvoHyp, MatHH.
http://titancs.ukzn.ac.za/EvoHyp.aspx
Multi-objective optimization — multi-
objective programming, vector optimization,
multicriteria optimization, or multiattribute
optimization, Pareto optimization; multiple-

failures, and retaining the successes.
“organism” is replaced by any recognizable
pattern, phenomenon, or system. ... variation
and selection, and thus adaptation of: genes,
ideas (memes), theories,

technologies, neurons and their connections,
words, computer programs, firms, antibodies,
institutions, law and judicial systems,
quantum states and even whole universes. ...
* Inclusive_fitness (expected fitness returns:
direct/indirect)

Content-addressable_memory (Associative

memory); Data word recognition unit -
Dudley Allen Buck, 1955.

https://en.wikipedia.org/wiki/Multi-

task learning exploiting commonalities and
differences across tasks. inductive transfer
Transfer learning Domain_adaptation

criteria decision making .. trade-offs — two or
more conflicting objectives. A solution is
called nondominated, Pareto optimal, Pareto

Fitness proportionate selection
Evolutionary_algorithm > 1. Randomly

efficient or noninferior, if none of the
objective functions can be improved in value
without degrading some of the other objective
values. Bicriteria optimization, multitask
optimization.
Multiple-criteria_decision_analysis (MCDA,
or MCDM — MCD making) multiple attribute
utility theory, multiple attribute value theory,
multiple attribute preference theory, and
multi-objective decision analysis.
Analytic_hierarchy process - a structured
technique for organizing and analyzing
complex decisions, based on mathematics
and psychology. Choice, ranking,
prioritization, resource allocation,
benchmarking, quality management, conflict
resolution ... Planning, priority setting,
selection among alternatives; forecasting,
total quality management, business process
reengineering, quality function deployment,
balanced scorecard.

generate the initial population of individuals,
the first generation. 2. Evaluate the fitness of
each individual in the population. 3. Check, if
the goal is reached and the algorithm can be
terminated. 4. Select individuals as parents,
preferably of higher fitness. 5. Produce
offspring with optional crossover (mimicking
reproduction). 6. Apply mutation operations
on the offspring. 7. Select individuals
preferably of lower fitness for replacement
with new individuals (mimicking natural
selection).

Return to 2.

Tosh: It doesn’t have to be performed
randomly. For complex, hierarchical and
yet-unknown future organisms/targets the
current higher fitness is not strictly better
— different selection criteria. 28.4.2025

Evolutionary programming — mutation
without crossover. All individuals are
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https://en.wikipedia.org/wiki/Analytic_hierar
chy process_%E2%80%93_car_example :
Choose the best car: cost — purchase price,
fuel costs, maintenance costs, resale value,
safety, style, capacity — cargo, passenger ... 6
cars: Accord Sedan, Accord Hybrid, ...
Pairwise comparing the criteria with respect
to the goal ... Imntensity of importance (1 =
equal, 3 = moderate, 5 = strong, 7 = very
strong, 9 = extreme) quotient: total = 1.0.
(E.g. cost = 0.5m safety = 0.25, style = 0.05,
capacity = 0.2) - then subdivide 1.0 for the
subcategories (e.g. Cost: 0.25 purchase price,
0.5 fuel cost, 0.25 maintenance cost, 0.1
resale value 0.15) etc.

Analytic_network process

Quality function deployment — Japan 1966,
customer desires: WHATS, importance,
engineering characteristics which may be
relevant (HOWs), correlates the two, allows
for verification of those correlations, and
then assigns objectives and priorities for the
system requirements... any system
composition level (e.g. system, subsystem, or
component) in the design of a product, and
can allow for assessment of different
abstractions of a system

Balanced scorecard - management; a
strategy performance management tool;
strategic agenda, monitor performance
against objectives; mix of financial and non-
financial data items (perspectives): financial,
customer, internal process, learning &
growth; a portfolio of initiatives designed to
impact performance of the
measures/objectives. Strategy _map - the
strategic goals being pursued by an
organization or management team. Trade-off
Vector optimization Posynomial — any real
exponents, integer multipliers/coefficients
(cmp. polynomial: non-negative integer
exponents, any real numbers for the
independent variables and coefficients). 2>
Signomial — signomial programming — a

selected for the new population, while in the
evolution strategy ES(p+A) the individuals
have the same probability to be selected.
Evolution_strategy (ES) — natural problem-
dependent representations, so problem

space and search space are identical. ... (ES
introduces Mutation & Selection 1973) ...
derandomized self-adaptation ... usage
information from the old generations .. CMA-
ES weighted multi-recombinations ...
Natural ES — natural gradient ... Limited
memory CMA-ES .. weighted recombination
of general convex quadratic functions
CMA-ES - Covariance matrix adaptation
evolution strategy (CMA-ES) — numerical
optimization | Evolutionary computation |
Gene_expression_programming - Karva
language (Karva notation), K-expression
trees, +a*acbde, head, tail ... open reading
frames (ORFs) (DNA genes, start codon,
amino acid codons, termination codon).
Noncoding regions ... Q*-+abcd = SQRT((a-
b)*(c+d))
https://www.gepsoft.com/gepsoft/APS3KB/C
hapter05/Section1/SS2.htm

Tosh: Q = Sqrt = Square root. (Stack
processing) = pop(operation) = + (plus),
pop(arguments) = c,d = push(c+d). Pop(op.)
= “minus”. Pop(arg) = a,b >
(Execute(Push(Pop(Operation,
Pop(Arguments))).

01234567890

Q*b**+baQba ... fixed length genes, which
however can encode expression trees of
different sizes and shapes. * Automatic
Problem Solver — APS (outdated):
https://www.gepsoft.com/ GeneXproTools
5.0 Modeling made easy. “Automatic
Problem Solver is an extremely flexible
modeling tool designed for Function Finding,
Classification, and Time Series Prediction”
https://www.gepsoft.com/gepsoft/ APS3KB/
https://www.gepsoft.com/gepsoft/APS3KB/C
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relaxation of Geometric_programming —
optimization problem min(f0(x)) where fi(x)
<=1, gi(x)=1... {0, ..., fm are posynomials,
gl, ... gp are monomials. ... closely related
to convex optimization (can be made convex
by means of a change of variables).
Applications: component sizing in IC design,
aircraft design,

Maximum likelihood estimation estimation
for logistic regression, parameter tuning of
positive linear systems in control theory ... *
Application of Signomial Programming to
Aircraft Design, Philippe G. Kirschen,
Martin A. York, Berk Ozturk and Warren W.
Hoburg, Published Online:18 Dec 2017
https://doi.org/10.2514/1.C034378
https://arc.aiaa.org/doi/abs/10.2514/1.C03437

hapter10/Section1/SS1.htm

Open source: GEP4J — GEP for Java Project
PyGEP — Gene Expression Programming for
Python; jGEP — Java GEP toolkit

Fitness functions: 1. Numeric (continuous)
predictions, 2. Categorical or nominal
(binomial & multinomial) — logistic
regressin, 3. Binary or boolean. ...

https://en.wikipedia.org/wiki/L.inear genetic
programming — LGP: sequentially ordered
and executed instructions, cmp: tree genetic
programming (TGP) — usually faster, using
CPU registers etc.; |
https://en.wikipedia.org/wiki/Fish School Se

8?journalCode=ja - compute the optimal
sizing of the wing, tail, fuselage, and landing
gear of a commercial aircraft. These models
are combined together to produce a system-
level optimization model. ... * Applications of
convex analysis to signomial and polynomial
nonnegativity problems. PhD Thesis by Riley
John Murray,
2021https://thesis.library.caltech.edu/14169/
5/Riley%20Murray%20thesis%2C%20June%

201%20deposit.pdf - sums of arithmetic-
geometric exponentials or SAGE approach to
signomial nonnegativity. ...

Convex optimization library embedded
in Python: https:/github.com/cvxpy/cvxpy
CVXPY is an open source Python-
embedded modeling language for convex
optimization problems. It lets you express
your problem in a natural way that
follows the math, rather than in the
restrictive standard form required by
solvers. Convex optimization problems
(COPs), mixed-integer COPs, geometric
programs, and quasiconvex programs. It’s
not a solver and uses other solvers:

arch - population based search alg.: simple
computations in all individuals (“fish”),
means of storing info.: weights, school
barycenter; local computations, low
communications between neighboring
individ., mi.centralized control, some distinct
diversity mechanisms

, scalability, autonomity ...

* Application of chaotic Fish School Search
optimization algorithm with exponential step
decay in neural network loss function
optimization, A. Demidova, A.V. Gorchakov,
2021https://www.sciencedirect.com/science/a
rticle/pii/S187705092100987X

* Weight-based Fish School Search algorithm
for Many-Objective Optimization, Fernando
Buarque de Lima Neto et al. 1.2019
https://arxiv.org/pdf/1708.04745 -
decomposition of the original problem in
clusters; .. penalty-based boundary
intersection. ..

https://en.wikipedia.org/wiki/Grammatical e
volution GE was originally a combination of

the linear representation as used by the
Genetic Algorithm for Developing Software
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Clarabel, SCS, and OSQP etc. The project
started at Stanford University. Solvers:
https://github.com/oxfordcontrol/Clarabel.rs
https://github.com/bodono/scs-python
https://github.com/osqgp/osgp

CVXCORE (C++), Scipy, Numpy

Polytope - flat faces (Dimensions: -1: “nullity”,
0: Vertex, 1: Edge, 2: Face, 3: Cell ... j: j-face ...
Peak (n-3) ... Ridge or subfacet (n-2), Facet (n-
1), (n-1)-face .. n: the polytop itself (the whole).
Polygon: 2D, polyhedron: 3D.
Convex_polytope convex hull ... full-
dimensional if n-dim.obj. in R™
Lasso_(statistics) - Least absolute shrinkage
and selection operator; also Lasso, LASSO or
L1 regularization; both variable selection and
regularization; assumes sparse coeff.
Dependent_and_independent variables
Feature learning — automatically discover
the representations needed for feature
detection or classification from raw data. This
replaces manual feature engineering and
allows a machine to both learn the features
and use them to perform a specific task.
Supervised dictionary learning, Neural

networks; Unsupervised: K-means clustering,
Principal component analysis, Local linear
embedding, Independent component analysis,
Unsupervised dictionary learning. Restricted
Boltzmann machine. Autoencoder. Self-
supervised: unlabeled data, produce deep
feature representations: contrastive,
generative or both; then fine-tuning.
Contrastive: positive & negative samples.
Text: Word2vec is a word embedding .. GPT,
BERT ... [Tosh: Words, tokens: not concepts
and thoughts] Doc2vec. Image: techniques:
transformation, inpainting, patch
discrimination, clustering; context encoders
ImageGPT, 2020* ... Graph —node2vec —
random walks, extends wav2vec; maximize
mutual information: a measure of similarity;
representation of a patch around each node, a
summary representation of the entire graph.

(GADS)[6] and Backus Naur Form
grammars, which were originally used in
tree-based GP by Wong and Leung[7] in
1995 and Whigham in 1996.[8]. Other
related work noted in the original GE paper
was that of Frederic Gruau,[9] who used a
conceptually similar “embryonic” approach,
as well as that of Keller and Banzhaf,[10]
which similarly used linear genomes.
GRAPE, Python, 2022
https://github.com/bdsul/grape

GRAPE: Grammatical Algorithms in Python
for Evolution. GRAPE is an implementation
of Grammatical Evolution (GE) in DEAP, an
Evolutionary Computation framework in
Python. https://github.com/bdsul/grape

GRAPE: Grammatical Algorithms in Python
for Evolution by Allan de Lima
10RCID,Samuel Carvalho 20RCID,Douglas
Mota Dias 1,30RCID,Enrique Naredo
10RCID,Joseph P. Sullivan 20RCID
andConor Ryan 1,*ORCID
https://www.mdpi.com/2624-6120/3/3/39
“...the genotypic level, which ensures that the
respective phenotypes will always be
syntactically correct.”; genotype-phenotype
mapping process

* PonyGE2: Grammatical Evolution in
Python

Michael Fenton, James McDermott, David
Fagan, Stefan Forstenlechner, Michael
O’Neill, Erik Hemberg
https://arxiv.org/abs/1703.08535

src ponyge.py algorithm mapper.py
parameters.py search loop.py step.py fitness
evaluation.py classification.py regression.py
string match.py ... operators crossover.py
initialisation.py mutation.py replacement.py
... representation derivation.py grammar.py
individual.py tree.py stats stats.py scripts ...
utilities ...
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... Video — masked prediction and clustering,
temporal sequence of video frames ... Audio:
Wav2Vec 2.0 — timesteps, temporal
convolutions + transformer on masked
prediction of random timesteps using a
contrastive loss — similar to BERT, however,
the model doesn’t choose over the entire
word vocabulary, but among a set of options.
Multimodal: joint represenations of multipple
data types. ...

* ImageGPT — GPT2-like model for image
generation, early use of transformers for
images. See citations below.

Multimodal representation learning

Mutual information - a measure of the
mutual dependence between the two
variables; the “amount of information” (in
units such as shannons (bits), nats or hartleys)
obtained about one random variable by
observing the other random variable. Linked
to the entropy of a random variable, a
fundamental notion in information theory that
quantifies the expected “amount of
information” held in a random variable.
Feature selection — ... Minimum-
redundancy-maximum-relevance (nRMR),
(Conditional, Joint) mutual information,
correlation, regularized trees (decision tree,
tree ensemble). (Wrapper/embedded) method.
Feature similarity.

Cross-entropy — between two probability
distributions (p,q): the average number

of bits needed to identify an event drawn
from the set when the coding scheme used for
the set is optimized for an estimated
probability distribution g, rather than the true
distribution p. Cross-entropy minimization,
KL divergence ...

Ensemble learning — multiple models;
stacking, voting; Amended Cross-Entropy
Cost: Encouraging Diversity*; Bucket of
models — choose the best model for each

Derivative-free_optimization
https://en.wikipedia.org/wiki/Artificial devel

opment — artificial embryogeny or machine
intelligence or computational development;
morphogen gradients, cell division and
cellular differentiation.

Multi_expression programming — encoding
multiple solution in the same chromosome.
MEPX - a cross-platform (Windows, macOS,
and Linux Ubuntu) free software for the
automatic generation of computer programs.
Libmep https://github.com/mepx
https://www.mepx.org/videos.html
https://www.mepx.org/
http://hackage.haskell.org/package/hmep
Cell_division, Cellular_differentiation, Stem
cell: Stem_cell — self-renewal, potency —
differentiate into specialized cell;

types: totipotent or pluripotent;

Cell potency — unipotency, oligopotency
multipotency. Totipotency — Divide and

produce all of the differentiated cells in an
organism: morula. Blastocyst = pluripotent
inner mass cells = Circulatory system,
Nervous system, immunse system. (Induced)
pluripotency. Progenitor cell — can
differentiate into a specific cell type.

Genotype%E2%80%93phenotype_distinction
Interactive evolutionary computation —
aesthetic selection, human evaluation
Stochatic_optimization,
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problem; Cross-Validation Selection;
Bayesian model averaging, Bayesian model
combination; Boosting — emphasizing mis-
classified data by previously learned models
in the following learning iterations; Bootstrap
aggregating (bagging), Bayes optimal
classifier.

* https://arxiv.org/pdf/2007.08140

Genetic representation (array of bits, bit set,
bit string; array of integer or real value;
binary tree; NL, parse tree, directed graph
etc.), genotype-phenotype mapping;
(phenotype = problem space, genotype =
search space). Direct or complex
representations — genotype-phenotype
mapping. Optimization; captured in local
optimum — escape with a genetic drift.
Genetic operator: mutation, crossover,
selection. Selection: fitness proportionate
(roulette wheel selection) — sometimes a
higher fitness candidate solution is also
eliminated, tournament (sample, compare a
set of two or more) — select the one that’s
better, even if slightly — or other criteria);
truncation: a portion based on fitness (top
10%, 20%, 50% ... - but it is better to keep
some less fit, because they may carry useful
genes for future generations)., stochastic
universal sampling. Rank selection within
the population. Elitist selection — carrying to
the next generation without change,
reproduction. Boltzmann selection — starts
high, low selection pressure (more diverse set
of individuals is selected), then gradually
lowered (increases the selection pressure).
(Compare with Simulated annealing).
Crossover — recombinations of parts of the
genes/code ... Mutation — diversity, prevent
converging to local minimum ... Simple: bit
mutation (flipping random bits) to random
values in a Gaussian distribution to the
current gene value. Combining all operators;
random walk through the search space; noise
tolerant global search algorithm.

fitness function ...
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Wikipedia etc. continue: Feature engineering - Feature extraction ... attributes ...
Clustering. Feature (templates, combinations). Libraries, time series:
https://github.com/predict-idlab/tsflex

https://github.com/dmbee/seglearn https://github.com/fraunhoferportugal/tsfel -

* Barandas, Marilia and Folgado, Duarte, et al. ,,TSFEL: Time Series Feature Extraction
Library.“ SoftwareX 11 ( 2020). https://doi.org/10.1016/j.s0ftx.2020.100456

Statistical, temporal, spectral, fractal; Available features in: Statistical domain: Absolute
energy, Average power, ECDF, ECDF Percentile, ECDF Percentile Count, Entroypy,
Histogram, Interquartile range, Kurtosis, Max, Mean, Mean absolute deviation, Median,
Median absolute deviation, Min, Root mean square, Skewness, Standard deviation, Variance;
Temporal domain: Area under the curve, Autocorrelation, Centroid, Lemepl-Ziv-Complexity,
Mean absolute diff, Mean diff, Median absolute diff, Median diff, Negative turning points,
Peak to peak distance, Signal distance, Slope, Sum absolute diff, Zero crossing rate,
Neighbourhood peaks; Spectral domain: FFT mean coefficient, Fundamental frequency,
Human range energy, LPCC, MFCC, Max power spectrum, Maximum frequency, Median
frequency, Power bandwidth, Spectral centroid, Spectral decrease,Spectral( distance, entropy,
kurtosis, positive turning points, roll-off , roll-on, skewness, slope, spread, variation),
Wavelet(absolute mean, energy, standard deviation, entropy, variance). Fractal domain:
Detrended fluctuation analysis (DFA), Higuchi fractal dimension, Hurst exponent, Maximum
fractal length, Multiscale entropy (MSE), Petrosian fractal dimension. (Fractal domain
features: typically applied to longer signals, usually unnecessary to divide the signal into
shorter windows.)

https://github.com/facebookresearch/Kats

https://tsfresh.readthedocs.io/en/latest/

https://getml.com/latest/ | https://github.com/getml/getml-community — a specifically
customized database Engine for this very purpose... speedup of 60 to 1000 times

(see Benchmarks) over featuretools and tsfresh. https://getml.com/latest/examples/
https://github.com/alteryx/featuretools | https://featuretools.alteryx.com/en/stable/
https://github.com/ashishbhaskar/MCMD - Multi-view Classification framework based on
Consensus Matrix Decomposition

Regularization (mathematics) — a process that converts the answer of a problem to a simpler
one. It is often used in solving ill-posed problems or to prevent overfitting. Explicit/Implicit.
Ly, Lo. ... Set_function - measure theory; family of sets (a collection of sets): set, indexed set,
multiset, class ... a collection F of subsets of a given set S is a family of subsets or a family of
sets over S. ... Submodular set function — or submodular function, a kind of set function:
relationship between a set of inputs and an output, where adding more of one input has a
decreasing additional benefit (diminishing returns).

Diminishing returns ... Problem solving (PS) — achieving a goal by overcoming obstacles:
Simple PS (one or few direct steps), Complex PS. Subproblem labeling. ... well-defined/ill-
defined: Problem finding, problem shaping (framing, simplifying): problem( discovery,
formulation, identification, construction, posing). Domains. PS strategies: abstraction,
analogy, brainstorming, bypasses(transform to another problem that is eaier to solve), critical
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thinking, divide and conquer [aggregate function; decomposable AF: e.g. Average (i.e.,
arithmetic mean), Count, Maximum, Median, Minimum, Mode, Range, Sum; Nanmean
(mean ignoring NaN values, also known as “nil” or “null”) Stddev...; MapReduce]; help
seeking, hypothesis testing, means-ends analysis, morphological analysis,
observation/question, proof of impossibility, reduction, research, root cause analysis, trial-
and-error. Methods. Barriers: mental set (fixation, sticking to previously succesful solution,
rather than search for new and better ones) — see Computer science, ML (~ habit), groupthink.
Confirmation bias. Functional fixedness (seeing objects as having only one function, being
unable to conceive of any novel use). Unnecessary constraints: 9 dots problem, 4 straight lines
(“think outside the box”). Irrelevant information. Avoid barriers by changing problem
representation. The tendency to solve by first, only, or mostly creating or adding elements,
rather than by subtracting elements or processes is shown to intensify with higher cognitive
loads such as information overload. North America’s school for PS, topics: calculation[67]
computer skills[68], game playing[69] lawyers’ reasoning[70], managerial problem
solving[71], mathematical problem solving[72], mechanical problem solving[73], personal
problem solving[74] political decision making[75], problem solving in electronics[76],
problem solving for innovations and inventions: TRIZ[77] reading[78], social problem
solving[11] writing[79]. Complex problem solving CPS: complexity (large numbers of items,
interrelations, and decisions), enumerability, heterogeneity, connectivity (hierarchy relation,
communication relation, allocation relation), dynamics (time considerations), temporal
constraints temporal sensitivity, phase effects, dynamic unpredictability, intransparency (lack
of clarity of the situation), commencement opacity [when the problem begins/end],
continuation opacity, polytely (multiple goals)[80] inexpressivenes, opposition, transience.
...Subgoal labeling

Multimodal representation learning — integrating and interpreting information from different
modalities such as text, images, audio, video by projecting them into a shared latent space.

https://en.wikipedia.org/w/index.php?title=Multimodal representation learning&action=histo
ry - the Wiki page was created as late as 16.4.2025 (today: 30.4.2025).
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Topics: Vision Transformers - ViT

* Generative Pretraining from Pixels, Mark Chen 1 Alec Radford 1 Rewon Child 1 Jeff
Wu 1 Heewoo Jun 1 Prafulla Dhariwal 1 David Luan 1 Ilya Sutskever 1, 17.6.2020

https://cdn.openai.com/papers/Generative Pretraining from Pixels V2.pdf

https://openai.com/index/image-gpt/
Min 32x32, below that the recognition drops for humans (see Tiny Images paper, 2008)

p.4: iGPT-XL,L = 60 layers, embedding size of d = 3072 for a total of 6.8B parameters.
iGPT-L, is ~ identical to GPT-2 with L = 48 layers, but a smaller embedding size of d = 1536
(vs 1600) = 1.4B parameters. The same model code as GPT-2, except that the weights are
initialized in the layer dependent fashion as in Sparse Transformer (Child et al.,

2019) and zero-initialize all projections producing logits. iGPT-M: 455M, L = 36 and d =
1024. iGPT-S, a 76M parameter model, L. = 24 d = 512 to study the effect of model capacity
on representation quality in a generative model. Training iGPT-XL.: a batch size of 64, 2M
iterations. For all other models: batch=128, 1M it. Adam with 1 = 0.9 and 32 = 0.95 and
sequentially try the learning rates 0.01, 0.003, 0.001, 0.0003, ..

”Towards general unsupervised learning: Generative sequence modeling is a universal
unsupervised learning algorithm: since all data types can be represented as sequences of
bytes, a transformer can be directly applied to any data type without additional
engineering.” Tosh: Compare with the Bulgarian Predictions 2001-2004 from “Theory of
Universe and Mind”. by Todor Arnaudov, The Sacred Computer.

“Because we use the generic sequence transformer used for GPT-2 in language, our method
requires large amounts of compute: iGPT-L was trained for roughly 2500 V100-days while a
similarly performing MoCo24 model can be trained in roughly 70 V100-days. Relatedly, we
model low resolution inputs using a transformer, while most self-supervised results use
convolutional-based encoders which can easily consume inputs at high resolution. A new
architecture, such as a domain-agnostic multiscale transformer, might be needed to scale
further.

* Torralba, A., Fergus, R., and Freeman, W. T. 80 million tiny images: A large data set for
nonparametric object and scene recognition. IEEE transactions on pattern analysis

and machine intelligence, 30(11):1958-1970, 2008.
https://huggingface.co/docs/transformers/en/model doc/imagegpt - “almost exactly the same
as GPT-2, with the exception that a different activation function is used (namely “quick
gelu”) etc. ... 32x32, 512 tokens + SOS (start of sequence), 0..511: K-means clustered
colors” in a palette. Code: class transformers.ImageGPTConfig( vocab_size = 513,
n_positions = 1024, n_embd = 512, n_layer = 24, n_head = 8, n_inner = None,
activation_function = ‘quick_gelu’, resid_pdrop = 0.1embd_pdrop = 0.1, attn_pdrop = 0.1,
layer_norm_epsilon = 1e-05, initializer_range = 0.02, scale_attn_weights = True, use_cache
= True, tie_word_embeddings = False, scale_attn_by_inverse_layer_idx = False,
reorder_and_upcast_attn = False, **kwargs )
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* GELU, Gaussian Error Linear Unit: https://paperswithcode.com/method/gelu
Compare with the following: Vision transformer ViT etc.
https://en.wikipedia.org/wiki/Vision_transformer — A ViT decomposes an input image into a
series of patches (rather than text into tokens), serializes each patch into a vector, and maps it
to a smaller dimension with a single matrix multiplication. These vector embeddings are
then processed by a transformer encoder as if they were token embeddings. Masked
Autoencoder: 2 x ViT put end-to-end. | DINO (self-distillation with no labels) | Swin
Transformer (,,Shifted windows*) | TimeSformer | ViT-VQGAN 8x8 patches ...
CoAtNet, CvT, data-efficient ViT (DeiT) ... Hybrid CNN-ViT.

In 2024, a 113 billion-parameter ViT model was proposed (the largest ViT to date)
for weather and climate prediction, and trained on the Frontier supercomputer with a
throughput of 1.6 exaFL.OPs.14°!
* Wang, Xiao et al. (19.8.2024), ORBIT: Oak Ridge Base Foundation Model for Earth
System Predictability. arXiv:2404.14712 [physics.ao-ph]
“684 petaFLOPS to 1.6 exaFLOPS sustained throughput, with scaling efficiency maintained
at 41% to 85% across 49,152 AMD GPUs.” https://arxiv.org/pdf/2404.14712

* Frontier: 9,472 AMD Epvc 7713 ,/ Trento“ 64 core 2 GHz CPUs (606,208 cores) and
37,888 Instinct MI250X GPUs (8,335,360 cores). = El Capitan supercomputer
https://en.wikipedia.org/wiki/El Capitan (supercomputer) — 43,808 AMD fourth

Gen EPYC 24C ,,Genoa“ 24-core 1.8 GHz CPUs (1,051,392 cores) and 43,808 AMD
Instinct MI300A GPUs (9,988,224 cores) ... MI300A: 24 x Zen4-based CPU cores, a
CDNA3 GPU in a single organic package with 128 GB HBM3 RAM. 5.4375 PB RAM,
1.742 exaFLOPS (Rmax), 2.746 exaFLOPS (Rpeak), Power = 30 MW. Completed:
18.11.2024 ... https://github.com/ROCm/hip — HIP: C++ Heterogeneous-Compute Interface
for Portability (replaces CUDA; C++ Runtime API and Kernel language for both AMD and
NVIDIA Gpus from single source code; “no performance impact over coding directly in
CUDA mode”) ...

* Dosovitskiy, Alexey; Beyer, Lucas; Kolesnikov, Alexander; Weissenborn, Dirk; Zhai,
Xiaohua; Unterthiner, Thomas; Dehghani, Mostafa; Minderer, Matthias; Heigold, Georg;
Gelly, Sylvain; Uszkoreit, Jakob (2021-06-03). ,,An Image is Worth 16x16 Words:
Transformers for Image Recognition at Scale®. arXiv:2010.11929 (22.10.2020/3.6.2021)
https://arxiv.org/abs/2010.11929 ViT ...
https://colab.research.google.com/github/phlippe/uvadlc _notebooks/blob/master/docs/tu

torial notebooks/tutoriall5/Vision Transformer.ipynb

* Samira Abnar and Willem Zuidema. Quantifying attention flow in transformers. In
ACL, 2020. — Attention rollout

ViT - https://huggingface.co/docs/transformers/en/model doc/vit — it requires fewer
resources to pretrain than CNNs ... basic example: google/vit-base-patch16-224, base-
sized architecture, patch resolution of 16x16, fine-tuning resolution of 224x224.
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* CLIP: Connecting text and images, January 5, 2021 Milestone, OpenAl,
https://openai.com/index/clip/ ... - pretrained on image-text pairs, collected from the
Internet; a foundation of image generation; see also OpenCLIP.

* Mahajan, D. et al. Exploring the limits of weakly supervised pretraining, 2018.
https://arxiv.org/pdf/1805.00932 - predict image hashtags, social media, 3.5 billion images
from Instagram. Compute scaling: 336 GPUs across 42 machines with minibatches of 8,064
images. Each GPU processes 24 images at a time and batch normalization (BN) [27]
statistics are computed on these 24 image sets .. Their ResNeXt-101 32x16d networks took
~22 days to train on 3.5B images

* Learning Transferable Visual Models From Natural Language Supervision
Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini
Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen

Krueger, Ilya Sutskever 26.2.2021

* Taming transformers for high-resolution image synthesis. Patrick Esser, Robin
Rombach, and Bjorn Ommer. In CVPR, 2021 - VQGAN
https://compvis.github.io/taming-transformers/

https://arxiv.org/abs/2012.09841 17.12.2020/23.6.2021 — In contrast to CNNs, transformers
contain no inductive bias that prioritizes local interactions, but are more expensive
computationally. ... Using CNNs to learn a context-rich vocabulary of image constituents,
and then utilize transformers to efficiently model their composition within high-resolution
images. ... applied to conditional synthesis tasks: both non-spatial information, such as
object classes, and spatial information, such as segmentations, can control the generated
image. In particular, we present the first results on semantically-guided synthesis of
megapixel images ... Allowing transformers to concentrate on their unique strength—

modeling long-range relations—enables them to generate high-resolution images.

* The Illustrated VQGAN, Aug 8, 2021, LT MIRANDA | 22 min read
https://livmiranda921.github.io/notebook/2021/08/08/clip-vagan/ —... vector
guantization is a process of dividing vectors into groups with about equal
number of points closest to them (Ballard, 1999). Each group is then represented
by a centroid (codeword), usually obtained via k-means or any other clustering
algorithm. In the end, one learns a dictionary of centroids (codebook) and their
corresponding members. ... Training the GAN from a dataset of images to learn
not only its visual parts, but also their codeword representation, i.e., the codebook.
Training the Transformer on top of the codebook with sliding attention to learn
long-range interactions across visual parts. a patch-based discriminator (/sola et
al, 2017), perceptual loss (Johnson and Li, 2016), not in a per-pixel basis.

* Ballard, D.H., 1999. An introduction to natural computation. MIT press.

* |sola, P., Zhu, J.Y., Zhou, T. and Efros, A.A., 2017. Image-to-image translation with
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conditional adversarial networks. In Proceedings of the IEEE conference on
computer vision and pattern recognition (pp. 1125-113
* Excalidraw: https://excalidraw.com/ — hand-drawn look & feel tool

https://www.reddit.com/user/Wiskkey/comments/p2j673/list_part created_on_august_11 20
21/ VQGAN examples, Colab

* Vector-quantized Image Modeling with Improved VQGAN

Jiahui Yu, Xin Li, Jing Yu Koh, Han Zhang, Ruoming Pang, James Qin, Alexander

Ku, Yuanzhong Xu, Jason Baldridge, Yonghui Wu, 9.10.2021/5.6.2022,
https://arxiv.org/pdf/2110.04627 Google Research VQGAN: 256x256, 32x32, codebook
size of 8192. Predicting the rasterzed 32x32 = 1024 image tokens autoregressively, where
image tokens are encoded by a learned Stage 1 ViT-VQGAN. For unconditional image
synthesis or unsupervised learning, we pretrain a decoder-only Transformer model to
predict the next token. For class-conditioned image synthesis, a class-id token is prepended
before the image tokens. To evaluate the quality of unsupervised learning, we average the
intermediate Transformer features and learn a linear head to predict the logit of the classes
(a.k.a., linear-probe). .. a better image quantizer with respect to both computational
efficiency and reconstruction quality. An efficient quantizer can speed up Stage 2 training,
where random augmentations are applied first to an image, followed by the encoder of
image quantizer to obtain the input tokens. Moreover, an image quantizer with better
reconstruction quality can reduce information loss compared with the original image in pixel
space, which is critical for image understanding tasks. Improvements: Vailla VQVAE: low
codebook usage, poor initialization, many codes are rarely used or not used at all. VQGAN:
topk & top-p nucleus sampling heuristics, default codebook size of 1024. .. Factorized
codes: a linear projection from the output of the encoder to a lowdimensional latent
variable space for code index lookup (e.g., reduced from a 768-d vector to a 32-d or 8-d
vector per code) and find it has an immediate boost of codebook usage. 12-normalized
codes. ... factorized codes with low-dimensional latent variables consistently achieve better
reconstruction quality when the latent dimension is reduced from 256 to 16 or 8

* Scaling Autoregressive Models for Content-Rich Text-to-Image Generation

Jiahui Yu, Yuanzhong Xu et al., 22.6.2022, Google Research, https://github.com/google-
research/parti Pathways Autoregressive Text-to-Image model (Parti); 1) a transformer-
based image tokenizer, ViT-VQGAN, to encode images as sequences of discrete tokens. 2)
consistent quality improvements by scaling the encoder-decoder Transformer model up to
20B https://sites.research.google/parti/

* Retina Vision Transformer (RetinaViT): Introducing Scaled Patches into Vision
Transformers, Yuyang Shu, Michael E. Bain, University of New South Wales, 20.3.2024
https://arxiv.org/html/2403.13677v1 +3.3% performance cmp the original ViT; low spatial
frequency components — capture, select and forward structural and important features to
deeper layers. Biologically-isnpired, ... a stride of half the patch size (8); image pyramid;
Intuitively, blobs of a similar colour or texture, or areas enclosed by a contour, could
constitute basic units in vision. But irrespective of the precise definition, the size and shape
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of such basic units could vary considerably. By including patches of the same image at
different scales, RetinaViT has a higher chance of capturing a semantically meaningful basic
unit in its input. .. RetinaViT is closer to CNN than ViT, because its input contains the same
image at multiple different scales .. stronger than both CNN and ViT in recognizing scale-
invariant features, and has a higher chance of detecting the same objects at various scales.

* Vision Transformers with Hierarchical Attention, Yun Liu, Yu-Huan Wu, Guolei
Sun, Le Zhang, Ajad Chhatkuli, L.uc Van Gool, 6.6.2021/26.3..2024
https://arxiv.org/abs/2106.03180v4 https://github.com/yun-liu/HAT-Net

123


https://arxiv.org/search/cs?searchtype=author&query=Liu,+Y
https://arxiv.org/search/cs?searchtype=author&query=Wu,+Y
https://arxiv.org/search/cs?searchtype=author&query=Sun,+G
https://arxiv.org/search/cs?searchtype=author&query=Sun,+G
https://arxiv.org/search/cs?searchtype=author&query=Zhang,+L
https://arxiv.org/search/cs?searchtype=author&query=Chhatkuli,+A
https://arxiv.org/search/cs?searchtype=author&query=Van+Gool,+L
https://arxiv.org/abs/2106.03180v4
https://github.com/yun-liu/HAT-Net

The Prophets of the Thinking Machines: Appendix Lazar: Lots of papers ...

* Topics: Multimodal Learning, Dialog L earning, Continual L.earning

Deep Multimodal Representation Learning: A Survey, Publisher: IEEE Wenzhong

Guo; Jianwen Wang; Shiping Wang 5.2019 -
https://www.researchgate.net/publication/333120040_Deep_Multimodal Representation L.ea
rning A Survey — joint representation, coordinated representation, and encoder-decoder; to
narrow the heterogeneity gap; fused learning, cross-modal similarity, cross-modal correlation;
cross-modal translation; modality-specific features extracting, multimoda lrepresentation
learning which aims to integrate diverse features from different modalities in a common
subspace, and a reasoning step such as classification or clustering. .. Some typical models
including probabilistic graphical models (PGM), multimodal autoencoders, deep canonical
correlation analysis (DCCA), GANSs, and attention mechanism, which have either proven to
be effective or shown promising results. ... Conclusion: the primary objective of multimodal
representation learning is to narrow the distribution gap in a joint semantic subspace while
keeping modality specific semantic intact... Joint representation framework maps all
modalities into a global commonsubspace; coordinated representation framework maximizes
the similarity or correlation between modalities, while keeping each modality independent;
encoder-decoder framework maximizes the conditional distribution among modalities and
keeps their semantics consistent; probabilistic graphical models maximize the joint
probability distribution across modalities; multimodal autoencoders endeavor to keep
modality specific distribution intact by minimizing the reconstruction errors; generative
adversarial networks aim to narrow the distribution difference between modalities by an
adversarial process; attention mechanism selects salient features from modalities which are
similar in local manifolds or they are complementary. (...)
https://en.wikipedia.org/wiki/Canonical correlation — canonical-correlation analysis (CCA),
also called canonical variates analysis

https://en.wikipedia.org/wiki/Angles between flats (principal angles, angles between
subspaces) | https://en.wikipedia.org/wiki/Diffusion_map - dimensionality reduction or feature
extraction alg. by Coifman and Lafon - nonlinear dimensionality reduction. Connectivity

— heat diffusion & random walk Markov chain.

* Dialogue Learning With Human-In-The-Loop, Jiwei Li, Alexander H. Miller, Sumit
Chopra, Marc’ Aurelio Ranzato, Jason Weston [Submitted on 29 Nov 2016 (v1), last revised
13 Jan 2017 (this version, v3)] https://arxiv.org/abs/1611.09823 Conversational agents; RL-
setting, chat interaction with a human — a dialog partner, instead of a fixed training sets of
labeled data; improvements due to the feedback by the teacher following its generated
responses; learning through conversations; validated with Mechanical Turk. Chit-chat type
end-to-end dialogue systems — generate response given the previous history of user utterances;
goal-oriented dialogue systems — complete a task (booking a ticket, making a reservation ...);
QA from dialogues from a DB of knowledge or shot stories. Reward-based imitation learning,
forward predictions (predicting the teacher’s feedback to the student’s response) [cmp:
Michail Bongard, M.bBoHeapo ,,IIpobaema Y3nasanus “]. Motives for the bot to ask questions:
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clarification (the bot doesn’t understand), knowledge operation (ask for help for reasoning),
knowledge acquisition (incomplete knowledge) ... [Compare: mixed-initative interaction]

* Learning through Dialogue Interactions by Asking Questions, Jiwei Li, Alexander H.
Miller, Sumit Chopra, Marc‘Aurelio Ranzato, Jason Weston 12.2016/2.2017

A good dialog agent should interact with users by both responding to questions and by asking
questions ...

* Towards Robust and Efficient Continual Language Learning, Adam Fisch, Amal
Rannen-Triki, Razvan Pascanu, Jérg Bornschein, Angeliki [.azaridou, Elena

Gribovskaya, Marc‘Aurelio Ranzato July 2023 — Continuing fine-tuning models on new tasks,
with the goal of ,transferring® relevant knowledge from past tasks; risk negative transfer. A
new benchmark of task sequences that target different possible transfer scenarios: high
potential of positive transfer, high potential for negative transfer, no expected effect, or a
mixture of each. An ideal learner should be able to maximally exploit information from all
tasks that have any potential for positive transfer, while also avoiding the negative effects of
any distracting tasks that may confuse it. Forward transfer — faster “rate of learning” on a
new task; the relations between consequent tasks; exploit information for previous tasks with

potential for positive transfer (checkpoints) ... intermediate fine-tuning — auxiliary task before
the target task; others: parameter-efficient forward transfer & resistance to catastrophic
forgetting; this work: training efficiency on the new task (not the performance on previous
tasks); p.5 collection of tasks: Summarization : AESLC, AG News, CNN-DM, Gigaword,
Multi-News, NewsRoom ,SamSum, WikiLingua EN, Xsum..., structure to text:
CommonGen, DART, E2ENLG, WEBNLG, Paraphrase: MRPC, QQP, PAWS, STS-B,
Sentiment, Coreference, Word disambiguation, Math, Reading comprehension with
commonsense, Entailment, Reading Comprehension, Commonsense, Open-domain QA, Text
formating, Linguistic acceptability, Qeustion classification (TREC), Conversational QA ...
Pair of tasks; ... learning a checkpoint selector — set of previously solved tasks {t1, ..., tn} —
select a previously fine-tuned model on some task ti to initialize from ... selective sequential
finetuning

* Real or Fake? Learning to Discriminate Machine from Human Generated Text Anton
Bakhtin, Sam Gross, Myle Ott, Yuntian Deng, Marc‘Aurelio Ranzato, Arthur Szlam
6.2019/11.2019 https://arxiv.org/abs/1906.03351

Energy-based models (EBM) - un-normalized models; the joint compatibility between all
input variables, unlike the auto-regressive models which are a sequence of conditional
distributions; E(wl, w2, ..., wn|c;0) - joint compatibility of an input sequence of tokens, ¢ —
context, 6 — params;c can vary: either preceding text, keywords, bag of words, a title etc.
losses: binary cross-entropy or ranking; the method to generate negatives is critical (high
energy score = unlikely inputs) — auto-regressive models Final: EBM framework could
potentially unlock more expressive models of text, as they are not limited to scoring a single
word at a time as current locally normalized auto-regressive models do.
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See also Yann LeCun, JEPA etc. as cited in “The Prophets of the Thinking Machines ...” and
the originals:

* I-JEPA: The first Al model based on Yann LeCun’s vision for more human-like Al,
13.6.2023 https://ai.meta.com/blog/yann-lecun-ai-model-i-jepa/

Tosh, 23.1.2025*: As a definite decision in a fully general case, this is an ill-defined task;
the goal could be detecting “fake news” etc. A competent (or incompetent) text could be
impossible to distinguish by definition: either for a “universal” case, if it is short enough, or
if you don’t have a full dataset or laws for “really human real texts”, therefore you cannot
be sure that humans definitely don’t write like the style that is now assigned or attributed to
LLMs, while it was learned from human examples — i.e. the humans may not know that
“this is [supposed to be] fake” [because “humans do not write like that/humans are not
allowed to write like that” or humans “never write like that” — that will make particular
phrasing, word choice, syntax, sentence complexity etc. “forbidden™); also you cannot be
sure as you may not know or you may be not confident about the writer’s competence or
intent — incompetent human writers can make mistakes like bad LL.Ms or old ones, or like if
they were prompted certain way, also they might be imitating the style they have read from
LLMs already, or one may be intentionally mimicking particular style “attributed to LLMs”
in order to achieve comic effect, e.g. to joke with “LLLLM detectors”. In brief, humans or any
competent machine writer can write the way they wish, as long as they are “free”.

The recognizers could work when there are clearly defined boundaries and
stereotypes, as in particular fixed datasets. This is a 2019 work before ChatGPT. GPT2 and
other models from the time still could have easy to spot mistakes and peculiarities in their
outputs, especially if the context increases beyond their training, however the LLMs
sometimes repeat the originals as they have to be plausible, and answers and styles of the
instruction LL.Ms which were stereotypical, say in 2023-2024, for models with particular
sizes, are also a result of the respective fine-tuning datasets; the datasets were prepared by
humans, who already have chosen this literary style and wanted the model to “generalize”
and to “transfer” the style to other topics; the style aimed at embedding a particular tone
and structure in templated answers, such as greetings, business emails, essays, poems etc.;
therefore the style of the content of both “cohorts” — the one prepared by humans, and the
machine-generated one — are “real” and “fake” in the same time and intended or assumed to
“sound like real” (or the authors of “instruction-fine tuning” datasets and the “tutorial-
style” content before that should be also blamed for beiing “machine-like”, “stereotypical”.
“using the same phrasing” etc.). After the release of ChatGPT-3.5 and GPT-4 and other
powerful models, they started to be used for generation of datasets for fine-tuning and
transferring the initial templates to the other smaller and newer models; from there on the
users were also being trained by reading and interpreting the chats as ground-truth data and
they were shifting their own way of writing and talking etc.

* + Edits and clarification on 28.4.2026, 2.5.2026
* Yann LeCun, Sumit Chopra, Raia Hadsell, Marc’Aurelio Ranzato, and Fu-Jie Huang. A tutorial
on energy-based learning. Predicting Structured Outputs, 2006. MIT Press.

* Generative Adversarial Networks (Goodfellow et al., 2014)
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* Topics: Diffusion Models
Compare with the above mentioned “The structure of Images”, 1984.

Stable Diffusion — a ground-breaking open image-text mode, published in 2022
https://github.com/CompVis/stable-diffusion

StableDiffusion 3, March 5% 2024, 5.3.2024: https://stability.ai/news/stable-diffusion-3-
research-paper — it outperforms the state-of-the-art models DALLE-3, Midjourney v6 and
Ideogram v1 in typography and prompt adherence.

MMDIT — Multiple modalities, 3 pretrained models for text, two CLIP, one T5

Develops: Diffusion Transformer (“DiT”, Peebles & Xie, 2023). Using two separate
transformers for each modality, then joining the sequences for the attention; the information is
allowed to flow between image and text tokens — improves typography and comprehension;
Rectified Flow (RF) formulation (Liu et al., 2022; Albergo & Vanden-Eijnden,2022; Lipman
et al., 2023) - straighter inference paths, sampling with fewer steps ... diffusion trajectories
such as LDM, EDM and ADM,..

* High-Resolution Image Synthesis with Latent Diffusion Models, Robin Rombach,
Andreas Blattmann, Dominik Lorenz, Patrick Esser, Bjorn Ommer, 20.12.2021/13.4.2022
https://arxiv.org/abs/2112.10752

https://ommer-lab.com/research/latent-diffusion-models/ See fig.2.”Illustrating perceptual
and semantic compression: Most bits of a digital image correspond to imperceptible details.”
1. Perceptual compression, removes high-freq. details, but learns little semantic variation;

2. The gen.model learns the semantic and conceptual composition (semantic compression) ...
1. Train an autoencoder — lower dimensional representational space, percept.equiv.to the data

space; 2. Reduced complexity, more efficient space; ... tasks: unconditional image synthesis,
inpainting, stochastic super-resolution; computationally decreased cost comp. to pixel-based
diffusion. Related work: GAN, likelihood-based methods, Variational autoencoders, flow-
based models; Autoregressive models; Diffusion probabilistic models (DM) U-Net — lossy
compressor, evaluating in pixel space is expensive — advanced sampling strategies,
hierarchical approaches; training on high-resolution data — it requires calculating expensive
gradients. Learn a joint distribution over discretized image and text repres. ... Conditioning
mechanism: pre-process the inputs from various modalities, domain specific encoder that
projects the input to an intermediate representation, which is mapped to intermediate layers of
the Unet with a cross-attention layer Attention(Q,K,V) = softmax ..

* Scaling Rectified Flow Transformers for High-Resolution Image Synthesis, Patrick
Esser, Sumith Kulal, Andreas Blattmann, Rahim Entezari, Jonas Muller, Harry Saini, Yam
Levi, Dominik Lorenz, Axel Sauer, Frederic Boesel, Dustin Podell, Tim Dockhorn, Zion
English, Kyle Lacey, Alex Goodwin, Yannik Marek, Robin Rombach * Stability AI, 5.3.2024
https://arxiv.org/pdf/2403.03206 (Stable Diffusion 3)... Latent diffusion models operate in the
latent space of a pretrained autoencoder ... mapping between samples of the noise distribution
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to the samples from the data distribution ... Multimodal Diffusion Backbone — separated text
and image embeddings & generated synthetic captions in the training set in order to improve
prompt- following accuracy and the rendering of text; pretrain on low resolution 256x256 &
finetuning on high resolution, Q&K normalization, float32 in order to avoid instability at
mixed precision training. 500K steps, batch size 4096 ... Human preferences evaluation:
Prompt following, Visual aesthetics, Typography (accurate spelling); models up to 8B & 5 x
10?2 training FLOPs.

* Topics: Self-Improving General Intelligence, Recursive Self-Improvement

* Godel Agent: A Self-Referential Agent Framework for Recursive Self-Improvement,
Xunjian Yin, Xinyi Wang, Liangming Pan, Li Lin, https://arxiv.org/html/2410.04444v4
31.5.2025 — “a self-evolving framework inspired by the Godel machine, enabling agents to
recursively improve themselves without relying on predefined routines or fixed optimization
algorithms. Gddel Agent leverages LLMs to dynamically modify its own logic and behavior,
guided solely by high-level objectives through prompting.”

See also the virtual conference SIGI: Self-Improving General Intelligence ...

(..))

To be continued, connected and refined...
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