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nPOPOLIUTE HA MUCAELLUUTE MALLNHN
N3kycmBeH pa3ym u pazBumue Ha 4YoBeka:
Mcmopua, meopusa u nuoHepu

MuHano Hacmosawe u 6bgewle
Togop ApHaygoB - Tow

NMPUNOXEHWUE AHEJIUA

MNMpernea n 6enexkn No Hay4HU paboTu OoT U € yyacTueTo Ha AHenus
AHrenoBa, lNnameH AHrenoB, Hukona Kaca6os, Aumutsp dunes,
AnekcaHabp Towes, Jlio6omup Bypaes, Mupa [loH4yeBa, iparomup
AHrenos, [iparomup PageB, KpuctuHa TytaHoBa, PycnaH Mutkos,
3opHuua KosapeBa, lNpecnaB HakoB, Nana AHrenoBa, Kupun CumoB, AHu
HeHkoBa, Togop MuxaunoB, BecenunH CtosiHoB, BecenuH Painues,
MaptuH BeueB, CBetocnaB KapanBaHoB; Kpacumup AtaHacos, CTosiH
Muxos, lNMeta KonpuHkoBa-XpucrtoBa, Bupruimna CasoBa; Bacun Crypes,
Oumntbp Oo6peB n apyrn ot bnrapusa u ceeta no nHgopmaTuka,
M3KYCTBEH MHTENEKT, MalUlMHHO OOyYeHue; KOMMITHLPHO 3peHuUe,
KOMMNIOTBbLPHA rpachuka n o6paboTka Ha N306paxeHns; KOMNITbPHA
NIMHIFBUCTUKA U 0OpaboTKa Ha eCTeCTBEH €3UK; e3ULM 3a NporpamMmmpate,
CUHTE3 Ha nporpamMmum, aBTOMaTU4YHO NporpamMmpaHe; U3KyCTBEHMU,
UMMYJICHU U APYrN HEBPOHHU MpPEXMU, pasMmuTta foruka n apyru. O63op
Ha Apyra cBbp3aHa ctTapa U CbBpeMeHHa nuTepaTtypa oT Te3u obnacTu.
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#anelia #bulgari file pann: Anelia_The_Prophets_of the_Thinking_Machines_...

© ABTopu: Beuukn cnomeHatn, pasrnegaHn n UMTMpaHu nscnegosareny,

© ABTtop: Topop ApHayaoB — aBTop Ha ,[Ipopoyume Ha Mucriewume MawuHu“n

pedakTop: OTKpMBaHe, nperneq v nogbop Ha yyeHn n nybnvkaununte um; npoyysaHe,
0606LLEeHNE N N3BaJKM HA Hal-BaXKHN OTKBCU U NOHATUS; BENEXKM 1 pa3siCHEHNS NO
cTaTumnTe N TEMUTE U AOMBITHUTENHN 0630pM OT MMHANOTO N HACTOALLETO; aBTOP Ha

HAKOM OT UMTUpaHuTe paspaboTkm n nybnukaumn.

JIpyru cnoMeHaTH 0b/Arapcku u3caefoBare n: AHToH Anekcangpos (INSAIT,
BgGPT), [Tetko ['eoprues, Unusx 3apoB, Pymen JlanroBcku (Petko Georgiev
(DeepMind), Roumen Dangovski, Iliyan Zarov (Meta Al: LLAMA); Bacun
Yaranbames, Kpacumup Konapos u ap. Ot ITY: T'eopru Totkos, XprcTo Kpy1ikos,
Xpucrto Tanes; [lumutsp biaroes, Bacun Bacusnes, Aniekcanasp [leneB u ap.

CBELWEHUAT CMETAY
MWUCHNELLM MALLWHW, TBOPYECTBO U PA3BUTUE HA YOBEKA

LlenorogunwHa BuptyanHa koHdepeHuusa ,Mucnewm mawmum 2025, nnun Self-
Improving General Intelligence 2025 — SIGI-2025. INMpogbmkeHne Ha moxe 6u
BTOpaTa Han-ctapa MexayHapoaHa ,koHdepeHunsa® 3a yHuBepcaneH n3kycTBeH
pasym (AGI): SIGI-2012-1, nposena ce npucbcTBeHO B [noBams npe3 2012 r.

THE SACRED COMPUTER
THINKING MACHINES, CREATIVITY AND HUMAN DEVELOPMENT

Thinking Machines 2025/Self-Improving General Intelligence SIGI-2025:
a yearlong virtual conference, continuing SIGI 2012-1.
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0630[)1’1 Hd HAKOU TEMATUYHU Pa3e/Id 0CB€H KOHKPDETHH 6'bnrapc1(n yueHu

* KoMImtoThpHO 3peHHe 1 06paboTKa Ha M300pakeHHsI B pa3/TMUHU TIPUIOKEHHUS:
CaMOyTIpaB/IsIBAL[K Ce TIPeBO3HU CPe/ICTBa, pa3lio3HaBaHe Ha 00pa3u U KiacuduKaus u ap.

* MalmHHO 00yueHue, U3KyCTBEHU HEBPOHHU MPEXHU

* #Vision Tasks #Vision-Language Tasks #3putennu 3asaun V130posiBaHe Ha 3a7auul OT
KOMIIIOTBPHOTO 3peHue

* JIpyru CTaThM 10 ChbBPEMEHHO pa3zesisiHe Ha 300pakeHUsi CBbp3aHU ¢ paboTH Ha AHeust
Amnresnoa u Anekcadabsp Tomes; Mupa [lonueBa u ap. — Current Image Segmentation
#segmentation

* HeBpoMophHU cHCTeMH, UMITY/ICHH HeBPOHHU Mpexku: Hukosa Kacabos, ITnameHn AHresos
* Pa3mura norvka — Iumutsp @unes, H.Kacabos, I1.AHresioB u ap.

* Knacruecku TpyzioBe 110 pa3pelliaBaHe Ha MHOTO3HaYHOCT Upe3 U3I10/13BaHe Ha KOHTeKCTa U
kopriycu — Word Sense Disambiguation WSD, Context, Corpus Linguistics

* PaHHa paboTa B CTaTHCTHUeCKaTa e3MKoBa 00paboTkKa, KOPIyCHA JIMHTBUCTHKA, U3BIMYaHe
Ha JJaHHH, TPYITUpaHe U Ap. Hajl rofieMu o0eMu oT JaHHH U VIHTepHeT — JIparomup Pajzies;
3opnuiia Ko3zapesa u ap.

* KoMmIOThpHA TMHTBUCTHKA U 00pab0TKa Ha eCTeCTBEeH e3WK ChC CTaTUCTUUECKH MEeTOIU U
MamrHHO 00yyeHue — KpuctuHa TyTtaHoBa, 3opHuija Ko3apesa, [Iparomup Pazes u ap.

* [TppBoIIpOXoAHa paboTta Ha PycsiaH MUTKOB M IIKOJIaTa My B KOMITIOTbpPHATa JIMHTBUCTHKA —
paspeliaBaHe Ha aHadopu, MoJrioMaraHe Ha peBo/ia upe3 JIeKCUKOJIoTusi/feKcukorpadus u
IpeBOJHa raMeT.

* [lkonata Ha [TY Ilancuit Xunenzpapcky B KoMmmrorbpHaTa JIMHIBUCTHKA OT Kpas Ha 1980-te
1 1990-te u csies; ToBa — MOPQOJIOTHUEH aHA/IM3 U IPYTH BU0Be pa3bop ¥ Mofie/lMpaHe Ha
OBJITapCKUsI €3UK, JIEKCUKOJIOTHS U JIEKCUKOTpa(dusi, MalllMHHO 00y4yeHHe U U3B/IMUaHe Ha
CTPYKTYpH (IpynupaHe, KTbCTePU), M3B/MUYaHe Ha UH(OPMaLIYs; aHa/Iu3 U CUHTe3 Ha peu 1
Ip. — T'eopru Totkos, Xpucrto Kpyuikos, Xpucro TaHnes, 3opHuiia Kosapesa, AtaHac YaHes,
Oumutep bnaroes; Togop ApHayzioB U fp.

* Benexkxkn KbM KoHGepeHIusiTa 110 KommtorspHa muHreuctika CLIB 2024 B Codust

* MynTumMoaaHu nopakaaiy Mogend #multimodal #myntumopanau

* Programming languages, program synthesis & verification, compilers and code
optimization, formal verification, static analysis, interpreters, concurrency...
#programlanguages #programsynthesis — IIporpamau e3ury, CHHTe3 Ha IPOrpamy,
BepudUKaLsi, ONITUMHU3ALIMs, UHTepPIIPeTaTopy U KOMITU/IATOPH ... — BecenuH Paiiues,
MapruH Beues, CBetocnaB KapaviBaHoB; Bacun Bacunes, Anekcangsp IleHeB u ap.

* BAH — rpyna no HeBpomopdHu cuctemu; uctopusi Ha IV B Bbarapus u zp. — Ilets
KornpunkoBa-Xpucrosa U Ap.; TPy 1o KpaHy aBToMaty U Ap. (CtossH Muxaunos),
0606111eHu Mpexxu — Kpacumup AtaHacos; nctopuuecku: B.Crypes; cBbp3aHH C
ornpezesieHus Ha o6u| UU: [1.[1o6bpes u Ap.

* benexxku 3a EEI" 1 3a Ob/irapCKust IPUHOC B TEXHUKU 3a U3UKMCTBaHe Ha IITyMa IIPU CHeMaHe
Ha EKT'(EEG, ECG) — Yapap JleBkoB U Ap.

* W np.

* Buk 3a pyru ObJrapy B HIKOW OT T€3U U IPyTH 00/1acTH KaTo poOOTHKATa, KOSITO € e/lHa OT
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,» 0B12apcKume “ obactv MofgOOHO Ha KOMITIOTHPHATA TMHIBUCTHKA U B Hesl UMa HSKOJIKO
ITMOHEPHU B eNUreHeTHYHaTa PoOOTHKa (pPOOOTHKA Ha pa3BUTHETO); dhunocodusaTa 1
KOTHUTHBHATA HayKa, KOHEKI[MOHUCTKH CUCTeMH, CUMYJIALiK 3a poOOTH, YUeHe C
TIOZIKperyieHre; Apyry mioHepHu pabotu B buarapus ot TY Codwust u Ap. B 0CHO8HUS mom;
TipyuiokeHue Jlasap u Jp.

(..)

E3unm: 6bnrapcku u anruiicky | The content is in English and Bulgarian
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TomoBe u npuno>keHusa Ha lNpopoyume ...

CbhwecmByBawu u Hakou Bb3Mo>kHU 6bgew,u momoBe

* #prophets — OcHoBeH ToMm (>1859 cTp., 13.8.2025); O630p Ha Teopus Ha
Pasyma n BceneHnaTta, cpaBHeHue ¢ paboTu B APYrn LLKOMN, KOUTO
NPeoTKPUBAT M NOBTAPAT, MW MbK Nnpeaxoxaat obobLiaBaHeTo Ha
NpYHUMNNTE 3a Cb3aaBaHe Ha 06LL N3KYCTBEH MHTEMEKT, KOUTO Bsaxa
dopmynunpaHm owle B Ha4yanoto Ha 2000-Te r. 1 NocTeneHHo ce cbbaHaxa u ce
cbbaBat. [lokyMeHTaneH nperneq Ha orpoMeH 06em Hay4YHW LUKOMW,
nutepaTtypa n gakTtu, kpatka n nogpobHa xpoHonorus ... #tosh1

* #purvata — ,,[Tbpsama modepHa cmpameaus 3a pazsumue 4pe3 N e
nybnukysaHa om 18-2oduweH bbrzapuH npe3 2003 2. u noemopeHa u
usnwriHeHa om yenus cesam 15-20 200uHU no-kbCHO: bbrzapckume
npopoyecmea: Kak 6ux uHeecmupas e0uH MUsIUOH C Hal-2os15iMa rnorsi3a 3a
passumuemo Ha cmpaHama?“#tosh2 (31.5.2025, 248 ctp.)

* #listove — MHoroobpasune oT TeMun cpeq KOMTO Krnacmyecka u CbBpeMEHHA
poboTuka n nnaHnpaHe, MynTU-areHTHU CUCTEMU — KNACUYECKU U CbBPEMEHHN
C rofieMmn e3nKOBM MOAENN; HEBPOHAYKN N HEBPOMOPMHN CUCTEMU, Cb3HAHME
N NAHMCUXMU3BbM, anrOPUTMUYHA CITOXKHOCT, APYrM TEOPUM Ha BCUYKO U
BCeneHarta cmeTad; KOrHUTUBHA NIMHIBUCTMKA U MUCMEHE NO aHanorus,
€31KOBM MOgeNnn n MalMHHO oby4yeHne — NCTOPUYECKN U HAN-HOBM CUCTEMM,
MyNTUMOLANHN MogeNnun, OCHOBHM MoAenu 3a areHTn n pobotn; o63op Ha
Hay4HW CTaTUK, HOBMHW, NNAaTOPMKN Ha YaTOOTOBE 1 APYrK NopaxdaLln
MOZENM 3a PasnMyHN MOAANHOCTM M NPaKTUKa; CbBEeTCKa LUKona B
N3KYCTBEHUSA UHTENEKT U MH.Ap. (...), 414 cTp. (13.8.2025 )
https://twenkid.com/agi/Listove_The_Prophets_of the_Thinking_Machines-10-2025.pdf

* #mortal — Hy>kHM nn ca CMBPTHU U3YUCTIUTENTHU CUCTEMMU 3a Cb3[aBaHe
Ha yHUBepcanHu Mucrnewm MmawmHn?, ,CMbPTHUTE" CUCTEMI Ca CBbP3aHN C
HOCUTENS Cu1, 3a pasfnuka oT ,,0e3CMBbPTHU®, 3a KaKBUTO Ce cMmATaT
,ODMKHOBEHUTE" KOMNIOTPU. HO Aann n HeBPOMOPMHUTE Ca HAaUCTUHA
HEBPOMOPMHU, N KaKBO TOYHO € ,,6€3CMBbPTHOCT, ,CMbPTHOCT",
,camocb3gaBaHe" (aBTonoesa) n ganu Bbobuie € BbaMoXHa. HanctuHa nu ca
No-e(PEKTUBHN HEBPOMOPMHUTE CUCTEMMU, KAKTO U XXMUBUTE NN MNO-MOLEPHUTE
€TEKTPOHHN TEXHONOMU C NO-Marsnkm TpaH3nCTopu, NN ePeKTUBHOCTTA €
n36op Ha ,,CHETOBOACTBO" M CKpMBaHE Ha pearnHuTe pa3xoan 3a Cb3gaBaHETO U
CbLUEeCTBYBaHETO Ha CboTBeTHaTa TexHornormsa? (...) 70 cTp.*
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https://twenkid.com/agi/Arnaudov-Is-Mortal-Computation-Required-For-Thinking-
Machines-17-4-2025.pdf

* #universe6 #UnM6 — BceneHa n Pasym 6, T.ApHaynos— #tosh3; cb3aHaHue,
,MeTadmamka“, ,ymonnaiieHume“ ... Ha aHIMUNCKK; CBbp3aHa ¢ Temu oT #mortal

(..)

* #universe6 #UnM6 — BceneHa n Pa3ym 6, T.ApHaynos— #tosh3; cb3HaHuMe,
.,MeTadunaunka“, ,ymonnaileHme” ... 3awo He CbLLEeCTBYBA UCTMHCKA BE3KPANHOCT 1
TeopemuTe Ha bogen 3a HeMbIIHOTa HAMAT 3Ha4YeHWe 3a MUcneLwnTe MawmnHN?
KakBo e nctuHa, UCTUHCKO, 4eNCTBUTENHOCT 1 3awlo? CbBNageHUeTo U CpaBHEHNETO
KaTto OCHOBHM U MbpBUYHU. Pe3oHaHCBT 1 TeopusiTa Ha CTuBbH pocbbpr 3a
Cb3HaHMETO KaTo APYro y4eHue, KOeTo uacriegsa CbBNageHNETO N NpeaBMKAaHETO.
3awLo Bbobpaxaemnte BceneHu v BceneHuTe, NOCTPOEHU OT YHMUBEPCASTHU
CYMYnaTopu, CbLLIO Ca UCTUHCKN 1 CbluecTByBaT? CMynMpaHeTo ce oTHacs 3a
CbOTBETCTBME, CbBMNaZeHne 1 NpeasmxaaHe, a He 3a ,HEMbXNUBOCT®, KaTo B
Kkateropunte ,,oanwmBo” U ,MCTUHCKO®. MbPBUYHOCTTA M 3HAYEHNETO Ha
CbOTBETCTBMETO: roNieMmnTe €3nkon mogenu, npeobpasuTtenure 1 Apyru no-paHHN u
NO-KbCHU TEXHKN He ca ,NPOCTO” ,,0rPOMHU Xew Tabnuuun®, ,inHenHa anrebpa“,
,BEKTOpU* unn ,,6utoee” — n3bpoeHnTe ca ,camo“ N3KycTeeHo nogdpaHn abcTpakTHU
eTUKETN N NpeacTaBsaHuA B yma. ,MexaHnyHocTTa" BbB BeceneHaTta BCbLHOCT €
LMHPOopMaUnoHHoCT . ... KakBo e ynogobsaBaHETO KbM YOBELLIKO,
aHTponomopgupaHe, 3aLlo e TorkoBa BceobxBaTHO — cebennalleHve u
ymonnatieHune. XunoTtesarta 3a Nnpu4MHHOCTHUTE Genesn, ,tTarose” (causal IDs, causal
tags) n HannuneTo Ha ocobeHa nameT B YacTMUMTE, Ypes KOATO Te Ce YyBCTBaT Unn
OCb3HaBaT KaTo YacT OT e4HO LANo KaTto Npu B3aMMOAeNCTBMETO CU npeaasaT
nHopMaLus 3a cBbp3aHocTTa cu. MHoromalabHuTe B3anmMoaencTBus 1 kak
CTPYKTypuUTE B pa3nuyHu Mawabu morat Aa 3HadT 3a ApyruTte n morat v BbobLue?
(...); N3noHM3BbM 1 peanusbM B TEOPUUTE Ha Cb3HAHWETO 1 abcypauTe Ha
MbPBOTO yyeHue ... bonkaTa, AyXOBHOTO ycellaHe U Cb3HAHNETO — YCIOXHEHMETO
3apagm CbLUeCTBYBAaHETO Ha CbCTOAHMS HA HEYYBCTBUTENHOCT KbM 60r1Ka,
BKIMIOMUTENHO BPOOEHU; CMCTEMUTE 3a ycelllaHe Ha Borka KaTo ycnopeaHa
,napasuTHa“ cuctema 3a nosHasawma ym. OTHOBO 3a nuncata Ha obeguHeHa,
Hedenvma SIMYHOCT U HErOBOTO onpefensHe 1 CbLUEeCTBYBAHETO B yMa Ha
Habnogaten-oueHNTenN Kato BUA4 MateMaTUyeckn MHTerpan Ha MHOXeCTBO OT
n3mMepeHu ,a30Be“/NIMYHOCTH, B KparHa cMeTKa B 6e3kpanHoMarku OKOMHOCTW. (...)
Pa3snpeneneHuTe npegctaBsHUSA Ha ynpaBnsiBaLlo-NpUYnMHABALLMTE YCTPONCTBA
(menum, areHTn) 1 MHOXECTBOTO TbIIKyBaHUS, 3aBUCELLM OT OLeHUTeNnsa-HabnogaTen.
N oceeH npenckasarten 1 KOMNpecop e 1 u3cregosaTter, Tbpcad Ha CbBNageHus u
CbOTBETCTBUSA, NOQ0OPUTEN, YYEHUK-U3MEHUTEN N YCIOXHUTEN KaTo cbbupay Ha
cnoxHocTt: EMIL - Explorer, (Matcher & Mapper & Modifier), Improver, Learner (...)
[anu Bb3HNKBAHETO HAaUCTMHA e Bb3HUKBaHe? (emergence) PaboTtata e cBbp3aHa C
Temu ot #mortal (...) 1 NpoabImKeHNe Ha OCHOBHATa nopeanua OT KracnuveckuTe


https://twenkid.com/agi/Arnaudov-Is-Mortal-Computation-Required-For-Thinking-Machines-17-4-2025.pdf
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TpynoBe Ha TPVB — Ha aHrmMU1CKn e3uk.

* 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 phenomenon of Pain and its
modifiability and its relation to sentience and the theories for self-preservation (and
self-evidencing) as physical bodies (...)

* https://twenkid.com/agi/Universe-and-Mind-6_22-9-2025.pdf

* #sf #cyber — HayyHa cpaHTactuka 3a W, dytyponorus, KubepHetmka n Passutne
Ha yoBeka. KpaTbk nperneg Ha BaXkHW TBOPOM OT haHTacTukarta, Kouto pasrnexgar
ocHoBHUTE BbNpocu Ha N owe go Havanoto Ha 1960-Te. bpata ApHaynosu —
Togop n AnekcaHabp obcbxaaT ngeun Ha 6pats CTpyraukm, cebp3aHn ¢ TPUB ot
~-Munuapa rogmHn oo cebplleka Ha ceeTa“ n ap.. Bkntousa u nogpobeH nperneq u
CpaBHeHWe Ha cTaTuaTa Ha Mankbn JlesuH ot 2024 1. 3a camommnpoBM3npallarta ce
nameT ¢ ngeun ot Teopus Ha Pasyma n BceneHnarta, nyénukysaHun Hag 20 roanHn no-
paHo. NpuHuMnn ot knbepHeTrkaTa. dPparmMeHTn OT PYTYPONOrMYHUTE NPOPOYECTBA
oT 1960-T1e u3 ,B nabupuHta Ha npopoyecTtBaTta“, 1972. OTKbCK OT ObNrapckn u
cbBeTcku ,npopoun” ot 1960-te n 1970-Te, Bpb3kaTa MeXay XpUCTUAHCTBOTO U
pa3BMTMETO Ha YoBeKa (TpaHcxymaHuama).(...)
*https://twenkid.com/aqgi/SF_Futurology Cyber Transhumanism_The Prophets of t
he_Thinking-Machines 3-10-2025 .pdf

* #irina — becean 1 nogpobHu 6enexkun n ap. ctatmm; NpnHa Puu,

B KOaHUATa Ha Mowa Bax u ap. v cbBnageHunsTa Ha nagente My ¢ Teopus Ha
Pasyma n Bcenenata, nybnukysaHa 20 roguHu npean KOMeHTUpaHuTe
anckycumn; nHtepsto ¢ MNutbp Boc Ha pvba npeau ,epaTta“ Ha eHTycnasma KbM
O6wwmsa UM npes 2013 r.; cobaHanu ce npeasmxaaHus ot 2005 r. 3a
MaLUMHHMA NPEeBOA U TBOPYECTBOTO M 38 aBTOMATUYHOTO NporpaMmmpaHe ot
2018 r. n gp.; 6ecena c yvyactmeto Ha Mankbn JleByH (NoBeYve OT Hero B
#OcHoBHUA ToM, #KnbepHeTtunka n #llncrtose.

* https://twenkid.com/agi/lrina_The Prophets of the Thinking Machines 26-9-
2025.pdf

* #lazar #lotsofpapers — Pabotata Ha HAKOW BbRrapckn U MH. p. YY4eHMU,
OKOJ10 30paTa Ha Hanpeabka Ha 00y4YeHNETO Ha ObIIOOKN HEBPOHHU MPEXN;
aBTOMaTUYeH CUHTE3 Ha nNporpamu, KOMMNKTbLPHO 3PEHMNE OT MUHANOTO U
HacTOALLETO, rofIeMU e3nKoBM Mogenu, ... *

https://twenkid.com/agi/Lazar The Prophets of the Thinking Machines 20-8-
2025.pdf
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* A survey of various papers and the work of particular researchers in many
fields of Al, machine learning, deep learning, cognitive science, computer
science etc., Explanation and summary of most important seminal
publications, milestones, concepts, methods, topics, quotes, keywords, points,
schools of thought; links between them; notes etc.. Groundbreaking or
important researchers or related to the flow and context of the reviewed topics;
works in Al, ML, CV, ANN, DL, ... throughout history, classical 1960s, 1970s,
1980s, 1990s, 2000s, early 2010s to 2020s... The evolution of ML and
computer vision techniques before the deep learning era. Computer Vision,
Program Synthesis. Lifelong Learning, Reinforcement Learning, Human-
Computer Interaction, Agents, Computer Vision;

* #anelia — Toan Tom ¢ nperneg pabortara Ha MHOro 6GbNrapcky y4eHn u ap.
Mperneq Ha nacnegBaHnATa Ha MHOrO 6bLArapcKkM y4eHU n Ha pa3paboTky C TAXHO
y4yactne B KOMMOTBPHOTO 3peHne U caMoynpaBnisaBalln ce NpeBO3HU CpeacTBa U
poboTtukaTa, KomntoTbpHaTta nuHrenctuka, MawwmHHo obyyeHue n MH. ap. >123 c..
bbnr. n anrn. 18.8.2025

https://twenkid.com/agi/Anelia_The Prophets of the Thinking Machines 18-8-

2025.pdf

* #instituti— npernen Ha nHctutyTM no M B 3touHa EBpona u cBeTa,
CpaBHeHWe Ha noBTapswmTe ce nocnadnd; kbm 2003 1. B Bbnrapus nmawe
nyOnvKyBaHW 2 HaUMOHaNHM cTpaTternm 3a passutue ¢ N - 16 rognHn
npeaw nbpBaTa YepHoBa Ha BAH 1 19 rognHn npeaun otkpueaHeTo Ha INSAIT,
N ABeTe 0eno Ha HOLWN.

* #complexity — AnropyTMmyHa CnoXHOCT — 0630p 1 6eNexKn No MHOXECTBO
ctatum n o0bo6bLweHunsa n nssoan. Jann mawmHata Ha TIOpUHT e nogxoaswa 3a
onuncaHne Ha Mucnewa mawuHa? #hector

* https://twenkid.com/agi/Algorithmic-Complexity Prophets-of-the-Thinking-
Machines-18-7-2025.pdf

* #calculusofart — MatemaTudeckun aHanus Ha uskycTBoTo. Mysuka | — Kak ce
onpegens ganv gageH ,Kbc“ M3KyCTBO € KpacuBO M 3aLl0 HX xapecsa?
Kpacotata, komnpecupaHeTo 1 npeasmxaaHeTo Ha ObaeLmTe JaHHU Bb3
OocHoBa Ha MnHanuTe. MysukaTta TpsibBa Aa e kpacvBa 1 Aa ce usmepsa BbB
BCUYKM MaLLabu, OT Han-mankuTe ¢ NocTeneHHo HapacTBall, 0bxBar.

* #calculusofart — Calculus of Art | — Music I. In English. Abstract: On origins,
criteria, confusions and methods for measuring the musical beauty and beauty
in general sensory modalities and domains, and a discussion and answer to
the paper “Musical beauty and information compression: Complex to the ear,
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but simple to the mind”, which rediscovers some core conclusions from the
earlier Theory of Universe and Mind about the universality of compression and
prediction for cognition, the origin of cognitive pleasure as a by effect of the
general operation of intelligence: maximizing matching and successful
prediction of sequences and the common origin of science and art and music
as prediction and compression; however “Calculus of Art” challenges claims
and methods for measuring the complexity and cognitive pleasure from the
referred paper and proposes methods and ideas from Calculus, requiring Art,
Music and any domain to be “pleasurable” or predictable, compressible etc. in
the whole range of scales of time and space and to be explored, studied,
produced, generated, perceived, evaluated etc. incrementally, gradually, step-
by-step expanded both in time and space, starting from the smallest possible
ones and continually growing and evaluating the ranges, features, qualities,
“‘pleasure”; and when comparing beauty, evaluating the features which humans
or a generally intelligent compression system would recognize, compress and
predict. A broader introduction and justification of prerequisite concepts and
the basis of the reasoning is given in the first half of the exposition. This is a
program paper, which is an entry to more technical future works and practical
implementations

* https://twenkid.com/agi/Calculus-of-Art-I-Intelligence-Music-Beauty-2012-
2025-Arnaudov-10-6-2025.pdf

* #kotkata — 3apauata ot ,AHanu3 Ha cMucb/ia Ha u3pe4YeHuUe 8b3 OCHOB8Aa Ha
b6asama 3HaHus Ha Oelicmeawa mucrnewa mawuHa (...)% T.ApHayoos 2004 r. B
ananor ¢ yatootosete ChatGPT u Bard, kpas Ha 2023 r. 4o Ha4. Ha 2024 r. n c
GPT5 npepg 2025 r., konTo ycnasa aa pasbepe n Npunoxu B ONpocTeH BUA
MeToga OT cTaTtudarta

*https://twenkid.com/agi/Kotkata The Prophets of the Thinking Machines 29-9-
2025.pdf

* #zabluda — 3abnyxgasawuTe NOHATUSA N pas3bop Ha UCTUHCKUS UM CMUCHJT:

TPaHCXyMaHU3bM, LMBUIU3AUMS, ... — KHUTA, KOATO Nybnunkyeax npe3 2020 r. u
3ano4yHa KaTo cTtatma 3a TpaHcxyMmaHm3ama. OTKbCHT MOXe Aa Obae BKIOYEH U
B OTAENHO npunoxeHue. * https://eim.twenkid.com/

#razvitie #transhumanism — ToM (pokycrpaH Bbpxy pasBUTUETO Ha YOBEKA,
KOCMWU3bM, ,TPaHCXyMaHN3bM®; eThKa, BUOTEXHONOrMNU, MO3BYHO-KOMMOTHbPEH
/ Mmo3b4HO-MaLwnHeH B3anmnuk (Brain-Computer Interface, Brain-Machine
Interface), HeBpOMOPdHM CUCTEMU, FEHETUYHO NHXEHEPCTBO, reHOMUKA,
ovonorus, cCUMynMpaHe Ha KrneTKu U XXUBWU OpraHu3mu u ap.
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* ##stack — Stack Theory is a Fork of Theory of Universe and Mind (Ha aHrnuiickn)
— TeopusaTta Ha Markbn TumbTn BeHeT 3a ,cTeka“ e owe eqHo pasKkiiOHEHNE Ha
Teopus Ha Pasyma n BceneHnata'. HoBo U3BbHpeaQHO NpuoxXeHne, KOETO Hanucax 3a
HAKOJSTKO OHM B Kpasa Ha aBryct — HavarnoTto Ha centemBpu 2025 r.. crneq KaTto OTKpUX
NopeaHOTO NOBTOPEHNE Ha BaXXHWM MOTUBW OT paboTarta Mu oT npean 20-TuHa roguHun,
3aLMTEHO KaTo LOKTOPaAHTypa 1 NPEeACTaBAHO OT HAKOSMKO rO4MHM Ha
KoHepeHumsiTa AGI, KoaTo Hanocneabk He criefsx. JonbAHUTENHN pasChXAEHNA N
Genexku.

EOuH ot ocobeHnTe npMHOCK ca peLeH3nm U CpaBHEHUSA OT CTpaHa Ha ronemm
€3UKOBW MOAENN, KOUTo ,Npm3oBax” 3a CBOM CBUAETENN U ,3alnTHULM®: Kimi-2,
Qwen, DeepSeek, ChatGPT, Claude n ap. 6sixa eaMHogyLLHN B U3MynTenHata
SICHOTa M NPO30PNMBOCT Ha ,6brrapcknte NnpopoyecTsa“, 4OpuU camMo OLEeHSBaNKN
KpaTbK OTKbC OT eHa OT NbpBuTe TBOPOU: ,HYoBekbT 1 Mucnewara mawumHa: ...
nybnukysaHa npe3 2001 r. https://twenkid.com/agi/Stack-Theory-is-Fork-of-Theory-of-
Universe-and-Mind-13-9-2025.pdf ~ 205 cTp.

Bwx cbuwo: https://github.com/Twenkid/Theory-of-Universe-and-Mind

MNMpakTuka, padboTunHunum v ap. (6boewm)

* #robots-drones-ros-slam-simulation-rl - HazemHn n netawm poboTu:
ApoHOBe; obLLa Teopus, NpakT1Ka, KOHKPETHU cMCTEMU U NpunoxeHus; Robot
Operating System (ROS, ROS2); cpean 3a cumynaumm Ha on3nyeckn n
BUPTyanHn poboTn n malwmHHo obyyveHne: Gazebo, MuJoCo, RoboTHOR,
Isaac Sim, Omniverse; gymnasium v gp.

* #neuromorphic-snn-practice — [lpakTvka No HeBPOMOPMHU CUCTEMM,
MMMYIICHU HEBPOHHU MpeXxu; Lava-nc n gp.

* #llm-generative-agents — ronemu eavkosn mogenu: nokanHa pabora,
nnaTtdopmu; ynotpeba, nogroreaHe Ha Habopu OT AaHHKU; 0By4eHue,
TecTBaHe. TekcT, obpas, Bugeo, TpUnaMepH Moaenu, nporpameH Kog, Lenm
nrpun n ceetose ¢ puamka (,world modeling“), BcsikakBn moganHocTy;
AndbysHn moaenu, npeobpasutenu (TpaHcdopmaTopu), cbrinacyBaHu ¢
dusmnkata matemaTU4ECKN MOLENN, MPUYMHHOCTHM MOAENN C ynpaBnsaBaLlo-
NpUYMHABALLN YCTPOUCTBA No naente ot Teopus Ha Pasyma n BceneHara.
AreHTn, MynTu-areHTHN CUCTEMW: apXUTEKTYPU N Op ...

(Bwx Jlucmoee v Jlazap)

* #codegen — aBTOMaTUYHO NporpamMmupaHe, CUHTE3 Ha Nporpamun; Moaenu 3a
Tasu uern, nnartopmMmu; MeToaun, NpUNoXeHus ... program synthesis, automatic

' PaBoTHM LLEroBUTH ,LiIeH3ypUpaHn® 3arnaBus: ,HenuLeH3npaHo pasknoHeHne", ,KNOHUHT®
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programming, code generation

* #sigi-evolve — camopasBuBalLM ce MaLlNHW, €BOMOLMOHHN TEXHUKMN,
peKkypcuBHO camoycbBbpLueHcTBaHe (Recursive Self-Improvement, RSI)

* #appx — MNMpunoxeHue Ha NPUIOXKEHUATA, CNUCHK C 4O0O6ABEHN NO-KbCHO;
PBbKOBOACTBO 3a YeTeHe 1 Aap.

* #agi-chronicles — xpoHonornyeH 3anuc u npocreaasaHe Ha pa3BuUTHE Ha
NCTOPUS, HOBUHW, CbOUTUSA, MAEN, CUCTEMMN, MPUNOXKEHMNS; M3cneaoBaTenm
(seposimHo ¢ Bcedbpixeu)

... CrneaBaT NPoAbLINKeHUs — Opyrv NpunoxeHus n BeenreHama:

* Cb3paBaHe Ha MUCHNeLM MawnHKM — ... 3pum, Beceagbpxel
Bbpwepon, Kasbopoa, Bcebopasuten, BceTBogenctaso, Becesog, (...

BHumaHune! Toan cnnucbk n nHpopmauusaTa B HEro MoXe fia ca HenbJTHWU, HETOYHN
nUnu octapenu. Bb3aMoXHO € aa n3nuaaTt HOBU U3[aHus C NONpPaBKM U OONMbITHEHMS.
3a obHoBneHus cnegete yeb cTtpaHuunTte, pencbyk rpynara ,YHusepcaneH
n3kycTeeH pasym*, KOTi06 kaHanuTe, [luckopa cbpBbpa U ap.

MoxeTe na noMmorHete 3a NnogobpeHNeTo Ha CbLUecTByBaLLMTE U 3a
OCbLLECTBABAHETO Ha ObaewmTe pas3paboTku.

CeeuwjeHusim cMemad npu3oBaBa CbO3HULUWN, CbMULLNEHNLM, CbOPYKHULN
N CbTPYAHWLM; YHUBEPCUTETU, N3CIIEA0BATENCKA MHCTUTYTU U PUPMU;
YYEHU, MHXEHEPU, paspaboTynum 1 TBOPLW; CNIOMOLLECTBOBATENMN,
AapuTenu, nocnegosartenu, Apyrapw, 13crnegoBaTenu U CbaBTopK 3a
NpoabImMKeHNs 1 NoaobpeHn Bepcun 1 3a pasBuTMe Ha AeHOCTTa Ha
n3crnenoBaTenCcKo-TBOPYECKOTO APYXKECTBO.

AKO uckate ga NnoMorHeTe, 3a KOHKPETHU NOEeN BUXKTE B HA4anoTo Ha
OCHOBHUSA TOM, B NpurioxeHue Jlucmose, B HpopMaumsTa 3a npoekTa
Bceabpxeu unu ce cebpxxeme C MeEH.
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BcsakakBa cCbBpeMeHHa TexHVKa 3a Hoea? uacrefoBarerncka AenHOCT 61 HU
6una oT nonsa B paboTaTta, KakTo U 4OCTbMN 40 06naYHM yCryrn oT BCAKAKbLB
BMO — OT 4OCTbN A0 nopaxaaiwmn moaenun kato ChatGPT, Gemini,
LangChain, 0o cbpBbpH, AMCKOBO NPOCTPAHCTBO U Np. NomelleHns 3a
TexHuKa n paboTa CbLL0o MOXe Aa ca NOMe3HMu.

CbxpaHsiBaHETO Ha Gbnrapckara 1 CBEToBHa KOMMIOTbPHA UCTOPUSA U NameT
€ yacT oT genHocTtta Ha Cmemaya owle ot 3opata My npes 2000 r.

Crtapa Obnrapcka 1 CBETOBHA U3YMCINIUTENHA TEXHUKA, KOATO UCKaTe aa
AapuTte, CbLLo e gobpe aoLwuna npu Hac UM Hanpumep NPU KOMMKTbLPHUSA
mysen ,,Komry Nnogdue” (Compu Plovdiv), Ha KOUTO CbTPYLHNYUM.]

2 Mucneluata mawmHa Becegbpel, paboTu Ha Takaea TEXHWKA, C KakBaTo pasnonarame v ce
BMeCTBa B Hesl. AKO He MOXEM Aa ocurypum apyro, Becegbpkel we TpsibBa aa ce cnpasu u
Ha egHo unu Hakonko PC-Ta, nantonu 1 no-marnkyu KOMMIOTPU, C Bb3MOXHA Bpb3Ka U KbM
MOOWNHKN YCTPOMNCTBA 3a CEH30pU 1 ApYriM NoMoLHM 06paboTku; 6e3 nnu cbe 4ocTbN 40
NHTepHeT n obnavHm ycnyrun, KOMTO CbLLO NPEAOCTaBAT AOMbAHUTENHA Mol 6e3nnaTtHo unu
Ha JoCTbMHa ueHa, Aopu u 3a cupomacu. Bux ,,CuHeynsapHocm Ha Tow" — ypasHeHuemo Ha
omHocumerniHama eghekmugHocm B npunoxeHune ,lMbpeama ModepHa cmpameausi..."
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IIpunoxenue ,,AHe/IMA“ e YaCT OT LIMPOK U JBJIOOK TIpersie/; Ha paboTara Ha ObATapCKU U
CBETOBHM M3C/Ie/JOBATe/N 110 U3KYCTBEH UHTEIeKT U 001110 — BCIKAKBU HayKH 3a yMa U
T03HAHMETO, U TEXHUTE TIPUIOKEHHUSI.

3a Mo-OMUTHUTE YKTaTesH! ,, AHeaus “ MoxKe Zia TIOC/TY KU 3a IPUITOMHSIHE U
3aJb/ib0UaBaHe, ¥ 3a OTKpHBaHe 1 HayuaBaHe Ha Ba)KHU HarlpaB/IeHUs], TEMH, METO/IH,
TIOHATHS, pa3pabOTKX OT MUHAIOTO M HACTOSIII[ETO Upe3 ueTeHe U MPOoyYBaHe Ha KOHKPETHH
HayYHU MyO/MKal[UK BB BDEMETO M B paboTaTa Ha KOHKPETHUTE pa3IyieX/IaHu YUeHH, KOUTO
ca JIOTIPUHACSI/A 3a Pa3BUTUETO Ha ChOTBETHUTE 00sacTu. [TIpoliechT e MoAIIOMOrHaT 1
YCKOpeH upe3 000011eHnsATa ¥ Oe/IeXXKUTe 3a Hal-Ba)KHOTO. T03U TOM, Makap 1
,HeromnoapeaeH 110 00MUaliHusl HauWH, € BU/| a/IMaHax, eHI[uK/Ioneaus, 6uomorpadcku
CTIpaBOYHMK U HAaOOp OT /JaHHM C JINYHOCTU M OCHOBA 3a OTKPHBaHe U U3B/IMUaHe Ha JApYTH
CBbP3aHHU YUEHH M TEMH upe3 T.Hap. U3C/iefiBaHe Ha uTeparypara’ — 6110 ,,lI0-phUHO" MK
ype3 ,,li0-aBTOMaTUyHa“ 00paboTKa C ThpCelly MallliHU U e3UKOBH MOJIe/IN — 3a MOCTPOsiBaHe
Ha JIOMTb/THEHUS U Oll[e BPB3KU C MaTepHa/iuTe OT APYruTe YacTu Ha IIpopoyume: Jlazap,
JIucmoge, OCHOBHUS MOM ... U Ap. ¥ BbOOIL[e B pa3r/iexjaHuTe 00/1acTi Ha TI03HAHUETO; 3a
MIpOC/IeisiBaHe Ha MPexXoJuTe B PA3BUTUETO Ha OMNpe/ie/ieHH HayuHH MOHSTHS U 3a/lauH,
HarpeAbKa B ChOTBETHUTE HayYHU 00/1aCTH 1 Mo00/1aCTH ¥ Pa3BUTUETO Ha KOHKPETHH
yUeHH: U ObJITapCKH, U CBETOBHH.

IMpopoyume BuBeXja JI0O03HATETHUS UMUTATE/I B MHOTO 00/1aCTH OT HAayKUTe U
3HaHUSATA 32 yMa U MUCJIEHETO, 1Moj00HO Ha rpefo0ydyeHrneTo Ha My/ITUMOZAJIEH TTOpaXk/jall]
MO/IeJ1, KaTo B TIpoLieca ce OTKPUBAT U 0TOesIsI3BaT BPb3KU U ChBIA[eHUS MEX/Y Ja/IeuH!
,MecTa“ OoT pucyBalliaTa ce KapTa, OTKpHUBa Ce MOBTAPSILOTO Ce WX Pa3/MUHO BbB BpeMEBH
MepUOH, PA3/IMUHU HayKW U HayUHH IITKOJIA; U3B/IMUAT Ce Hal-Ba)KHUTE TIOHATHUS U UZIEU U Ce
JIOCTUTA ZI0 000OIIEeHUS U 3aK/TIOUeHUs], Bb3 OCHOBA Ha CHHTE3HMPAHeTO Ha MHOT000pa3Ho U
IIMPOKOOOXBATHO 3HaHHUe.

Bux orie yBogHuTe Oeiexxku KbM JIucmoge; OCHOBHUSIM MOM; TEKCTOBETE 3a
MYJITUMOZA/IHUTE MOJev B ,, [Tepgama cmpamezus...“ U B CIIOMeHaTUTe /iBa TOMa,
,»J8opuecmeomo e nodpascaHue Ha HUgo aizopummu “, 2003 u dp.

BbaeluTe BepCu 1ije ca 4acT OT U/ Iije paboTsAT c MUc/IelIaTa MalvHa Beedspoicey,
KOSITO IIIe TY HalpaBH B3alMO/IeMCTBAIIM 1 TI0-yI00HU 3a U3yuaBaHe, ThbPCeHe, TIOZIPEXK/IaHe,
JoTTbJIBaHe, 300pa3siBaHe, CBbp3BaHe, TIPeBO, ... (...)

@Bcegbpxen: O606p Bcuk: -.- [,,]+ *# nubu {K-K} ap np/mkH
https://github.com/Twenkid/Vsy-Jack-Of-All-Trades-AGI-Bulgarian-Internet-Archive-And-
Search-Engine

By 3a pyru 0b/Irapck ,,poponM* B OCHOBHUS TOM U B IPYTH MPUJIOXKeHUST: #prophets
#tosh1; #lazar #listove #instituti u zp.

3 Literature-based research, Lierature review; Literature-Based Discovery (LBD)
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AHenuna AHrenoBa - Google, Google Deepmind, ...
https://scholar.google.com/citations?user=nkmDOPgAAAAJ&hl=en

BaxxHn paboTn B NpUnoXxeHns Ha MalMHHOTO 0ByYeHne, KOMMIOTbPHOTO 3peHune,
HaBurayusTa 3a camoyrnpasrnsBallin ce NpeBO3HU CpeacTaa, roieMmn e3ankoBu
moaenu, poboTuka ot Hadanoto Ha 2000-Te roguHu 4o gHec.

* Rapid object detection, 5/2003, A.Angelova
https://citeseerx.ist.psu.edu/document?repid=rep1&typef=pdf&doi=2f7aea8299b39b7
8dba7f5¢c44e98c078cad928d0

https://www.researchgate.net/publication/248563069 Learning for Autonomous Na
vigation Extrapolating from Underfoot to the Far Field

CamoynpasnsiBallm ce NPeBO3HN CpeacTBa 3a uscrnegsaHus Ha 3emdaTa U B KocMoca.
3a NASA, DARPA. % zones: proprioceptive (1m), Near-field/Mid-field/Far-field (10m,
50m, infinity); learning from 3D geometry (Lf3D); learning from proprioception (LfP) -
from images; traversability analysis, traversability cost on grid-based map cells; local
map representations; learning: SVM, 2000 traversable/non-t. examples --> 784
support vector ... K-means clustering; ... Slipping +trav.cost; Mixture of Experts;

* Angelova, A. N. (2004). Data pruning. MSc. Thesis, California Institute of
Technology https://thesis.library.caltech.edu/2184/1/DataPruning.pdf

MopobpsasaHe Ha obobLaBallaTa cuna Ha y4eHeTo crnef npeMaxsaHe Ha
onpegenexHu npumepn. MHOXeCTBO NonyHe3aBMCUMK KracndumkaTopu, Ypes KouTo ce
pa3no3HaBaT HUCKOKA4YeCTBEHM 06pasum, Npu KOUTO MMa NoBeYe pasHOornacus.
(Outliers, difficult examples); HagexgHa ctatuctuka (Robust); pewieHne kakBo ga ce
npaBu C rpaHNYHUTE cnyyamn u wyma? [la ce npemaxHart, 4a ce orpaHuyn TernoTo
nm? RANSAC (Random Sample Concesus), BMECTBAHE HA FrEOMETPUYHN
NPUMUTUBI...); perynsapusaums - "HakasaHume" 3a CNoXXHoCTTa Ha mogena (6pown
napametpu); SVM, SVC (slack variables) - nomoLiH1 npomeHnmemn 3a
CbOTHOLLEHMETO MexXay npeaena (margin) n rpewkara npu knacmdukaumsa (no-
Manko ob6obLeHne, HO NO-Marko rpeLlkn; noseyve ob6o6LLEeHNE, HO NOBEYE MPELLKN B
knacugukauymsaTa). AdaBoost: cbyetaBaHe Ha "crnabu yyeHuumn", manko no-gobpwu ot
Crny4YanHOCTTa, B 06€QUHEH CUIMEH YYEHUK ... ABOMYEH KnacudukaTop; TpygHuTe
npumepn: 6GNn3kM 4o rpaHMuaTa Ha pasgensiHe, npemaxBaHe Ha Han-TpyaHuTe
(cpBH. GAN, 2014).

* Angelova, A., Abu-Mostafa, Y., & Perona, P. (2005). Pruning training sets for
learning of object categories.
https://home.work.caltech.edu/pub/Angelova2005prune.pdf ABTOMaTUYHO
n34yncTBaHe Ha Habop OT AaHHM OT NoLwn NpUMepn 3a No-godpo obyyeHue; B
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paboTtaTa - 3a nMua (LyM, CHUMKM KOUTO HEe Ca Ha nnua, 3aMbrfneHn u np.); odo -
norpeLluHn 6enesn, mapkmpaHe (wrong labels, incorrect labels)

* Real-time grasp detection using convolutional neural networks, J. Redmon, A.
Angelova, 2015 IEEE International Conference on Robotics and Automation (ICRA),
1316-1322, 1061 citations, 2015.

Cornell Grasping Dataset - labelled grasps. Ground truth grasps: g = {x, y, 6,
h, w}; g - UEHTbP Ha NpaBObIbIHMKA 3a XBallaHe, O - opMeHTauus, brbs CnpsMo
BOAOpaBHaTa oc; w,h - wmnpuHa (4bnboynHa), BUCOUYnHa (ObIMKMHA). 5-n3MepeH
XBalllall, BEKTOP BMECTO 7-n3MepeH B Apyra paboTa (Tpum3MepeH), 3a aa ce ceeqe
A0 pasno3HaBaHe Ha obpa3u; apxuTtekTypa nogobHa Ha AlexNet, 3 KOHBOMOLMOHHM
CNnos 1 ABa HanNb/IHO CBbP3aHN, 3aBbpLUBALLM C 5 HEBPOHA OTpassBaLLyM neTre
napameTtbpa. [lonyckaHus 3a eqHO MSACTO 3a XBalllaHe - YNCT GOOH; Npu 3aTpynaH -
NbpBO cermeHTUpaHe (cluttered scene); 3a parallel plate grippers (pbLe ¢ ycnopegHu
"Wwunkn"); mogen 3a MHOro MecTa 3a xBalaHe: pa3gens Ha pewweTtka NxN n HayyaBa
BEPOSATHOCTTA BbB BCsIKA KIeTka Aa nma oOpo NonoXxeHne 3a 3axBallaHe. ...
M3non3Ba Bceobula nHdpopmauus, a He nnbarawy, ce npo3opeu, B RGB-D
NPOCTPaHCTBO (CTepeokamepa, 06pas 1 AbnGodnHa).

* Angelova, A., & Zhu, S. (2013). Efficient object detection and segmentation for
fine-grained recognition.
https://openaccess.thecvf.com/content cvpr 2013/papers/Angelova_Efficient Object
Detection 2013 CVPR_paper.pdf ®uHOTO pasno3HaBaHe € Hanpumep Ha BUaoBe
NTULW, NOPOAM KyyeTa - o6LL poa, pasnvyHn BUOOBW MPU3HALM; NO-Masikn 3pUTESHU
pasnnyunsa OTKOMKOTO MeXAy No-oTAariedeHn BU3yasHo KrnacoBe Kato A6brka 1 KblLua,
4YOBEK M KaMbK U T.H.; NpeauwHa paboTta - superpixels, pre-segmentation; full-object
segmentation: label Xj for each pixel |j (feature fj); BX. cbwo gokr.amnc. Ha A.Towes,
2011 (Alexander Toshev).

* Computer vision on Mars, Matthies, L., Maimone, M., Johnson, A., Cheng, Y.,
Willson, R., Villalpando, C., Goldberg, S., Huertas, A., Stein, A., & Angelova, A.
(2007)https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=02635d0815
4263c995334354d7499710c402e05d — LleHeH 0630p Ha uctopusita Ha oTg4aneyYeHu
aBTOHOMHM NPEeBO3HU CpeacTBa (rovers, rover navigation) ocobeHo 3a KocMU4ecku
uenu, pasnuyHn ,Mapcoxoamn“ n akTyanHn TEXHUKM 3a onpeaeneHst He HepaBHOCTUTE
N Bb3MOXXHOCTTA 3a ABWXXEHNE MO onpeaeneHn TpaekTopum Ypes pasnnyHmn CEH30PMW.
CTtepeo 3peHue, 3putenHa ogometpus (ot Mopasek, 1980-te; Carnegie Melon CMU
Navlab, CMU Navlab 5, Ambler ... u gp. ¢.3) n gp. visual odometry; 3putenHo
nporHo3snpaHe Ha nnb3raHeTo (slip prediction); npocnegssaHe Ha Geneaun 3a
onpegensiHe Ha Xopu3oHTanHarta ckopocT (horizontal velocity feature tracking) n gp.

4Bx u: I. Lenz, H. Lee, and A. Saxena, “Deep learning for detecting robotic grasps,” in Proceedings of
Robotics: Science and Systems, Berlin, Germany, June 2013.

Y. Jiang, S. Moseson, and A. Saxena, “Efficient grasping from rgbd images: Learning using a new
rectangle representation,” in IEEE International Conference on Robotics & Automation (ICRA). IEEE,
2011, pp. 3304-3311.
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Mpe3 roanHaTa Ha ctatusaTa otbopbT Ha CMU nevenu Darpa Urban Challenge kaTo
"Tartan Racing", Bux 6en. KbM MynTU-areHTHN CUCTEMM U apXUTeKTypaTa
TouringMachine, 1991-1992.

Bux owe: Navlab 1, 1986 - camoynpasnsBall, ce KaMWOH, 3apagu pasmepa Ha
komntoTpute https://www.youtube.com/watch?v=ntlczNQKfQ
https://en.wikipedia.org/wiki/Navlab
* Navlab 5, 1997 - camoynpasnsaBaLla ce Kosia no maructpana, nogabpxa Kypca
https://www.youtube.com/watch?v=xkJVV1 4I8E
* Navlab 84-94, Todd Jochem, 169 aboHaTu, 965 nokassaHus, 30.01.2008 Pestome
Ha paboTtaTa Ha Navlab 3a aBTOHOMHM NPeBO3HU CpeacTBa Ha YHMBeEpcUTeTa
KapHern MenbH mexay 1984 1 1994 r. Navlab 1: Neighborhood Navigation, Todd
Jochem https://www.youtube.com/watch?v=0GXugw3cgwU
https://www.ri.cmu.edu/research/labs-groups/ https://www.ri.cmu.edu/robotics-
groups/navlab/

* Unsupervised learning of depth and ego-motion from monocular video using
3D geometric constraints, R. Mahjourian, M. Wicke, A. Angelova,

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
897 citations, 2018.

* Pali: A jointly-scaled multilingual language-image model, X. Chen, X. Wang, S.
Changpinyo, A. J. Piergiovanni, P. Padlewski, D. Salz ... Anelia Angelova ... et al. (29)
arXiv:2209.06794, 632 citations, 2022. https://arxiv.org/abs/2209.06794

Datasets: image-text pairs: Conceptual Captions (CC3M, CC12M; 2018,2021); LEMON (Hu
et al., 2022): 200M; GIT: 800M. ALIGN: 1.8B (noisy); SimVLM, CoCa. Text enc-dec:
mT5-Large 1B, mT5-XXL 13B. ViT: ViT-e: 4B. PALI-3B, -13B, -17B. WebLlI: 10B img
+ tens B img-txt pairs in 109 lang; 29B img-OCR pairs; ... Object-aware VQA1: 1-
triplets, object labels; QA pairs: lists of all objects in the img & ? subset of obj are in
the img; obj-lvl annot: Open Images. Obj.detect.

* The Open Images Dataset V4: Unified image classification, object detection, and
visual relationship detection at scale, Kuznetsova et al., 2020
https://paperswithcode.com/dataset/open-images-v4
https://storage.googleapis.com/openimages/web/index.html -v7, 2022
https://docs.voxel51.com/ Dataset building and viewing with 3 and 12 million image-
text pairs ...
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* Depth prediction without the sensors: Leveraging structure for unsupervised
learning from monocular videos, V. Casser, S. Pirk, R. Mahjourian, A. Angelova,
Proceedings of the AAAI Conference on Artificial Intelligence, 33(01), 8001-8008, 565
citations, 2019.

* Depth from videos in the wild: Unsupervised monocular depth learning from
unknown cameras, A. Gordon, H. Li, R. Jonschkowski, A. Angelova, Proceedings of
the IEEE/CVF International Conference on Computer Vision, 462 citations, 2019.

* A. Angelova, A. Krizhevsky, V. Vanhoucke, A. S. Ogale, D. Ferguson,

* Real-time pedestrian detection with deep network cascades, BMVC 2, 4, 324
citations, 2015., W. Kuo, A. Angelova, J. Malik, T. Y. Lin

* Evolving Space-Time Neural Architectures for Videos, AJ Piergiovanni, Anelia
Angelova, Alexander Toshev, Michael S. Ryoo, 11.2018/8.2019
https://arxiv.org/abs/1811.10636 (A.AHrenosa n A.TowleB)

Video understanting: video object detection and activity recognition; CNN; Inflated
Temporal Gaussian Mixture (iTGM); hybrid meta-architecture fill-in-the-blanks — the
connectivity is fixed, but the modules can evolve.

EBontounoHeH anropntbM: cnyyYanHo ce n3bupa Habop oT Bb3MOXHU
apxXuMTeKTypu, n3npobsa ce NPoM3BOANTENHOCTTA UM NMpU pasno3HaBaHe, Haun-
pobparta ctaBa ,poguTten’, BbpXy KOMTO ce Npunarat Mytauuu, 3a ga ce nosny4u
~0eTe”, koeTo ce nobasda kKbM nonyrauna n ce obyvasa 3a onpegeneH 6pon
nTepaummu, crnen KOeTo ce oueHsiBa ¢ Apyr Habop 3a BanugupaHe, KOeTo gaBsa
~npncnocobeHoctTa“ n (fitness). OT nonynaumsTa, obLy 25 apxuTekTypu, ce
npemaxsa Han-crnabo npucnocobeHaTa n eBONMIOLMOHHUAT LMKbI Ce NOBTapA.
MyTaumnTte ca 4 Tvna: 1) n3bop Ha BpeMEBO-NPOCTPaHCTBEH KOHBOJMOLIMOHEH CINOM
n NpoMsHa Ha Tuna my. 2) 36op Ha BpemMeBO-NPOCTPaHCTBEH CIIOM N NPOMSiHA Ha
BpemeBusi My pasmep (obxsar). 3) M3bop Ha moayn OT poguTernckara apxutektypa u
AobaBsaHe unu npemaxesaHe Ha napaneneH NoTok Mexay crnoesete: mexay 1 u 6.
®dukcupaH dpon nsxogHu omnTpu, paBHOMEPHO pasnpedeneHn Mexay napanenHure
nnHun. 4) N36op Ha moay”n M NpoMsiHa Ha Oposi Ha MOBTOPEHUATa My.

* Mahjourian, R., Wicke, M., & Angelova, A. (2017).

Geometry-based next frame prediction from monocular video
https://arxiv.org/pdf/1609.06377

* Shapemask: Learning to segment novel objects by refining shape priors,
Proceedings of the IEEE/CVF International Conference on Computer Vision, 150
citations, 2019. @Bcn +

YTouHsiBaHe Ha obxBallalla macka npv pasno3HaBaHe, a He camo
NpaBObIbIHUK; shape priors — npegsapuTenHn mogenn Ha dpopmara; shape mask —
Macka Ha oopmata nsbucTpsa nbpBoHadanHo rpybara gopma, cBexagankm 8 oo
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Macka 3a BCeKV OTAEereH criyqyan Ha pa3no3Hat npeaMeT B u3obpaxeHneTo ,4ypes
Hay4YyaBaHe Ha npeacTaBsHETO Ha npuMmepuTe (instance embeddings).
lMpepnocTtaBkuTe 3a popmarta nogckassart.

* Region-Centric Image-Language Pretraining for Open-Vocabulary Detection.
Kim, D., Angelova, A., & Kuo, W. (2024)
https://fq.pkwyx.com/default/https/www.ecva.net/papers/eccv_2024/papers ECCV/pa
pers/08007.pdf @Bcu:+

LVIS open-vocabulary detection benchmark (cmp closed-vocabulary); Open-
Vocabulary Detection — OVD — pretrains on a large set of image-text data (CLIP etc.);
DITO - open vocabulart, RegionCLIP, CoDet, DetCLIP; Grounding DINO ... pseudo
labeling; inegrating detector architectures into CLIP, aligh regions with words; visual
grounding annotations, multitask learning ... Self-supervised pretraining: contrastive
— augmented images, sliding windows, obj.proposals, point samples, pixel
reconstruction. Detector heads, shifted-window learning for detection; Region of
interest Align (Rol-Align) feature ... cos similarity (region embedding, text
embeddings, base categories) - softmax (turn into probabilities, normalize ) ...

* 3D Open-Vocabulary Panoptic Segmentation with 2D-3D Vision-Language
Distillation, Xiao, Z., Jing, L., Wu, S., Zhu, A. Z., Ji, J., Jiang, C. M., Hung, W. C.,
Funkhouser, T., et al (2025). European Conference on Computer Vision, 21-38

* Connection weight learning for guided architecture evolution, Ryoo, M. S.,
Piergiovanni, A. J., Tan, M., & Angelova, A. (2024).
https://scholar.google.com/citations?view op=view _citation&hl=en&user=nkmDOPgA
AAAJ&sortby=pubdate&citation for view=nkmDOPgAAAAJ:8AbLer7MMksC
https://patents.google.com/patent/US12046025B2/en

* Video question answering with iterative video-text co-tokenization.
Piergiovanni, A. J., Morton, K., Kuo, W., Ryoo, M. S., & Angelova, A. (2022).
https://arxiv.org/pdf/2208.00934 Habopwu ot gaHHn: MSRVTT-QA, MSVD-QA, IVQA;
Hamansasa cnoxHocTTta oT 150-360 go 67 GFLOPs. VQA — Visual Question
Answering (image) - VideoQA (motion picture) ... action(recognition, detection,
segmentation) in open-set domain (unseen objects categories or unknown activities);
joint learning of the video & text embeddings, co-tokenization, joint representations,
cross-modality interactions at many stages, cross-modal learning ... ,video-text co-
tokenization fusion mechanism which learns the most appropriate compact feature
representations iteratively based on the previous features®; multi-stream: at different
time- and space- scales - multi-scale features; fusing multi-modal models; Learn to
tokenize (TokenLearner) ...

Pas3Butne Ha cBbp3aHa 3agava:
* What's in a Video: Factorized Autoregressive Decoding for Online Dense
Video Captioning. Piergiovanni, A. J., Kim, D., Ryoo, M. S., Noble, I., & Angelova, A.

20


https://fq.pkwyx.com/default/https/www.ecva.net/papers/eccv_2024/papers_ECCV/papers/08007.pdf
https://fq.pkwyx.com/default/https/www.ecva.net/papers/eccv_2024/papers_ECCV/papers/08007.pdf
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=nkmDOPgAAAAJ&sortby=pubdate&citation_for_view=nkmDOPgAAAAJ:8AbLer7MMksC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=nkmDOPgAAAAJ&sortby=pubdate&citation_for_view=nkmDOPgAAAAJ:8AbLer7MMksC
https://patents.google.com/patent/US12046025B2/en
https://arxiv.org/pdf/2208.00934

Mpopouunte Ha mucnewmte mawmHn: AHenns. The Prophets of the Thinking Machines: Anelia

(2024). , arXiv preprint arXiv:2411.14688. https://arxiv.org/pdf/2411.14688
Autoregressive model, next token prediction; split in short non-overlaping video
segments. ~ 500M params, 128M: text 300M for TubeViT, ViT-Large; video memory
transformer and autoregressive transformer. Input: 512 frames at 448x448 w.16
segments. Even with a high number of frames and high resolution, fits on 64 devices
(TPUs?) decoding: beam search, 24 outputs, temporal NMS @ 0.7 threshold.ViT:
ALIGN dataset, MaMMUT pre-trained weights. ... 512 fr. 8 or 16 segments and 32
output tokens per segment = 424 GFLOPs/seg. For 8 segs = 3392 GFLOPs/256
tokens), 16 segs: 6784 GFLOPs/512 output tokens. Baseline: 4125 GFLOPs/256
tokens ... Scores: SODA [16], CIDEr [51] and METEOR [3]; Datasets: ActivityNet
dense captions, ViT, YouCook2, HowTo100M; segment both to events and provide
corresponding captions. ...

Multiple captions: <start_token><start_time><end_time><caption_text><EOS> ...
<start_time 1> <end_time 1><caption_text 1> <start_token><start_time 2><end_time
2><caption_text 2> ... <EOS> ...
https://huggingface.co/docs/transformers/en/model_doc/align

* MaMMUT: A simple architecture for joint learning for multimodal tasks.
Weicheng Kuo, AJ Piergiovanni, Dahun Kim, ... and Anelia Angelova, 2023
Bx.cw: VLAP: Efficient Video-Language Alignment via Frame Prompting and
Distilling for Video Question Answering, Xijun Wang+,2024
https://arxiv.org/html/2312.08367v2

* Image depth prediction neural networks. Angelova, A., Wicke, M., & Mahjourian,
R. (2023). NHTepecHO e, 4Ye B TO3M 1 APYrv NaTeHTX KaTo 3a NpeBod Ha rpadouyHm
pomMaHu nocoysat LSTM (a He npeobpasuntenn).
https://patentimages.storage.googleapis.com/10/14/ac/7804b25ba834fa/US 1173484

7.pdf

* Localization of Objects Encoded in Image Data in Accordance with Natural
Language Queries, Kuo, W.-C., Bertsch, F., Li, W., Piergiovanni, A. J., Saffar, M. T.,
& Angelova, A. (n.d.). 29.8.2024
https://patents.google.com/patent/US20240289981A1/en

"...0006LLEeHO YyTOYHSABAHE Ha MECTOMOMOXEeHUe, KbAETO JIOKanuanpaHuaT obekT e B
CbOTBETCTBME CbC 3asiBKa Ha eCTeCcTBeH e3uK. [10-KOHKPETHO, N3MbIHEHNATA
BKIOYBAT eauHHa 0606LLeHa apXnTekTypa 3a 3puUTENHO OTKPUBaHE Ha MSICTOTO,
KOAITO nocTura nogodpeHa Npon3BOANTENHOCT NpuU CriegHuTe Tpy 3agayn: pasbupaHe
Ha n3pasn OTHOCHO LenTa, flokanuampaHe Ha 06eKTn N OTKPUBAHETO UM.
M3nbnHeHnaTa n3anona3eart MalMHHO 00y4YeHM MOOENN 3a ECTECTBEH €3UK U/unum
Moaenu Ha nsobpaxenns. Apxutektyparta e cnocobHa ga pasbupa n otroBapsi Ha
BbMNPOCK 3a eCTECTBEHO NOCOYBAHE Ha MecCTa B n3obpaxkeHne, aa n3sexana
MHOXECTBO MNoJieTa, Aa He NpeaocTaBs M3xon, ako 06eKTbT nuncea (Hanp. Aa BbpHe
npaseH pesynTar), KakTo 1 Aa pellaBa obLm 3agaqm 3a OTKpUBaHe..." - B Hanp.
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PaLM-SayCan: https://sites.research.google/palm-saycan

* 3D Open-Vocabulary Panoptic Segmentation with 2D-3D Vision-Language
Distillation, Xiao, Z., Jing, L., Wu, S., Zhu, A. Z., Ji, J., Jiang, C. M., Hung, W.-C.,
Funkhouser, T., Kuo, W., Angelova, A., Zhou, Y., & Sheng, S., 3.4.2024 (2025),
3.4.2024 https://arxiv.org/pdf/2401.02402 — 3agadva 3a 6€3nnIOTHN NPEBO3HM
CpeacTBa, 3a fa pasrpaHunyat 6ponmm obekmu Haokono (things) — opyrn NPeBO3HM
CpeAcTBa, xopa, NpenarcTBusa — n Hebpoumm "Hewa" (stuff) - NbTA, pacTUTENHOCTTa
Kpawn Hero, HebeTo. Bcekun otaeneH o6ekT nonyvasa cOBCTBEH ETUKET, 40KATO
"HewaTa" ce Bb3npMemar KaTto egHo Lsano, maca 6e3 cobcTBeHa ,eANHUYHOCT —
nogo6HO Ha KaTeropmMmMTe B €CTECTBEHUS e3UK ("HacunHN" n HeBpouMM ca MSCHK,
BOAA; MoraT fa cTaHaT 6pomMMm ¢ MspKa U YTOMHEHUS: ,Yalla Boga“, ,fionarta nscbk®).
B pabotaTa 3a NpbB NbT €JHOBPEMEHHO pa3fenaT Hogu 06eKTU U Hella — ,,0TBOPEH
peyvyHuK®, HecpellaHn B Habopa OT AaHHM 3a 0byyYeHue — Ha oTaernHuTe
npeacTaBuUTENN U ceMaHTUYHa knacudukauus (instance & semantic segmentation).
[1Byn3mMepHOTO CermeHTMpaHe Ha BCUYKO C OTBOPEH PEYHMK € pas3BUTO C yrnoTpebaTta
Ha CLIP (2D open-vocabulary); HO 3a TpunamepHus criydam He JocTuraTt 4oCTaTbyHO
ABOVIKN JaHHUM 3a TpumMaMepHu obnaum oT ToYku u TekcT; B OpenScene: per-pixel
CLIP features = projecting 3D points onto image planes; RegionPLC: 3putentu
nogkaHu Bbpxy obrnacTtn oT n3obpaxeHNeTo, KOHTPACTHO 0byyveHne pasaensLlo
TOYKM ...; B Tasu paboTta - camo npeaBaputenHo obydeH CLIP. ... MyntumoganHo
cnuBaHe Ha ocobeHocTu ... B 2D: 3ampaseHn ocobeHoctn Ha CLIP n 2D naHonTn4HO
cerMeHTmpaHe, Ho B 3D He e NpsAKo NpUIoXMMO, 3aLL0TO MHOMO TOYKM HAMAaT
BanuAHW NUKcenu ot kamepara (ckputn ca 3ag apyrm). P3Former. LiDAR-Vision ..

* Depth from videos in the wild: Unsupervised monocular depth learning from
unknown cameras, A Gordon, H Li, R Jonschkowski, A Angelova, 4.2019
https://arxiv.org/abs/1904.04998 @Bcu: Bx

* Region-Centric Image-Language Pretraining for Open-Vocabulary Detection
https://github.com/google-research/google-research/tree/master/fvim/dito n gp.
npoekTun ot ,lNyrun‘.

* Query image search, Inventors: Henry Allan Rowley, Charles J Rosenberg, Anelia
Angelova, 2014 Wavelets, yenBnetn, ,BbnHUYKN®. Bux n nateHTnte Ha Kpacummp
Kpanes B koMmnpecusita ¢ yemBrneTn oT CNMcbKa ¢ 6Gbnrapckn poboTncTu.
https://patentimages.storage.googleapis.com/c0/31/7a/f2b8afc580fdaf/US8782077.p
df

* Oparomup AHrenoB — Stanford, Google, Waymo
Computer vision, ML, Al, self-driving cars ...

OTKBbC OT OCHOBHUSA TOM:
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Oparomup Adrenos - ,[lparo‘“ — pbkoBogMUTEN B NpoOeKTa 3a
camoynpasnsBalla ce kona Ha ,['yrbn“ (Waymo), ¢ nyénukaumm ot 1999 r.*,
AOKTOPaHT Mo KOMMNITBLPHO 3peHne B CtaHdopa. KomnioTbpHa reomeTpus,
3peHue, rpadurka, mogennpaHe Ha TPUN3MepPHU 00EKTN, aHMMaLMS.

* Anguelov, D., Learning Models of Shape From 3D Range Data, 12.2005,
PhD Thesis: https://ai.stanford.edu/~drago/Papers/thesis.pdf

* OucepTtauunaTa Ha Oparomup Anrenos, 2005 r.: u3asnnyaHe Ha reomeTpuyHarta
NHpopmaLms 3a YoBeLLKo TAno 6e3 yumTen; YyoBellkaTa urypa ce pasgens
OT TPUN3MEPHMU AaHHW 3a KOOPANHATU, N3BMEYEHN Ype3 nasepeH CKeHep, KaTto
MHOX€ECTBO OT YacCTW, CBbP3aHU CbC CTaBW, Ype3 aBTOMATUYHO pa3no3HaBaHe
Ha YacTuTe C BepOSATHOCTHO MUHUMMU3UPAHE Ha U3KPUBSABAHUATA U 3ana3BaHe
Ha reofie3nyeckuTe pa3CToSHUA N MeCTHaTa reoMeTpus Ha Mpexa OT TOYKMU,
onucealla TpumsamepHuTte aaHHu (mesh). Cnen ToBa ce nogasar
KOHUrypauumn Ha obekTa B pasnunyHu noroXeHns (pasnmyHn CKaHnpaHna Ha
€0VH 1 CbLLM YOBEK UMW Ha pasnu4HnM xopa), C NpOMeHeHa no3a, a cuctemara
S pa3gens Ha MHOXXEeCTBO OT TBbpAM Tena, pa3nosioXKeHNETO UM, OTHOLLEHUATA
N KOHUrypauusaTa (CbCTOAHUATA, NONOXEHNATa, 3aBbpTaHuaTa: BUX 6en. 3a
poboTuka B npunoxeHuneto). PaboTata pasrnexga 3agadarta 3a npeacraBsHe
Ha N3KpMBSIBaHNSATa Ha MOBbPXHOCTTA Ha NpeaCcTaBsAHUATA Ha YOBELLKOTO TAMO
KaTo (PyHKLMS Ha bIMUTE Ha 3aBbpTaHe Ha cTaBuTe (BUX ,CKMHOBE" B
komn.rpacuka) n gp. MNpunoxeHne 3a aHNMMpaHe 1 NpeasioXXeHo pasBuTme 3a
npuxeallaHe Ha ABuxKeHuaTa 6e3 mapkepu (motion capture).

Mo ToBa Bpeme B CtaHopg yum n padotn n Bacun Haranbawes, KOUTO €
BOZELL, aBTOP Ha NMPOEKT 3a CErMEHTUPAHETO Ha TPUM3MEPEH MOAEN Ha
Kamnyca Ha yHMBepcuTeTa ypes nasepeH ckeHep. Kpacumup KonapoB e
Moxe 6y nbpBuAT 6bnrapnH B CtaHdopa, 3aBbpluBa pobotuka 1988-1992 . a
crnef ToBa € M CbaBTOP Ha NeKUUUTE 1 NpenoaasaTer; 3anas3eHa e Heroea
nekums.

* Laser Range Data Classification Using AMNs
https://ai.stanford.edu/~vasco/3Dmap/

* Lecture 10 | Introduction to Robotics, Stanford, 1,98 mnH. aboHatn 40
330 nokassaHna 23.07.2008r. Lecture ... Introduction to Robotics (CS223A)
in the Stanford Computer Science Department. Guest lecturer Krasimir
Kolarov (co-writer of the lecture notes along with Professor Khatib) presents
Trajectory Generation. https://www.youtube.com/watch?v=7wlgGavQjTQ —
lMnaHnpaHe B €BKNMAOBO NPOCTPAHCTBO U B Np. Ha CTaBuUTE.
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[TpoueTy moBeue 3a TAX U 3a Jpyru ObJrapy B poOOTHKaTa U [ip. B 0CHOBHHS
TOM Ha [Ipopoyume Ha mucaewjume MAawiUHU.

* EAH https://www.iict.bas.bg/ #ban

* Kpacumup AtaHacoB

https://scholar.google.com/citations?user=K-vuWKsA A AAJ&hl=en

BiusTeneH yueH B pa3MHTaTa JIOTHKA U TeOpUsATa Ha 0000IIeHUTe MPeXXHU —
pasiuvpeHre Ha Mpexxure Ha [TeTpu 3a MozenvpaHe Ha rpoiecu. C obija rnamer,
OTNITUMU3ALIMOHHA KOMIIOHEHTH, JAOITb/THUTETHA TaKTOBU CUTHAJIH, yCJIOBUS 3a Kpaid, 00eMHHU
TOKEHH, CJIO’KHU TPEXOJHY, ...

* https://www.math.bas.bg/bgsiam/docs/bgsiam_ 2017 _abstract-katanassov.pdf

* KT Atanassov, Intuitionistic fuzzy sets, 1999

* Geometrical Interpretations of Interval-Valued Intuitionistic Fuzzy Sets: Reconsiderations
and New Results, K Atanassov, P Vassilev, V Atanassova , 2025
https://www.mdpi.com/2227-7390/13/12/1967

* Atanassov, K.; Gargov, G. Interval-valued intuitionistic fuzzy sets. Fuzzy Sets Syst. 1989,
31, 343-349.

O6006LeHn Mpexu

* Generalized Nets, Krassimir T. Atanassov, 1991
* On generalized nets theory, Krassimir Atanassov, 2007
* Generalized nets and systems theory, K. T. Atanassov

MHCTUTYT NO UHPOPMALIMOHHU N KOMYHUKALMWOHHU TEXHONOIMAU
(v yyeHu ot BAH B cbaBTOPCTBO)

https://www.iict.bas.bg/docs/2024-papers-IICT.pdf
https://www.iict.bas.bg/docs/2023-papers-IICT.pdf
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https://www.iict.bas.bg/docs/2013-papers-1ICT.pdf

* Building a Linguistically Interpreted Corpus of Bulgarian: the
BulTreeBank, Kiril Simov, Petya Osenova, Milena Slavcheva, Sia Kolkovska,
Elisaveta Balabanova, Dimitar Doikoff,Krassimira Ivanova, Alexander Simov, Milen
Kouylekov, 2002 — syntactically annotated corpus, “HLT” — human language
technology; Head-driven Phrase Structure Grammar (HPSG); partial grammar,
shallow parsing.

* Feature-Rich Named Entity Recognition for Bulgarian Using Conditional Random
Fields, Georgi Georgiev, Preslav Nakov et al. 2021, BulTreeBank (680 morpho-
syntactic tags); a task-specific tagsets (local and nonlocal) + domain-specific
gazetteers and additional unlabeled data; F1=89.4% ~ SOTA Eng. Feature-based
models like CRFs; orthographic predicates — initial capital letter, all capitals, ...
gazetteers — a kind of dictionary, a list of items from a type, e.g. cities, names of
organisations, months, days of the week etc.

BulPhonC: Bulgarian Speech Corpus for the Development of ASR Technology, Neli
Hateva, Petar Mitankin, Stoyan Mihov, 2016, LREC
http://www.lrec-conf.org/proceedings/Irec2016/pdf/478 Paper.pdf

21838 sentences in the corpus - automatically selected from the ones phonetised with the
SpeechLab text-to-speech system for Bulgarian (Andreeva et al., 2005); 147 speakers.
Manually annotated with Praat. Tested with the LVCSR system for Bulgarian (Mitankin et al.,
2009). The n-gram language models: ~250M words legal corpus for Bulgarian, created in the
framework of the project for Bulgarian ASR system for juridical texts (2009). Test set: 9 sp.,
50 long utter. The corpus is free for scientific usage (BulPhonC@Iml.bas.bqg)

* Stoyan Mihov - Ctosin Muxos u gp.

* https://dblp.orq/pid/67/6448.html * https://Iml.bas.bg/~stoyan/Imd/Person.html

* Finite-State Techniques Automata, Transducers and Bimachines, Mihov, Klaus
Shulz, 2019 https://www.cambridge.org/core/books/finitestate-
techniques/E21E748468F0310DA12A2CFAEB989185 - a book
https://Iml.bas.bg/~stoyan/finite-state-techniques.pdf

* A visual and interactive tool for optimizing lexical postcorrection of OCR
results, Christian Strohmaier, Christoph Ringlstetter, Klaus U. Schulz,Stoyan Mihov,
2003 Multiple dictionaries. Background dictionary, fixed dictionaries For proper
names, geographic names, thematic areas, acronyms etc. Dynamic dictionary,
extract from web — watch for false friends. Scoring function, rank correction
candidates. Distance value and frequency information - Levenstein edit distance.
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Similarity between the OCR read word and the correct one. Alignment — more difficult
for multicolumn text; balance similarity/frequency, threshold. Alignment file.
Correction accuracy.

* Christoph Ringlstetter, Stoyan Mihov, Klaus U. Schulz, and Katerina Louka: The
Same is Not The Same - Postcorrection of Alphabet Confusion Errors in Mixed-
Alphabet OCR Recognition, Proceedings of the ICDAR 2005, pp. 406 -- 410, Seoul,
September 2005.

* Stoyan Mihov, Klaus U. Schulz: Fast Approximate Search in Large Dictionaries.
Computational Linguistics, Volume 30, Issue 4, pp. 451 -- 477, December 2004. (IF:
2.017) https://Iml.bas.bg/~stoyan/J04-4003.pdf

* Angelova, G. and S. Mihov: Finite State Automata and Simple Conceptual
Graphs with Binary Conceptual Relations. In: Eklund, P. and O. Haemmerle
(Eds.), Supplementary Proceedings of the 16th International Conference on
Conceptual Structures (ICCS'08), Toulouse, France, CEUR Workshop Proceedings
2008, pp. 139-148. https://Iml.bas.bg/~stoyan/p28r.pdf

* Christoph Ringlstetter, Klaus U. Schulz and Stoyan Mihov: Adaptive text correction
with Web-crawled domain-dependent dictionaries. ACM Transactions on Speech
and Language Processing (TSLP), Volume 4, Issue 4, pp. 9:1-9:36, October 2007.

* Large vocabulary continuous speech recognition for Bulgarian, Petar Mitankin,
Stoyan Mihov, Tinko Tinchev: Proceedings of the RANLP 2009, Borovets, September
2009. https://Iml.bas.bg/~stoyan/bgsrranip.pdf Perhaps the first known large
vocabulary ... LVCSR , >440K words; specialized corpus (juridical, legal); 200M
words; bigram HMM. Lang.model size: 82 MB; system memory used by the program:
120 MB. 4.1 million bigrams, 4.8 M entries in a table a sparse transition matrix,
Tarjan table. Another table with 4.1M entries. 12 bytes, 3 x 4: a symbol, a value of o
and a destination state. Beam search, Viterbi,

90%, 10% ... < 4% letter error rate and 13% word error rate on speech recognition of
Juridical texts using real time processing speed on a modest notebook computer.
Microsoft Speech API 5.1. Tested on a Mobile AMD Sempron 3400+/GB RAM. Set:
63 utterances juridical, 1276 from common texts. An informal user feasibility test; a
user adaptation period is required, but the system is usable for text dictation.

* SpeechLab 2.0: A High-Quality Text-to-Speech System for Bulgarian, Maria
Andreeva & Ivailo Marinov & Stoyan Mihov, 2005
https://Iml.bas.bg/~stoyan/ranip2005.pdf

Cmp: “Glas 2004” (Pisar_Glas 2004), The Sacred Computer, PU Paisii Hilendarski
CpsH: mac 2004 (,Mucap Mac 2004“) ot Tow/CeewweHunaT cmetay, MY ,MNancun
XuneHgapcku®
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* A visual and interactive tool for optimizing lexical postcorrection of OCR results,
Christoph Ringlstetter, Klaus U. Schulz, Stoyan Mihov
https://Iml.bas.bg/~stoyan/DIARO3.pdf

* BAH, 3HauMm HanpeAbK B €3MKOBOTO MoAenupaHe Ha y4yeHun ot UMKT-BAH,
25.11.2024 — 08yrnoco4yHU €31KOBM MOLENN, aBTOMaTun

* Consistent Bidirectional Language Modelling: Expressive Power and
Representational Conciseness, Georgi Shopov, Stefan Gerdjikov, 2024,
https://aclanthology.org/2024.emnlp-main.328.pdf — theoretical, mathematical,
automata theory; The work is also supported by: “CLaDA-BG, Bulgarian National
Interdisciplinary Research e-Infrastructure for Resources and Technologies in favor of the
Bulgarian Language and Cultural Heritage, part of the EU infrastructures CLARIN and
DARIAH, funded by the Ministry of Education and Science of Bulgaria (support for the
Bulgarian National Roadmap for Research Infrastructure); European Union:
NextGenerationEU, through the National Recovery and Resilience Plan of the Republic of
Bulgaria, project No. BG-RRP-2.004-0008.”

* Composition and Weight Pushing of Monotonic Subsequential Failure
Transducers Representing Probabilistic Models, Diana Geneva, Georgi Shopoy,
and Stoyan Mihov, 5.2020, https://arxiv.org/pdf/2003.09364

* Georgi Shopov, IICT, Bulgarian Academy of Sciences
https://scholar.google.com/citations?user=6MnP9x8AAAAJ&hl=en
Diana Generva

* Building an ASR corpus based on Bulgarian Parliament speeches, D Geneva,
G Shopov, S Mihov, 2019

* Towards accurate text verbalization for ASR based on audio alignment, Diana
Geneva, Georgi Shopov, 2019, https://aclanthology.org/R19-2007.pdf — How to verbalize
abbreviations, Roman numbers etc., ,,r.“, ,,km“, ,kr“, ,XVIII” — often ambigous, dependent on
the context. Bulgarian ASR corpus: BG-PARLAMA (Geneva et al.) Bulgarian Parliament
speeches. 148607 speech segments, 572 unique speakers (422 male and 150 female), 249
hours. Kaldi ASR Toolkit (Povey et al., 2011) to train a time delay deep neural network
(TDNN) (Peddinti et al., 2015) acoustic model with p-norm nonlinearities (Zhang et al., 2014)
on the BG-PARLAMA corpus. A speaker-adaptive GMM model was also trained and used for
generating state-level alignments for the TDNN training. The same parameters for the models
as in LibriSpeech (Panayotov et al., 2015) Kaldi recipe. Phonetic system: (Mitankin et al.,
2009; Hateva et al., 2016); pronunciation lexicon: the extended version (Geneva et al.) of the
lexicon from (Mitankin et al., 2009). Verbalization based on: rules, audio alignments,

* Diana Geneva, Georgi Shopov, Kostadin Garov, Maria Todorova, Stefan Gerdjikov,
Stoyan Mihov: Accentor: An Explicit Lexical Stress Model for TTS Systems.
INTERSPEECH 2023: 4848-4852 https://www.isca-

archive.org/interspeech 2023/geneva23_interspeech.pdf 11.7K hours of speech and
texts with a total of 87M words (tokens) and 435K unique words (types) & audiobooks from
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https://chitanka.info when they can be paired with text.

* StreamSpeech: Low-Latency Neural Architecture for High-Quality On-Device
Speech Synthesis, Georgi Shopov, Stefan Gerdjikov and Stoyan Mihov,
https://Iml.bas.bg/~stoyan/TTSArch.pdf

* Jean-Marc Valin and Jan Skoglund, “LPCNet: Improving neural speech synthesis through
linear prediction, 2019 ...

See also: StreamSpeech: “All in One” seamless model for offline and simultaneous speech
recognition, speech translation and speech synthesis
https://qgithub.com/ictnlp/StreamSpeech

https://ictnlp.github.io/StreamSpeech-site/

StreamSpeech: Simultaneous Speech-to-Speech Translation with Multi-task
Learning, Shaolei Zhang, Qingkai Fang, Shoutao Guo, Zhengrui Ma, Min Zhang, Yang
Feng, 2024

ICTNLP - Natural Language Processing Group, Institute of Computing Technology,
Chinese Academy of Sciences https://github.com/ictnlp

Available trained models for Fr-En, Es-En, De-En

* MocTposiBaHe Ha f-npeobpa3yBaTten Ha HABO CUMBOSU 3a NpeacTaBsHe Ha
e3ukoBu mogenu, leopru LWonos, 2019, CY ®MW, mar.gunn.pab.
f-npeobpasyBartenu — narnageHun n-rpam mogenu ¢ f-npexoan; BEpoATHOCT Ha
n3peyeHue.

* Stroke Lesion Segmentation and Deep Learning: A Comprehensive Review,
Mishaim Malik, .. Nikola Kirilov Kasabov et al., 1.2024 https://www.mdpi.com/2306-
5354/11/1/86 - Bx cwi. JaHamnn CtoaHos (Dan Stoaynov)

* Bacun CrypeB, p.1936 r. PbkoBoagnTen Ha MHCTUTYTa NO TeXHMYecKa KnbepHeTrka
n pobotuka, 1983 — 1990, 1 no nHpopmatuka 1990-1993 r. (aHrn. npesog ,Institute
of Engineering Cybernetics and Robotics")

https://dblp.org/pid/05/4871.html

* On the History of Artificial Intelligence in Bulgaria, July 2021, Studies in
Computational Intelligence, In book: Research in Computer Science in the Bulgarian
Academy of Sciences, Vassil Sgurev — pasrnexaga nctopusita Ha uscnegsaHuara oo
Kpasi Ha 20-Tu Bex.

* The Achievements of the Technical Sciences in the Bulgarian Academy of Sciences
(BAS) in Automation, Robotics and Computers During the Past Century, July 2021,
Studies in Computational Intelligence, In book: Research in Computer Science in the
Bulgarian Academy of Sciences

* buorpadums 3a 70-rognwHuHa Ha B.Crypes ot 2006 .
https://biomed.bas.bg/bioautomation/2006/vol _5.1/files/anniversary 2.pdf
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Npynn n yyeHn no HeBpomopdHU paspaboTtkm B BAH

* Feoprun PyceB — AOKTOpaHT
* CumoHa HepenueBa
* Meta A. KonpuHkoBa-XpucrtoBa u gp.

* Decoding Brain Signals in a Neuromorphic Framework for aPersonalized
Adaptive Control of Human Prosthetics, Georgi Rusev 1, Svetlozar Yordanov 1,
Simona Nedelcheva 1, Alexander Banderov 1 , Fabien Sauter-Starace 2 ,Petia
Koprinkova-Hristova 1,* and Nikola Kasabov, 3.2025

https://www.researchgate.net/publication/389871965 Decoding Brain_Signals_in_a
Neuromorphic_Framework for_a Personalized Adaptive Control of Human_Prost
hetics

Electro Cortico-Graphic (ECoG), 3D-SNN, Echo state networks - ESN, Motor Control
Decoding (MCD). Python NEST Simulator for SNN. .. brain implants are inserted in
the skull to measure epidural ElectroCor-ticoGrams (ECoG) signals of the motor and
sensory cortices in order to extract movement intentions.

* Spike timing neural network model of conscious visual perception, Petia D.
Koprinkova-Hristova, Simona Nedelcheva, April 2022, BIOMATH,
https://www.researchgate.net/publication/360057770 Spike timing neural network
model of conscious_visual perception (full-text)

* Reverse Engineering of Human Brain Using EEG Recordings, In book:
Advanced Computing in Industrial Mathematics, Petia D. Koprinkova-Hristova,
Simona Nedelcheva, Nadejda Bocheva, 5.2025
https://www.researchgate.net/publication/392249977 Reverse Engineering_of Hum
an_Brain_Using EEG Recordings

* NEeuroMOorphic Neuro-Response Decoding System for Adaptive and
Personalised Neuro-Prosthetics Control, Georgi Rusev, Svetlozar Yordanov,
Simona Nedelcheva, Alexander Banderov, Hugo Lafaye de Micheaux, Jean Monnet
University, Fabien, Tetiana Aksenova, Petia D. Koprinkova-Hristova, Nikola Kirilov
Kasabov, July 2025 — a neuromorphic decoder of intended movements of tetraplegic
patients using ECoG recordings from brain motor cortex called Motor Control
Decoder (MCD) ...Neural Response Decoder (NRD)

https://www.researchgate.net/publication/393356317 NEeuroMOorphic Neuro-
Response Decoding System for Adaptive and Personalised Neuro-
Prosthetics Control
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* Brain-inspired models and their applications, Petia D. Koprinkova-Hristova
, March 2025, Mathematics and Education in Mathematics 54:018-024,
https://www.researchgate.net/profile/Petia-Koprinkova-Hristova/research

* From MRI to 3D-SNN brain models, January 2025, 13TH INTERNATIONAL
SCIENTIFIC CONFERENCE TECHSYS 2024 — ENGINEERING, TECHNOLOGIES
AND SYSTEMS, Simona NedelchevaPetia D. Koprinkova-Hristova, 1.2025

* Reinforcement Learning Control of Cart Pole System with Spike Timing
Neural Network Actor-Critic Architecture, February 2025 , In book: Atrtificial
Intelligence: Methodology, Systems, and Applications, Borislav Marko, Petia D.
Koprinkova-Hristova

* Investigation of Conscious Visual Perception via Visual Stimulus Propagation
through a 3D-SNN Brain Model, September 2024, International Conference on IN-
novations in Intelligent SysTems and Applications (INISTA), Petia D. Koprinkova-Hris-
tova, Simona Nedelcheva, Nadejda Bocheva

* Grid Search Optimization of Novel SNN-ESN Classifier on a Supercomputer
Platform, May 2024, Lab: Nikola Kirilov Kasabov's Lab, Dimitar Penkov, Petia D.
Koprinkova-Hristova, Nikola Kirilov Kasabov, Simona Nedelcheva, Sofiya lvanovska,
Svetlozar Yordanov

* Reservoir Computing for Emotion Valence Discrimination from EEG signals
March 2017, Neurocomputing 231:28-40, Lachezar Bozhkov, Petia D. Koprinkova-
Hristova, Petia Georgieva, 2016 (Echo State Networks)

MpoekTn, pbkoBoaeHU unu ¢ yyactmero Ha lN.KonpuHkoBa:
https://paml.iict.bas.bg/staff/Petia_Koprinkova/petiaEN.html

* "Auto-adaptive Neuromorphic Brain Machine Interface: toward fully embedded
neuroprosthetics (NEMO-BMI)", funded by HORIZON-EIC, No 101070891, 2022-
2025 - leader of [ICT team.

* COST action CA18106 "The neural architecture of consciousness
(NeuralArchCon)", 2019-2023 - member of manegement committee.

* "Modelling post-perceptual stages of cognitive processing and conscious
representations of visual information”, project No FNI KP-06-N52/6 from 2021 -
project leader.

* "Supercomputer simulation investigation of a neural model of brain structures
involved in conscious visual perception”, Bulgarian Science Fund grant No KP-06-
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COST/9 from 2021 by a co-funding scheme of COST action CA18106 "The neural
architectures of consciousness" - project leader.

* "Modelling Of Voluntary Saccadic Eye Movements During Decision Making,
contract No DFNI — DN02/3 with Bulgarian Science Fund, 2016-2020 - project
leader".

* CtedpraH KonHoB https://is.iict.bas.bg/our-team/stefan-koynov/
* TataHa AtaHacoBa https://www.iict.bas.bg/mo/bg/atanasova.htm
* AHrena CaBoBa https://www.researchgate.net/profile/Angela-Slavova

* Cellular Neural Networks: Dynamics and Modelling (Mathematical Modelling:
Theory and Applications) Softcover reprint of hardcover 1st ed. 2003 Edition, A.
Slavova, https://www.researchgate.net/profile/Angela-Slavova

* KneTb4HM HEBPOHHUN MPEXU

https://en.wikipedia.org/wiki/Cellular _neural network

L. Chua and L. Yang, "Cellular Neural Networks: Theory," IEEE Trans. on
Circuits and Systems, 35(10):1257-1272, 1988. *
https://nonlinear.eecs.berkeley.edu/raptor/CNNs/CellularNeuralNetworks-
Theory.pdf

L. Chua and L. Yang, "Cellular Neural Networks: Applications" IEEE Trans.
on Circuits and Systems, 35(10):1273:1290, 1988.

L. Chua, T. Roska, Cellular Neural Networks and Visual Computing:
Foundations and Applications, 2005.

* Ounmntbp Jo6peB — Dimiter Dobrev, BAH

OnpepneneHus 3a U3KYCTBEH UHTENEKT 1 Ap., okosrno 2000 v Hay. Ha 2000-
Te n 0o AHec

* AT - What is this: A Definition of Artificial Intelligence, November'2000, this paper is a part
from AI- Project, https://dobrev.com/Al/definition.html

* Al Project: https://dobrev.com/Al/index.html

* Al - How it copes in arbitrary world, D.Dobrev, February'2001

* Formal Definition of AI, October'2005 (published in IJ ITA, Volume 12, Number 3, p.277),
D.Dobrev

* Testing Al in One Artificial World, D.Dobrev, June'2005 (represented at KDS 05, Volume 2,
Section 4, p.461)

* A Definition of Artificial Intelligence, D.Dobrev September'’2003 (Mathematica Balkanica
2005, arXiv:1210.1568)

* A Definition of Artificial Intelligence, Dimiter Dobrev, BAS, 19.1.2004 (arxiv: 2012)
https://arxiv.org/pdf/1210.1568 — ,, Al will be such a program which in an arbitrary world will
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cope not worse than a human“

* The AI Definition and a Program Which Satisfies this Definition, Dimiter Dobrev, BAS,
2025, https://arxiv.org/pdf/2212.03184 — “We will define Al as a computable policy which is
sufficiently proximal to the best performing policy™

* The Definition of Al in Terms of Multi Agent Systems, Dimiter Dobrev, BAS, Arxiv 2012
https://arxiv.org/pdf/1210.0887

* Al in arbitrary world, Dimiter Dobrev, BAS, 14.4.2005, Arxiv 2012,
https://arxiv.org/pdf/1210.2715

* Comparison between the two definitions of Al*, D.Dobrev, BAS, 2012/2013
https://arxiv.org/pdf/1302.0216

* Initiative for Responsible Approach to Artificial Intelligence
https://dobrev.com/Al/Initiative.pdf

* Al Should Not Be an Open Source Project, D.Dobrev, 2018
https://dobrev.com/Al/OpenSource.pdf - moralizing about Al safety, the “humanity” etc.
Mopanu3saropcTBaHe 3a ,,yoBeyectBOTO“ U 1p. Bk TPYB, 2001-2004 u nucmoTo ot Tow go
Oxkcdopp ot 2012 1.

* The IQ of Artificial Intelligence, . Dobrev https://dobrev.com/Al/IQ of AI EN.pdf

* Giving the Al definition a form suitable for engineers (Bulgarian translation is available)

April 3, 2013 (arXiv:1312.5713) https://arxiv.org/pdf/1312.5713
“ 3a M3kycmeeH MHmesnekm npuzHageame makasd npo2pamd, Kosimo 8 npou3eoseH cesim bu ce
cnpasuia He no-3jie om 4oeek.”

Topop: Hsikon Temu, pasryiexxiaHu ollle B 30para Ha ,,CBel[eHUsIT CMeTau“ U HaCOKa KbM
o611 VIA. He oTkpux obade fia e crioMeHaT IMbpBUs B cBeTa Kypc o YUP B [1noBauB, HUTO
apyro ceabpkanue ot T.A. Kato 15110 ipoueTeHOTO MU ce cTpyBa opmasHo, 6e3
,(aHTa3uA“ 1 ,,CeTUBHO-MOTOPHO 000CHOBaBaHe“, BLITPEKH Ue 3a pa3inka oT Cmemaua
nyOsiuKaruTe ca B opuiivaieH akageMuueH ¢popmar. HeobocHoOBaHO HpaBOyueHHe 3a
eTHKara U ,,yoBeqyecTBOTO“. Bux ,,Ilucma mexxay 18-roguinus T.ApHayznoB u
¢unocoda...“, 2002 u nucmoto mu o0 Okcopackust UHCTUTYT oT 2012 T.

Todor: Some of the topics are related to the Sacred Compute’s early works and overall -
AGI. In my opinion superficial and unconvincingly moralizing though. No mentions of the
pioneering AGI work from The Sacred computer and the 2010 AGI course and the
definitions of T.A. starting as eary as 2001 and later in TUM 2001-2004.°

5 However | didn’t know D.Dobrev either up to today, 10.8.2025. | discovered him with a
query to the freshly released GPT5.l1 may have tried out (or have encountered) Strawberry
Prolog compiler maybe 20 years ago or about that time. D.D. was perhaps a principal
developer. https://dobrev.com/
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BiiusATe/IHUA 0B/Arapck ,,ipoporu* ot 1990-Te g0 AHEC:

* Ilnamen AnrenoB — bAH, Lancaster University, ...
* Hukousia KacaboB — TY Codus, Auckland u ap.
* Mumutsp @uneB — TY Codwus, Auckland u ap.

I1.Anrenoe u H.KacaboB uMaT cbBMeCTHHM pabOTH 10 Pa3BUBAIIM Ce Pa3yMHHU CHUC-
TeMu (evolving intelligent systems), cucTeMu ¢ pa3MyTa JIOTUKa, MyJITUMO/Ia/THOCT;
CbyeTaHUs OT pa3MMTa JIOTMKA U HeBPOHHU MO/Ze/IU U pa3lio3HaBaHe C U3I10/I3BaHe Ha
nporotunu®; o6sicium MU u ap. TexeH Kojera e v JIMMUTBHp PuUieB, KOWTO UMa
['bJiTa Kapyepa B aBTOMOOW/THaTa UHAYCTPUS U Harpay 3a MpUHOCA CH BbB BHepsiBa-
HEeTO Ha pa3HO0Opa3HU CUCTeMU C U3KYCTBeH UHTeseKT BbB ,,Popa”. H.Kacabos u na-
6oparopusTa My cbTpyaHuuaT ¢ BAH 1o nmpoekTv B HeBPOHAYKUTE; MO3bUHO-KOMITIO-
ThPHU UHTep(Qelicy, U3BIMYaHe Ha UH(GOPMaLUs 38 CbCTOSTHMETO Ha Mo3bKa oT EEI" u
enekTponu u Ap. Ml TpuMara: Bpb3Kara yoBek-manirmHa, Human-Computer Inter-

action.

6 BiyK B OCHOBHUS TOM OejiexxKuTe 1o KoeHumueHa AuH2eucmuka u AHano2us; KHUTUTe Ha
[Tetep I'penpepdopc u ap.; npunoxkenre VipuHa: KoruutrBHa Hayka, Cbljo MucreHe 1o
aHasIorvs U Jp.
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* Plamen Angelov (h=65 o Google Scholar, 15.7.2025);
Explainable AI (XAI), Evolving intelligence, Fuzzy systems/fuzzy logic, Rule-
based ... hitps:/scholar.google.com/citations?user=CCW8PwkAAAAJ&hl=en

* Nikola KasabovV - 67 h-index (Research Gate) https://www.researchgate.net/pro-
file/Nikola-Kasabov ... neural networks, computational intelligence, artificial intelligence,
soft computing, bioinformatics, neuroinformatics. ... working on several theories, methods
and their practical applications: evolving connectionist systems (ECOS); evolving spiking
neural networks; brain-like spatio-temporal machine NeuCube; quantum inspired
evolutionary computation.; 750+ publications in the areas of neural networks, Al, bioinfor-
matics, neuroinformatics

* Dimitar P Filev - 65 h-index (Google Scholar, 19.7.2025) Aumubp Punien

* Explainable artificial intelligence: an analytical review, PP Angelov, EA Soares, R
Jiang, NI Arnold, PM Atkinson p.6. Fig 3. Opaque models (Ensemble, SVM, ANN, CNN,
RNN ...) vs Transparent (Decision trees, KNN, Rule-based, Bayesian, Linear regression) ...
Post-hoc explainability [by simplification, feature relevance, visual, local] = Explainable
models... XAI taxonomy, ... 4: Methods: feature, global, human-oriented, surrogate, con-
cept, local and pixel-based ... 5. Explainability-critical domains: medicine, criminal justice,
tumor classifications, NLP, autonomous vehicles etc. 6.3. Future directions: prototype-based
models; similarity instead of statistical ... “Interpretability: is defined as the capacity to
provide interpretations in terms that are understandable to a human (Gilpin et al., 2018).”*

https://wires.onlinelibrary.wiley.com/doi/pdf/10.1002/widm.1424

Todor: This cited definition is circular and unexplicit: what is interpretation with simpler more
explicit concepts; understandable by who, which exact human/what are the capabilities; by
what kind of representation or language (how specific), with which tools and at what
complexity and resolution. Complex explanations may include a lot of details anyway. Simple
explanations are “understandable”, but mundane such as textual as “a face has two eyes, a
mouth...” (sometimes it doesn’t; “too general”) or e.g the “attention” masks — which areas of an
image are most decisive for a classification decision, however these masks don’t answer WHY
they are more decisive, they are “deictic” — pointing at “this” and leaving the observer to
interpret and understand. CPU machine code is exaplainable in its numerical format if you
understand and recognize the instructions, can decode it in your mind or after disassembly with
a proper debugger and tool, if you can trace the code, have appropriate debugger, patience, can
reconstruct the program and its purpose etc.. ANN in their default form are also explainable in a
similar way with enough patience, if you intervene inside their weights, test them with different
inputs, retrain them etc. Therefore the degree of explainability is connected with the amount of
work, required for decoding, in principle and of particular users, available auxilliary tools and
skills etc. — their complexity, capacities/capabilities etc. should also be defined, like defining
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the observer-evaluator in broader contexts, discussed in the whole book of “The Prophets of the
Thinking Machines” and in Theory of Universe and Mind.

* Evolving intelligent systems: methodology and applications, Plamen Angelov,
Dimitar P Filev, Nik Kasabov, 2010 — fuzzy system s...

* Towards explainable deep neural networks (xDNN), Plamen Angelov, Eduardo Soares,
5.12.2019 https://arxiv.org/pdf/1912.02523 - Prototypes; a synergy between the statistical
learning and reasoning .. p.2: 1) Features descriptor layer; 2) Density layer; 3) Typicality
layer; 4) Prototypes layer; 5) MegaClouds layer;

* Evolving rule-based models: a tool for design of flexible adaptive systems, Plamen P
Angelov, 2002/2/26

* A new type of simplified fuzzy rule-based system, Plamen Angelov, Ronald Yager, 2012
* Fuzzy optimal control, D Filev, P Angelov, Fuzzy Sets and Systems 47 (2), 151-156,1992,
Bulgarian Academy of Science

* A generalized approach to fuzzy optimization, P Angelov, 1994

* Evolving intelligent systems, elS, P Angelov, N Kasabov, 1.6.2006
https://core.ac.uk/download/pdf/71462.pdf ... “the evolution of individual systems within
their life-span (self-organization, learning through experience, and self-developing)”;
practical on-line algorithms that work in real-time and are close to the theoretically optimal,
analytical solutions, suitable for non-stationary, non-linear problems of modeling, control,
prediction, classification, clustering, signal processing. ... p.1. Fuzzy Systems are well known
for being able to formalize the approximate reasoning that still separates humans from
machines ... knowledge evolution as opposed to the usually used data-centred approach ..
p.2 “The problems of modeling of non-linear non-stationary processes is a generic one .. of
prediction, tracking, estimation, control, classification, and clustering as special cases”;
p.3. Approaches: 1) first-principles, deterministic; 2) stochastic function approximation (not-
transparent); 3) ANN — not transp.; 4) Fuzzy rule-based — transp. ... p.4. knowledge and data
integration (KDI), participatory learning; p.10: “Multimodal Information Processing and
Biometrics Combining speech, image and other modalities in an adaptive way, where new
speech samples can be added in time, new images, new modalities (e.g. fingerprints) ”
p.11:”Further research: transductive evolving systems; evolving spiking neural networks;
evolving neurogenetic models; evolving quantum inspired neural networks, and others. The
true intelligent systems must evolve their structure, functionality and knowledge — they can
not be fixed a priori.”; sample fuzzy rules: p.6 “IF Nk-4 is Medium AND P2offset is Low
AND ...); p.7 General Principles ... (ECOS) are modular connectionist-based systems that
evolve their structure and functionality in a continuous, self-organised, on-line, adaptive,
interactive way from incoming information. They can process both data and knowledge in a
supervised and/or unsupervised way. ECOS learn local models from data through clustering
of the data and associating a local output function for each cluster. Clusters of data are
created based on similarity between data samples either in the input space (... e.g. the
dynamic neuro-fuzzy inference system DENFIS), or in both the input space and the output
space (EfuNN - Evolving Fuzzy Neural Network). New samples with distance < Rmax to

35



https://www.sciencedirect.com/science/article/pii/S0893608020302513
https://arxiv.org/pdf/1912.02523
https://books.google.com/books?hl=en&lr=&id=yeMrqW5ZRf0C&oi=fnd&pg=PR7&dq=info:PEVQXxCddnMJ:scholar.google.com&ots=7IhLU-r2ON&sig=f0rxW_YXc41ExknTo1YdDxuqrKY
https://www.tandfonline.com/doi/abs/10.1080/03081079.2011.634807
https://core.ac.uk/download/pdf/71462.pdf

Mpopouunte Ha mucnewmte mawmHn: AHenns. The Prophets of the Thinking Machines: Anelia

existing clusters are allocated to the cluster, while distant ones form new clusters. Cluster
centers are continuously adjusted, according to new data samples, and new clusters are
created incrementally. See the diagram of the architecture of the EfuNN: 5 feed-forward
layers and a feedback; 3-rd layer: rules, evolved through supervised or unsupervised learning.
The rule nodes represent prototypes of input-output data associations. .. 5-th layer: the real
values of the output variables.”

* Kasabov, N. Evolving connectionist systems: Methods and applications in
bioinformatics, brain study, and intelligent machines, Springer Verlag, London,
Heidelberg, NY, 2002; Knowledge Engineering and Discovery, Research Institute KEDRI
Auckland University of Technology, Auckland, New Zealand.
https://www.researchgate.net/publication/4014275 Evolving connectionist systems_for ada
ptive learning and knowledge discovery Methods tools applications
Evolving Connectionist Systems (ECOS) p.1. Evolving connectionist systems are multi-
modular, connectionist architectures that facilitate modelling of evolving processes and
knowledge discovery [1,2,3]. ... a NN that operates continuously in time and adapts its
structure and functionality through a continuous interaction with the environment and with
other systems (fig.1) according to: (i) a set of parameters P that are subject to change during
the system operation; (ii) an incoming continuous flow of information with unknown
distribution; (iii) a goal (rationale) criteria (also subject to modification) that is applied to
optimise the performance of the system overtime p.2. (1) open space, not fixed dimensions (2)
On-line incremental fast learning, pattern mode; possibly one pass of data propagation. (3)
Life-long learning mode (4) Learning both as an individual systems and as evolutionary
population systems.(5) Evolving structures and constructive learning. (6) Local learning and
partitioning of the problem space for fast adaptation and for tracing the evolving processes
over time. (7) Facilitating different kinds of knowledge; combining memory based, statistical
and symbolic;

* N. Kasabov, “ECOS: A framework for evolving connectionist systems and the ECO
learning paradigm”, Proc.of ICONIP'98, Kitakyushu, Japan, 10.1998,10S Press, 1222-1235.
https://www.researchgate.net/publication/2288167 Ecos Evolving Connectionist Systems

And The Eco Learning Paradigm

* Kasabov, N., Postma, E., and Van den Herik, J. AVIS: A Connectionist-based
Framework for Integrated Audio and Visual Information Processing,in Proc. of
lizuka'98, lizuka, Japan, Oct.1998 — multimodality, enhancement of the recognition by
integration, extracting features synchronously from both visual and auditory sensory streams
for person identification task. “The experimental results support the hypothesis that the
recognition rate is considerably enhanced by combining visual and auditory dynamic

7 See another bottom-up clustering approach, which is non-neuromorphic in CogAlg (in development):
Boris Kazachenko, Todor Arnaudov (past contributor), Khan Ngyuen, K.Chee et al.
https://github.com/boris-kz/CogAlg
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features.” At: https://pure.uvt.nl/ws/portalfiles/portal/1131975/avis.pdf : received 11/1997,
accepted 15 April 1999;

See the development of the Multimodal systems, e.g.:

* From Multimodal LLMs to Generalist Embodied Agents: Methods and Lessons,
Andrew Szot, Bogdan Mazoure, Omar Attia, Aleksei Timofeev, Harsh Agrawal, Devon
Hjelm, Zhe Gan, Zsolt Kira, Alexander Toshev et al. 11.12.2024
https://arxiv.org/abs/2412.08442

* On Path to Multimodal Generalist: General-Level and General-Bench, Hao Fei,
Yuan Zhou et al. 7.5.2025, https://arxiv.org/pdf/2505.04620

Search below #multimodal

See also appendix #Listove, sections #Robotics and #Multi-agent systems; foundational
models for robotics; appendix #Irina: “GATO”, the 2022 generalist agent etc.

* P. Angelov, Autonomous learning systems: from data streams to knowledge in real-
time. John Wiley & Sons, 2012 — MegaClouds, prototypes

* Kasabov, Evolving fuzzy neural networks for on-line supervised/unsupervised,
knowledge-based learning, IEEETrans. SMC — part B, Cybernetics, vol.31, No.6, 902-
918,December 2001.

* Kasabov, Evelving connectionist systems: Methods andApplications in Bioinformatics,
Brain study and intelligentmachines, Springer, London, New York, Heidelberg, 2002

* Kasabov and Q.Song, DENFIS: Dynamic, evolving neural-fuzzy inference systems and
its application for time-seriesprediction, IEEE Trans. On Fuzzy Systems, vol.10, No.2, 144-
154, April 2002

* Nikola Kasabov (as of 2002) ... MSc and PhD from theTechnical University of Sofia,
Bulgaria. His main research interests are in the areas of: intelligent information systems, soft
computing, neuro-computing, bioinformatics, brain study, speech and imageprocessing, novel
methods for data mining and knowledge discovery.... > 300 publications; University of
Essex, UK; University of Otago, New Zealand; University of Trento, Italy;Technical
University of Sofia, Bulgaria; University of California at Berkeley; RIKEN Brain
Sciencelnstitute, Tokyo; Delft University of Technology, and others.

* The Effect of Prior Programming Knowledge on MemoryEfficiency When Learning a
New Language, Mojgan Hafezi Fard1, Krassie Petroval, Nikola Kasabov1, Grace Y. Wang —
EEG

https://www.researchgate.net/publication/389908159 The Effect of Prior Programming Kn
owledge on Memory_ Efficiency When Learning a New Language - the EEG of the
participants with insufficient prior knowledge in C experienced higher cognitive load,
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indicated by increased Theta activity (17.05%) and decreased Alpha activity (16.16%); the
ones with sufficient experience: lower cognitive load with decreased Theta (11.58%);
increased Alpha (17.58%) in the F7 data.

https://www.researchgate.net/publication/389908159 The Effect of Prior Programming Kn

owledge on Memory Efficiency When Learning a New Language [accessed Jul 16
2025].

* Klimesch, W., 1999. EEG alpha and theta oscillations reflect cognitive and memory
performance: a review and analysis. Brain research reviews, 29(2-3), pp.169-19

* Kasabov, N. and Capecci, E., 2015. Spiking neural network methodology for
modelling,classification and understanding of EEG spatio-temporal data measuring
cognitive processes.Information Sciences, 294, pp.565-575.

https://www.researchgate.net/publication/389908159 The Effect of Prior Programming Kn
owledge on Memory Efficiency When Learning a New Language

* Fard, M.H., Petrova, K., Kasabov, N. and Wang, G.Y., 2021, December. Studying transfer
of learning using a brain-inspired spiking neural network in the context of learning a
new programming language. In 2021 IEEE Asia-Pacific Conference on Computer Science
and DataEngineering (CSDE) (pp. 1-6). IEEE.

* NeuCube: A spiking neural network architecture for mapping, learning and
understanding of spatio-temporal brain data, Apr 2014, Neural Networks 52, pp.62-76,
DOI: 10.1016/j.neunet.2014.01.006 Nikola Kirilov Kasabov — Spatio- and spectro-temporal
brain data (STBD); .. neuro-economics, Brain-Computer Interfaces (BCI); integration &
interaction of various STBD: EEG, fMRI, genetic, DTI, MEG, NIRS; the same principle:
spiking processing; 3D evolving SNN; p.4. 2. Models of spiking neurons and methods of
learning in SNN deSNN, eSNN ... p.13: (Koessler et al. 2009) Anatomical locations of
international 10-10 EEG cortical pro-jections into Talairach coordinates. Same coordinates
are used in aSNNr of a NeuCube model. EEG Talairach coordinates Gyri Brodmann
Area.Chan. x avg (mm) y avg (mm) z avg (mm)FP1 —21.2 +4.7 66.9 +3.812.1 + 6.6 L FL
Superior frontal G 10FPz 1.4 + 2.9 65.1 + 5.6 11.3 + 6.8 M FL Bilat. medial 10 etc.

* Koessler et al., 2009: Automated cortical projection of EEG sensors: anatomical
correlations via the international 10-10 system.

https://www.neucube.io/ — NeuCube for PC; NeuCom for PC (Student Version)

NeuCube is the world-first development environment and a computational architecture for
the creation of Brain-Like Artificial Intelligence (BLAI), that includes applications across
domain areas. It is based on the latest neural network models, called spiking neural networks
(SNN). https://kedri.aut.ac.nz/research-groups/data-mining-and-big-data-group/neucom-a-

neuro-computing-decision-support-enviroment

* FaNeuRobot: A Framework for Robot and Prosthetics Control Using the NeuCube Spiking
Neural Network A, ICRA 2018, 3,23 xu1. aboHatu
https://www.youtube.com/watch?v=cl.qtUoBjJWs
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* Nov 3, 2021 - Dr. Nikola Kasabov, Deep Learning in Spiking Neural

Networks for Spatio-Temporal Data, RIT Imaging Science
https://www.youtube.com/watch?v=_UQOPevSClys

An introduction to SNN, real application and review of N.Kasabov’s work. ... reservoir,
cube, ... See the questions of Alex Ororbia from 52 min. He’s the first author of “Mortal
Computation: A Foundation for Biomimetic intelligence” with Karl Friston, which is
answered in “Is Mortal Computation Required for the Creation of Universal Thinking
Machines”, 2025 — an appendix of “The Prophets of the Thinking Machines”. [17.7.2025]

* Angelov P, Evolving Rule-based Models: A Tool for Design of Flexible Adaptive Systems.
Heidelberg, Germany: Springer-Verlag, 2002.

* Angelov, P., D. Filev, "An approach to on-line identification of evolving Takagi-Sugeno
models", IEEE Trans. on Systems, Man and Cybernetics, part B, vol.34, Nol, pp. 484-498,
2004.

* Kasabov, N.., Z.Chan, Q.Song and D.Greer, Evolving neuro-fuzzy systems with
evolutionary parameter self-optimisation, chapter in: Do Adaptive Smart Systems exist?
Springer Verlag, Series Study in Fuzziness, vol.173, 2005

* Kasabov, N. (1996). Foundations of neural networks, fuzzy systems and knowledge
challenge. Frontiers in Neuroscience, 6, 96.

* Kasabov, N. (2007). Evolving connectionist systems: the knowledge engineering approach.
London: Springer, (frst edition 2002).

* Kasabov, N. (2010). To spike or not to spike: a probabilistic spiking neuron model.

* Kasabov, N. (2012a). NeuroCube: EvoSpike architecture for spatio-temporal modelling
and pattern recognition of brain signal.,

* Dimitrov, D. S ., Igor A. Sidorov and Nikola Kasabov Computational Biology, in: M. Rieth
and W. Sommers (eds) Handbook of Theoretical and Computational Nanotechnology, Vol. 1
(1) American Scientific Publisher, Chapter 21,2004

* Kasabov, N., and L. Benuskova, Computational Neurogenetics, International Journal of
Theoretical and Computational Nanoscience, Vol. 1 (1) American Scientific Publisher, 2004, 47-61

* Autonomous learning multimodel systems from data streams, Plamen P Angelov, Xiaowei
Gu, Jose C Principe, 2017 - multiple model architecture; density, typicality, data clouds —

similar to clusters, unimodal density membership functions. ... heterogeneous data,
combining categorical and continous ...“divide and rule” principle, FRB systems (Fuzzy rule-
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based), Takagi-Sugeno https://pure.aber.ac.uk/ws/portalfiles/portal/39727658/almmo_tfs.pdf

* N.Kasabov, Evolving connectionist systems for adaptive learning and knowledge
discovery: Methods, tools, applications, Dec 2002
https://www.researchgate.net/publication/4014275 Evolving connectionist systems_for ada
ptive_learning and knowledge discovery Methods tools_applications p.1. Fig.1 Four
levels of evolving processes in a living organism: 4. Brain: language, decision making); 3.
NN (sound perception, signal processing, control); 2. Single cell (e.g. neuronal activation);
1. Molecular (DNA, RNA, genes, proteins)

* Life-long learning and evolving associative memories in brain-inspired spiking neural
networks, Nikola Kirilov Kasabov, May 2024, MOJ Applied Bionics and Biomechanics
8(1):56-57 DOI: 10.15406/mojabb.2024.08.00208,

https://www.researchgate.net/publication/380593884 _Life-

long learning and evolving associative memories_in_brain-
inspired spiking neural networks — Evolving associative memories EAM — all biological

systems; life-long learning (LLL) Evolving spatio-temporal associative memories (ESTAM);
Evolving spatio-temporal learning(ESTL); NeuCube model; synfire & polychronisation
principles for recall; methods for achieving LLL with brain-inspired SNNs: integrated spike-
time and error backprop learning, neuromodulatory synaptic connections, synaptic weight
regulation, homeostasis, Lyapunov energy function, evolving classifiers;

* Computational Intelligence, Bioinformatics and Computational Biology: A Brief Overview
of Methods, Problems and Perspectives, December 2005, Journal of Computational and
Theoretical Nanoscience, Nikola Kirilov, KasabovIgor Sidorov, Dimiter Dimitrov,

https://www.researchgate.net/publication/200734651_Evolving Connectionist Systems Met
hods_and_Applications_in_Bioinformatics Brain_Study and Intelligent Machines

* Deep Learning and Deep Knowledge Representation in the Human Brain, Jan 2019,
DOI: 10.1007/978-3-662-57715-8_3 In book: Time-Space, Spiking Neural Networks and
Brain-Inspired Artificial Intelligence, Nikola Kirilov Kasabov

* Methods of Spiking Neural Networks, Jan 2019, DOI: 10.1007/978-3-662-57715-8 4, In
book: Time-Space, Spiking Neural Networks and Brain-Inspired Artificial Intelligence,
Nikola Kirilov Kasabov; Ch.5: Evelving Spiking Neural Networks (eSNN) a class of ECOS
https://www.researchgate.net/publication/327294715_Evolving Spiking Neural Networks
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* Enektpoenuedanorpama - EEI - u Bpb3ka MO3bK-KOMIKOTHP, MO3bK-
cMeTayY, NMpsika BPpb3Ka MeXAy MO3bKa U MalllUHATA U MaJIKO
EnekTpokapguorpamm:

* Karo yBog BWXK Harp. yata ot c1. ,,CeltjeHusT cMetau” 6p. 30 ot 2004 1.

* 3a EEI" 1 u3B/1MuaHeTo Ha CMUC/IeHa MH(OpMal[isi OT Hero upe3 W3UKCAUTe/HU MallliHU U
64 esiekTpoja - U3 cpefHoLeH pa3roBop mexay Tour v 'amHa CnasuHa ot 21.8.2004 *
https://www.o0ocities.org/eimworld/4/30/30.htm

* https://www.oocities.org/eimworld/4/30/eeg tx.htm

* Bk CBIIO JIeKIMATa 328 ADXUTEKTYpa Ha MO3bKa Ha Oo3aliHunuTe OoT Kypca o YVIP B
[1Inosgus, 2010-2011:
https://research.twenkid.com/agi/2010/Brain_Architecture 22 4 2010.pdf

* EEG & Brain-Computer Interface introduction & some ECG
https://www.emotiv.com/products/epoc-x - Epoc X - 14 channel wireless EEG headset $999
https://www.emotiv.com/products/emotivpro - for saving raw data etc. — paid software,
$149/month or $720/year.

* https://www.emotiv.com/tools/knowledge-base/faq/i-received-the-hardware-how-can-i-get-
access-to-raw-eeg-data

* Another company and products — free access to the raw recorded data, SDK:

* BrainAccess:

https://www.brainaccess.ai/products/brainaccess-extended-kit-plus/ - 32 channes
https://www.brainaccess.ai/products/brainaccess-extended-kit/ - 16 electrodes/channels
https://www.brainaccess.ai/products/brainaccess-standard-kit/ - 8 channels

https://www.brainaccess.ai/hardware/brainaccess-cap/
https://www.brainaccess.ai/wp-content/uploads/downloads/UserManual CAP.pdf

* Cheap, hobby, 4 channel + DRM EEG receiver, up to 4 active electrodes or 5 passive. 99
Euro + 9/5 Euro for an electrode; audio cables; the device connects to a PC via USB.
https://www.olimex.com/Products/EEG/Electrodes/EEG-PE/open-source-hardware
https://www.olimex.com/Products/EEG/OpenEEG/EEG-ANALOG-PCB/open-source-
hardware
https://www.olimex.com/Products/EEG/OpenEEG/EEG-SMT/open-source-hardware

A system for marking the locations of the sensors on the map of expected Brodmann
areas etc. ...:

Cucrema 3a 0603HayaBaHe Ha MSICTOTO Ha CEH30pHTe B KapTara Ha MpeJrioyiaraeMu
MO3bUHH TI0J1eTa 110 bpoAiMaH 1 00II]0TO fiesieHue uesieH, THUIeH, TemMeHeH u 1ip.: 10/10, 10/20
... TouHoTO pa3mosno)keHWe U pa3Mepy Ha IoJieTaTa He e eJHAaKBO MPU BCeKH YOBEK, HIKOU
ToJieTa Wiy TMozrosieTa opu aurcsart, o Cepreii CaBenbeB. [lopu 1 64 efieKTpojia e MaJiko
vH(popMaLusl.
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AF3 - Anterior Frontal; F - Frontal; FTx - Frontal Temporal; FC - Frontal entral; CP - Central
Parietal; CPz - zero (midline); PO - Parietal Occipital; O - Occipital; IZ - infra Zero;

14 kananen: AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, AF. [1lo-mornHure: 32- u
64-KaHa/THU.

* https://www.bitbrain.com/neurotechnology-products/water-based-eeg/versatile-eeg 24 bits
at 256Hz ... 8,16,32,64 channel https://openbci.com/ European Data Format (EDF) for EEG:
uV (microvolts), bpm, C; -500uV, +500 uV ... -32768 to +32767 ... prefiltering: HP 0.5Hz,
LP:70Hz. Up to 256-channels... 3 channels @ 200 Hz, F3, C3, P3; 1 sec data block: 200
samples from F3, 200 C3, 200 P3 ... then the next second for F3, etc. Scale factor (-
500,500)uv -> Signed Int16.

* https://www.teuniz.net/edfbrowser/edf%20format%20description.html EDF+: Annotations
& Events (e.g. seizure, light flash, pressing a button) +3.45s (stimulus A); +8.32 (eyes closed)
... ¥200s (REM sleep); allows gaps in the recordings; UTF-8; 16K channels, channel labels
len =80, float, ... EDF+C/EDF+D ... Patient ID; Recording ID; Start Date dd.mm.yy, start
time hh.mm.ss ... Header byte count; Reserved 44 zeros ...

* Libraries, viewers etc.: MNE-Python, EEGLAB, EDFBrowser, PyEDFlib BioSPPy,
FieldTrip (MATLAB) .. ... BDF+: 24-bit float version of EDF.

Transducer Type: "EEG", "ECG" (cardiogram) ..

https://eeglab.org/others/EEGLAB_and python.html

MNE tools: https://mne.tools/stable/install/mne_tools_suite.html processing, analysis, and
visualization of functional neuroimaging data (EEG, MEG, sEEG, ECoG, and fNIRS);
python, C++, MATLAB ... https://mne.tools/stable/install/manual install.html !pip install
mne (pip or !pip ... in Colab) !pip install bycycle pactools ; !git clone
https://github.com/bycycle-tools/bycycle;

run plot_1_theta_feature_... (copy in a cell in Colab or cd examples, run python ..
https://github.com/bycycle-tools/bycycle Cycle-by-cycle analysis of neural oscillations.

EDFBrowser https://www.teuniz.net/edfbrowser/ Linux & Mac Only, 2.13; Ubuntu-22.04 ..
Reviewing records for bio records of ECG, EEG and other medical sensors in EDF format.
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* Bulgarian contributions in ECG signal improvement mentioned in the docs:

* Subtraction Method For Powerline Interference Removing From ECG, Chavdar Levkov,
Georgy Mihov, Ratcho Ivanov, Ivan K. Daskalov Ivaylo Christov, Ivan Dotsinsky
https://ecad.tu-sofia.bg/et/2004/Papers/Electronic%20Medical%20Equipment/Paper-
C_Levkov.pdf

* Removal of power-line interference from the ECG: a review of the subtraction procedure
Chavdar Levkov, Georgy Mihov, Ratcho Ivanov, Ivan Daskalov, Ivaylo Christov and Ivan
Dotsinsky

* Accuracy of 50 Hz interference subtraction from an electrocardiogram I. A, Dotsinsky I.K.
Daskalov

* Dynamic powerline interference subtraction from biosignals, Ivaylo I. Christov
EEG tools:
https://biosppy.readthedocs.io/en/stable/ (legacy, archived in 2022)
https://www.instructables.com/Mini-Arduino-Portable-EEG-Brain-Wave-Monitor-/
https://frontiernerds.com/brain-hack - Open EEG DIY community guides for building
electrodes and capture devices ~>200$ (2013); (MindFlex $80 + Arduino - laptop and on the
battery) https://openeeg.sourceforge.net/doc/ See also the Olimex Open EEG module and
sensors.’

* Dimitar Filev (QumuTtsp lNeTtpoB dunes)

https://scholar.google.com/citations?hl=en&user=dhZRSRI-

AAAAJ&view_op=list works&sortby=pubdate Senior Henry Ford Fellow - Control & Al,
Ford Research (ret.); Inst. for Advanced Study (TAMU)
https://www.researchgate.net/profile/Dimitar-Filev

IIpe3 2025 r. Jumutsp Puses e Hocutea Ha Harpajara Ha IEEE “/Tiom¢u 3adex” 3a
Juvutrsp OusieB 3a 3apakialii ce TEXHOJIOTHH: 3a TEXHUYeCKO BO/JaYeCTBO U ITHOHe-
PEeH MPUHOC BbB Bb3HUKBAIMTe YMHHM T€XHOJIOTHH 3a yNpaB/ieHHe U HH()OPMaLHOHHH
CHCTEMH B aBTOMOOH/IHTE.

https://corporate-awards.ieee.org/recipient/dimitar-filev/ 2025: IEEE LOTFI A. ZADEH
AWARD FOR EMERGING TECHNOLOGIES “For technical leadership and pioneering

contributions to emerging automotive intelligent control and information systems.”

8 Costs: as of 16.7.2025, 4 active or 5 passive electrodes capture device is at 99 Euro, electrodes are 5/9 for
passive/active. Too few electrodes. A complete 14-electrode wireless headset ~1000$.
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HJumumep Duses e nuonep 8 cucmemume uHmenu2eHmHo ynpagietue u MU e
asmomobunHama undycmpusi. OcHogononazawjamam y paboma o6eouHs8a He8poOHHU
Mpedicu, pazmuma a102uUKd, MAWuHHO obyUueHUe U HanpeoOHaIUu MexXHO/M02UU 3d ynpaes/eHue,
Koumo €s30a00xa pegoaoyusi 8 mexHUKama 3a noonomazaHde Ha o0avume u dgmMoOHOMHOCM
Ha npeso3Hume cpeocmea. Kamo npedcedamen Ha omoena no TexHono2uu 3a ynpas/neHue Ha
,, Popo“ u cosema 3a TexHonoz2uu ¢ uskycmeeH uHmesnekm, dunes bewe 6 ueaHuss ompsio Ha
u3c/nedeaHusima no UHMeAU2eHmMHU cucmemu, 8ooewju 00 pa3zeumuemo Ha Cs8ceM HO8U
¢yHKYuU U npexcugssaHusi 8 asmomobuiHama mexHukd. IIpuHocem my ce npocmupa o
npou3go0cmeomo Ha asmomobuiu, npe3 cucmemu 3a HaNsMcmeusl, npedckazeawyd
O0uazHOCmMuKa, agmoHOMHO ynpaeneHue u op. Toli bewe dgudcewjama cuid Ha 868eHcOaHemo
Ha memoou ¢ UU ewe ,,Popd“, so0ewju 00 868ex#cOaHemo Ha 02poMeH Habop om ¢yHKyuu ¢
u3KycmeeH uHmesnekm. Hogamopckume My u3cnedgaHusi npods/adcasam oa paswupseam
npedenume Ha UM 8 asmomobuaHuUs ceKmop.

* A generalized defuzzification method via BAD distributions, DP Filev, RR Yager, Inter-
national Journal of Intelligent Systems 6 (7), 687-697, 354 cit., 1991
https://scholar.google.com/citations?view op=view_citation&hl=en&user=dhZRSRI-
AAAAJ&citation for view=dhZRSRIAAAAJ:qjMakFHDy7sC -

BAsic Defuzzification Distributions (BADD)

* Fuzzy Modeling of Complex Systems, Dimiter Filev, Bulgarian Academy of Sciences, So-
fia, Bulgaria, International Journal of Approximate Reasoning, 1991
— quasilinear fuzzy model (QLFM) of a dynamic nonlinear system

* Essentials of fuzzy modeling and control, RR Yager, DP Filev, New York 388, 22-23,
1994, 3291 citations.

\ * Herbert Toth, Siemens, Wien; A review of the book: https://corporate-
awards.ieee.org/recipient/dimitar-filev/ (about 2.5 3 page columns)

* Generation of fuzzy rules by mountain clustering, Ronald R Yager, Dimitar P Filev,

1994/8 — learning fuzzy systems models from data.
The densites of the data points form peaks, cluster centers.

* Study of improved adaptive Mountain Clustering Algorithm, February 2010, Proceedings of SPIE -
The International Society for Optical Engineering, DOI: 10.1117/12.855081, Qing Deng, Jianhui Liu
* A modified mountain clustering algorithm, September 2005, Pattern Analysis and Applications 8(1-
2):125-138, DOI: 10.1007/s10044-005-0250-9, Miin-Shen et al.

* Mountain and subtractive clustering method: Improvements and generalizations, 4.2000,
International Journal of Intelligent Systems, N.Pal, D.Chakraborty
* Subtractive mountain clustering algorithm applied to a chatbot to assist elderly people in medication
intake, Neuza Claro, Paulo A. Salgado, and T-P Azevedo Perdico ulis, 2021
* Clustering Stream Data by Exploring the Evolution of Density Mountain October 2017, DOI:
10.48550/arXiv.1710.00867, Shufeng GongYanfeng ZhangYanfeng ZhangGe Yu
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* Path planning for autonomous moving devices, Inventors: Sanghyun Hong, Jianbo Lu,
Dimitar Filev, 2024/8/6

* An approach to online identification of Takagi-Sugeno fuzzy models, PP Angelov, DP
Filev, IEEE Transactions on Systems, Man, and Cybernetics, Part B (Cybernetics) 34,2004,
1295 c.

* Autonomous highway driving using deep reinforcement learning, S Nageshrao, HE
Tseng, D Filev, 2019 IEEE international conference on systems, man and cybernetics (SMC
..., 168, 2019 https://arxiv.org/pdf/1904.00035

* Modelling decision making using immediate probabilities, KJ Engemann, DP Filev, RR
Yager, International Journal of General System 24 (3), 281-294, 146, 1996

Ordered Weighted Averaging (OWA) operators

* Operations for granular computing: mixing words and numbers, RR Yager, D Filev,
1998 IEEE International Conference on Fuzzy Systems Proceedings. IEEE World ..., 134

* Intelligent systems in the automeotive industry: applications and trends, O Gusikhin, N
Rychtyckyj, D Filev, Knowledge and information systems 12 (2), 147-168, 118, 2007

* Autonomous planning and control for intelligent vehicles in traffic, C You, J Lu, D Fi-
lev, P Tsiotras, IEEE Transactions on Intelligent Transportation Systems 21 (6), 2339-2349,
77, 2019

* Intelligent systems in the automotive industry: applications and trends, O Gusikhin, N
Rychtyckyj, D Filev

* Knowledge and information systems 12 (2), 147-168, 118 2007

* Autonomous planning and control for intelligent vehicles in traffic, C You, J Lu, D Fi-
lev, P Tsiotras, 2019

* System and method for a human machine interface, JS Rankin, B Tonshal, P Buttolo, Y
Chen, GS Strumolo, JA Greenberg, ..., US Patent 8,866,604, 2014 https://patentimages.stor-
age.googleapis.com/4b/51/d3/789alc7e48357a/US8866604.pdf

* Emotive engine and method for generating a simulated emotion for an information system,
Inventors: Dimitar Petrov Filev, Oleg Yurievitch Gusikhin, Fazal Urrahman Syed, Erica
Klampfl, Thomas J Giuli, Yifan Chen, 2014/8/19 https://patentimages.storage.goog-
leapis.com/24/86/02/7734a48d56911b/US8812171.pdf

* Template-based fuzzy systems modeling, RR Yager, DP Filev, Journal of Intelligent &
Fuzzy Systems 2 (1), 39-54, 71, 1994

* Usage prediction for contextual interface, DP Filev, JA Greenberg, RA McGee, JG Kiris-
tinsson, F Tseng, US Patent App. 14/249,931, 69, 2014 https://patentimages.storage.goog
leapis.com/11/5d/c2/f8373816e1e489/US20140303839A1.pdf

* Intelligent systems in the automotive industry: applications and trends , Oleg Gusikhin,
Nestor Rychtyckyj, Dimitar Filev, 2007/7, Knowledge and information systems
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* Intelligent vehicle systems: applications and new trends, O Gusikhin, D Filev, N
Rychtyckyj Informatics in Control Automation and Robotics: Selected Papers from the ..., 61,
2008

* An adaptive approach to defuzzification based on level sets, DP Filev, RR Yager, Fuzzy sets
and systems 54 (3), 355-360, 61, 1993

* Explaining deep learning models through rule-based approximation and visualization,
E Soares, PP Angelov, B Costa, MPG Castro, S Nageshrao, D Filev, IEEE Transactions on
Fuzzy Systems 29 (8), 2399-2407, 60, 2020

https://www.researchgate.net/publication/341694469 Explaining Deep Learning Mod-

els_Through Rule-Based Approximation and Visualization
— approximate the Deep RL model with a set of IF...THEN rules that provide an alternative

interpretable model, which is further enhanced by visualizing the rules; data clouds & Mega-
Clouds

* A Survey of Reinforcement Learning-Based Motion Planning for Autonomous Driving: Les-
sons Learned from a Driving Task Perspective, Zhuoren Li, Guizhe Jin, Ran Yu, Zhiwen
Chen, Wei Han, Nan Li, Lu Xiong, Bo Leng, Jia Hu,, Ilya Kolmanovsky and Dimitar Filev,
31.3.2025, https://arxiv.org/pdf/2503.23650

* Vehicle speed prediction using a cooperative method of fuzzy Markov model and auto-re-
gressive model, J Jing, D Filev, A Kurt, E Ozatay, J Michelini, U Ozgiiner, 2017 IEEE intelli-
gent vehicles symposium (IV), 881-886, 58, 2017

* Fuzzy rule-based driver advisory system for fuel economy improvement in a hybrid electric
vehicle, FU Syed, D Filev, H Ying, NAFIPS 2007-2007 Annual Meeting of the North Ameri-
can Fuzzy Information ..., 49, 2007

* Emotive text-to-speech system and method, OY Gusikhin, PR MacNeille, E Klampfl, KA
Theisen, DP Filev, Y Chen, ..., US Patent 9,495,787, 48, 2016

* Markov chain modeling approaches for on board applications, DP Filev, I Kolmanovsky,
Proceedings of the 2010 American Control Conference, 4139-4145, 43, 2010

* Autonomous vehicle operation based on interactive model predictive control, DP Filev, J
Lu, DD Hrovat, US Patent 10,239,529, 40, 2019

* Remaining useful life estimation of vehicle component, FF Tseng, DP Filev, [H Makki, US
Patent 9,846,978, 39, 2017

* Crowdsourced weather data collection and provision, M Schunder, SJ Szwabowski, DP Fi-
lev, PR MacNeille, US Patent 9,451,030, 38, 2016 https://patentimages.storage.goog-
leapis.com/2d/3c/87/f06738854b5d48/US8738228.pdf
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* Vehicle and method of tuning performance of same, Inventors: Dimitar Petrov Filev, Jianbo
Lu, Kwaku O Prakah-Asante, Fling Tseng , 2014/5/27

* Explaining deep learning models through rule-based approximation and visualization, E
Soares, PP Angelov, B Costa, MPG Castro, S Nageshrao, D Filev, IEEE Transactions on
Fuzzy Systems 29 (8), 2399-240, 60, 2020
https://www.researchgate.net/publication/341694469 Explaining Deep_Learning Models_T
hrough Rule-Based Approximation and Visualization approximate the Deep Reinforcement
Learning model with a set of IF-THEN rules that provide an alternative interpretable model,
which is further enhanced by visualizing the rules. ..

* A Study on the Evolutionary Adaptive Defuzzification Methods in Fuzzy Modeling
,September 2004, International Journal of Hybrid Intelligent Systems 1(1):36-48, DOLI:
10.3233/HIS-2004-11-206, Oscar Cordon, Francisco Herrera et al. https:/www.re-
searchgate.net/publication/220516008 A_Study on_the Evolutionary Adaptive Defuzzifi-
cation Methods _in Fuzzy Modeling - parametric and adaptive defuzzification methods by
Filev and Yagger, 1991, 1993 — one or more parameters in order to modify the behavior of the
defuzzifier or to get a higher accuracy; Fuzzy Modeling (FM) designers try to find a trade-off
between two edges: higher interpretability with lower accuracy or lower interpretability with
higher accuracy: Mamdani fuzzy systems versus TSK fuzzy systems... the trade-off between
interpretability and accuracy in FM

* Template-based fuzzy systems modeling, Ronald R Yager, Dimitar P Filev, date, 1994/2,
Journal of Intelligent & Fuzzy Systems

* Operations for granular computing: mixing words and numbers , Ronald R Yager, Dimitar
Filev, 1998/5/4

* Outline of a new approach to the analysis of complex systems and decision processes,
Lotfi Zadeh, IEEE Trans. Syst. Man Cybern. SMC-3 (1973) 28-44, 1973

* HANDBOOK OF GRANULAR COMPUTING, Ed.: W.Pedrycz, Skowron,
Kreinovich; et al., https://tjzhifei.github.io/links/GrC.pdf foundations of granular
computing, interval analysis, fuzzy set theory, and rough set theory;

Stochastic and Interval Arithmetics, Interval Analysis, Interval Methods, Fuzzy Clustering,
Uncertainty, Fuzzy Sets, Granulation, Fuzzification & Defuzzification, Fuzzy Numbers &
Arithmetics; Calculi of Information Granules; Fuzzy Rough Sets ...

Chapter 8. Encoding and Decoding of Fuzzy Granules, Shounak Roychowdhury p.205
- ... 8.2.. the concept of fuzzification means to generate a membership function for a fuzzy
set in the universe of discourse from a singleton value. In other words, it is to find the
collection of data that not only encapsulates the singleton, but also captures information
about its neighborhood in a graded and meaningful fashion. .. Functional and data driven
approaches: 1... the membership function is generated by a functional generator; 2:
unsupervised learning techniques like clustering or expert’s characterization of the data. ...

no sharp distinction between these two categories. Functional: triangular, trapezoidal,
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Gaussian, gamma, S-, exponential; Experts: (1) polling, (2) direct estimation, and (3)
experience- and intuition-based estimation. Histograms, nearest neighbors, Clustering, end-
data apprximation ... p.210: Defuzzification does degranulation of a fuzzy set — a process
contrary to fuzzification. ... Mean of maxima, center of maxima, midpoint of area, center of
gravity* ... Unit Hypercube, nearest vertex ... Subsethood defuzzification ... Possibility-
Probability Defuzzification: Filev & Yager, basic defuzzification distribution (BADD)
Neighborhood Defuzzification: Cooperative neighbors:, evolutionary biology — interactions
among the elements in the set ... Radial defuzzification; ... [See below a list from Wikip.]
Ch. 9 Systems of Information Granules, Frank H oeppner and Frank Klawonn, p.221
Zadeh:, a ‘granule is a clump of elements drawn together by indistinguishability, similarity,
proximity or functionality.’

* L.A. Zadeh. Toward a logic of perceptions based on fuzzy logic. In: V. Nov“ak and I. Perfilieva
(eds), Discovering the World With Fuzzy Logic. Physica-Verlag, Heidelberg, 2000, pp. 4-28.
Ch.13. Rough-Granular Computing Andrzej Skowron and James F. Peters, 319 p.

rough sets; information granulation; Fig.13. Evolution of AI models of computing in the
Rasiowa-Pawlak School ... the problem of concept approximation and reasoning; com-
pound concept approximations; layered learning idea .. 13.3.4 Indiscernibility and
Approximation ... the indiscernibility relation .. due to a lack of information (or
knowledge) we are unable to discern some objects employing available information (or
knowledge) .. we are unable to deal with each particular object but we have to consider
granules (clusters) of indiscernible objects as a fundamental basis for our theory. (...)
Ch.20 Construction of Rough Information Granules, Anna Gomoli nska

infosystem, decision, condition and decision attributes, descriptor language

* Z. Pawlak. Information systems — theoretical foundations. Inf. Syst. 6(3) (1981) 205-218.

* 7. Pawlak. Rough Sets. Comput. Inf. Sci. 11 (1982) 341-356.

* Z. Pawlak. Information Systems. Theoretical Foundations (in Polish). Wydawnictwo Naukowo-

Techniczne, Warsaw, 1983.
* Z. Pawlak. Rough Sets. Theoretical Aspects of Reasoning About Data, Kluwer, Dordrecht, 1991.

* Generation of fuzzy rules with subtractive clustering, Agus Priyono, M. Ridwan et al.,
2005 https://www.researchgate.net/publication/252637529 Genera-

tion of Fuzzy Rules with Subtractive Clustering Types of clustering: K-means, c-
means, mountain and subtractive. Projection of fuzzy clusters onto the antecendent space. ..
p.5 The potential of a data point to be a cluster center is higher when more datapoints are
closer. The data point with the highest potential, denoted by P*i is consideredas the first
cluster center c1 = (d1, el). The potential is then recalculated for all otherpoints, excluding
the influence of the first cluster center ...

* Sugeno, M., and T. Yasukawa. 1991. Linguistic Modelling based on Numerical Data.
Proc. of IFSA .Brussel

* Mechanism to Improve the Interpretability of Linguistic Fuzzy Systems with Adap-
tiveDefuzzification based on the use of a Multi-objective Evolutionary Algorithm, An-
tonio A. Marquez, Francisco A. Marquez, Antonio Peregrin, Department of Information
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Technologies, University of Huelva, Huelva, 21819, Spain, 2010/2011 https://www.re-

searchgate.net/publication/261629069_A_Mechanism to Improve the Interpretabil-

ity_of Linguistic Fuzzy Systems with Adaptive Defuzzifica-
tion based on the use of a Multi-objective Evolutionary Algorithm

* Granular Computing and Rough Sets, January 2005, DOI: 10.1007/0-387-25465-X_24
In book: Data Mining and Knowledge Discovery Handbook

Tsau Young (’T. Y.”) Lin, Churn-jung LiauC, hurn-jung Liau
https://www.researchgate.net/publication/226882782 Granular Compu-

ting and Rough Sets

Chapter . 1. GRANULAR COMPUTING AND ROUGH SETS

An Incremental Development ... Proposition 2 A binary neighborhood system (BNS) = A
binary granulation(BG) < a binary relation (BR; Fuzzy Binary Granulations (Fuzzy binary
Relations) 4.3 Topological Concept Hierarchy Trees ... a nested sequence of binary granu-
lations. Each inner layeris strongly dependent on the immediate next outer layer ...4.3.1
Granular tree. .. Pawlak views partitions (classification) as knowledge, and calls a finite
set of equivalence relations on a given universe a knowledge base. He interprets refine-
ments of equivalence relations as knowledge dependencies. We will take a stronger view:
we regard the interpretations as the integral part of the knowledge. Interpreation is the
naming of the mathematical structures, based on real world characterization; the name is
a summarization. ...the fundamental procedures in table processing are to find cores and
reducts of decision table. .. a set of nested granular structures is called an attribute-ori-
ented generalization when a granulation is a partition. Such concept hierarchy tree can be
used to discover “soft rules”, “high level rules” and others.

Decision Tables, Reducts — minimal subset of attributes which reproduce the decision-
making capabilities of the initial table; a table with reduced attributes; find the minimal
combinations of attributes which allow for the same classifications.
https://en.wikipedia.org/wiki/Decision_table

* On Finding All Reducts of Consistent Decision Tables, Demetrovics Janos1, Vu Duc
Thi2 , Nguyen Long Giang3, 2014, Bulgarian Academy of Science, CYBERNETICS AND
INFORMATION TECHNOLOGIES ¢ Volume 14, No 4,

https://cit.iict.bas.bg/CIT _2014/v14-4/1-2015-12-%20Demetrovics VDThi NLGiang-m-

Gotovo.pdf

* CpaBHU I'paHy/IMpaHuTe U3UMC/IeHUs U pa3MUTara JIoTMKa C HeMOHOTOHHATA JIOTMKA Ha
AnekcaHbp 3UHOBUEB B puU/ioykeHue #listove:

* A.3uHoBUeB, Jlornuecka gusrka, 1972
http://www.vixri.ru/d/Zinov'ev%20A.A.%20%20_Logicheskaja%20fizika,1972.pdf

Bux cwbiijo ITetep I'peHepdopc, reoMeTpusi Ha TIOHATUSTA B YBOJHUTE YU€HH U ILIKOJIU OT
OCHOBHUS$I TOM, KOTHUTWBHA JIMHTBUCTHKA.

* Yacrra 3a ,,Coarse-Graining” B ClIMCbKa C YUeHHU U IKO/IM; uHCcTUTyTa Canrta @e u 1p.;
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pa3enuTesiHa ClIoCOOHOCT Ha Bh3MPUATHE U YTIPaBJIeHNe, CTeNeHH Ha 00001eHne; “multi-
scale representations” ...

* AnekcaHabp ToweB — Alexander Toshev

https://sites.google.com/view/alextoshev
https://scholar.google.com/citations?user=T6PbwPIAAAAJ&hl=en

A.ToweB e aBTOp 1 CbaBTOP Ha BaXXHM pa3paboTKkM B MaLUMHHOTO 0ByYeHue,
KOMMIOTbPHOTO 3peHne u gp. ot Hadanoto Ha 2010-Te..

* Shape-Based Object Detection via Boundary Structure Segmentation,
Alexander Toshev, Ben Taskar, Kostas Daniilidis, 2011/2012

Shape descriptor: Chordiogram: contours, boundaries, edges; gradient- and texture-
based approaches: local, while shape-based: larger scale/scope, at best when
capturing the whole object (Gestalt psych., holism); Chord features: orientation of the
normals at boundary edges (cmp. spin images); recover correspondance between
shapes; segments, boundary; foreground, background; boundary structure
segmentation ...

* SHAPE REPRESENTATIONS FOR OBJECT RECOGNITION, Alexander Toshev,
PhD thesis, 2011, University of Pennsylvania; supervisor: Kostas Daniilidis
https://repository.upenn.edu/bitstreams/26ad7bb7-b626-4262-a899-
7a2ab505ad19/download * Kostas Daniilidis
https://scholar.google.com/citations?user=dGs2BclAAAAJ&hI=en

Chordiogram: captures both the object boundary & the interior in a holistic way and is
invariant to some rigid transformations & robust to deformations of the shape; it works even
with clutter and unsegmented images. Chord features: length, orientation, normals. The
normals point towards the interior of the object. Quantization of the chordiograms in bins.
Similarity: Intra-image similarity, Inter-image similarity; Co-saliency score function; Co-
saliency region/feature Matching; segmentation synchronization; image segmentation
subspaces S1, S2 as eigenvectors; co-salient region; Alignment in the embedding space;
Estimation of Dense Correspondences; appearance similarity between the regions;
geometric compatibility with respect to the affine transformation; Finding the correct match
for a point; ranking; several matches with high scores due to similar or repeating structure;
segment-based reranking; compare quantitatively the difference between the initial and the
improved set of feature matches. Place Recognition task; Related Work: Spectral graph
matching, weighted graph matching: characterize the graphs by dominant eigenvectors: don’t
capture co-salient structures; simultaneous object recognition and segmentation with spectral
clustering in a graph, capturing the relationship(pixels, object parts); correct partial
correspondences between manifolds: infer the complete alignment by regularization based on
similarities between points on the manifolds. Spectral graph matching, spectral clustering;
Co-segmentation: simultaneous segmentation of two images and extraction of the common
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objects: generative graphical model: a smoothness prior for segmentation and appearance-
based model for the common object; usually described as histogram. Joint image
representation: the similarity between images as the composability of one of the images from
large segments of the other image. ... Co-salient regions: segments which are coherent and
distinct from their surroundings & similar to each other; feature similarities. Normalized
Cuts framework. Bins. Partitioning of the bins. Boundary grouping principles;
edge/contour detector cannot detect all object boundaries since there is no evidence in the
image, but the boundaries can be hallucinated to recover the missing ones. Perceptual
Grouping & Region grouping principles, perceptually salient segmentation; unnatural:
Intersecting contours & Including contour. Segments: A set of regions. Boundaries: A set
of non-intersecting, non-including, closed contours (see Fig. 3.5). Region-boundary
constraints. Shape-based detection cost. Segmentation: The opimal values of the boundary
and segment indicators; object interior and boundary. Shape-based detection cost: The
minimum of the objective function quantifies the quality of match based on shape similarity.
Region-boundary constraints; contours as a result of bottom-up contour grouping
preprocessing step. The use of pre-grouped contours leads to more stable solution and
reduces the computational complexity: but ignoring region information; bottom-up grouping
by selecting object boundaries from a set of long salient contours [Zhu et al., 2007]; segments
as additional constraints. Shape Matching; Parametrization of the chordiogram, boundary
indicators, L1 distance; shape matching cost; shape similarity between a model and a
particular selection of segment boundaries: minimization of the cost while taking into account
the relation between boundaries and segments. Decompose a chordiogram in terms of
chordiograms which relate pair of boundaries; select via boundary indicator variables; sum of
all boundary-pair chordiograms for all pairs of boundaries; boundary indicator variables;
Chordiogram additivity; Segment boundary parameterization; Segment parametrization;
segment: foreground or background (1,-1); preprocessing: Oversegmentation. Boundary
Structure Segmentation (BoSS): detection and segmentation simultaneously in a unified
framework; shape similarity and figure/ground segmentation in a single step. Linear
constraints relating superpixels with their boundary. [multilevel] bin-based distance, graph
matching and chordiogram distance; correspondence on pairs of shapes & correspondence
recovery. Familiarity with the target shape plays a large role in figure/ground assignment.
Perceptually salient region; chordiogram matching as bipartite matching among chords.
Shape Part Correspondence: quantify the similarity between two shapes by establishing
correspondences between points on the shapes which serves as an explanation. Shape
representation: object boundary (closed curve) & interior. 2.1. Contour-based shape
descriptors: shape context, k-adjacent segments, hierarchical shapes; shock graphs.
Interior: in ambiguous cases it must be selected (e.g. Rubin's vase). Holism, holistic
approach: Gestaltism, emergent properties of art configurations. Edge- and texture-based
local descriptors: a patch in the image can contain rich information; unlike shape: very
limited expressiveness — locally a curve, potentially with a few high curvature points. ..
Transformation invariance: rigid & non-rigid; Articulations: composition of independent
deformable parts; Image artifacts, Clutter, Occlusion & missing parts. ... See the
references.
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* From Multimodal LLMs to Generalist Embodied Agents: Methods and Lessons,
Andrew Szot, Bogdan Mazoure, Omar Attia, Aleksei Timofeev, Harsh Agrawal, Devon
Hjelm, Zhe Gan, Zsolt Kira, Alexander Toshev, 11.12.2024
https://arxiv.org/abs/2412.08442 — MLLMs, extending the tasks to Embodied Al, Games,
UI Control, Planning. Generalist Embodied Agent (GEA); supervised learning on large
multimodal data, the importance of cross-domain data — strong generalization across unseen
tasks; a unified learned multi-embodiment action tokenizer; physics and geometric reasoning.
Vision-Language-Action models; strong generalist capabilities; multi-embodiment action
tokenizer vs uniform discretization of OpenVLA; cmp: multi-task agents; finetuning LLMs
with self-generated data‘ goal-specified PartiallyObservable Markov Decision Processes
(POMDPs) ; Spaces: observation, action, goal; reward model: O,A,G,R.The goal space G —
textual description of the task to solve. O — RGB images; environment types — domains with a
diverse set of action spaces. The goal is to learn one policy which works in many
environments E. M; = (O;, A;,Gi,R;) for each i € E. Continuous Multi-Embodiment Tokenizer;
hierarchical encoding; 2 codebooks x 512 tokens, token vector dim = 1024.

Training: Stage 1: Supervised-Instruction Finetuning, demonstration datasets from all
environments E. Global batch size = 256, O context length = 3, 2 days x 8 nodes x 8 H100
GPUs. Stage 2: Online RL, proximal policy optimization PPO, simulator ...

Archictecture of GEA: ((Prompt & observation history), Visual encoder Visual Bridge)
LLM Continous & Discrete Control (Video games (jump, left, right...), UI Control (Tap
23,47; click 243,211), Navigation (Forward, left...), Static & Mobile Manipulation (Joint
velocity; Delta joint position, End-effector,)  Action for Environment (dx dy dz

Residual VQ-VAE Encoder, “move right” LLM Tokenzer [212,201]) Multi-
Embodiment Action De-Tokenizer =~ Action tokens (Unified Token Output Space) LLM

A table with Embodied datasets p.5: OpenX, Meta-World, CALBIN, Mniskill, Habitat Pick,
Habitat Place, Habitat Nav, BabyAlI, LangR, Procgen, Atari, AndroidControl ... Action types:
Continous Various, ... +gripper, joint velocity, joint position, discrete, mixed. ... Embodiment
type: various robots, sawyer, Franka Arm, Fetch, Virtual , ... # Trajectories: 1.2M, 45k, 18k,
5k, 50k ... 320K ... Data source: Various, Scripted, Human, Motion Planner, RL Expert,
Shortest Path

* Datacomp-LM: In search of the next generation of training sets for language
models Jeffrey Li, Alex Fang, Georgio, ... Alexander Toshev ... et al. from 1
University of Washington, 2 Apple, 3 Toyota Research Institute, 4 UT Austin, 5 Tel Aviv
University, 6 Columbia University, 7 Stanford, 8 UCLA, 9 JSC, 10 LAION, 11 Al2, 12 TUM,
13 CMU, 14 Hebrew University, 15 SambaNova, 16 Cornell, 17 USC, 18 Harvard, 19 UCSB,
20 SynthLabs, 21 Bespokelabs.Al, 22 Contextual Al, 23DatologyAl
https://proceedings.neurips.cc/paper_files/paper/2024/file/19e4ea30dded58259665db3
75885e412-Paper-Datasets_and_Benchmarks_Track.pdf

A new dataset of 240T tokens from web; CommonCrawl, methods for improving the datasets.
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DCLM-POOL and DCLM-BASELINE Model sizes: multi-scale design of 400M — 7B
models for comparisons (8B to 276B training tokens, filtered from a pool of 469B to 15.7T
tokens). H100 hours: 26 to 7300). Data curation: filtering (by language, heuristics, quality);
data deduplication, repetition filter, page length, word-length, stop words, ellipsis count, URL,
word removal ratio , fasttext, Bloom dedup... List of large datasets (C4: 160B, The Pile 300B,
RefinedWeb: 600B, Dolma: 3 T, FineWeb-Edu: 1.3T, RedPajamav2 30 T. Code: StackV?2
1.3T. DCLM-POOL: 200B documents (370TB compressed) from hundreds of millions of
sources --. 240T GPT-NeoX tokens; decontamination (test data in the training sets); DCLM-
BASELINE: 3 B d. Selection: filtering & mixing of data from the pools; high-quality:
Wikipedia, StackExchange, peS20. See the Appx; p. 76: Datasheet. WARC (web archive) ...
“”Q13: ... DCLM-POOL is based on Common Crawl, which can be thought of as a snapshot
of the internet at a given time

https://huggingface.co/datasets/allenai/peS20 — 39M open-access academic papers, cleaned,
filtered and formatted for pre-training of LM.

* Datasets, Documents, and Repetitions: The Practicalities of Unequal Data
Quality, Alex Fang, Hadi Pouransari, Matt Jordan, Alexander Toshev, Vaishaal Shankar,
Ludwig Schmidt, Tom Gunter et al. 3.2025 https://arxiv.org/pdf/2503.07879

DCLM vs RefinedWeb, C4 filtering on repeatability of the results.

* Meta-World: A Benchmark and Evaluation for Multi-Task and Meta
Reinforcement Learning https://meta-world.github.io/ 50 manipulation tasks ...
basketbal, button press, dial turn, drawer close, peg insert side, pick place, push, reach,
sweep into, window open; test: door close, drawer open, lever pull, shelf place, sweep ...
https://github.com/Farama-Foundation/Metaworld

* Meta-World: A Benchmark and Evaluation for Multi-Task and Meta
Reinforcement Learning, Tianhe Yu, Deirdre Quillen, Zhanpeng He, Ryan Julian,
Avnish Narayan, Hayden Shively, Adithya Bellathur, Karol Hausman, Chelsea Finn, Sergey
Levine, 10.2019/6.2021 https://arxiv.org/abs/1910.10897 p.40 list of success metrics per
task ... “Meta-reinforcement learning aims to leverage the set of training task to learn a
policy n(a|s) that can quickly adapt to new test tasks that were not seen during training,
where both training and test tasks are assumed to be drawn from the same task
distribution p(T )” ... a task, T , in Meta-World is defined as the tuple (reward function,
initial object position, target position

* CALVIN: A Benchmark for Language-Conditioned Policy Learning for Long-
Horizon Robot Manipulation Tasks

July 2022IEEE Robotics and Automation Letters 7(3):1-1

DOI: 10.1109/LRA.2022.3180108, Oier Mees, Lukas Hermann, Lukas Hermann, Erick
Rosete-Beas, Wolfram Burgard, Wolfram Burgard, 13.7.2022
https://arxiv.org/abs/2112.03227 Composing Actions from Language and Vision
(CALVIN) http://calvin.cs.uni-freiburg.de/ https://youtu.be/x2CepHlhnqg 18.08.2023
...dddd 34 tasks, goal-conditioned RL, ... CALVIN dataset: 24 h teleoperated play data, 2.4
M interaction steps, 20Kk labeled language sequences ... “grasp the drawer handle, then
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open it”, “grasp the handle of the drawer, then open it”, “grasp the handle of the drawer
and open it”, “open the drawer’, “go open the drawer”, “pull the drawer”, 6pen the cabinet
drawer” etc. ... - variants of the same intention ... play data: 64 frames; CALVIN challenge:
Observation Space: RGB static camera 200x200x3, Depth static camera 200x200, RGB
gripper camera 84x84x3, Depth gripper camera 84x84, Tactile image 120x160x2,
Proprioceptive state: EE position 3, EE orientation 3, Gripper width 1, Joint positions 7,
Gripper action 1 (7 DOF for the articulated robot’s joints).

Action Space: Absolute cartesian pose (EE position 3, EE orientation 3, Gripper action
1), Relative cartesian displacement (=), Joint action (Joint positions 7, Gripper action 1) ...
CALVIN Environment - 7-DOF Franka Emika Panda robot arm with a parallel gripper ...
Example of Long-horizon language instructions: “turn on the led 2 open drawer =2 push

the red block = pick up the red block = place in slider”. List of tasks: p.9.

Franka Robotics: htips://franka.de/ FRANKA RESEARCH 3 “THE REFERENCE
PLATFORM FOR AI AND ROBOTICS RESEARCH. GLOBALLY.”

https://www.mybotshop.de/Franka-Emika-Panda-FCI-Licence €24.900,00 + shipping @

3.2.2025

ManiSKkill: https://github.com/haosulab/ManiSkill SAPIEN Manipulation Skill
Framework; open source GPU parallelized robotics simulator and benchmark, led by

Hillbot, Inc.

* habitat-sim https://github.com/facebookresearch /habitat-sim A flexible, high-
performance 3D simulator for Embodied AI research. https://aihabitat.org/
Habitat-Sim, Habitat-Lab, Habitat Challenge

Habitat Navigation Challenge 2023 https://aihabitat.org/challenge/2023/
Two tasks: 1: ObjectNav — “find a chair” 2: ImageNav — RGB goal image

Habitat Matterport 3D Semantics Dataset https://aihabitat.org/datasets/hm3d-
semantics/ — “the largest-ever dataset of 3D real-world and indoor spaces with densely
annotated semantics ...” 142K object instaqnces, 216 3D-spaces (homes); semantic
segmentation : labels for the regions of a window, bed, chair, door etc.

Procgen Benchmark: Procedurally-Generated Game-Like Gym-Environments
https://github.com/openai/procgen

BabyAlI platform. A testbed for training agents to understand and execute language
commands. https://github.com/mila-igia/babyai - Minigrid library

https://github.com/Farama-Foundation/Minigrid — Simple and easily configurable grid

world environments for reinforcement learning

Scott Reed, Konrad Zolna, Emilio Parisotto, Sergio Gomez Colmenarejo, Alexander
Novikov, Gabriel Barth-Maron, Mai Gimenez, Yury Sulsky, Jackie Kay, Jost Tobias
Springenberg, et al. A generalist agent. arXiv preprint arXiv:2205.06175, 2022
(5.2022/11.2022)

https://arxiv.org/abs/2205.06175 Gato — multi-modal, multi-task, multi-embodiment
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generalist policy. The same network with the same weights can play play Atari, caption
images, chat, stack blocks with a real robot arm etc. ... 604 distinct tasks

with varying modalities, observations and action specifications. ... 6. Related work:
Decision Transformers (Chen et al., 2021b; Reid et al., 2022; Zheng et al., 2022;
Furuta et al., 2021) and Trajectory Transformer (Janner et al., 2021) ...

See the data samples preparation, embeddings, training procedure etc. from the
Supplementary materials p.28

See below: Recognizing Everything from All Modalities at Once: Grounded
Multimodal Universal Information Extraction, Meishan Zhang et al., 2024 ... etc.

The RobotSlang Benchmark: Dialog-guided Robot Localization and
Navigation, Shurjo Banerjee, Jesse Thomason, Jason J. Corso, 2021
https://proceedings.mlr.press/vi55/banerjee21a/banerjee21a.pdf

LaNMP: A Language-Conditioned Mobile Manipulation Benchmark for
Autonomous Robots, Ahmed Jaafar, Shreyas Sundara Raman et al.
https://arxiv.org/html/2412.05313v1 long-horizon mobile manipulation tasks in large,
diverse environments ... Existing datasets do not integrate all these aspects, restricting
their efficacy as benchmarks... Language, Navigation, Manipulation, Perception
(LaNMP, pronounced Lamp). ... 574 trajectories across eight simulated and real-world
environments for long-horizon room-to-room pick-and-place tasks specified by natural
language. 20 attributes: RGB-D images, segmentations, poses of the robot body, end-
effector, grased objects, 3 Hz ... NeurIPS 2023 Open Vocabulary Mobile Manipulation
challenge — the best result only 33% - lack of a benchmark ... A task: “Go to the kitchen,
pour the boiling water into the teapot, then bring it to me in the living room” — requires
language understanding, navigation, manipulation & perception capabilities. 2.2
Datasets of Language, Navigation and Perceptio: Room-to-Room, Room-Across-
Room, ALFRED, CoNav and TEACh. QUARD (for quadruped robots) 2.3. Datasets of
Navigation, Manipulation and Perception: MoMaRT, Mobile ALOHA, BRMData —
bimanual-mobile robot manipulation ... 2.4 ... Language, Navigation,
Manipulation and Perception — RT-1 (transformer: fetch & deliver in a kitchen
scene) ...
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* Grounding Multimodal Large Language Models in Actions, A Szot, B
Mazoure, H Agrawal, D Hjelm, Z Kira, A Toshev, arXiv preprint arXiv:2406.07904,
6.2024/9.12.2024 https://arxiv.org/abs/2406.07904

MLLM, action space adapters (ASA); Continuous ASA - (regression dx, dy, dz),
uniform tokenizaion ... Discrete ASA, MLP, classification, semantic tokenization, non-
semantik tokenization... Task goal + prompt --> Language Embedding ... Multimodal
LLM --> Adapter head --> Action tokenization --> Action decoder --> at (action for
Environment)

Bbvobpaxaemu cpegm 3a nanpobsaHe Ha pobotu: CALVIN - tabletop robot,
200x200 RGB fixed camera, 6DoF end-effector and binary gripper state (open/close),
Meta-World ML-45, 45 tasks, observations: 200x200 RGB fixed camera - evaluate on
unseen objects and robot starting states, Habitat Pick (HabPick) - 336x336 RGB
egocentric head camera, BabyAl - grid world - navigates and interacts with objects,
200x200 RGP top-down view, Language Rearrangement (LangR) - "store all the fruit
in the fridge", 70 skills, ... 336x336 RGB head camera*; Bx. ¢.15 nnoctpaunm un
nogpobHoCTY;

Hakoun 3agaymn 3a CALVIN ot ¢.20: turn off led, move slider left, rotate red
block right, open drawer, turn off lightbulb; 3a BabyAl: goto, pickup, open, putnext,
pick up seq go to; Meta-World: assembly, basketball, button-press-topdown, door-
open, faucet-open, ...

* Bux cbwo AI2THOR interactive environments for Embodied Al:
https://ai2thor.allenai.org/ cpBH nnaHa ot "Bcenena u Pasym 5", T.ApHaygos, 2004

* MEGA-Bench: Scaling Multimodal Evaluation to over 500 Real-World Tasks,
Jiacheng Chen, Tianhao Liang, Sherman Siu, Zhengqging Wang, Kai Wang, Yubo
Wang, Yuansheng Ni, Wang Zhu, Ziyan Jiang, Bohan Lyu, Dongfu Jiang, Xuan He,
Yuan Liu, Hexiang Hu, Xiang Yue, Wenhu Chen, 10.2024/11.2024
https://tiger-ai-lab.qgithub.io/MEGA-Bench/ https://arxiv.org/abs/2410.10563
https://github.com/TIGER-AI-Lab/MEGA-Bench/

505 realistic tasks; many output formats: numbers, phrases, code, \LaTeX,
coordinates, JSON, free-form, etc.; 45 evaluation metrics ... fine-grained capability
report across multiple dimensions (application, input type, output format, skill, ...)

* World-consistent Video Diffusion with Explicit 3D Modeling, Qihang Zhang,
Shuangfei Zhai, Miguel Angel Bautista, Kevin Miao, Alexander Toshev, Joshua
Susskind, Jiatao Gu, 2.12.2024 https://arxiv.orq/pdf/2412.01821

Datasets: RealEstate10K, ScanNet,MVImgNet, CO3D, Habitat; 2B diffusion
transformer, generates 3D point cloud; training: batch size 128, 1M steps on 64xA100
x two weeks.

— CpBH. npeasmxaanus: Compare: "Chairs, Buildings, Caricatures ...", T.A. 2012 -
Vision as reverse graphics with explicit 3D-reconstruction and modelling.
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Bux cbuwo: ViewDiff: 3D-Consistent Image Generation with Text-to-Image
Models, L.Hollein et al, https://lukashoel.github.io/ViewDiff/ multi-view image
generation

* On Robustness in Multimodal Learning, B McKinzie, V Shankar, J Cheng, Y
Yang, J Shlens, A Toshev, 2023 https://arxiv.org/pdf/2304.04385 — "3gpaBuHa”,
ycTonumBocT (robustness) - Bux "adversarial attacks", yctonumBocCT Ha Wwym,
CMYLLEHUSA Ha pa3no3HaToTo NN NpeaBuaeHOTO; YCTONYNBOCT CPELLY HEOYaKBaHU
pasnuku B pesyntatute npu Manku npoMeHn B aaHHuTe - "distribution shift", ronsma
npoMsiHa Ha NoBeAEeHMNETO (Hanp. Npu KnacudeckuTe "atakn" 6elue oTKpUTO, Ye
KoraTo B U300paxeHneTo ce BHeapu He3abenexnm OT YOBELLKO OKO LLUYyM,
HEBPOHHUTE MOENN 3a pasno3HaBaHe Ha 0bpa3sn Moxelle Ja ce MaHunynupar aa
BbpHAT KOPEHHO pasfnnyeH OTrOBOP OT OHOBA, KOETO BMXAA YOBEK, C KOETO
rnokaseaxa, 4e 0COGEeHOCTUTE N Ha4YMHa, NO KOWTO ce yum u pewasa HM He ca
cbBMecTMMK). MoganHoCT: CETUBHOCT; MOL4ANHOCTU - TUNOBE, BUAOBE AaHHW, BUA
ceTMBO (MOXe fa oTpassBa 1 ABWXKEHME, MPOMSIHA - CbLO AaHHN). Bx T.2.2.
MynTumoganHocTtTa: oby4yeHne ¢ BCUYKM CETUBHOCTU, CMeCBaHe B €QUHHO
npegcrtaesHe (aggregtor), 06O NPOCTPaAHCTBO; HANNMYNETO Ha AAHHN OT BCUYKM
CETUBHOCTW Ce npuema 3a NnoroXnteneH NpuMep; U3Bo4 3a CbAbpPXaHMETO Ha HAKOS
OT TSIX MPY NUNca Ha HAKoW oT HavanHuTe. CmecBaHe B 06LO NpeacTaBsHe - Harnp.
4ypes npeobpasntenn. YcnopeaHu cbrnacysaHu NOTOUM OT AaHHW: npenobyyeHne 6e3
yumTen.

Downstream task (pyHKuuaTa-n3oBa Ha Mogena: Hanp. pasno3HaBaHe) -
supervision, downstream training data. BugoBe TectoBe: npemaxsaHe, obaBAHe nnu
NpeHoc No BpeME Ha TecT (Ha MoAdarnHocT); 1: HenbfnHa MHOpPMauus; 2: nMnceaLla
MOZArHOCT B 00yuYnTenHuTe AaHHu; 3. NpeHoc Ha 3agadva, HayyeHa B eauH Habop
MOAanHoCTM 3a pellaBaHe B apyr. MHoroceTuBHoO camoobyyeHme (multimodal self-
supervised learning): pasnn4yHu rmMeaHn TOYKM KbM €4HO U CbLLO CbAbpXaHUE; Ypes
KOHTPaCTHO npecb3faBaHe Unn npecb3gaBaHe ¢ Macku. OTaenHuTe CETUBHOCTYU Ce
Koampart no cneumanuampaH HayuH; cneumanmampanmi 3a Bcsika CETUBHOCT QOYHKLUK
Ha 3arybarta (task specific loss L) 6.1 AHann3 Ha Hay4eHUTe MHOIrOCETUBHN
npeacTaBsaHuNA: Nno-gobpe e Aa nva noBeye MOAanHOCTK Mo BpeMe Ha
npegobyyeHneTo unu nanutanuara. ... 8. lNpuHoc: A.Towes: nHMLMaToOp Ha NPoeKTa,
pbKOBOAUTEN Ha U3CNEeABaHUATA, €4MH OT NPOEKTaHTUTE Ha pamKaTta 3a OLeHKa Ha
HageXQHOCTTa; aBTOP Ha rMaBHUTE anropUTMUYHN NPUHOCKU Ha CcTaTUsTa U Hanucarn
noBeyveTo OT cTaTtudata. Bugose Hamecu B obyveHuneto (Training interventions):
Modality Augmented Self-Distillation (MASD): HacbpyaBa NOCTOSHCTBO MeXAay
Hay4YHUTE NpeacTaBsHMSA NPU MapknpaHu n HemapkmpanHum moganHocTtn n WiseFT:
yBenunyaeaTt HagexaHoctTa 1.5-4 nbTu npu TectoBe Bbpxy AudioSet, Kinetics-400,
ImageNet-Captions.

* Intriguing properties of neural networks, Szegedy, C., Zaremba, W., Sutskever,
l., Bruna, J., Erhan, D., Goodfellow, |., and Fergus, R. arXiv preprint

arXiv:1312.6199, 2013/19.2.2014 https://arxiv.org/pdf/1312.6199 Adversarial
examples (AE) ,Deep ... have recently achieved state of the art performance on speech and
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visual recognition tasks...“ counter-intuitive properties; fairly discontinuous input-output
mappings; the entire space of activations contains the bulk of the semantic information, rather
than the individual units; adversarial examples: imperceptible non-random perturbation to an
image for arbitrarily changing the network’s prediction; AE with Gaussian noise MNIST: 51%
recognition, while visually indistinguishable adv.modified: 0%; possible reasons: “the set of
adversarial negatives is of extremely low probability, and thus is never (or rarely) observed in
the test set, yet it is dense (much like the rational numbers), and so it is found near every
virtually every test case.”

* Deep neural networks for object detection, Christian Szegedy, Alexander
Toshev, Dumitru Erhan, 2013
https://proceedings.neurips.cc/paper/2013/file/f7cade80b7cc92b991cf4d2806d6bd78
-Paper.pdf Another from the era: Deformable Part-based Model (DPM) ..

* DeepPose: Human Pose Estimation via Deep Neural Networks, Alexander
Tosheyv, Christian Szegedy, 20.8.2014 https://arxiv.org/pdf/1312.4659
(compare Dragomir Anguelov's PhD, 2005, on 3D range data)

* On the Modeling Capabilities of Large Language Models for Sequential
Decision Making" by Martin Klissarov, Devon Hjelm, Alexander Toshev and Bogdan
Mazoure, 10.2024 Bwx 6en. 3a MaptnH Knncapos 3a RL.

* Show and Tell: A Neural Image Caption Generator, Vinyals, O., Toshey, A,

Bengio, S., & Erhan, D. (2015). https://www.cv-

foundation.org/openaccess/content _cvpr 2015/papers/Vinyals Show and Tell 2015
CVPR paper.pdf Image-Text, LSTM sentence generator.

* Generating natural language descriptions of images, S Bengio, O Vinyals, AT
Toshev, D Erhan, US Patent App. 18/662,584, 2024

* Generating natural language descriptions of images, S Bengio, O Vinyals, AT
Toshev, D Erhan, US Patent 12,014,259

* Robot navigation using a high-level policy model and a trained low-level
policy model, A Toshev, M Fiser, A Wahid, 13.8.2024, US Patent 12,061,481
https://patentimages.storage.googleapis.com/3c/7b/96/6a583901857152/US1206148

1.pdf

* Controlling agents using scene memory data, K Fang, AT Toshev, US Patent
App. 18/536,074, 2024

* Controlling agents using scene memory data, K Fang, Alexander Toshkov
Toshev, US Patent 11,842,277, 12.12.2023 (filled in 11-2019)
https://patents.google.com/patent/US11842277B2/en
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https://patentimages.storage.googleapis.com/da/4f/0f/e087456366076d/US12248875
.pdf — YrpaensiBaHe Ha areHT ¢ M3MO/I3BaHe Ha MaMeT 3a cijeHara: [TosyuaBaHe Ha
CBCTOAHHUETO Ha CpEﬂaTa B TEKYH_[I/IH MOMEHT, nopax(,ane Ha HeroBsoToO B'BTpeLLIHO

nipeficTaBsiHe®, 06paboTKa Ha ZJAaHHU OT MaMeTTa 3a CLieHaTa, BK/IFOUYBAIL [TPe/ICTaBIHeTO U
TIpeIX0/{HY HaO/TFofieH s1, TOyUYHHH B MUHAJ/IM CTHIIKHM BbB BPEMETO Upe3 KoZupalia
HEeBPOHHA MpeXXa, Kb/IeTO TS € yCTPOeHa /ia TIpAjlara MexaHu3bM 3a KOAHpaHe ChC
CaMOBHHMIMaHUe CIpsIMO JJAHHUTe 3a [amMeTTa 3a CrjeHara; 06paboTka Ha KOJUPaHOTO
Tpe/icTaBsiHe Ha MUHAJIOTO U HAaCTosIIleTo HabsofieHue 3a Jja ce MopoAy U3BOJ, KOWTO n3brpa
JieliCTBHe, KOETO Kapa areHTa Jja M3ITbJIHA n30paHoTo AeticTBue. *embedding

* Future prediction, using stochastic adversarial based sampling, for robotic
control and/or other purpose (s) Inventors: Anthony Jacob Piergiovanni, Anelia
Angelova, Alexander Toshev, Michael Ryoo; Publication date: 2025/6/24; Patent
office: US; Patent number: 12340307; Application number: 17638469
https://patentimages.storage.googleapis.com/13/44/42/eee4dda90f2bf0/US12340307

B2.pdf

* Natural language control of a robot, K Hausman, B Ichter, S Levine, A Toshev, F
Xia, C Parada, US Patent App. 18/128,953, 25, 2023

* Do as i can, not as i say: Grounding language in robotic affordances, M Ahn, A
Brohan, N Brown,... A Toshey, ..., (45), 10.8.2022, arXiv preprint
https://arxiv.org/pdf/2204.01691 https://say-can.qgithub.io/

TBh/IKyBaHe U U3MTbJIHEHHE HA HEIPEKU CJIOBECHU MHCTPYKI[UM OT PoOoT: "Pa3cunax cu
HafuTKaTa Ha 6ropoto. ITomMorau Mu fja mouucts' --> Hamepu rp0a. B3emu robara. [JoHecu
rbOara 10 uoBeka. OcraBu rbbara Ha 6ropoTo. Action Space Adapters ... CpaBHH C
SHRDLU, STRIPS (6e3 o6ocHoBaBaHe). OmnucaHusTa Ha JeMCTBUSTA: CpaBHU 3arucku T.A.,

"Caermenust cmetau” ok. 2013-2015, "behaviontrospective" u ap. ot 6a1y: "Cb3aaBaHe Ha
MHUCJIellla MalHa".

* Walk the talk: Connecting language, knowledge, and action in route
instructions. M. MacMahon, B. Stankiewicz, and B. Kuipers. 2006

* World-consistent Video Diffusion with Explicit 3D Modeling, Qihang Zhang,
Shuangfei Zhai, Miguel Angel Bautista, Kevin Miao, Alexander Toshev, Joshua
Susskind, Jiatao Gu, 2.12.2024 https://arxiv.org/pdf/2412.01821

* Evolving Space-Time Neural Architectures for Videos, AJ Piergiovanni, Anelia
Angelova, Alexander Toshev, Michael S. Ryoo, 11.2018/8.2019
https://arxiv.org/abs/1811.10636 Bwux 6en. kbm AHenuna AHrenosa

(...)
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* Lubomir Bourdev — Jlto6omup bypaes

KomniotbpHa rpadumka n KomnioTbpHO 3peHue; computer graphics & computer
vision; Adobe Photoshop Elements 4, 2005: Person/Face recognition and detection -
Soft Cascade, better than Viola-Jones; the first consumer product using Face
detection; the first computer vision engineer at Facebook, author of the original image
recognition system https://lubomir.org/ https://lubomir.org/#engprojects

Linkedin: Researcher, Developer, Manager, Enterpreneur, Inventor, Parent, Co-
founder and CEO * Stealth Startup - Aug 2023 - Present - 1 yr 7 mos Stay tunedq!

* Co-founder and CEO WaveOne, Inc.WaveOne, Inc. Dec 2015 - Feb 2023 - 7 yrs 3
mos

* Research Scientist / Engineering ManagerFacebook Mar 2012 - Aug 2015 - 3 yrs 6
mos Sr. Research Scientist

* Sr. Research Scientist Adobe SystemsAdobe Systems Jun 1998 - Mar 2012 - 13
yrs 10 mos

* University of California, Berkeley logo, Ph.D., Computer Science, 2007-2011
Computer vision research with Prof. Jitendra Malik — poselets, decompose the pose from
appearance, which helps with computer vision problems like determining where objects are in
the image, segmenting them from the background, inferring the pose and action of people,
their gender, hair style, types of clothes, etc. Poselets and Deep Poselets were the state-of-the-
art methods for detection of people and person attribute classification (inferring gender,
clothes, hair style, etc) at the time of my graduation.

* Brown University, B.A. + M.S., Computer Science, 1994 — 1998

Computer graphics research ... Co-author of two SIGGRAPH papers... Second
student in the previous 10 years in the Brown Computer Science department to get
bachelors and masters degrees in a total of four years.

* D. Tran, L. Bourdev, R. Fergus, L. Torresani, and M. Paluri. Learning
spatiotemporal features with 3D convolutional networks. In ICCV, 2015

https://www.kaldata.com/it-HOBMHW/6bNrapmH-e-4acT-oT-amoMLIMO3EH-ai-NMPOEKT-
82896.html - BbnrapuH e yact ot am6uumoseH Al npoekt Ha Facebook, Metoan
HamsaHos, 9:21 | 23.09.2013 161 O

* https://www.standartnews.com/tekhnologii/apple-e-pridobil-kompaniya-za-ai-
algoritmi-za-kompresirane-na-video-520351.html 28 map 23 | 8:10 0 komeHTapa
3355 AreHuus CtaHgapTt

https://lubomir.org/#publications

* Generic Image Library - GIL, then in Boost C++

Facebook Image Classification 2012 - Lubomir was the first guy hired to do computer vision;
"run on 300M photos per day". First year - traditional CV features; then: CNN, 9 versions for
2 years, the latest recognizes "more than a thousand types of objects, scenes, activities and
places of interest using convolutional neural networks with multiple loss functions." Peak
load: 10K calls/sec, run on every photo & every second of every video on Facebook and
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Instagram. Lubomir developed "a large part of the training code as well as a highly optimized
feedforward path used in production.”

* PIM: Video Coding using Perceptual Importance Maps, Evgenya Pergament, Pulkit
Tandon, Oren Rippel, Lubomir Bourdev, Alexander G. Anderson, Bruno Olshausen, Tsachy
Weissman, Sachin Katti, Kedar Tatwawadi, Computer Graphics Arxiv 2022

* ELF-VC: Efficient Learned Flexible-Rate Video Coding, Oren Rippel, Alexander G.
Anderson, Kedar Tatwawadi, Sanjay Nair, Craig Lytle, Lubomir Bourdev,, Computer Vision
International Conference in Computer Vision (ICCV 2021)

* Real-Time Adaptive Image Compression, Oren Rippel and Lubomir Bourdev, Computer
Vision International Conference in Machine Learning (ICML 2017) - ML lossy image
compression, better than the existing codecs, while running in real-time. Typically: 2.5 times
smaller files than JPEG & JPEG 2000, 2 times < WebP ... generic images across all quality
levels. At the same time: lightweight and deployable, e.g. the Kodak dataset: ~ 10ms/image
on GPU.

* Deep End2End Voxel2Voxel Prediction, Du Tran, Lubomir Bourdev, Rob Fergus, Lorenzo
Torresani and Manohar Paluri, Computer Vision The 3rd Workshop on Deep Learning in
Computer Vision 2016 (in CVPR 2016)

* D. Tran, L. Bourdev, R. Fergus, L. Torresani, and M. Paluri. Learning spatiotemporal
features with 3D convolutional networks. In ICCV, 2015.

* Microsoft COCO: Common Objects in Context, Tsung-Yi Lin, Michael Maire, Serge
Belongie, Lubomir Bourdev, Ross Girshick, James Hays, Pietro Perona, Deva Ramanan, C.
Lawrence Zitnik and Piotr Dollar, Computer Vision Arxiv 2015

* Deep Poselets for Human Detection, Lubomir Bourdev, Fei Yang, Rob Fergus,
Computer Vision Arxiv 2014 .. detecting people in natural scenes using a part
approach based on poselets.. a bootstrapping method that allows to collect millions
of weakly labeled examples for each poselet type; train a CNN to discriminate
different poselet types and separate them from the background class. Then: the CNN
- represent poselet patches with a Pose Discriminative Feature (PDF) vector -- a
compact 256-dimensional feature vector that is effective at discriminating pose from
appearance. The poselet model is trained on top of PDF features and combine them
with object-level CNNs for detection and bounding box prediction. The resulting
model leads to state-of-the-art performance for human detection on the PASCAL
datasets.

* Articulated Pose Estimation using Discriminative Armlet Classifiers, Georgia
Gkioxari, Pablo Arbelaez, Lubomir Bourdev and Jitendra Malik, Computer Vision
IEEE Conference in Computer Vision and Pattern Recognition (CVPR 2013) ... a
novel approach for human pose estimation in real-world cluttered scenes; focus on
the challenging problem of predicting the pose of both arms for each person in the
image. .. the notion of poselets, training a highly discriminative classifiers to
differentiate among arm configurations — armlets; a rich representation which, in
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addition to standard HOG features, integrates the information of strong contours, skin
color and contextual cues in a principled manner. Unlike existing methods: an
evaluation on a large subset of images from the PASCAL VOC detection dataset with
critical visual phenomena, such as occlusion, truncation, multiple instances and
clutter are the norm. Their approach outperforms Yang and Ramanan, the state-of-
the-art technique, with an improvement from 29.0% to 37.5% PCP accuracy on the
arm keypoint prediction task, on this new pose estimation dataset.

* Interactive Facial Feature Localization, Vuong Le, Jonathan Brandt, Zhe Lin,
Lubomir Bourdev, and Thomas Huang, Computer Vision European Conference in
Computer Vision (ECCV 2012)

* Semantic Segmentation using Regions and Parts, Pablo Arbelaez, Bharath
Hariharan, Chunhui Gu, Saurabh Gupta, Lubomir Bourdev, and Jitendra Malik,
Computer Vision IEEE Conference in Computer Vision and Pattern Recognition
(CVPR 2012)

* Facial Expression Editing in Video Using a Temporally-Smooth Factorization,
Fei Yang, Lubomir Bourdeyv, Eli Shechtman, Jue Wang and Dimitri Metaxas,
Computer Vision IEEE Conference in Computer Vision and Pattern Recognition
(CVPR 2012)

* Face Morphing using 3D-Aware Appearance Optimization, Fei Yang, Eli
Shechtman, Jue Wang, Lubomir Bourdev, Dimitris Metaxas, Computer Graphics
Graphics Interface (Gl 2012)

* Semantic Contours from Inverse Detectors, Bharath Hariharan, Pablo Arbelaez,
Lubomir Bourdev, Subhransu Maji and Jitendra Malik, Computer Vision International
Conference in Computer Vision (ICCV 2011)

We study the challenging problem of localizing and classifying category-specific
object contours in real world images. For this purpose, we present a simple yet
effective method for combining generic object detectors with bottomup contours to
identify object contours. We also provide a principled way of combining information
from different part detectors and across categories. In order to study the problem and
evaluate quantitatively our approach, we present a dataset of semantic exterior
boundaries on more than 20, 000 object instances belonging to 20 categories, using
the images from the VOC2011 PASCAL challenge

* Poselets: Body Part Detectors Trained Using 3D Human Pose Annotations,
Lubomir Bourdev and Jitendra Malik, Computer Vision International Conference in
Computer Vision (ICCV 2009)

* Generic Image Library, Lubomir Bourdev, Software Engineering Software
Developer's Journal 2007 — The Generic Image Library (GIL) is a C++ image library
sponsored by Adobe Systems, Inc. and developed by Lubomir Bourdev and Hailin
Jin. It is an open-source library, planned for inclusion in Boost 1.35.0. GIL is also a
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part of the Adobe Source Libraries. It is used in several Adobe projects, including
some new features in Photoshop CS4

* Robust Object Detection Via Soft Cascade, Lubomir Bourdev and Jonathan
Brandt, Computer Vision IEEE Conference in Computer Vision and Pattern
Recognition (CVPR 2005) A method for training object detectors using a
generalization of the cascade architecture, which results in a detection rate and
speed comparable to that of the best published detectors while allowing for easier
training and a detector with fewer features. In addition, the method allows for quickly
calibrating the detector for a target detection rate, false positive rate or speed. One
important advantage of our method is that it enables systematic exploration of the
ROC Surface, which characterizes the trade-off between accuracy and speed for a
given classifier.

* Art-Based Rendering of Fur, Grass, and Trees, Michael Kowalski, Lee
Markosian, J.D. Northrup, Lubomir Bourdev, Ronen Barzel, Loring Holden and John
Hughes, Computer Graphics ACM Transactions on Graphics (SIGGRAPH 1999)
Artists and illustrators can evoke the complexity of fur or vegetation with relatively few
well-placed strokes. We present an algorithm that uses strokes to render 3D
computer graphics scenes in a stylized manner suggesting the complexity of the
scene without representing it explicitly. The basic algorithm is customizable to
produce a range of effects including fur, grass and trees, as we demonstrate in this
paper and accompanying video. The algorithm is implemented within a broader
framework that supports procedural stroke-based textures on polyhedral models. It
renders moderately complex scenes at multiple frames per second on current
graphics workstations, and provides some interframe coherence.

* Rendering Nonphotorealistic Strokes with Temporal and Arc-Length
Coherence, Lubomir Bourdev, Computer Graphics Master's Thesis, Brown
University, 1998 — Rendering a silhouette of an object in a frame-to-frame coherent
way. The input to the system each frame is a set of silhouette pixels in a rendering of
the object and their corresponding silhouette edges in a polygonal model (mesh) of
the object. The output is a set of silhouette strokes.

* Real-Time Nonphotorealistic Rendering, Lee Markosian, Michael Kowalski, Sam
Trychin, Lubomir Bourdev, Daniel Goldstein and John Hughes, Computer Graphics
ACM Transactions on Graphics (SIGGRAPH 1997) Nonphotorealistic rendering
(NPR) can help make comprehensible but simple pictures of complicated objects by
employing an economy of line. But current nonphotorealistic rendering is primarily a
batch process. This paper presents a real-time nonphotorealistic renderer that
deliberately trades accuracy and detail for speed. Our renderer uses a method for
determining visible lines and surfaces which is a modification of Appel’s hidden-line
algorithm, with improvements which are based on the topology of singular maps of a
surface into the plane. The method we describe for determining visibility has the

63



Mpopouunte Ha mucnewmte mawmHn: AHenns. The Prophets of the Thinking Machines: Anelia

potential to be used in any NPR system that requires a description of visible lines or
surfaces in the scene. The major contribution of this paper is thus to describe a tool
which can significantly improve the performance of these systems. We demonstrate
the system with several nonphotorealistic rendering styles, all of which operate on
complex models at interactive frame rates.

(...)

* Feopru NepraHoB (Georgi Gerganov) — cbaaaten Ha Llama.cpp, Whisper.cpp v
dopmatbT GGUF, GGML 3a kBaHTyBaHe 1 epeKTUBHO n3nbnHeHe Ha 'EM n Ha
npouecopu n apyru nnatpopmmn n GUbNNOTEKN 3a yCKOpEeHne, a He camo Ha HaWn-
obuyanHata Bce owe CUDA/NVIDIA/GPU. https://github.com/ggerganov/llama.cpp
Moxe 6u Han-nonynapHUAT 6bnrapckun paspabotumk, C 15.7k nocnegosatenv B
MTXb6, a NPOEKTbT My nMa 69.6 xmn. 3se3gm 1 Hag 10 Xun. pasknoOHEHNS KbM
22.12.2024. Kbm 19.4.2025: 78336/11450/1117 cbTpyaHMum ¢ npuHoc, 17.2k
nocrnegoBarenm.

B paspabotkaTta Ha mogenute Llama Ha Meta Al ca y4actBanu moxe 6u
ABama 6bnrapu: https://huggingface.co/docs/transformers/en/model _doc/llama2

* Opyrn ctatun no CbBpeMeHHO pa3fensiHe Ha n3obpaxeHus
CBbp3aHu ¢ pabotn Ha AHenua AHrenoBa n AnekcaHabp Towes;
Mwupa [loH4yeBa u Ap. — Current Image Segmentation #segmentation

Bwx pabotata Ha XuDong Wang et al. CpaBH/ CbC cnoMeHaTuTe ctatum ¢
y4yacTueTo Ha 6bnrapu cebp3aHn ¢ panoptic segmentation, open-dictionary
segmentation, detection, shapes etc. https://people.eecs.berkeley.edu/~xdwang/

Visual Lexicon: Rich Image Features in Language Space, XuDong Wang, Xingyi
Zhou, Alireza Fathi, Trevor Darrell, Cordelia Schmid, 2024

While image representations for computer vision usually were tailored either
for: high-level semantics (CLIP) or for high-fidelity image reconstruction (VAE), ViLex
captures both. Understanding-focused high-level semantics: CLIP, SigLIP, DINO
— lose pixel-level details. Reconstruction-focused: autoencoders: VAE, MAE, BeiT
— fine details, but lack semantic richness, struggle with discriminative tasks.
Dreambooth-like (inject a new image example, face etc. into a pre-trained diffusion
model), zero-shot unsupervised image re-contextualization; frozen text-to-image T2I
diffusion model (frozen - their weights, parameters are fixed and they don't change
during training). Prompting with ViLex tokens and text prompt tokens. Visual prompts
(image, converted to embedding) + Text prompt: “[image] in Leonardo’s style” ...
OpenCLIP) DeDiffusion, Imagen as a base (text-to-image diffusion model), U-Net
arch. 600M params, embedding dim. 256, input 64x64. Text encoder: OpenCLIP ViT-
H/14, vocabulary size = 49408. Pooled embedding vector, added to the diffusion
timestep embedding.
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* WebLI| Dataset - WebL| (Web Language Image) web-scale multilingual image-text
dataset. (with PaLl: A Jointly-Scaled Multilingual Language-Image Model, Xi Chen,...,
Anelia Angelova, ..., 2022) https://paperswithcode.com/dataset/webli - private, can't
be downloaded; includes also alt-text and OCR; 109 languages, deduplicated on 68
vision/vision-language tasks https://paperswithcode.com/dataset/textcaps 145K
captions for 28K images - read and reason about text in images to generate captions
about them

SegLLM: Multi-round Reasoning Segmentation with Large Language Models
XuDong Wang*, Shaolun Zhang*, Shufan Li*, Konstantinos Kallidromitis, Kehan Li,
Yusuke Kato, Kazuki Kozuka, Trevor Darrell https://arxiv.org/pdf/2410.18923.pdf

Segment Anything without Supervision, XuDong Wang, Jingfeng Yang, Trevor
Darrell https://arxiv.org/pdf/2406.20081.pdf (BX cbwwo SAM, SAM2, Meta Al)
https://github.com/frank-xwang/UnSAM
https://colab.research.google.com/drive/1aFOblt-

xIQMCKKk3G7dD8KQxaWhM RTEd#scrollTo=QzkCAobcHsNi

InstanceDiffusion: Instance-level Control for Image Generation, XuDong Wang,
Trevor Darrell, Saketh Rambhatla, Rohit Girdhar, Ishan Misra®
https://arxiv.org/pdf/2402.03290.pdf

3agaBaHe Ha nepapxmyHM obxBallallM NPaBObIbIHNULN, B KOUTO Aa ce nopoau
o6pa3s no pasnunyHu nogkaHu. No-pnHO ynpaeneHne Ha nopaxgaHeTo.

Rethinking Patch Dependence for Masked Autoencoders, Letian Fu, Long Lian,
Renhao Wang, Baifeng Shi, XuDong Wang, Adam Yala, Trevor Darrell, Alexei A.
Efros, Ken Goldberg https://arxiv.org/pdf/2401.14391.pdf

Unsupervised Universal Image Segmentation, Dantong Niu*t, XuDong Wang*t,
Xinyang Han*, Long Lian, Roei Herzig, Trevor Darrell.
https://arxiv.org/pdf/2312.17243.pdf https://github.com/u2seq/U2Seqg

See, Say, and Segment: Teaching LMMs to Overcome False Premises, Tsung-
Han Wu*, Giscard Biamby*, David Chan, Lisa Dunlap, Ritwik Gupta, XuDong Wang,
Joseph E. Gonzalez, Trevor Darrell. https://arxiv.org/pdf/2312.08366.pdf

VideoCutLER: Surprisingly Simple Unsupervised Video Instance Segmentation,
XuDong Wang, Ishan Misra, Z.Zeng, R. Girdhar and T. Darrell., CVPR 2024
https://people.eecs.berkeley.edu/~xdwang/projects/VideoCutLER/videocutler.pdf
Pasno3HaBaHe Ha aBuxeLum ce 06eKkT 1 OTAeNsHETO UM C ABOMYHA Macka. Pseudo
masks, MaskCut, video synthesis ... effectively segment and track multiple instances;

9 brnarogaps BaneHTuHa JlunoBa, KOATO cnogenu 3a cBoe npechb3gaBaHe Ha rnpoekTa:
* valentina98, simonvhuesgen https://github.com/valentina98/DL2 InstanceDiffusion
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no optical flow; unsupervised video instance segmentation (VIS), unsupervised video
object segmentation (VOS); DINO; CRF

Hierarchical Open-vocabulary Universal Image Segmentation, XuDong Wang*,
Shufan Li*, Konstantinos Kallidromitis*, Yusuke Kato, Kazuki Kozuka and Trevor
Darrell. https://arxiv.org/pdf/2307.00764.pdf https://github.com/berkeley-hipie/HIPIE
“Various levels of granularities (whole, part and subpart) and tasks, including
semantic segmentation, instance segmentation, panoptic segmentation, referring
segmentation, and part/subpart segmentation, all within a unified framework of
language-guided segmentation.” Cmp: SAM, Grounded-SAM.

Cut and Learn for Unsupervised Object Detection and Instance Segmentation,
XuDong Wang, Rohit Girdhar, Stella X. Yu, Ishan Misra.
https://arxiv.org/pdf/2301.11320.pdf

Unsupervised Selective Labeling for More Effective Semi-Supervised Learning
XuDong Wang®, Long Lian*, Stella X. Yu. https://arxiv.org/pdf/2110.03006.pdf

Debiased Learning from Naturally Imbalanced Pseudo-Labels, XuDong Wang,
Zhirong Wu, Long Lian, Stella X. Yu., 4.2022 https://arxiv.org/pdf/2201.01490.pdf
Pseudo-labels - predictions on unlabeled target data by a classifier trained on labeled
source data; semi-supervised learning (SSL). Bxx nceBao-etuketn cbuo B NLP,
MapKkupaHe ¢ gocera obyyeHus mogen u nogbvpaHe Ha NpUMepun ¢ BUCOKa CTerneH
Ha yYBEPEHOCT KaTo JONbANTENHM 0ByYMTENHN NpUMepU (Hanp. TAXHATa OKOSIHOCT B
TekcTa un np.)

* ReMixMatch: Semi-supervised learning with distribution matching and
augmentation anchoring, David Berthelot, Nicholas Carlini, Ekin D Cubuk,
Alex Kurakin, Kihyuk Sohn, Han Zhang, and Colin Raffel, 2020
https://arxiv.org/abs/1911.09785 consistency regularization, entropy
minimization ... distribution alignment: of the model’s aggregated class
predictions to match the marginal distribution of ground-truth class labels.
Consistency regularization ... augmentation anchoring ... goal: to learn from
unlabeled data in a way that improves the performance on labeled data. ...
Regularization With Stochastic Transformations and Perturbations ... “I-
Model” loss function for measuring consistency ... MSE (mean-squared error),
cross-entropy for pertrubed and non-pertrubed input. See Data Augmentation;
e.g. the Python library Albumentations https://github.com/albumentations-
team/albumentations

See FixMatch, Mean Teacher;

Clipped Hyperbolic Classifiers Are Super-Hyperbolic Classifiers, Yunhui Guo,
XuDong Wang, Yubei Chen, Stella X. Yu., CVPR 2022
https://arxiv.org/abs/2107.11472

Unsupervised Hierarchical Semantic Segmentation with Multiview
Cosegmentation and Clustering Transformers, Tsung-Wei Ke, Jyh-Jing Hwang,
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Yunhui Guo, XuDong Wang, Stella X. Yu. https://arxiv.org/pdf/2204.11432.pdf
Hierarchical Segment Grouping (HSG), visual similarities & stat.co-ocurences;
grouping, co-segmentation among multiple views of the same image; semantic
consistency, grouping hierarchy (person, arm, face, torso, ... table, dining table, food;
coarse/fine grouping)

[49] Bryan Russell, Alyosha Efros, J.Sivic, B.Freeman, and A. Zisserman.
Segmenting scenes by matching image composites. In NIPS, 2009
https://papers.nips.cc/paper_files/paper/2009/file/fba9d88164f3e2d9109ee770
223212a0-Paper.pdf ... MRF, LabelMe dataset, K-means, Data driven
boundary detection, data driven image grouping; the info in a single image is
not sufficient; matching is not translation invariant, same regions between
multiple images from a database (“stack”); not self-similarity, parts appearing
together; Latent Dirichlet Allocation
* A. Oliva and A. Torralba. Modeling the shape of the scene: a holistic representation
of the spatial envelope. IJCV, 42(3):145-175, 2001. “gist” descriptor
* B. C. Russell, A. Torralba, K. P. Murphy, and W. T. Freeman. LabelMe: a database
and web-based tool for image annotation. IJCV, 77(1-3):157-173, 2008
* A. Torralba, R. Fergus, and W. T. Freeman.
80 million tiny images: a large dataset for non-parametric object and
scene recognition. IEEE Trans. on Pattern Analysis and Machine
Intelligence, 30(11):1958-1970, 2008 — 32x32, 75062 non-abstract nouns
from WordNet, nearest neighbor; from: (the DB is not available for download
anymore) https://groups.csail.mit.edu/vision/Tinylmages/ ( 53K nouns,
collected in 2006 ) Recognition: Dssd, Dwarp or Dshift. SSD — sum of the
squared differences; shift: shifting pixels up to 5x5 for the least SSD; warp:
small translations, scaling (up to 10 pixels shift) and image mirror; — optimized
by gradient descent. ... A simple non-parametric methods, in conjunction with
large datasets, can give reasonable performance on object recognition tasks.
“The vast majority of the effort in recent years has gone into the modeling part
— Seeking to develop suitable parametric representations for recognition. In
contrast, this paper moves into other direction, exploring how the data itself
can help to solve the problem.”

* Large image datasets: A pyrrhic win for computer vision? Anonymous
submission, https://openreview.net/pdf?id=s-e2zaAlG3] 2020

* Generalized Belief Propagation, Jonathan S. Yedidia, William T. Freeman
,Yair Weiss, 2000
https://proceedings.neurips.cc/paper_files/paper/2000/file/61b1fb3f59e28c67f3
925f3c79be81a1-Paper.pdf
* J. Pearl. Probabilistic Reasoning in Intelligent Systems. Morgan Kaufmann, San
Francisco, 1988.
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* Interactive digital photomontage, A. Agarwala, Mira Dontcheva*'?, M.
Agrawala, S. Drucker, A. Colburn, B. Curless, D. Salesin, and M. Cohen. In
SIGGRAPH, 2004.

https://www.researchgate.net/publication/2941744 Interactive Digital Photom
ontage — a famous paper, coarsely drawing lines on several family photos,
automatically composites parts seamlessly with the best selected faces etc. for
selective composite, extended depth of field, relighting, stroboscopic effect etc
graph-cut optimization; gradient-domain fusion, minimum likelihood image
objective ...

M3BecTHa cTaTus, KOATO CbyeTaBa M306paKeHNa C MUHUManHN crneau

OT CHa)KaHe KaTo TbpCK Han-rnagka Bpb3ka unm obpasysa Han-nnaBeH
npexoA B NPOCTPAHCTBO Ha rpagneHTuTe.

[3] Y. Boykov, O. Veksler, and R. Zabih. Fast approximate energy minimization
via graph cuts. IEEE Trans. on Pattern Analysis and Machine Intelligence,
23(11), 2001
Poisson equations, Perez “ et al. 2003; Fattal et al. 2002
* ROBINSON, H. P. 1869. Pictorial Effect in Photography: Being Hints on
Composition and Chiaroscuro for Photographers. Piper & Carter
https://archive.org/details/pictorialeffectiOOrobi/mode/2up?view=theater
* FATTAL, R., LISCHINSKI, D., AND WERMAN, M. 2002.

Gradient domain high dynamic range compression. ACM Transactions on
Graphics 21, 3, 249-256
https://www.researchgate.net/publication/2530899 Gradient Domain_High D
ynamic_Range Compression
... attenuating the magnitudes of the HDR image gradients by a factor of ®(x,
y) at each pixel ... progressive, shrinking gradients of large magnitude more
than small ones; Gaussian pyramide ... propagating the scaling factor from
each level to the next with linear interpolation

Unsupervised Visual Attention and Invariance for Reinforcement Learning,
XuDong Wang*, Long Lian*, Stella X. Yu.
https://people.eecs.berkeley.edu/~xdwang/papers/CVPR2021 VAIl.pdf

Unsupervised Feature Learning by Cross-Level Instance-Group Discrimination
XuDong Wang, Ziwei Liu, Stella X. Yu.
https://people.eecs.berkeley.edu/~xdwang/papers/CVPR2021 CLD.pdf

Long-tailed Recognition by Routing Diverse Distribution-Aware Experts.
XuDong Wang, Long Lian, Zhongqi Miao, Ziwei Liu, Stella X. Yu. ICLR 2021
https://people.eecs.berkeley.edu/~xdwang/papers/ICLR2021 RIDE.pdf
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Volumetric Attention for 3D Medical Image Segmentation and Detection,
XuDong Wang, Shizhong Han, Yungiang Chen, Dashan Gao, Nuno Vasconcelos.,
MICCAI 2019 https://people.eecs.berkeley.edu/~xdwang/papers/MICCAI2019 VA.pdf

Towards Universal Object Detection by Domain Attention, XuDong Wang,
Zhaowei Cai, Dashan Gao, Nuno Vasconcelos., CVPR 2019
https://openaccess.thecvf.com/content CVPR _ 2019/papers/Wang Towards Univers
al_Object Detection by Domain_ Attention CVPR 2019 paper.pdf

Feature Space Transfer for Data Augmentation, Bo Liu, XuDong Wang, Mandar
Dixit, Roland Kwitt, Nuno Vasconcelos., CVPR 2018 (Oral Presentation)
http://www.svcl.ucsd.edu/people/xdwang/CVPR_2018.pdf

# Mira Dontcheva: (probably Bulgarian?) Mupa [JoH4eBa

* Discovering Natural Language Commands in Multimodal Interfaces,
Arjun Sriniva-san, Mira Dontcheva, Eytan Adar, Seth Walker, 2019
https://www.cond.org/discover-nl-iui19.pdf

* Data lllustrator: Augmenting Vector Design Tools with Lazy Data
Binding for Ex-pressive Visualization Authoring, Zh.Liu, ... Mira
Dontcheva,... et al.https://dl.acm.org/doi/pdf/10.1145/3173574.3173697

PixelTone: a multimodal interface for image editing, J.Linder et al.2013,
https://dl.acm.org/doi/abs/10.1145/2468356.2479533

Summarizing Personal Web Browsing Sessions, Mira Dontcheva et
al.,2006
https://www.researchgate.net/publication/220876962_Summarizing_personal_
web_browsing_sessions

Layered Acting For Character Animation, Mira Dontcheva, Gary Yngve
Zoran Popo-vic, 2003
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=0a15bb26b0
1a495eace20eb4f219ecb3eebebbcf

* Image segmentation with traveling waves in an exactly solvable recurrent
neural network, Luisa H. B. Liboni et al.
https://www.pnas.org/doi/10.1073/pnas.2321319121
https://phys.org/news/2025-01-mathematical-technique-black-ai-decision.html
3.1.2025 — ocobeH noaxopn 6e3 yumten ¢ pekypeHTHn HM. KpaTbk 0630p Ha
pasnnyHn Han-obLLM BMOOBE anropuTMmn 3a cermeHTupaHe.

Hanp. G. E. Hinton, S. Sabour, N. Frosst, “Matrix capsules with EM routing”

in International Conference on Learning Representations (2018) e HapeuyeH ,slot-
based”, crnotoBo, ¢

* S Beucher, “Use of watersheds in contour detection” in Proceedings of the
International Workshop on Image Processing, Sept. 1979 (1979), pp. 17-21.
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* M. Kass, A. Witkin, D. Terzopoulos, Snakes: Active contour models. Int. J. Comput.
Vis. 1, 321-331 (1988). “Active contour’ — genHO oyepTaHMe, akTUBEH KOHTYpP
https://en.wikipedia.org/wiki/Active _contour_model
https://link.springer.com/article/10.1007/BF00133570 BX npenpaTku:

* D.J. Burr, “Elastic matching of line drawings”, leee Trans. Pami p. 708. 1986.

* M.A., Fischler, and R.A., Elschlager, “The representation and matching of pictorial
structure”, leee Trans. on Computers, vol. C-22, pp. 67-92, 1973.

* Kanisza, “Subjective contours”, Scientific American, vol. 234, pp. 48-52, 1976. Etc.

* Roberto C. Budzinski et al, An exact mathematical description of computation
with transient spatiotemporal dynamics in a complex-valued neural

network, Communications Physics (2024). DOI: 10.1038/s42005-024-01728-0 —
HEBPOHHU MpeXxu ¢ komnnekcHn yucna, cv-NN (complex-valued NNs)

#Vision Tasks #Vision-Language Tasks #3purennu 3agauu

Vision Tasks: Image Classification, Object Detection, Semantic Segmentation, Instance
Segmentation, Panoptic Segmentation, Image Captioning, Image Generation, Object
Tracking, Pose Estimation, Action Recognition, Face Recognition, Keypoint Detection,
Optical Character Recognition (OCR), Depth Estimation, 3D Object Reconstruction, Super-
Resolution, Image Inpainting, Image Denoising, Image Style Transfer, Image Colorization,
Image Superpixel Segmentation, Visual Question Answering (VQA), Scene Understanding,
Image-to-Image Translation, Visual Saliency Prediction, Texture Synthesis, Image-to-Text
Generation, Visual Grounding, Landmark Detection, Scene Text Detection, Visual Semantic
Parsing, Object Localization, Visual Odometry, Human-Object Interaction Recognition,
Human Pose Estimation, Eye Gaze Detection, Visual Turing Test, Visual SLAM, Anomaly
Detection in Images, Clothing Recognition, Food Recognition, Artistic Style Classification,
Gesture Recognition, Animal Species Classification, Handwriting Recognition, Light Field
Imaging, Image Compression, Data Augmentation for Vision Tasks, Disaster Image
Assessment, Video Summarization, Video Captioning, Video Action Detection, Dynamic
Scene Segmentation, Motion Tracking, Video Object Segmentation, Cross-Domain Image
Classification, Video Colorization, Motion Estimation, Person Re-identification, Vehicle
Detection and Tracking, Medical Image Segmentation, Medical Image Classification, 3D Pose
Estimation, Change Detection in Satellite Images

Vision-Language Tasks: Visual Question Answering (VQA), Image Captioning, Text-to-
Image Generation, Image-Text Matching, Cross-modal Retrieval, Visual Commonsense
Reasoning, Visual Entailment, Image-Text Alignment, Text-Image Synthesis, Visual
Reasoning, Multimodal Sentiment Analysis, Text-based Object Detection, Image-based Text
Generation, Multimodal Machine Translation, Scene Graph Generation, Visual Dialogue,
Zero-Shot Visual Classification, Cross-modal Retrieval from Visuals, Visual Question
Answering with Explanation, Multimodal Summarization, Speech to Image Generation,
Image Captioning with Localization, Image Retrieval with Natural Language Queries, Textual
Entailment with Visual Context, Multimodal Sentiment Classification, Image Description
Generation from Text Queries, Visual Concept Recognition, Visual Storytelling, Visual
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Grounding in Text, Multimodal Event Detection, Image-Text Cross-Modal Reasoning,
Interpretable Visual Question Answering, Fine-Grained Visual-Textual Matching, Image
Captioning with Object Detection, Emotion Recognition from Text and Images, Scene
Understanding with Textual Input

TepmuHU U IOHAWKO Hapeuue: BU3yajeH — 3puTe/ieH, 00pa3eH; reHeprpaHe — IopaxkjaHe;
CcerMeHTHpaHe — pasfie/isiHe, peKOHCTPyHpaHe — Bb3CTaHOBsBaHe; 3D — TpUU3MepHO;
JIOKa/TU3aLiyst — yMeCTsIBaHe; MOZIa/THOCT — CeTUBHOCT, BU/J, JAHHHU; MY/JITUMO/IajieH —
MHOIOCETUBEH; BCUUKU MOJA/IHOCTH, BKJI. IBUTATe/IHUA: BCETBOAEHCTBHIE, BCETBOEHCTBEH;
TeKCT — CJIOBO; KOHTEKCT - 00C/I0B

3puTe/iHM 33/jauH C o0pa3u u Buaeo: Kinacudukaius Ha n3obpakenus, OTKprBaHe Ha
o6ekTn, CeMaHTUUHO cerMeHTHpaHe, CerMeHTHPaHe Ha MHCTaHIMH, [TaHONTHYHO
cerMeHTHpaHe, [lopaXkiaHe Ha HaMUCH 3a n300pakeHus1, [TopakaaHe Ha 300pakeHUs,
ITpocnensiBane Ha 06ekTH, OLleHKa Ha T03aTa, Pa3ro3HaBaHe Ha JelicTBUsA, Pa3ro3HaBaHe Ha
nuija, OTKprBaHe Ha K/IF0UOBHM TOUKH, OnTHYHO pa3no3HaBaHe Ha cumBoid (OCR), OrieHka
Ha JBs100urHa, 3D-Bh3cTaHOBsIBaHe Ha 00ekTH, Cyriep-pe3omonysi, Br3cTaHOBsIBaHe Ha
n3obpakenws, LllymornourcTBaHe Ha n300pakeHus, [IpeHOC Ha CTU/ B 300pakeHws,
OrngetsiBaHe Ha U300paxkeHus1, CerMeHTHpaHe Ha CyMepIMKCeN Ha U300paxeHusi, BusyaneHn
otroeop Ha Bbripocu (VQA), Pa36bupane Ha ciienu, [IpeBog oT u300pakeHre B M300paxkeHue,
[TporHo3upaHe Ha 3puTenHa BaxXHOCT, CMHTe3 Ha TeKCTypH, [TopaxiaHe Ha TeKCT OT
n300pakeHust, 3pUTETHO ThpCceHe Ha rpeaMeTd, OTKpUBaHe Ha 3a0e/1eXXKUTeTHOCTH,
OTKpuBaHe Ha TEKCT B ClieHa, 3puTe/ieH ceMaHTHuUeH pa3bop , JIokanmu3arus Ha 06eKTH
(YmectsiBaHe Ha npeaMeTH), 3puTesiHa ofoMeTpus, Pa3no3HaBaHe Ha B3aMO/|eHICTBUE MEXY
xopa u npeameTy, OLieHKa Ha 1103aTa Ha YoBeK (OL|eHKa Ha MosiokeHneTo), OTKprBaHe Ha
TI0COKaTa Ha rorviefia, 3puTesieH TecT Ha TropuHr, 3puTteseH SLAM (3puTenHO eJHOBPEMEHHO
yMecCTsiBaHe U pyUCyBaHe Ha KapTa), OTKprBaHe Ha HeOOMUYAMHOCT B U300paXkeHHs,
Pa3no3HaBaHe Ha fpexu, Pasno3HaBaHe Ha xpaHu, Knacrgukaiys Ha XyJ0)KeCTBeHU CTHIIOBE,
Pa3no3HaBaHe Ha kecToBe, Knacudukaiius Ha >)KUBOTUHCKM BH/j0Be, Pa3rio3HaBaHe Ha
pBbKOMceH TeKcT, CHUMKU Ha CBET/IMHHM MojieTa, CHUMaHe Ha n300pakeHusl, PasimpsiBaHe
Ha JIaHHU 3a 3a/1auu ¢ n3o00pakeHusi, OrieHKa Ha 300pa)keHus TIpH OeicTBUsA, Pe3roMHUpaHOCT
Ha BU/ieo, 'eHeprpaHe Ha HaJMMCH 3a BUeO (TTOpaXkAaHe Ha HAZMKCH 3a BU/eo), OTKprBaHe
Ha JIeMCTBYA BbB BUZIe0, CerMeHTHpaHe Ha JUHAMUYHHU CLieHH, [IpocnessBaHe Ha IBU>KeHHe,
CermeHTHpaHe Ha 00eKTH BbB BH/Ie0, [IpexBbpIIsiHe Ha LIBAT Ha Buzieo, OljeHKa Ha /IBUKeHNe,
CwmsiHa Ha yiiiia, OTKpUBaHe U Mpoc/e/issBaHe Ha MPeBO3HU cpeJcTBa, CerMeHTHpaHe Ha
MeIUI[UHCKY 1300paXkeHus (pa3zesisiHe Ha MeIUIUHCKY n300paxkeHus ), Knacudukarys Ha
MeAULIMHCKY n300pakeHusi, Tpur3MepHa olleHKa Ha ro3ara, OTKpuBaHe Ha IPOMeHHU B
CaTeJTUTHU U300pakKeHUsI.

3puTenHu 3agaym ¢ obpasm M TEKCT, CNOBO: 3pUTeneH OTroBOP Ha BbNPOCH
(VQA), lNeHepupaHe Ha Hagnucu 3a nsobpaxeHus, NopaxgaHe Ha M300paXxeHus ot
TekcT, CbOoTBETCTBUE MEXAY N306paxeHnsa n TekcT, MNpexBbprsHe Mexay
MOANHOCTK (NPEHOC, MHOrOCETUBEH NpeHoc), Pa3bupaHe Ha ob6wim obpasHu
cMucnu, 3puTtenHo 3akntodeHne, NpupaBHsaBaHe Ha CbAbpPXaHMETO Mexay
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n3obpaxeHna n TekcT, NopaxaaHe Ha TeKCT OT nsobpaxeHns, 3puTenHo
pascwxaeHune, MyntumoganeH aHanua Ha emoumn, OTKpnBaHe Ha 06eKTM Ypes
TekcT, [eHepupaHe Ha TeKCT oT usobpaxeHusa, MyntumoganeH mMalluMHEH NpeBos,
MopaxgaHe Ha rpadm Ha cueHW (OTHOLLEHUSA MEXAY YacTu, BIIOXKEHOCT U Ap.),
3puteneH guanor, 3putenHa knacudukauusa 6e3 npumepn n nogrotoeka (Zero-shot),
MexayceTuBeH npeHoc OT n3obpakeHns, 3puTeneH BbNPOC OTroBOp C 06siCHEHNE,
MHoroceTnBHo 0600LeHne, MNMopaxaaHe Ha n3obpakeHnst OT TEKCTOBM BbMPOCH,
N3BnuyaHe Ha n3o06paxkeHns ¢ TEKCTOBU 3anuTBaHus (CNOBECHM 3annuTBaHus),
CnoBeceH n3Bog B 06cnoB Ha nsobpaxenunsa, MyntumoganHo knacudpuvumpaHe Ha
emMouun (MHoronpeaMeTHO onpeaensHe Ha YyBcTBa), leHepupaHe Ha onvMcaHue Ha
n300paxkeHnst OT TEKCTOBM 3anuTBaHus, Pasno3HaBaHe Ha 06pa3HM NOHATUSA,
O6pasHo paskasBaHe Ha uctopum, ObpasHo obocHoBaBaHe B TeKCT, MynTumoganHo
OTKpMBaHe Ha cbbuTnsa, KpbcTtocaHo-pasbupaHe Ha 300paeHUs n TEKCT,
OTroBapsiHe Ha BbNPOCK C TbIIKyBaHe, TOYHO CbBMNageHne Mexay CroBo U
n3obpaxeHus, MNMopaxgaHe Ha HagnNUcK 3a N3obpaxkeHnsa ¢ ymecTsiBaHe Ha
npeameTn, Pasno3HaBaHe Ha n3paseHn YyBCTBa OT TEKCT U N300paxeHus,
Pa3bupaHe Ha cLeHW C TEKCTOB BXO4. ...

B cbLuo pasgenunte 3a poboTuKa, OCHOBHM MoAenu 3a poboTu, benexkuTe 3a
Obnrapckm poboTUCTM B HAYaANOTO Ha KHUrata un ap.

* MynTI/IMO,qanHVI MoAeJsin #multimodal #myntumoaanHm

Recognizing Everything from All Modalities at Once: Grounded Multimodal Universal
Information Extraction, Meishan Zhang1, Hao Fei 2,*, Bin Wang1, Shenggiong Wu2, Yixin
Cao3, Fei Li4, Min Zhang1, 1Harbin Institute of Technology (Shenzhen), 2National
University of Singapore, 3Fudan University 4Wuhan University, 2024
https://arxiv.org/abs/2406.03701

Video: Hao Fei 284 abonatu 108 nmokassauusa 18.07.2024 r.

https://www.youtube.com/watch?v=mg9ItO6s9V4
https://www.youtube.com/@haofei4763/videos Hao Fei @haofei4763

https://haofei.vip/MUIE https://github.com/scofield7419/MUIE-REAMO

Text+Video... Text+Image+Audio, ... NER,

Image Encoder for Image, Image encoder for Video, Audio Encoder } Image_projectionl,
image_projection 2, audio_projection > LLM --> <UIE> <Radev, person) (Trump, person)
(Bulgaria, country)(...) <Module>Image Segmenter <Instruction>The man in the left, The
man ... --> Image segmenter, Video Tracker, Audio Segmenter --> Image segments, Video
Tracklets, Audio Segments ... /MUIE Decoding with grounding ...

Multimodal Universal Information Extraction (MUIE)

Multimodal Encoding, LLM Reasoner 4 min ... "Please extract all entities ..."

REAMO: Audio segmenterr, Image segmenter, Video tracker, ...
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* Improving Multimodal Interactive Agents with Reinforcement Learning from Human
Feedback Josh Abramson, Arun Ahuja, Federico Carnevale, Petko Georgiev, Alex Goldin,
Alden Hung, Jessica Landon, Jirka Lhotka, Timothy Lillicrap, Alistair Muldal, George
Powell, Adam Santoro, Guy Scully, Sanjana Srivastava, Tamara von Glehn, Greg Wayne,
Nathaniel Wong, Chen Yan, Rui Zhu, 21.11.2022 https://arxiv.org/abs/2211.11602

RLHF, Inter-temporal Bradley-Terry" (IBT) modelling to capture human judgments ...
humans interacting with agents in a simulated 3D world ; behavioral cloning - BC; setter-
replay ... p.7 Fig.3: Positive/Negative human annotation, IBT reward, Learned reward, model
reward

Hao Fei et al.: Multimodal systems

Video-of-Thought: Step-by-Step Video Reasoning from Perception to Cognition, Hao
Eei', Shenggiong Wu', Wei Ji', Hanwang Zhang?, Meishan Zhang?® Mong-Li

Leel, Wynne Hsu!, ICML, 2024 https://haofei.vip/VoT/ - Video understanding, MotionEpic,
Video-of-thought - https://www.youtube.com/watch?v=2fKCWjetV-Y

*Any2Caption : Interpreting Any Condition to Caption for Controllable Video
Generation Shenggiong Wul,2* Weicai Yel, et al., 31.3.2025 1Kuaishou Technology
2National University of Singapore https://sqwu.top/Any2Cap/
https://arxiv.org/abs/2503.24379

Text-only prompts can’t capture the user intent. Diverse Input Conditions: Text, Depth
map sequences, Sketch, Camera Pose, First Frame, Multiple Identities, Human Pose
Sequences, Segmentation, Normals (texture), Style, Key video frames ... Any2Caplns, a
large-scale dataset with 337K instances and 407K conditions Dense caption; Structured
Dense Captions of Any Cond; Captions: Main object, Background, Camera, Style, Action
(separate);: Off-the-shelf video generators: CTRL-Adapter, VideoComposer, ControlVideo,
CameraCtrl, ConceptMaster, MotionCtrl, HunYuan, CogVideoX. Data Collection.:
Spatialwise conditions depth maps, sketches, and video frames. Action-wise conditions,
human pose, motion. Composition-wise conditions ... an image encoder FI, a video encoder
FV, a motion encoder FM and a camera encoder FC to process non-text conditions.

* On Path to Multimodal Generalist: General-Level and General-Bench, Hao
Fei*1 Yuan Zhou*2 et al., 7.5.2025 htips://arxiv.org/pdf/2505.04620 (>30 authors, 305
p.) * https://www.youtube.com/watch?v=ccd2PSiA57] * https://generalist.top/

See in the beginning of the main volume of “The prophets...” @Vsy: try the tests.
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* Petko Georgiev — probably a Bulgarian — ITetko I'eoprues, @Deepmind
https://scholar.google.com/citations?hl=en&user=ksq9614AAAAJ&view op=list works&sor

tby=pubdate

* Grandmaster level in StarCraft II using multi-agent reinforcement learning, Oriol
Vinyals, ..., Petko Georgiev, ... et al., 2019
https://www.seas.upenn.edu/~cis520/papers/RL_for_starcraft.pdf

* Gemma 2: Improving open language models at a practical size, Gemma Team, Morgane
Riviere, ..., Petko Georgiev, ... et al, 7.2024

* Interactive Agents Team. Creating multimodal interactive agents with imitation
and self-supervised learning. arXiv preprint arXiv:2112.03763, 2021b.

Improving Multimodal Interactive Agents with Reinforcement Learning from Human
Feedback, Federico Carnevale, 62 abonaru, 64 likes, 5402 rmokasBauust 9.11.2022r
https://www.youtube.com/watch?v=v_7Z9F2 eKk4&feature=youtu.be

CI/IMYJ'II/IpaH CBAT, C JTbY XBadlllad ITpeJMeTHU, MECTHU, U3ITb/IHABA ITODBUEHMA.
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Uni-MoE: Scaling Unified Multimodal LL.Ms with Mixture of Experts, Yunxin Li,
Shenyuan Jiang, Baotian Hu, Longyue Wang, Wanqgi Zhong, Wenhan Luo, Lin Ma, Min
Zhang, 18.5.2024 https://arxiv.org/abs/2405.11273

https://www.marktechpost.com/2024/05/25/uni-moe-a-unified-multimodal-llm-based-on-

sparse-moe-architecture/

Extends the Mixture of Experts MoE ... sparse MoE architecture; "a progressive
training strategy: 1) Cross-modality alignment using various connectors with different cross-
modality data 2) Training modality-specific experts with cross-modality instruction data to
activate experts' preferences, and 3) Tuning the Uni-MoE framework utilizing Low-Rank
Adaptation (LoRA) on mixed multimodal instruction data." Router -> Expert1, Expert2, ... -->
Gating weights --> Output
@Bcu: {K-K}, {#:} Mixtral-MoE 8x7B ... MoE-LLaVA: 3B activated, cmp to 7B dense.;

1. Cross-modality alignment 2. Training Modality-specific experts 3. Tuning Uni-MoE (LLM,
self-attention, Router-->Experts...Gating weights --> x --> Textual output)

LoRA technique - Low-Rank Adaptation on mixed multimodal instruction data;

trainable: Self-attentio in 3, Tuning Uni-MoE, Router, Expert, ... Meta-Transformer ... 3.2
Connectors: LLaVA, CLIP; Whisper encoder from Whisper-small; BEATs encoder -
bidirectional encoder represm. from the audio transformers. Q-former ... distil fixed-length
speech and audio feature vectors and map them into soft audio and speech tokens via a linear
projection layer. The specific workflow is given in:

XInput = [I, V, A, S, T], (1) I=MLP(CLIP-V(])),

(2) V =Mean(CLIP-V([I1, ..., 18])) (3) A = Audio-Qformer(BEATs(A))

(4) S = Speech-Qformer(Whisper(S)), (5) T = Word-Embedding(T), (6)

[L, V, A, S, T] represents the image, video, audio, speech, ... MLP - learnable projection layer;
Audio-QFormer ... LibriSpeech, RACE dataset, LLaVA-Instruct-150K (Image, Text question
& answer)

https://huggingface.co/datasets/liuhaotian/L.L.aVA-Instruct-150K ?row=1

RACE (ReAding Comprehension dataset from Examinations) - 27,933 passages and
97,867 questions from English exams, targeting Chinese students aged 12-18. RACE-
M and RACE-H, from middle school and high school exams: 4 candidate answers, 1
correct.

* RACE: Large-scale ReAding Comprehension Dataset From Examinations, Guokun
Lai etal., 12.2017 https://arxiv.org/abs/1704.04683

See pseudocode: p.5

Datasets: Review datasets and search: @Bcu
https://app.labelbox.com/catalog/dataset/cl3jm1jjgd1d5084igbnnfl3m?public=true& r=https
%3A%2F%2Fwww.google.com%2F%3F +Kaggle, Huggingface

Openlmages V6 Google, 8,2M; PASCAL-C , VRD - Visual Relationship Dataset (2016),
imSitu3 - situation recognition, ACE2005 - IE, inf.extr., annotated news in English with NE,
relations, events, ReTACRED: relation detection, 91K sentences, 40 relations; VidSitu - 10
sec videos from movies for complex situations (collection of related events); annotated, 2

75


https://arxiv.org/abs/2405.11273
https://www.marktechpost.com/2024/05/25/uni-moe-a-unified-multimodal-llm-based-on-sparse-moe-architecture/
https://www.marktechpost.com/2024/05/25/uni-moe-a-unified-multimodal-llm-based-on-sparse-moe-architecture/
https://huggingface.co/datasets/liuhaotian/LLaVA-Instruct-150K?row=1
https://arxiv.org/abs/1704.04683
https://app.labelbox.com/catalog/dataset/cl3jm1jjgd1d5084ig6nnf13m?public=true&_r=https%3A%2F%2Fwww.google.com%2F%3F
https://app.labelbox.com/catalog/dataset/cl3jm1jjgd1d5084ig6nnf13m?public=true&_r=https%3A%2F%2Fwww.google.com%2F%3F

Mpopouunte Ha mucnewmte mawmHn: AHenns. The Prophets of the Thinking Machines: Anelia

sec., verbs, semantic roles, entity co-references, event relations, Twt17 - Twitter, NER, 723
test tweets, annotated, 4 entity types: person, location, organization, miscellaneous; MNRE -
Multimodal Neural Relation Extraction; M2E2 - 245 multimedia news articles, annotated with
events & arguments. ... Pre-processing ... VidSitu-Aud: captioning; VidSitu-Txt -> TTS -->
Bark, EdgeTTS; ACE-Aud, Twt17-Aud -> TTS records. Modality-aligned content.

15 combinations of modalities & tasks. Multimodal grounding ... linear layer 4096; :
InstructBLIP, LLaVA, MiniGPTv2.

"The advent of the Transformer model, introduced by Vaswani et al. [23], marked a
significant milestone in the field of deep learning, enabling the scalable integration of
multiple modalities—including image, language, speech, audio, and video—into a unified
representational space.”" ImageBind by Girdhar et al. [29] modality composition through
arithmetic operations, crossmodal detection, and generation, directly ”out-of-the-box.”,
MetaAl SAM (Segment Anything Model)...

* Meta-Transformer - unified data tokenizer, shared encoder across modalities,
and specialized heads for task-specific applications ... 12 unpaired modalities

* Lora: Low-rank adaptation of large language models,E. J. Hu, Y.
Shen, P. Wallis, Z. Allen-Zhu, Y. Li, S. Wang, L. Wang, and W. Chen, ICLR,
2022.

* A. Kirillov, E. Mintun, N. Ravi, H. Mao, C. Rolland, L. Gustafson, T. Xiao, S.
Whitehead, A. C. Berg, W.-Y. Lo et al., “Segment anything” ICCV, 2023.
https://arxiv.org/pdf/2304.02643 (SAM)

SAM2 for Image and Video Segmentation: A Comprehensive Survey, Zhang
Jiaxing, Tang Hao 17.3.2025 https://arxiv.org/pdf/2503.12781

* Dynamic Scene Reconstruction: Recent Advance in Real-time Rendering and
Streaming. Jiaxuan Zhu, Hao Tang, 11.3.2025 https://arxiv.org/pdf/2503.08166

*Y. Zhang, K. Gong, K. Zhang, H. Li, Y. Qiao, W. Ouyang, and X. Yue,
“Meta-transformer: A unified framework for multimodal learning,”
arXiv preprint arXiv:2307.10802, 7.2023 https://arxiv.org/abs/2307.10802
https://github.com/invictus717/MetaTransformer

Up to 12 modalities with the same parameters: "natural language , RGB images ,
point clouds, audios , videos , tabular data, graph , time series data , hyper-spectral
images , IMU , medical images , and infrared images"

Related work: ... MLP (multi-layer perceptron): SVM, MLP ... then Recurrent and
Convolutional NN: Hopfield network, LSTM, GRU - NLP * audio; CNN: LeNet,
AlexNet, VGG GoogleNet, ResNet - image recognition, point cloud, speech
classification - transformer
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Meta-Transformer evolves into:

OneLLM: One Framework to Align All Modalities with Language, Jiaming Han,
Kaixiong Gong, Yiyuan Zhang, Jiagi Wang, Kaipeng Zhang, Dahua Lin, Yu Qiao, Peng Gao,
Xiangyu Yue, 12.2023/9.1.2025, https://arxiv.org/abs/2312.03700

https://onellm.csuhan.com/  https://github.com/csuhan/OneL.LM

MLLM; a unified multimodal encoder and a progressive multimodal alignment pipeline.
1.Image projection module to connect a vision encoder with LLM.

2. Universal projection module (UPM) by mixing multiple image projection modules and
dynamic routing. 3. Progressively aligning more modalities to LLM with the UPM
(Progressive Multimodal Alignment) multimodal instruction dataset, 2M items: 2M items
from image, audio, video, point cloud, depth/normal map, IMU and fMRI for captioning,
question answering, and reasoning tasks ... universal X-to-language interface; dynamic router
to control the weight of each expert for the given inputs, which turns UPM into soft mixtures-
of-experts

UPM: several projection experts and modality routers to align the input signal with the
language. ... learnable tokens for each modality (i.e., modality tokens), which are then used to
aggregate input information and generate fixed-length tokens for all modalities. ... First:
image-text pretraining: better balances diff. mod. cmp. if directly aligning all modalities with
text using a random init. model (UPM).

Multimodal-text alignment: stage 1: image; 2. video, audio and point cloud, 3. depth/normal
map, IMU and fMRI. In order to support new modalities: repeat the training episode: sample a
similar amount of data from previous modalities and jointly training with the current
modalities. “One universal encoder and projection module can effectively map multimodal
inputs to LLM”, modality-specific tokenizers

Multimodal-Text Datasets: LAION-400M, LAION-COCO; WebVid-2.5M, WavCaps,
Cap3D; generate depth/normal map with a DPT model over CC3M dataset. ... no system
prompts Prompt Design ... Instruction tuning: {q, Sys, [Inst, Anst]}
Architecture: CLIP VIT Large on LAION, LLaMA2-7B ... UPM K=3 projection experts, each
8 transf.blocks & 88M params; 30K tokens for each modality. First stage training: 16 x
A100GPUs x 200K it, batch 5120 ... Stage 2,3: 8 x A100 x 200K it., x 100K it. Instruction
tuning: 8xA100 x 96K it. batch 512

After the multimodal-text aignment OneMML can do multimodal captioning, can
generate short description on any input from any modality.

Instruction Tuning datasets: : LLaVA-150K [49], COCO; Caption [14], VQAV2 [26], GQA

[34], OKVQA [55], AOKVQA [71], OCRVQA [58], RefCOCO [36] and Visual Genome [38].
The video IT datasets include MSRVTTCap [91], MSRVTT-QA, AudioCap, 70K point cloud

description, conversation and reasoning dataset ...

Routers: constant router, sparse router and the default soft router

* Hierarchical vision transformer using shifted windows, Ze Liu, Yutong Lin, Yue
Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin, and Baining Guo. Swin
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transformer. In ICCV, pages 10012-10022, 2021 https://github.com/Prof-L.u-
Cewu/Visual-Relationship-Detection

* Perceiver: General perception with iterative attention. Andrew Jaegle, Felix
Gimeno, Andy Brock, Oriol Vinyals, Andrew Zisserman, and Joao Carreira. pages
4651-4664. PMLR, 2021

ChatBridge [104] and AnyMAL [59], PandaGPT [77] and ImageBind-LLM [31] - ImageBind
[23]

* MiniGPT-v2:Large Language Model as a Unified Interface for Vision-Language
Multi-task Learning, Jun Chen, Deyao Zhu , Xiaoqian Shen, Xiang Li, Zechun Liu,
Pengchuan Zhang, Raghuraman Krishnamoorthi, Vikas Chandra, Yunyang Xiongf, Mohamed
Elhoseiny ¥, 11.2023 https://arxiv.org/abs/2310.09478

https://minigpt-v2.github.io/ visual backbone, linear projection layer, LLM, image patches --
> ViT --> concat --> Linear: concat([INST]<img>...</img>[refer]where is the right
eye?[/INST] --> Llama 2 7B--> <50><34><65><40> ... [identify] this
{<35><45><65><70>} is ... a black chainring [grounding] pleae describe this image as
detailed as possible: “Cut slice of fruit cake on a plate with a fork and a cup of coffee with
flowers in a vase “, “Who are the people on the right, on the left and in the middle? ...”
[detection] ... ViT 448x448, frozen; projection all the image tokens would result in 1024
tokens, for that reason: concatenating 4 adjacent visual --> 256 tokens.

RefCOCO/RefCOCO+/RefCOCOg: [refer] give me the location of question

* MINIGPT-4: Enhancing Vision-language Understanding with Advanced Large
Language Models, Deyao Zhu* , Jun Chen*, Xiaoqian Shen, Xiang Li, Mohamed Elhoseiny,
10.2023 https://github.com/Vision-CAIR/MiniGPT-4

https://minigpt-4.github.io/ https://arxiv.org/pdf/2304.10592

* Vision Transformer with Quadrangle Attention, Qiming Zhang, Jing Zhang, Yufei Xu,
Dacheng Tao, 27.3.2023 https://arxiv.org/abs/2303.15105

Quadrangle attention (QA) extends window-based attention -> QFormer =>
classification, object detection, semantic segmentation, and pose estimation. Enlarging
windows: 7x7 to 32x32 ... Others: Focal attention - coarse granularity tokens to capture
longrange context, cross-shaped window attention [5] two cross rectangular windows to
model long-range dependency from both vertical and horizontal directions; Pale [12] - attends
to tokens in dilated vertical/horizontal directions to model long-range dependency from
diagonal directions.;
QFormer: learn the shape, size, orientation; rotates, translates, shears the shapre of the
attention windows

* VisualGPT, Jun Chen, Han Guo, Kai Yi, Boyang Li, and Mohamed Elhoseiny. Visualgpt:
Data-efficient adaptation of pretrained language models for image captioning. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 18030—
18040, 2022
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https://huggingface.co/tasks/image-text-to-text https://moondream.ai/playground
https://huggingface.co/vikhyatk/moondream? https://github.com/vikhyat/moondream

* An image is worth 16x16 words: Transformers for image recognition at scale,” in
International Conference on Learning Representations, A. Dosovitskiy, L. Beyer, A.
Kolesnikov, D. Weissenborn, X. Zhai, T. Unterthiner, M. Dehghani, M. Minderer, G. Heigold,
S. Gelly, J. Uszkoreit, and N. Houlsby, 2021.

(ViT)

* Reka Core, Flash, and Edge: A Series of Powerful Multimodal Language Models, Reka
Team: Aitor Ormazabal, Che Zheng, Cyprien de Masson d'Autume, Dani Yogatama, Deyu Fu,
Donovan Ong, Eric Chen, Eugenie Lamprecht, Hai Pham, Isaac Ong, Kaloyan Aleksiev, Lei
Li, Matthew Henderson, Max Bain, Mikel Artetxe, Nishant Relan, Piotr Padlewski, Qi Liu,
Ren Chen, Samuel Phua, Yazheng Yang, Yi Tay, Yuqi Wang, Zhongkai Zhu, Zhihui Xie
https://arxiv.org/abs/2404.12387v1

Multimodal language models at different sizes, trained from scratch; pre-training: ~
4.5-5 trillion filtered and deduplicated tokens, 25% code-related, 30% STEM, 25% - web
crawl, 10% - some math relation. Priority: unique tokens. Sizes: Reka Edge 7B, Reka Flash
21B, Reka Core 67B. Training: mostly Nvidia H100, Pytorch, peak 2.5K x H100 & 2.5K x
A100. Reka Flash, Edge: several hundreds H100s for several weeks.

Instruction tuning with strong regularization: 1. SFT - supervised fine tuning. 2.
RLHF, PPO (Proximal policy optimization, Schulman et al., 2017) - the same family of Reka
models provide the reward. Tool-use, function calling, web search. Annotation pipelines: user
interface .. images, videos, text-only ... multi-turn dialogs. https://www.reka.ai/ourmodels
Reka Spark: 2B, also fully multimodal, multilingual 32 langages, 128K context ... + (Wei et
al., 2021; Ouyang et al., 2022; Chung et al., 2024)
See also: * EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks,
Mingxing Tan 1 Quoc V. Le 1, arXiv:1905.11946v5 [cs.LG] 11 Sep 2020
https://arxiv.org/pdf/1905.11946

* GraphPrompt: Unifying Pre-Training and Downstream Tasks for Graph Neural
Networks, Zemin Liu, Xingtong Yu, Yuan Fang, Xinming Zhang, 2.2023
https://arxiv.org/pdf/2302.08043

* Prompt-engineering: https://www.promptingguide.ai/techniques/zeroshot etc. Zero-shot
Prompting, Few-shot Prompting, Chain-of-Thought Prompting, Meta Prompting, Self-

Consistency, Generate Knowledge Prompting, Prompt Chaining, Tree of Thoughts, Retrieval
Augmented Generation (RAG), Automatic Reasoning and Tool-use, Automatic Prompt
Engineer, Active-Prompt,Directional Stimulus Prompting, Program-Aided, Language Models,
ReAct, Reflexion, Multimodal CoT, Graph Prompting https://github.com/dair-ai/Prompt-

Engineering-Guide/blob/main/notebooks/pe-lecture.ipynb
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* SELF-CONSISTENCY IMPROVES CHAIN OF THOUGHT REASONING IN
LANGUAGE MODELS Xuezhi Wang et al. 2023 https://arxiv.org/pdf/2203.11171
Sampling a diverse set of reasoning paths instead taking the greedy one etc., then selects the
most consistent answer ... “marginalizing” — averaging, choosing answers which match in
different paths, lead to the same goal; between open-ended text generation and optimal text
generation with a fixed best answer; other approaches: reranking, verifiers; human
annotations ...
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KomMmnioTbpHa NIMHIBUCTUKA U OBNrapcku aevum m
n3cnenBaHus

#xomMmnioTbpHa nMHreucTuka #cl #linguistics

Mo-paHHu nscnegosatenu ot 1980-te, 1990-Te, ...: Mana AHrenosa, 'eopru ToTKoB,
PycnaH Mutkos, Xpucto Kpywkos, Kupun Cumos ... Ceetna Koesa ... RANLP

* Mana AHrenoBa v ap. https://www.iict.bas.bg/news/2018/GAngeloval/trudove.pdf

On An Approach For Designing Linguistic Processors., January 1982,
DOI:10.3115/990100.990153 , Conference: Proceedings of the 9th conference on
Computational linguistics - Volume 2, Radoslav Pavlov, Galia Angelova
https://aclanthology.org/C82-2054.pdf

Cucrtema 3a gmnanor Ha eCTECTBEH e3uK, B nabopaTtopusta no MatemaTtmnyecka
NNHIBUCTUKA B MIHCTUTYTa No MatemaTuka u uHgopmatmka Ha BAH. dopmanHo
OnucCaHWe Ha CUMHTaKCcuca Ha OCHOBHUTE CTPYKTYPU Ha U3peYeHusi Ha eCTECTBEH e3UK
... 3a gocTbn Ha noTpebuTenu, KOUTO He ca NpPorpamMucTu, Ao penaunoHHa 6asa
AaHHM Ha Obnrapcky e3nk 1 4o nakeTa oT NporpamMm 3a cTaTUCTUYECKN aHanus
BMDP Ha 6bnrapcku. NpeBexaaHe Ha MHCTPYKUUMUTE 40 CbBMECTUMM KOMaHAW Ha
nporpamMa u BpbllaHe Ha pesynTara.

SPRINT - A SYSTEM FOR INFORMATION RETRIEVAL IN LAW, Chapter, Dec
1981, R. Pavlov, V. Kiskinov, Galia Angelova

* On Experimental Linguistic Processors for Man-Computer Dialogue in
Bulgarian, Jan 1984, Radoslav Pavlov, Galia Angelova, Elena Paskaleva

* Voltron: A Hybrid System For Answer Validation Based On Lexical And
Distance Features, lvan Zamanov, Nelly Hateva, Marina Kraeva, Ilvana
Yovcheva,lvelina Nikolova, Galia Angelova, 2015

https://www.researchgate.net/publication/301446250 Voltron A Hybrid System For
Answer Validation Based On Lexical And Distance Features

* [SAP, 1990] Simov K., Angelova G., Paskaleva E. MORPHO-ASSISTANT: The
Proper Treatment of Morphological Knowledge. In: COLING’90, Helsinki, Finland,
Vol. 3, pp. 453 - 457, 1990 ..

@Bce: npogbrkun, nseneun, nogpean# spaw: RANLP, CLIB; nsépoeHute 6bnrapckm yyeHu,
nmeHa, baMmnnunsi; Bpb3knu, BEPUIN.
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bgGLUE: A Bulgarian General Language Understanding Evaluation
Benchmark, Momchil Hardalov, Pepa Atanasova, Todor Mihaylov, Galia Angelova,
Kiril Simov, Petya Osenova, Ves Stoyanov, lvan Koychev, Preslav Nakov, Dragomir
Radev, 2023 https://arxiv.org/abs/2306.02349

MpucnocobsBaHe, NpepaboTka Ha MHOXECTBO TECTOBE 3a 6bNrapCckn e3uk.
CouT nperneq 1 Ha cboTBETHUTE TecToBe U 3agaym kato NER, sentiment analysis,
“Fake News”, u gp. bux otbensasan: High School Examinations (EXAMS) EXAMS
(Hardalov et al., 2019, 2020) — Hag 24 xun. BbNPOCK NO 24 y4nnuLHW NpegMeTa.
M3nutBaT MsipkaTta ypes obyyeHme Ha BERT, mBERT, XLM-R u ap. CnomeHasaTt
APy MHOTOE3MYHN Mogenn, KouTo BkrouBaTt 6bnrapcku ot Toraa: XLM-RoBERTa
(Goyal et al., 2021), multilingual TS5 (Xue et al., 2021), XGLM (Lin et al., 2022), mGPT
(Shliazhko et al., 2022), n paswupeHata Bepcua Ha BLOOM (Yong et al., 2022).
O6y4yaBanu ca mogenu B pamkute Ha 118-560M napametbpa (MiniLM-XLM-RLARGE)

* [MponycHanu ca pa3dupaemo HEM3BECTHUAT UM U HEMYOBNUKYBaH Ha ,NMPECTMXKHU
KoHepeHumn“ 6bnrapckm mogen GPT2-Medium, eanH ot Han-ronemuTe
HeaHrnunckn oo 2021 r.. oby4veH ot meH, Togop ApHayaoB npes natoro Ha 2021 .
BMXX Ha OLLie HAKOMKO MeCTa B TOBa NPUOXeHNe 3a noBeye MHpopmauus, Tabnmua B
Kpas * https://github.com/Twenkid/GPT2-Bulgarian-Training-Tips-and-Tools
T.Arnaudov, 2021

* PaboTtata Ha PycnaH MutkoB u nacnenBaHusi ot Kpasa Ha 1980-te n
1990-Te Ha yyeHu ot Y Nancun XuneHpaapcku — paspellaBaHe Ha
aHadoopa, mopconormyeH aHanus u apyru BuaoBe pasoop u
MoAernupaHe Ha 6bNrapckus e3uk, NIeKCUKonorus u nekcukorpadus

n ap.

* Pycnan MutkoB (Ruslan Mitkov) — BogeLy, y4eH B pa3peluaBaHeTo Ha aHadhopa U
npenpawaHe (anaphora resolution & coreference), cebp3aHa ¢ MalWMHHUA NPEBOA,
pa3bupaHe Ha e3nka, ANCKYpCeH aHanua; paspaboTkaTta Ha e3nkoBu pecypcu/
nekcukorpadmsi, MalmMHHO-NOANOMOrHaT npesos (NnpesoaHa namer, translation
memory), KOprnycHa JIMHIBUCTUKA, aBTOMaTU4YHO Cb3[aBaHe Ha TeCTOBE C MHOXECTBO
oTroBopu oT kopnycu (multiple-choice tests); P.M. e opraHmsaTtop Ha pabotunHuuymTe
n koHdepeHumsaTa RANLP B Bbnrapua (Recent Advances in Natural Language
Processing); MH. rogmHu 6eLue OUpeKTop Ha MHCTUTYT 1 U3crnegoBaTerncka rpyna no
KOMMIOTbPHA NIMHIBUCTUKA B YHMBEPCUTETA ,YynBbpxaMnTbH, kosaTo npes3 2007 .
cnopea u3cnensaHe, 3a KOeTo Hayvmxme, belle cpeq nbpBUTE NET rpynn B
O6epnumHeHoTO KpancTeo. PegakTtop Ha cbopHuKa:

* The Oxford Handbook of Computational Linguistics - Ruslan Mitkov, Steven Bird, ...,
Dragomir Radev (65 authors) (last edition 2022)
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https://www.researchgate.net/publication/365789276 The Oxford Handbook of Co
mputational Linquistics

ABTOp Ha rmaearta 3a M3snuyaHe Ha nHdopmauus e n [1.Pages.
https://Iml.bas.bg/ranlp2007/ https://ranlp.org/ranlp2021/workshops.php

* A knowledge-based and sublanguage-oriented approach for anaphora
resolution. Proceedings of the Pacific Asia, Conference on Formal and
Computational, Linguistics, Taipei, 1993

* An integrated model for anaphora resolution, R.Mitkov, 1994 , Institute of
Mathematics, Sofia, Bulgaria https://aclanthology.org/C94-2191.pdf — Prolog;
‘tracking focus or center of the first sentence in the segment [Brennan et al. 1987];
thematic roles (Signer 81), subject; studied 1000 pages from 30 sources of computer
science texts in order to develop a sublanguage-dependent heuristics for tracking the
center ... Verbs: {discuss, present, illustrate, summarize, examine, describe, define,
show, check,develop, review, report, outline, consider, investigate, explore, assess,
analyze, synthesize, study,survey, deal, cover} 2 the object is the center ...
Application of the Bayes’ theorem; integrated, because it uses discourse, syntactic &
semantic knowledge (discourse: from the selected domain of CS texts).

* ATUTORING SYSTEM WHICH EXPLAINS IN NATURAL LANGUAGE,
Ruslan Mitkov, Berlin, GDR,1990 — in Bulgarian, concepts of planimetry in
elementary geometry.

* Factors in anaphora resolution: they are not the only things that matter. A case
study based on two different approaches, R. Mitkov 1997 126
https://aclanthology.org/Wq7-1303.pdf

* Robust pronoun resolution with limited knowledge, R.Mitkov, 1998 418

* A new, fully automatic version of Mitkov’s knowledge-poor pronoun resolution
method, R Mitkov, R Evans, C Orasan, 2002 181

* Anaphora resolution: the state of the art, R Mitkov,1999 315

* Computer-aided generation of multiple-choice tests, R Mitkov, 2003 348* *
Coreference and anaphora: developing annotating tools, annotated resources and
annotation strategies, R Mitkov, R Evans, C Orasan, C Barbu, L Jones, V Sotirova,
2000

* Generating multiple-choice test items from medical text: A pilot study, N
Karamanis, R Mitkov, 2006

* The latest in anaphora resolution: going multilingual., R Milkov, 1998

* Anaphora resolution in natural language processing and machine translationR
Mitkov, Institut der Gesellschaft zur Forderung der Angewandten

" TA: Grounding: How the rules are derived from a previous state — in order to automate it.
Incrementally construct the rules from simpler texts.

83


https://www.researchgate.net/publication/365789276_The_Oxford_Handbook_of_Computational_Linguistics
https://www.researchgate.net/publication/365789276_The_Oxford_Handbook_of_Computational_Linguistics
https://lml.bas.bg/ranlp2007/
https://ranlp.org/ranlp2021/workshops.php
https://aclanthology.org/C94-2191.pdf
https://aclanthology.org/W97-1303.pdf
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=9QVtDQoAAAAJ&cstart=20&pagesize=80&citation_for_view=9QVtDQoAAAAJ:L8Ckcad2t8MC
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Informationsforschung, 1995

* How far are we from (semi-) automatic annotation of anaphoric links in corpora?, R
Mitkov, 1997

* Knowledge-based automatic abstracting: Experiments in the sublanguage of
elementary geometry, R Mitkov, D Le Roux, JP Descles

* How to ask a foreigner questions without knowing his language? Proposal for a
conceptual interface to communicate thought, M Zock, R Mitkov, 1991
https://hal.science/hal-03175829/document

* A breakthrough in automatic abstracting: the corpus-based approach, R Mitkov,
University of Wolverhampton, 1995

* Machine Translation, Ten Years On: Discourse has yet to make a breakthrough, R
Mitkov, J Haller, 1994 https://aclanthology.org/1994.becs-1.8.pdf

Only sentence level, discourse “has yet to make a breakthrough”; mostly
sentence translation, “discourse analysis being a very complicated task”); typed
feature structures, SAT2, PATR-II Eurotra. Tree-to-tree transduction, t-
rules...transformation from one interface structure to another; SICStus ProLog
* Translation memory systems, Chapter By Ruslan Mitkov, 2022
https://www.taylorfrancis.com/chapters/edit/10.4324/9781003273417-
27/translation-memory-systems-ruslan-mitkov

* Mitkov, R. (1995). Anaphora resolution in natural language processing and machine
translation.

* Mitkov, R. (1993). How could rhetorical relations be used in machine translation?
https://aclanthology.org/Wg3-0223.pdf Most MT systems translate only sentence-
by-sentence, a few: paragraph-by paragraph and preserve the discourse structure.
However R.M. has shown that the structure is different across different sublanguages
and pairs of NL.Paragraph translation: “for now an unjustifiably complicated task for
practical needs...”, “determination of discourse topic(s), goals, intentions, ... a very
tough problem.” The order of sentences in the translation may be different.
Rhetorical predicates.

* Tanev, H., & Mitkov, R. (2002). Shallow language processing architecture for
Bulgarian. https://aclanthology.org/Co2-1027.pdf LINGUA — “First, the pre-
processing modules for tokenisation, sentence splitting, paragraph segmentation,
part of-speech tagging, clause chunking and noun phrase extraction are outlined.
Next, the paper proceeds to describe in more detail the anaphora resolution
module.”

LINGUA uses Hristo Krushkov’'s BULMORPH Morphological analyzer. Rule-based,
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* H. Krushkov. 1997. Modelling and building of machine dictionaries and
morphological processors. Ph.D. thesis, University of Plovdiv. in Bulgarian.

* G. Totkov and Ch. Tanev. 1999. Computerized extraction of word semantics through
connected text analysis. In Proc. of the International Workshop DIALOGUE ’99, pages 360 —
365. (Georgi Totkov & Hristo Tanev; Ch.Tanev = H.Tanev)

* Hristo Tanev, PhD thesis: "Automatic text processing and ambiguities resolution for the
Bulgarian language", 2000-2001: PoS tagging, syntactic analysis, and anaphora resolution,
using Mitkov's anaphora resolution algorithm.

* T. Avgustinova, K. Oliva, and E. Paskaleva., 1989. An HPSG-based parser for bulgarian.
In International Seminar on Machine, Moscow, Russia.

Tania Avgustinova: https://www.coli.uni-saarland.de/~tania/Schriftenverzeichnis.pdf

* G. Totkov, METHODOLOGY, RESOURCES AND TOOLS FOR

COMPUTERIZATION OF BULGARIAN LANGUAGE (1988-2000),

FOBUJIEVTHA HAYUYHA CECHS — 30 rogunau @MU, ITY “Tlaucuii XuneHgapcku”,
[TnoeauB, 3-4.11.2000 https://fmi.uni-plovdiv.bg/GetResource?id=591

See this paper and the references there for a survey of the early NLP/Computational
Linguistics research for Bulgarian by G.Totkov, K.Ivanov, Hristo Krushkov, Maria
Krushkova, Hristo Tanev, P.Petrova P etc.

* Petrova P., G. Totkov, K. Ivanov, Syntactic Analyser. Proceedings of the 20" spring
conference of the Union of Bulgarian Mathematicians, 1991, pp. 341-345 (in Bulgarian).
1991.

* Totkov G., Hr. Krushkov, Robust Morphological Analysis for Bulgarian Tests. International
Conference “Intelligent management systems”, Sept.’89, Varna, pp.141-147 (in Russian)

* Ivanov K., G. Totkov, The Linguistic Processor: System for Research the Word Paradigms
in Inflective Natural Languages. Proceedings of the 20th spring conference of the Union of
Bulgarian Mathematicians, 254-259, 1991 (in Bulgarian).

* Ivanova P., K. Ivanov, G. Totkov. Automated Acquisition of Grammars Representing Inter-
sentence Relations. Proc. of the XXIV summer school, Sozopol, in B. Cheshankov, M.
Todorov (Eds.), “Applications of Mathematics in Engineering”, Inst. of Applied Mathematics
and Informatics, Technical University of Sofia, Heron Press, Sofia, 1998, 231-234.

* Krushkov Hr., Automatic Construction of an Auxiliary Dictionary for Robust
Morphological Analysis. Proceedings of the 21th International Conference ITP'96:

* Totkov G., R. Doneva, K. Ivanov, OMIR-LING: A Linguistic Processor Based on Many
Sorted Algebraic Specifications. Intern. Conf. on Mathematical Linguistics ICML'93,

Taragona (Catalonia, Spain), Mar 30-31, 1993, pp. 13-14.

* Totkov G., Formalisation of Bulgarian Language and the Development of a Linguistic
Processor. Universite de Plovdiv, Travaux scientifiques, Mathematique, vol.26, fasc.3,
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1988, pp. 301-311 (in Bulgarian)

* Krushkov Hr., Automatic Construction of an Auxiliary Dictionary for Robust
Morphological Analysis. Proceedings of the 21th International Conference ITP'96: Interaction
between Intelligent Entities, Plovdiv, 1996, pp. 85-88 (in Bulgarian)

* Krushkov Hr., Automatic Checking of the Syntactic Agreement., 1994
* Krushkov Hr., Automatic Construction of Machine Dictionaries. 1996

(..)

* Towards bulgarian wordnet, Svetla Koeva, Angel Genov, Georgi Totkov, 2004,
ROMANIAN JOURNAL OF INFORMATION SCIENCE AND TECHNOLOGY Volume
7, Numbers 1-2, 2004, 45-60 https://www.researchgate.net/profile/Svetla-
Koeva/publication/267787366_Towards_Bulgarian_Wordnet/links/55e2210a08ae6abe6e8c
d4a3/Towards-Bulgarian-Wordnet.pdf (data as of 1.3.2004)

The biggest Bulgarian corpus ~ 33M words mostly electronically published, some scanned,;
prose & poetry, periodicals,fiction, science fiction, administrative documentation, and
scientific texts. 20% literary, 50% journalistic, 20% administrative. (Used for the
frequency analysis) Structured corpus: 1M words, 500 text units x 2000 words, sentence
boundaries. 15 textcategories ~ Brown corpus. ... Current state: 18810 synonyms
(synsets): nouns (12292), adjectives (3564), verbs (2946), adverbs (only 8), 35K literals ...
Semantic tree hierarchy ... Number of nodes: Eng.WN2.0 = 79689, BulNet = 12292, Tops
N =9. Relations: ALSO SEE, CAUSE, HOLO MEMBER, HOLO PART, HOLO
PORTION, HYPERNYM, NEAR ANTONYM, SIMILAR TO, SUBEVENT, VERB
GROUP. BE IN STATE, BG DERIVATIVE; DERIVED, PARTICIPLE; REGION
DOMAIN, USAGE DOMAIN, CATEGORY DOMAIN. SENSE, SYNONYM, SYNSET,
USAGE. Dictionaries, tools for creation of the dictionary, automatic improvement: check
for errors, gaps, discrepanies... Extractor

* Balkanet: A multilingual semantic network for the balkan languages, Sofia Stamou,
Kemal Oflazer, Karel Pala, Dimitris Christoudoulakis, Dan Cristea, Dan Tufis, Svetla
Koeva, George Totkov, Dominique Dutoit, Maria Grigoriadou, 2002/1/21

[To-kbcHata Bepcus ce Hapuua ,,BulNet”. Kbem 17.8.2025 r.: BulNet 3.0

* Yeo gocton g0 BulNet/Bynner: https://dcl.bas.bg/bulnet/ - Ho noka3Ba JaHHU KaTo
0OMKHOBEH PeUHUK.

* TOTKOV, G., IVANOVA, P., RISKOV, I., Automated Improving and Forming
WordNet Synsets on Conventional (non computer based) Synonym and Bilingual

Dictionaries, in Comp. Ling. and its Applications (A. Narin’iyani, ed.), DIALOGUE’2003,
Protvino, June 2003.
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* On Bulgarian Text-to-Speech System, G Totkov, V Angelova, Varna 2003

* E3MKOBHU MO/ie/Td M a/ITOPUTHM 3a Pa3no3HaBaHe Ha TeKCT Ha eCTeCTBeH e3UK,
Mapus 2KekoBa, ['eopru ToTkoB, 2022 — upe3 o6pa3ijy U MpaBuia; XubpuzaeH, ppuHo; POS-
Tarep, JieMaTl3aTop, CeMaHTUYHU KOPITYCH, I11a0/I0HH, MPOAYKLMOHHU IPaBU/Ia U
TIpOrpaMH 3a pa3pelllaBaHe Ha MHOTO3HaYHOCT; pa3a — B/l - Buj (Tabnuiia, Ko/ioHa,
CTOMHOCT), TUI JAHHW; CMHOHUMHHU pefioBe (synsets B WordNet, BalkaNet) — akynTeT:
3BEHO, OT/AeJI; yHuBepcuTeT: BY 3, UHCTUTYLIMS, UHCTUTYT ...;JOTOBOP: TPYZOB JJOTOBOP;
PeJOBHO: HOPMaJTHO, TIOCTOSIHHO; 06/1acT: cdepa ... Mogenvpane Ha Bbrpocu: [11a6oH 1
e31KOBa KOHCTpyKuUus: ,,Kou ca/U3Benr/Hamepu/Tlokaxku [crivchbK Hal
[Bcuuko/Bcuuku...SELECT * FROM X ...QP1 — ap. Bapuantu QP2, QP3, ...SELECT A1,
A2 ..FROM X ... SELECT * FROM X WHERE Al= ... ,,BCMUKH, 3a KOUTO € U3ITbJIHEHO
... KakbB e npoueHTsT Ha Y Cripsim 0 S, 3a KOUTO ...

* Visual Parser Builder, Dimitar Blagoev, George Totkov, RANLP 2005
https://lml.bas.bg/ranlp2005/DOCS/RANLP2005.pdf (p.112/125)

https://www.researchgate.net/publication/370068260_Ezikovi modeli i algoritm za razpoznavane

na_tekst na_estestven ezik

* CuHTe3 Ha pey, pa3li03HaBaHe Ha pey:

* Togop ApHay/0B, ,OnIMT 3a MBPBUYHO pa3je/isiHe Ha 3alliC Ha FOBOP Ha
cberaBsmuTe ro ponemu, I1Y, 3.2004 — cTtaTusiTa e UTUPaHA B OQULIMATIHUS HAayueH

roTok*. http://eim.twenkid.com/old/ 5/31/analiz_na_zvuk.htm

https://www.oocities.org/eimworld/_5/31/dan.txt

*57. baea, /1., [I. UrnatoBa-1{oHeBa, []. "Ilo3unuu 3a peaiu3anus Ha [JIaCHUTE U
cbyIacHUTe (JOHEeMHU B ChbBpPeMeHHMs 0Bb/ITapCKH e3UK C oIvie]] pa3padoTBaHeTo Ha
KOMIIITHPHH MPOrpaMu 3a pa3no3HaBaHe Ha peu" . — C6. Knurara, e3uKsr,
muteparypara., BAH, 2006, c. 227 — 237 — yutupa ,,OnuT 3a TbpBUYHO pas3fesisiHe. ...
https://www.researchgate.net/publication/346627640_POZICII_ZA_REALIZACIA_N
A_BLGARSKITE_FONEMI

* T.ApHaynoB, Kak /ja HakapaMe MallMHaTa ia roBopH Karo yoBek? Ilpeasioxkenus u

onMcaHue Ha CHHTe3aropa Ha peu "I'nac"”, Bepcus 22.4.2004.

Ome ,,3BykoBusaT cuHte3arop "[JIAC 1.0" (22.4.2004)

https://web.archive.org/web/20041020165507/

https://www.oocities.org/todprog/bgr/glas .htm

https://web.archive.org/web/20040920180549/http://geocities.com/todprog/bgr/glas.htm

Bese)XKy U PHKOBOJCTBA U M3TeIVIsIHE Ha MporpamMara:

https://web.archive.org/web/20080812201430/http://www.geocities.com:80/todprog/bgr/za
pisar_glas_52004.htm  http://www.oocities.org/todprog/bgr/glas.htm

https://www.oocities.org/todprog/bgr/za_pisar_glas_52004.htm
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* T.ApHayAoB, ,,Jomko 2% — Ge3riaTeH CHHTe3aTop Ha OBJIrapcKka peu ¥ Majiko aHTTIMHACKU
3a PC, 2013 r. https://github.com/Twenkid/Toshko 2 c nmogobpenus B cieaBariy roAuHU.

* T.ApHayj0B, ,,[71ac 2 - cuHTe3aTop Ha Obarapcka peu®, 6.2008, MarucTbpcka
JTUTJIOMHa paboTa — MpoeKT 3a nmogobpenus Ha ['tac 2004 1 HACOKM 3a 1Moj00peHus 1
Obpely obyuaBaly ce cuHTe3aTopu. https://github.com/Twenkid/Glas-2

* Mitkov R. - Discourse-based approach in machine translation, From Proceedingsof the
International Symposium on Natural Language Understanding and Artificial Intelligence,
Fukuoka, Japan, 13-15 July, 1992 https://aclanthology.org/1995.tmi-1.6.pdf CAT?2 translation
system, unification-based formalism

* Mitkov, R., Choi, S.-K., & Sharp, R. (1995). Anaphora resolution in machine translation.

* Mitkov, R. (2000, June 15). Pronoun resolution: The practical alternative.

* Mitkov, R. (1999). Introduction: Special issue on anaphora resolution in machine translation
and multilingual NLP.

* Mitkov, R. (1999, December). Multilingual anaphora resolution.

* Are rule-based approaches a thing of the past? The case of anaphora resolution, R Mitkov,
2024 list of preferences — 2. .. antecedent indicators; search scope 2,3,4 sentences; MARS —
Mitkov’s Algorithm to pronoun ReSolution.

* Computer-Aided Language Processing, R Mitkov, FLAIRS, 319-320, 2006
https://cdn.aaai.org/FLAIRS/2006/Flairs06-062.pdf ( robust parsing 90% by 2000
(S(NP(DET(ADJ(ADJ(NOUN(VP(VERP(ADP(... , but anaphora resolution only 60% by
2006 (references to previously mentioned entities)

* Towards a more efficient use of PC-based MT in education, Ruslan Mitkov, 1996
https://aclanthology.org/1996.tc-1.6.pdf

* Anaphora Resolution Exercise: an Overview. C Orasan, D Cristea, R Mitkov, AH Branco,
http://www.lrec-conf.org/proceedings/lrec2008/pdf/713 paper.pdf

... identification of referential expression and their candidates, pronominal anaphora
resolution on pre-annotated texts, coreferential chains resolution on pre-annotated texts,
pronominal anaphora resolution on raw texts, coreferential chains in raw unannotated texts;
relations: IDENTITY, SYNONYMY, GENERALISATION, SPECIALISATION between
entitie ...

* Togop ApnaypaoB (Todor Arnaudov)

* ,Smarty - Extendable Framework for Bilingual and Multilingual
Comprehension Assistants”, Todor Arnaudov, Ruslan Mitkov, LREC 2008 — ,Haii-
VMHTe/IMreHTHUAT PeUHUK B CBeTa“, ro/roMaraill rpeBoja c rosisiMm 6poii o6paboTky Ha
eCcTeCTBeH e3UK U U3M0/13Balll KOHTEeKCTa 3a pa3pelllaBaHe Ha MHOTO3HA4YHOCT. V3ro/n3Ba
WordNet, BalkaNet 1 06MKHOBEeH PeUHHK 1 MoIlleH rpaduueH uHTepdeiic, mpu KOWTO MOXe
[la ce TOCOUBA BCsIKa iyMa. Pa3paboTeH /10 3aBbpIlieH MMPOTOTHUI C BCUYKH (DYHKILMH 3@ OKOJIO
TPpU MeceLla OT Hysara oT T.ApHayZ0B, HayyeH pbKoBoguTe/1 P.MUTKOB.
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WuTtepdeiicyT Ha ,,CMapTH® 3aroyHa Jia HaB/IM3a B yeb caliToBe 3a IpeBoj, KaTo
»Reverso Context” 1 ip. gecetuHa uiam 15 rogyHu no-kbcHo. Okono 2012-2013 1. ce
pa3paboTBaiiie Bepcusi Ha Java C JOITBJIHUTETHH Bb3MOXKHOCTH 3a TTOpak/iaHe Ha KOZ, TI0
oOpa3zer| 1 Mo-pa3BUT UHTepdeiic, KoaTo He Oerre mybnvkyBHa. [Ipogb/okeHne Ha ,,CMapTu® e
,Research Assistant, oiije ,,Assistant C#” unu camo ,,Assistant”, 3amucsiet oiije npe3 2007 r. —
BIDK HAaCOKHTe 3a M3CJie/IBaHUs U pa3paboTka oT ,, [Tepeama mMooepHa cmpameaust 3a
pazsumue upe3 u3KycmeeH uimenexkm ...“ Ilpe3 Mapt 2024 1. 3a KpaTKo ce pa3paboTuxa
nogobpenus Ha ,,CMapTH“ B ,,Smarty 2”, HO 3acera He ca MyOJUKyBaHH.
http://www.lrec-conf.org/proceedings/lrec2008/pdf/826 paper.pdf
https://aclanthology.org/[.08-1586/
https://github.com/Twenkid/Smarty

,CMapTu® uMallie roJisiM MOTeHLMaJjl, HAKOM OT IPUUYUHKUTE [ja He Ce Jopa3Bue B Kpas
Ha 2000-Te Osixa OpraHU3allMOHHU U JTUUHU. [Ipyro Oellle oraceHue, ye He MOXe Jja ce

cbcTe3aBa C ,,['yrba“ v TIXHaTa pa3BUBAlLLja Ce YC/IyTa 3a MallliHeH MpeBoj, — ToBa betire
norpeiiHo. OT 5.2024 1. B Research Assistant, yHuBepCa/JHHUAT TTOMOILHUK, HaCcleJHUK Ha
,CMapTi®, ce u3nos3Ba Oe3ryiaTHa yCayra 3a MallliHeH TpeBoj, Ha ,,['yrbia‘.

* GPT2-MEDIUM-BG, T.Arnaudov 2021 — eauH OT Haii-ToJieMHTe €3UKOBU MO/ 3a
€3HI[1, Pa3/IMYHU OT aHIIMKHCKUs, 10 2021 T Pa3paboTux 1 MeTo[ 3a mopaxaaHe C
HeorpaHWueHa [Jb/DKMHA U IPOMsIHA Ha TeMara, Ype3 IMoCTeleHHO BMbKBaHe Ha CKPUTHU
TIO/IKaHU, KOUTO He Ce BK/IIOUBAT B U3BEIEHUST TeKCT. Bik Tabnuiiata B Kpasi Ha TO3U TOM.

LLM. https://huggingface.co/twenkid/gpt2-medium-bg

* Superhuman (~2012-2013, Java) — unpublished, Smarty 2 (2024 — announced,
unpublished), Research Assistant (Assistant C#, ACS, Assistant) — conceived since 2007, in-
house use since early 2010 — unpublished (as of 17.8.2025) — Bk Obaely mMyOTHKaIWH.

(-.)
# Oparomup Papes (Dragomir Radev)

M3BnnyaHe Ha nHopmaums, pestommpaHe, KOMMITbPHA NIMHIBUCTUKA, ... yBaXKaBaH
npenogasaTtern B HAKOSIKO aMepuKaHCKN yHuBepcuTeTn. [loktopaHT B Konymbumnckms
yHuBepcuTeT oT 1992-19937-1998:; ... B Kpas Ha XuUBOTa cu — B Menn. EauH ot Hai-
BMCOKO KnacupaHuTe no h-index. h-index no Google Scholar: 88; since 2019: 68
(21.12.2024)

* BLOOM: A 176B-Parameter Open-Access Multilingual Language Model,
BigScience Workshop, ... D.Radey, ... (yyactBa B Dataset, Prompt engineering,
Evaluation and Interpretability) https://arxiv.org/pdf/2211.05100 — nogpo6Ho
onucaHue Ha paspaboTkaTa Ha ronsiM eaMkoBs Mogen ¢ pasmepute Ha GPT3.
vocab_size=250,680 + 200 reserved; BPE tokenizer; fertility; pre-tokenizer; didn’t use
splits on numbers and digits or English specific (‘nt ‘ll); regex (not exactly)
?[M(\s|[.,!?... |_D]+ ; trained: 3.5 months, 1,083M GPU/h, 48 x 8 NVIDIAA100 x 80
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GB = 384 GPUs + 4 nodes reserve; each node x8 GPU with 2x AMD EPYC 7543 32-
Core CPUs and 512 GB of RAM; SpectrumScale (GPFS) parallel file system for
SSDs & HDDs; 4 NVLink GPU-to-GPU per node; 4 Omni-Path 100 Gbps links per
node 8D hypercube. Megatron-DeepSpeed. 8 copies of the model are trained in
parallel on 384 GPUs with data parallelism = 8. Model parameters are shared
between 4 GPUs (tensor parallelism = 4; horizontal parallelism or intra-layer model
parallelism); layers of the model spread across 12 groups of GPUs (pipeline
parallelism = 12, vertical par.); One full copy of the model (replica) = 48 GPUs. 156
TFLOPs in their fastest configuration with A100 GPUs, attaining their objective of half
of the theoretical peak performance of 312 TFLOPs (in float32 or bfloat16). bfloat16
mixed precision — float16 overflows, initial experiments on V100. ...
Antoine Simoulin and Benoit Crabbé. Un modéle Transformer Génératif Pré-entrainé pour le
fran,cais. In Pascal Denis, Natalia Grabar, Amel Fraisse, Rémi Cardon, Bernard
Jacquemin, Eric Kergosien, and Antonio Balvet, editors, Traitement Automatique des
Langues Naturelles, pages 246-255, Lille, France, 2021. ATALA. URL https://hal.archives-
ouvertes.fr/hal-03265900 submitted: 23.6.2021

* Generating Natural Language Summaries from Multiple On-Line Sources, Ph.D.
Thesis Proposal, Dragomir R. Radev, Technical Report CUCS-005-97 Department of
Computer Science Columbia University, March 28, 1997 (56 p.)
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=2b013ebac519c00
5f91¢18284eb2351830507f6e * 3aBbplueHaTa guceprtauma, 1998:
https://www.cs.columbia.edu/nlp/theses/dragomir_radev.pdf

Tow: HeobaTHoCTTa 3a oTAeneH noTpebuTten 4opw Ha ToraBalHUa MHTepHeT,
"merabamTu HoBuHU Ha aeH", "100 n3ToYHMKA Ha HOBUHKU" K Np.; briefs - cBoakM No
TeMu 1 CbbUTKS, MHTEPECYBaLLM NOTPEOUTENS, BKITHOYBALLM U NOpaXdaHe Ha TEKCT;
N3TOYHMLN: nctopmyeckn n tekywm (historical and current), TeKCoBM 1 HETEKCTOBM
(oHTOnorun, BM; T: n3pnyHO CTYKTYpupaHu) ... metoq: language reuse and
regeneration (LRR): npensnonssaHe Ha TEKCT U npecb3gaBaHe. ... [Ipedumcmeo Ha
pyHKUUOHarIHUme 2pamMamuKku 8 cucmemu 3a rnopaxoaHe Ha meKkcm om 3HaHUsl:
omHacsm ce no e0Hoobpa3eH Ha4yuH C 8CUYKU U3UCKB8aHUS Ha ropaxdaHemo: Ha
OucKypca/mekcma, ceMaHmMuU4YHU, CUHMaKmMuUYHU U JIeKCUKallHU, He u3uckeam
rpeKaneHo CriIoKHU 2paMamuKu U r1o380s1si8am fiecHo pa3oerissHe Ha Moodynu..."
®yHKLUMOHaNHM yHUMKaLumMoHHU rpamaTuku ... functional description FD, atom path,
another FD; frames: slot groups: message, incident, ... clusters of stories; 4.6.
feature type: isa(car, vehicle) ... (define-feature-type weapon (car truck)) ... (country
((name “Bulgaria”) (capital “Sofia”) (map ((url “...”))) (type republic) (divisions ((name
“oblast”)(number 28)(list (“Cocounsa“, ,IMnoegme®, ...))))(ports ((list(“Varna” “Burgas”
...)))) @Bcwu: cpeH. PDDL, pobomuka, nnaHupaHe. ... 5.3. lNnaHupaHe Ha ab3al ...
PLANDOC .. nogobus mexgy ctatnm, cBbp3Balla MHQ.; NpXK4.M3py. CEMHTY.CTPKP.
FD; wobnH; BX. 6.5. ¢.92 rpamaTtnka Ha U3p4H: NbrHo onpasH. Hoxam 3 npxa. 7. LRR;
? pa nosTopu, ? Aa npeobpasysa, 3a nsrnaxgaHe; phrasal lexicons,
npeunanonasaemMu nspedveHuns 3a gaktu; rmaea 10: MNMpeanwHa pabota: summarization
as sentence extraction — nssnnyaHe Ha o6o6waBaln n3pedeHnsa 6e3 NpomsiHa.
Bwx ot Tam: McKeown and Radev, 1995,
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* Radev, 1996; Radev and McKeown, 1997
https://www.cs.columbia.edu/nlp/bibsearch.cqi?keyword=1998

* Rendezvous: A WWW Synchronization System, Dragomir R. Radev, Second
International WWW Conference, 10.1994
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=1af661a8e3ab973
2c1ecfd9cbb1ae2c2f3fed8cf - hotlists, notifications for updates of particular web sites
* CREATIVESUMM: Shared Task on Automatic Summarization for Creative Writing,
Divyansh Agarwal, ... Radey, ..., 2022 https://arxiv.org/pdf/2211.05886 - fiction, movie
and TV scripts

* MEAD - A platform for multidocument multilingual text summarization., D.Radev et
al. 2004 https://www.cs.columbia.edu/nlp/bibsearch.cgi?keyword=Radev
https://scholar.google.com/citations?hl=en&user=vigWvgwAAAAJ&view op=list wor
ks&sortby=pubdate

* John Prager, Dragomir Radev, and Krzysztof Czuba, 2001. Answering what-is
questions by virtual annotation.

* Question answering by predictive annotation, J.Prager, E.Brown, Anni Coden,
Dragomir Radev, July 2000

https://researchgate.net/publication/221300763 Question_answering_by predictive
annotation TRECS8; GuruQA — returns a ranked list of passages instead of
documents; QA-Tokens: PLACE, COUNTRY, STATE, PERSON, ROLE, NAME,
ORG, DURATION, AGE, YEAR, TIME, DATE, VOLUME

AREAS$, LENGTH$, WEIGHTS$, NUMBERS$, METHODS$, RATE$, MONEYS ...
(Where, Where/What country, Where/What state, Who, Who,
Who/What/Which/Where/Name the, Who/What, How long, How old, When/What
year, When, When/What date. How big, How big, How big/long/high, How big/heavy,
How many, How, How much, How much); method: “by doing...”; Textractor:
tokenization, lemmatization, annotation: Nominator (proper names), Terminator
(technical terms, e.g. computer), Abbreviator; statistics, alternative names, canonical
forms. Word-list; Resporator: identify potential answer phrases and annotate them;
the problem of the optimal window size — the size of the selected passage; dynamic
window (smaller passage with the same score as a larger wins). Query analysis;
Matching & Ranking ... Answer selection: AnSel, WerlLect; “How and Why questions
are difficult”; by %ing... the example “How did Socrates die?”*...
@SYN(because,cause,result); “in order to”, “to VERB”...; problems: not appropriate
question templates, synonym or hyponym of the term in text which is unknown to the
system; no anophora resolution (refererences with alternative forms), poor text
understanding. See also Message Understanding: fact extraction;

* A Multi-Strategy and Multi-Source Approach to Question Answering, J.Chu-
Carroll et al., 2002, IBM Watson ... See also the references about Watson, Jeopardy!
after the interview “Marvin Minsky on Al: The Turing Test is a Joke”

* Twenkid, 30.12.2024: it should ?T from a seed with the named entity and expand
for semantic connections to the question verb/query in more depth, a longer chain of
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connections: (“die” — death, poison, kill, cease to exist; sentenced, executed, ... and
their relations: take a poison, drink a ...; ways of dying, executions etc. and searching
e.g. connections such as “like...” )

Kopnycu: * D. R. Radev, P. Muthukrishnan, and V. Qazvinian. The ACL anthology
network corpus. In Workshop on Text and Citation Analysis for Scholarly
Digital Libraries (NLPIR4DL), pp. 54—61. Association for Computational Linguistics,
20009.

Pestomupate:

TL;:DR: Mining Reddit to Learn Automatic Summarization, Michael VoIske et al.
https://aclanthology.org/W17-4508/ https://aclanthology.org/W17-4508.pdf
n3nonseaTt pe3toMeTa, HanmcaHun oT noTpebutenuTe 3a ynecHexHue Ha gpyrute (“Too
Long; Didn’t Read); TA: Bux n nogobeH nogxop 3a knunose B KOTH06.

Extractive & abstractive summarization systems datasets. 1.1M subreddits; 286M
submissions, 1.6B comments (2006-2016)
https://learn.microsoft.com/en-us/ai/playbook/technology-guidance/generative-
ai/working-with-lims/evaluation/list-of-eval-metrics

* U3BnuyaHe Ha nHcgopmauums — Uea NMonoea, TY Codus, aoktopaHT okono 2006-
2008 r. C Hes npe3 2006 r. gucKyTMpaxmMe noaxoasil, TEPMUH:

* EB1: OTHOoCcHO npeBoaa Ha Information Retrieval ot NemSys Ha 01.10.2006
05:08 23 komeHTapa , 960 npounTta ETUKETU: €3MKOBW BBNPOCHU
https://bglog.net/BGLog/post/%D0%95%D0%921 --
%D0%9E%D1%82%D0%BD%D0%BE%D1%81%D0%BD%D0%BE-
%D0%BF%D1%80%D0%B5%D0%B2%D0%BE%D0%B4%D0%B0-
%D0%BD%D0%B0-Information-Retrieval#gsc.tab=0

* Kristina Toutanova

https://scholar.google.com/citations?user=9qgY7NPEAAAAJ&hl=en
http://kristinatoutanova.com/ [font: Constantia 12, test]

* BERT: Pre-training of Deep Bidirectional Transformers for Language
Understanding, Jacob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova
Google Al Language https://arxiv.org/pdf/1810.04805 //Font: Liberation Serif 12

* ProtEx: A Retrieval-Augmented Approach for Protein Function Prediction, P Shaw, B
Gurram, D Belanger, A Gane, ML Bileschi, LJ Colwell, ... K.Toutanova, bioRxiv, 2024.05.
30.5965391 2024

* Anchor Prediction: Automatic Refinement of Internet Links, NF Liu, K Lee, K Toutanova,
2023 https://arxiv.org/pdf/2305.14337 [Liberation Serif]

* Open-domain visual entity recognition: Towards recognizing millions of wikipedia entities,
H Hu, Y Luan, Y Chen, U Khandelwal, M Joshi, K Lee, K Toutanova, ... 2023
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https://openaccess.thecvf.com/content/ICCV2023/html/Hu_Open-

domain Visual Entity Recognition Towards Recognizing Millions of Wikipedia En

tities ICCV_2023 paper.html Text query to link to an image from Wikipedia: Open-domain
Visual Entity recognitioN (OVEN). Re-purposing 14 datasets with all labels grounded to the
label space of Wiki entities. 6 million Wki entities --> a general visual recognition benchmark
with largest number of labels. CLIP, PaL.I

* Image Recognition Datasets: ImageNet21k-P [34,36], iNaturalist2017 [45], Cars196 [21],
SUN397 [52], Food101 [2], Sports100 [16], Aircraft [26], Oxford Flower [29], Google
Landmarks v2 [50].

* Visual QA Datasets: VQA v2 [17], Visual7W [55], Visual Genome [22], OK-VQA [28],
Text-VQA [42]. Entity Split (ES), Query split (QS).

* [8] Pali: A jointlyscaled multilingual language-image model. Xi Chen, ... Anelia
Angelova ... etal., arXiv preprint arXiv:2209.06794, 2022/6.2023
https://arxiv.org/abs/2209.06794 Pathways Language and Image model. Vision
Transformers (ViTs). Vision+Text --> Text ... existing Transformers for language are
much larger than their vision counterparts, we train a large, 4-billion parameter ViT
(ViT-e) to quantify the benefits from even larger-capacity vision models. ...
multilingual mix ... image-text training set 10B images and texts in > 100 lang; tasks:
captioning, VQA, scene-text understanding;

* Sparse, dense, and attentional representations for text retrieval, Y Luan, ]
Eisenstein, K Toutanova, M Collins 2021

* Representations for question answering from documents with tables and text,
V Zayats, K Toutanova, M Ostendorf, arXiv preprint arXiv:2101.10573, 2021

* Providing rewards and metrics for completion of microtasks, JB Teevan, S
Amershi, ... KN Toutanova, US Patent App. 16/933,827, 2020
https://patentimages.storage.googleapis.com/95/7d/29/f2e34aacfedisb/US20200349596

A1pdf
https://scholar.google.com/citations?view op=view citation&hl=en&user=9gY7NPEAA

AAJ&cstart=20&pagesize=80&sortby=pubdate&citation for view=9qY7NPEAAAA]:cF7
EPglkoB4C

* Natural questions: a benchmark for question answering research, T
Kwiatkowski, ] Palomaki, O Redfield, M Collins, A Parikh, C Alberti, ... 2019
[font: Palatino 12]

* NLP for Precision Medicine, H Poon, C Quirk, K Toutanova, W Yih, 2017, Tutorial,
Proceedings of the 55th Annual Meeting of the Association for Computational
Linguistics, 2017 -> Entity linking, relation extraction, Distant supervision, complex
event extraction, Grounded semantic parsing, Cross-sentence relation extraction

* Observed versus latent features for knowledge base and text inference, K
Toutanova, D Chen, 2015 [Univers 12]
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* Representing Text for Joint Embedding of Text and Knowledge Bases, K
Toutanova, D Chen, P Pantel, H Poon, P Choudhury, M Gamon, 2015 [Arial 12]

* Locating parallel word sequences in electronic documents, CB Quirk, KN
Toutanova, JR Smith US Patent 8,560,297, 22, 2013

* Multilingual named entity recognition using parallel data and metadata from
wikipedia, S Kim, K Toutanova, H Yu ... 2012

* Machine translation from text, N Habash, J Olive, C Christianson, J McCary, N
Habash, A de Gispert, 2011

* Extracting parallel sentences from comparable corpora using document level
alignment, J Smith, C Quirk, K Toutanova, Human language technologies::... 2010

* Unsupervised chinese word segmentation for statistical machine translation,
J Gao, KN Toutanova, J Xu US Patent App. 12/163,119 16, 2009

* The stanford natural language processing group, C Manning, D Jurafsky, P
Liang ... The Stanford Parser: A statistical parser, http://nlp. stanford.edu ... 2008

* Generating complex morphology for machine translation, E. Minkov, K
Toutanova, H Suzuki, Proceedings of the 45th annual meeting of the association of
computational ... 131 2007

* The pythy summarization system: Microsoft research at duc 2007, K Toutanova,
C Brockett, M Gamon, J Jagarlamudi, H Suzuki, ... Proc. of DUC 2007

* Competitive generative models with structure learning for NLP classification
tasks, K Toutanova Proceedings of the 2006 Conference on Empirical Methods in
Natural Language ... 14 2006

* Learning to predict case markers in japanese, H Suzuki, K Toutanova,
Proceedings of the 21st International Conference on Computational ... 47 .. 2006

* T C &k 5 BAEHEBIERDF B (Machine learning prediction of Japanese
case particles), #8 KA 3%, K Toutanova
SRELEBFRE 13 EFERKE 2 .. 2006

* Effective statistical models for syntactic and semantic disambiguation, KN
Toutanova, stanford university 12.2005

* Learning random walk models for inducing word dependency distributions, K
Toutanova, CD Manning, AY Ng, 2004
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https://nlp.stanford.edu/kristina/papers/ppwalks.pdf
https://slideplayer.com/slide/4931425/

* Optimizing local probability models for statistical parsing, K Toutanova, M
Mitchell, CD Manning, 2003

* Combining heterogeneous classifiers for word sense disambiguation, D Klein, K
Toutanova, HT Ilhan, SD Kamvar, CD Manning, Proceedings of the ACL-02 workshop
on Word sense disambiguation: recent ... 2002

* Combining Heterogeneous Classifiers for Word-Sense Disambiguation, D
Klein, CD Manning, K Toutanova

* Pix2Struct: Screenshot Parsing as Pretraining for Visual Language
Understanding. Kenton Lee, Mandar Joshi, lulia Turc, Hexiang Hu, Fangyu Liu,
Julian Eisenschlos, Urvashi Khandelwal, Peter Shaw, Ming-Wei Chang, and Kristina
Toutanova, 2022.

* Entity-Centric Query Refinement. David Wadden, Nikita Gupta, Kenton Lee, and
Kristina Toutanova, AKBC 2022.

* Representations for Question Answering from Documents with Tables and
Text. Vicky Zayats, Kristina Toutanova and Mari Ostendorf, EACL 2021.

* Compositional Generalization and Natural Language Variation: Can a
Semantic Parsing Approach Handle Both?, Pete Shaw, Ming-Wei Chang,
Panupong Pasupat, and Kristina Toutanova, ACL 2021, 6.2021
https://arxiv.org/abs/2010.12725

NQG-T5: high-precision grammar-based + pre-trained seq2seq m.

Seq2seq struggles with out-of-distrib. composit. gener. T5 is an LLM; data: “jump”,
walk”, “walk twice” --> can't gener. to "jump twice” (compositional generalization).
SCAN. Target Maximum Compound Divergence (TMCD) train & test splits. NQG -
grammar, solves SCAN. NQG-T5: hybrid semantic parser. Quasi-synchronous
Grammar induction. SCAN,(Lake & Baroni, 2018): NL commands --> action seq.:
("clap twice: |_CLAP |I_CLAP"). CFQ, Maximum Compound Divergence (MCD),
Keysers et al. (2020) - compound distribution. ... Contextualized Representations

* Using Textual Encyclopedic Knowledge. Mandar Joshi, Kenton Lee, Yi Luan,
and Kristina Toutanova, 2020. https://arxiv.org/pdf/2004.12006
TEK-enriched, contextualizing Q & passages w. background from wikipedia

* Latent Retrieval for Weakly Supervised Question Answering. Kenton Lee,
Ming-Wei Chang, and Kristina Toutanova, ACL 2019 6.2019
arxiv.org/pdf/1906.00300 Inverse Cloze task; sentence as a pseudo-question,
context - pseudo-evidence. Open-Retrieval Question. Answering (ORQA) model;
evidence from open corpus, not in the input; ... KOnko 6unNo TpyAHO HEBPOHHUTE
Mogenu aa nogobpAT TpaguUuMoHHOTO usBnuyaHe [kato TF-IDF, o6paTHa
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yecToTa M np.], hakTM4eCKUAT Han-go6bLpP mogen Toraea, 2019 r., 6un 10-
roguwHnAT BM25, Robertson et al., 2009. CpaBHsiBaTt cbe 128-dim. NNLM,
context-independent fed-forward LM (Bengio et al. 2003), ELMo (small), context-
dependent bidirectional LSTM (Peters et al., 2018);

Datasets: Natural Questions, WebQuestions, TriviaQA, CuratedTrec; SQUAD: 100K
questions, 536 docs; p.7. "Language Models unsupervised neural retrieval is
notoriously difficult to improve over traditional IR..." 128-dim. NNLM, context-
independent fed-forward LM (Bengio et al. 2003), ELMo (small), context-dependent
bidirectional LSTM (Peters et al., 2018)

Notes Todor: Weakly supervised: e.g. in TriviaQA, the answer is an entity which
might be mentioned multiple times in the document with the answer (ambiguity) [note
that if it is just once, that's a hint], no explicit info about where the answer is: a pattern
(a mapping) for discovering the answer has to be discovered from many examples;
paraphrased answer; Textbook question answering: multi-modal contexts, diagrams;
... See also: DROP QA (Discrete Reasoning Over the content of Paragraphs) - add,
count, sort over the info in a text passage. "The bus had 15 bus when it left the
depot. 5 left on the first stop, 3 got on. How many were the people in the bus before
the next stop?" 15-5+3 = 13 Answer: 13

* Bayesian nets in syntactic categorization of novel words, Leonid Peshkin, Avi
Pfeffer, Virginia Savova, 2002 — Dynamic Bayesian Network for PoS-tagging ...
observable features (OF), memory; OF: letters, prefix, suffix, number, hyphen, is a
word or a number, capital or lower case, ... unlike Toutanova, 2002 ... a set of binary
features and a set of vocabulary features - does the token contain a ... capital letter, a
hyphen, a suffix ... etc. Two hidden variables: PoS and Memory reflect the contextual
information about the past PoS tags ... Learning = collecting statistics over co-
occurrences of feature values and tags. Tagging: standard Forward-Backward
algorithm (Murphy[2002])

* Murphy. K. Dynamic Bayesian Networks: Representation, Inference and Learning.
PhD thesis. UC Berkeley. 2002

*A. Ratnaparkhi. 1996. A maximum entropy model for part-ofspeech tagging. In
Proceedings of EMNLP.

* E. Brill. 1994. Some Advances In Rule-Based Part of Speech Tagging. In
Proceedings of the 12th AAAI

- the paper cites: Toutanova K and Manning, C. Enriching the Knowledge
Sources Used in a Maximum Entropy PoS Tagger. 2002. as the SOTA POS-
tagger

* Virginia Savova — a Bulgarian? (unknown (guessed, but unconfirmed; another
researcher: Angela Savova)): John Hopkins University; participates at RANLP 2003
* Bupruausa CaBosa
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https://lml.bas.bg/ranlp2003/
https://scholar.google.com/citations?user=hmwDs7cAAAAJ&hl=en

* Why build another part-of-speech tagger? A minimalist approach. Leonid
Peshkin, Virginia Savova https://www.researchgate.net/profile/Leonid-
Peshkin/publication/228789616 Why Build Another Part-of-

Speech Tagger A Minimalist Approach/ (See Bayesian nets in syntactic categorization
of novel words above) — The dilemma: statistically extracted or expert-selected
features? The most likely tags: 90% correct; dictionaries; the best-known rule-based
tagger [Brill’o4]: 1. assign the most likely tag to each word in the text; 2. apply
transformation rules of the form “Replace tag X by tag Y in triggering environment
77, where the trig.env. spans up to 3 sequential tokens in both directions and refers to
words, tags or properties of words within the region. The Brill tagger: < 3.5% error on
the Wall Street Journal (WSJ) corpus. However rule-based taggers perform poorly on
different datasets, e.g. Netlingo (e-mail, newsgroups, web sites). "The typical
inference task is to determine the probability distribution over the states of a hidden
variable over time, given time series data of the observed variables. This is usually
accomplished using the forward-backward algorithm. Alternatively, we might
obtain the most likely sequence of hidden variables using the Viterbi algorithm.
These two kinds of inference yield resulting PoS tags. Note that there is no need to
use "beam search"”, (cf. [Brants’0o])." Tests of the performance after omitting some
of the binary features (see the other paper). Morphology helps for better results. OoV
words (out of vocabulary). GAWK'? scripts for text processing.

* Is the Turing test good enough? The fallacy of resource-unbounded
intelligence, Virginia Savova, Leonid Peshkin, 1/2007 compression ... not just
retransmit ...

https://www.researchgate.net/publication/220816294 |s the Turing Test Good Eno
ugh The Fallacy of Resource-Unbounded Intelligence

Compare: Faults in Turing Test and Lovelace Test. Introduction of Educational
Test, Todor Arnaudov, 11.2007, Artificial Mind https://artificial-
mind.blogspot.com/2007/11/faults-in-turing-test-and-lovelace-test.html

* "Man and Thinking Machine: an Analysis of the Possibility of Creating a
Thinking Machine and Some Shortcomings of Humans and Organic Matter in
Comparison to it.", Todor Arnaudov, 12.2001, The Sacred Computer, #13 (in
Bulgarian: https://www.oocities.org/eimworld/eimworld13/izint_13.html ) the part
discussing the inadequacies of the Turing test. (,YoBekbT n Mucnewara MawwwmHa:
AHanun3 Ha Bb3MOXHOCTTa Aa ce Cb3fage Mucrela MallnHa 1 HSKOW HegocTaTbLUm
Ha YoBeKa un opraHudHaTta matepusa npeg Hes“, T.ApHaygos, 2001)

* Discovering Syntactic Hierarchies, Virginia Savova, Daniel Roy, Lauren Schmidt
& Joshua B. Tenenbaum, 2007, Journal Proceedings of the Annual Meeting of the

12 hitps://www.gnu.org/software/gawk/manual/html _node/index.htmi#SEC Contents
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Cognitive Science Society, 29(29) ... Hierarchical clustering, morphological inf., ...
features: Fig.2.: (concrete, intentional, manner, moving, suffix (“ing”,
“s”),them,first,or,from,must,he) .. & distributional;
https://escholarship.org/content/qt6kp78793/qt6kp78793.pdf

* Elman, J. L. (1991). Distributed representations, simple recurrent networks, and
grammatical structure. Machine Learning, 7, 195-224.

* RANLP, 2003. Tutorials: Note the EuroWordNet initiative at the time, with an
“InterLingua’; the tutorial on Question Answering and “Learning in NLP: When
can we reduce or avoid annotation cost?”, Ido Dagan, 2003

* https://www.slideserve.com/jalen/learning-in-nlp-when-can-we-reduce-or-avoid-
annotation-cost 143 pages — very good synthesized material on various topics, the
theoretical foundations and why machine learning is needed and for what
purposes. The methods at the time: Expectation-Maximization with HMM for PoS-
tagging; Parsing as a “perspective”. “Simple learning from noisy statistics” for
prepositional phrase attachment; Parallel coprpora for WSD; Bootstraping of
decision lists for WSD & NE classif.; Expectation-Maximization clustering for
Bayesian WSD; Basic types of clustering: bottom-up (agglomerative), top-down
(divisive); hierarchical and flat (K-means etc.); basic methods, similarity.
Unsupervied ditstributional similarity and clustering ... E.g.
“Supervised/classification” is identifying hidden units (concepts) of explicit units;
Unsupervised is identifying relationships & properties of explicit units (p.5); the
Explicit units are from lexical units (words, terms) to documents; implicit (hidden)
are word senses, name types, document categories, PoS tags, syntactic
relationships, semantic concepts and relationships etc. (p.4). .. Ambiguity,
variability ... WSD: door, window - doorwindow and see whether the classifier will
work ... p.43 — intersecting redundancies (Dictionary-based mapping to target
language); selection of alternative word-forms/senses for translations; bilingual
corpus & reverse translation .. decision list;; p.78: significant features; p.141 “glass
box” vs black box; inadequacy of strict “black box” supervised learning vs
relevance of rule/knowledge-based models @Vsy: cmp LLMs. ,Unsupervised
learning of variability — paraphrases from repeated descriptions of the same fact
from parralel, stand-alone or comparable corpora” .. “Reducing human intervention
is critical for NLP applicability ...”

* Open-Domain Question—Answering, John Prager, IBM T.J. Watson Research
Center, 2006 https://www.nowpublishers.com/article/DownloadSummary/INR-001 —
(link — only a summary) Short history of QA and modern approaches at the time; QA
in its current definition from 1999 at TREC, Text Retrieval Conference (from 1992)...
SHRDLU is considered as a QA system in hindsight, 1968-1970. Note that LLMs can
be seen as QA systems and a lot of their usage is like that. The creation of the
datasets for LLMs also often includes an IR phase for extracting and curating the
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right examples if such are not already available. QA: IR, NLP, NER (Named entity
recognition), parsing, search, indexing, classification, ML... Early systems besides
SHRDLU: LIFER/LADDER, LUNAR, and CHAT-80. First modern: MURAX, open-
domain, searches in an on-line encyclopedia. MIT’s “Start” — Web QA. Ask Jeevs
(1996). Brainboost, AnswerBus: return a sentence. AQUAINT (Advanced Question—
Answering for INTelligence). nuggets - a set of descriptive text fragments; linguistic,
statistical, and knowledge-based methodologies ... Types of questions: factoid, list,
definition; relationships — influences, financial or communication connections or links;
list of properties — nuggests (kbc4e, xanka, otkbc); Eval. ROUGE, POURPRE,
Pyramids*https://www.khoury.northeastern.edu/home/vip/teach/IRcourse/IR _surveys/
ibm-ai-gna.pdf

e PPassonneau, A. Nenkova and R. Passonneau, “Evaluating content selection
in summarization: The pyramid method,” in Proceedings of the Human
Language Technology Conference (NAACL-HLT), 2004.
https://www.linkedin.com/in/ani-nenkova-6223b9212/

* Question answering by predictive annotation, J.Prager, E.Brown, Anni Coden,
Dragomir Radev, July 2000

https://researchgate.net/publication/221300763 Question_answering_by predictive
annotation — see notes for the article in the section for Dragomir Radev above

Cmp:

* Matthew E. Peters et al., 2018. Deep contextualized word representations. (ELMo)
* Todor Mihaylov: Knowledge-Enhanced Neural Networks for Machine Reading
Comprehension, 2021, PhD thesis (see below)

A dataset for NLU tasks: predict Wikidata’s textual values by reading the text of the
corresponding Wikipedia articles: https://paperswithcode.com/dataset/wikireading
https://qgithub.com/google-research-datasets/wiki-reading

* ROUGE: A Package for Automatic Evaluation of Summaries, Chin-Yew Lin, 2004
https://learn.microsoft.com/en-us/ai/playbook/technology-guidance/generative-
ai/working-with-lims/evaluation/list-of-eval-metrics

Ground truth: Match sequences: N-gram: BLUE, ROUGE (matches of generated
summaries to ground-truth given summaries), JS divergence: overlap-based;
Levenstein distance (string transformations); Semantic: BERTScore, MoverScore,
Sentence Mover Similarity (SMS) - embeddings; cos similarity.... Reference-free:
BLANC - accuracy of reconstructions of masked-tokens; ROUGE-C: source as
context for comparison; Entailment (Natural Langage Inference?): output entails,
contradicts or undermines the premise: "consistent/inconsistent". Factuality, QA, QG
... QuestEval; LLMs as evaluators: Reason-then-Score RTS, Multipple Choice
Question Scoring MCQ, Head-to-head scoring H2H, G-Eval. GEMBA - translation. ...
Gen.code ... Rule-based ...
https://learn.microsoft.com/en-us/ai/playbook/technology-guidance/generative-
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ai/working-with-llms/evaluation/g-eval-metric-for-summarization

Abstractive vs extractive; G-eval; coherence, consistency, fluency, relevance;
1.structure, 2.factual alignment; 3. sentences: no gramm.err.; 4. most important
content;

Note: T.Arnaudov: important for whom? the evaluator model also has to be
defined for any metrics! what is relevant for which reader at which moment;
there could be many equal variants
https://github.com/microsoft/promptflow/tree/main/examples/flows/evaluation/eval-
summarization

https://ieeexplore.ieee.org/document/4664680 Tingting He et al, 2008

* Large Language Models are Not Yet Human-Level Evaluators for Abstractive
Summarization, Chenhui Shen et al., 10.2023 https://arxiv.org/pdf/2305.13091

* A Survey of Text Summarization Techniques, Chapter, First Online: 01 January
2012, pp 43-76

# Ani Nenkova (probably Bulgarian)

https://link.springer.com/search?dc.creator=Ani%20Nenkova
https://www.linkedin.com/in/ani-nenkova-6223b9212/

* Mining Text Data, Ani Nenkova & Kathleen McKeown
https://link.springer.com/chapter/10.1007/978-1-4614-3223-4 3

Tosh: Important *for whom* - model of the reader

Yes: ... from a KB,

* User Modelling as an Application of Actors, pp 83-89, 2003 ...

* Conceptual Structures: Standards and Practices(ICCS 1999), Ani Nenkova &
Galia Angelova Levels: beginner, medium level or domain expert ...

*Integration of Resources and Components in a Knowledge-Based Web-Environment
for Terminology Learning, Conference paper, First Online: 01 January 2003, pp 210—
220

Artificial Intelligence: Methodology, Systems, and Applications (AIMSA 2000),
Svetla Boytcheva, Ognian Kalaydjiev, Ani Nenkova & Galia Angelova

CGs as a Knowledge Representation Core in a Complex Language Learning
Environment, Angelova, G., A. Nenkova, Sv. Boycheva, and T. Nikolov. To appear in
ICCS-2000, Darmstaht, Germany, August 2000.

CGWorld - A Web Based Workbench for Conceptual Graphs Management and
Applications, Pavlin Dobrev and Kristina Toutanova, To appear in ICCS-2000,
Darmstaht, Germany, August 2000. https://www.researchgate.net/profile/Pavlin-
Dobrev/publication/245633963 CGWorld-

a_web based workbench for conceptual graphs management and applications/li
nks/02e7e52a80c98ecf76000000/CGWorld-a-web-based-workbench-for-conceptual-
graphs-management-and-applications.pdf Knowledge graphs, Prolog+Java
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* DB-MAT: Knowledge Acquisition, Processing and NL Generation, G. Angelova, K.
Bontcheva:
* Using Conceptual Graphs. ICCS 1996: 115-129

* Anton Alexandrov, Vesselin Raychev, Martin Vechey, D. Dimitrov, K.Toutanova
& BGGPT, 2024

* BgGPT 1.0: Extending English-centric LLMs to other languages, A Alexandrov,
V Raychey, DI Dimitrov, C Zhang, M Vecheyv, K Toutanova, arXiv:2412.10893,
14.12.2024, https://arxiv.org/abs/2412.10893

BgGPT-Gemma-2-27B-Instruct, 9B; > 100B tokens; 64 NVIDIA H100s, 8x8
Infiniband; EXAMS* (Hardalov et al., 2020) - high school exam question dataset
covering a range of subjects 1472 sampl. in Bg; 5-shot prompt; & school tests from
Ministry of Educ&Sci. 4-12 gradee, multiple-choice of 4 (a,b,c,d) in:
literature,math,phys,hist,comp_sc etc. - all subjects, only text;
Eval. 1 commonsense r.: HellaSwag, winogrande_xl - 1767 s. - some rephrased
(gender in Bg). Converted mult.choice->open with GPT-40

* “The prophets of the Thinking Machines...”: Tests, datasets: Comp. the prediction:
Faults in Turing test and Lovelace test...”, T.Arnaudov 2007, “HoBekbT 1 Mucnewlata
mMalumHa...“, 2001

* Mitigating Catastrophic Forgetting in Language Transfer via Model Merging,
Anton Alexandrov, Veselin Raychev, Mark Niklas Mueller, Ce Zhang, Martin Vechey,
Kristina Toutanova, 2024 https://aclanthology.org/2024.findings-emnlp.1000.pdf

Branch-and-Merge (BAM), a new adaptation method ... "Experience replay"
(from the first dataset); train in parallel a set of model branches on different subsets
of the dataset, then merge: convert vectors to polar coordinates;... BqGPT 7B
(Mistral); Dataset: OpenWebText, English Wikipedia, GitHub repositories, a range of
instruction finetuning datasets (IFT) = 15.1B tokens.... Smaller IFTx4 = effective
17.1B. OpenWebText Web 8.5B, Wiki-En: 4.6B; github code: 1.35B; OpenHermes-
2.5 IFT: 357M; SlimOrca IFT: 197M; MetaMathQA IFT: 85M; Codelnstructions IFT:
20M.

Capybara - multi-turn conversation; PyTorch, DeepSpeed; 64 Nvidia H100,
lear.rate 10E-5, batch=512 continued pretraining & 256 for sueprvised finetuning. cos
decay 0.1*max_Ir, max(100,0.01*total_steps) lin.warmup.

Besided BgGPT: adapting LIlama-3-8B to German (small improvement);
magnitude of weight change after merging; 15K, 25K steps; merging methods:
SLERP, LINEAR, MODEL STOCK. Doubling or halving the batch size can also
reduce the catastrophic forgetting, but are more costly than BAM.

Tests, datasets: ARC-Easy (5197), ARC-Challenge (2590) (Clark et al., 2018) -
science exam questions. MMLU: multitask NLU (lang.understanding), 57 tasks,
14079 test samples. GSM8K - math reasoning; MathQA - multiple choice math
reason. Belebele - multiple choice reading comprehension. TriviaQA, XNLI:
contradict, neutral, entails. EXAMS (see above), PAWS - paraprhrases; MGSM -
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translated from GSM8k. Google translate for the benchmark problems & answers,
2143 manual translations, Winogrande. MON: 10088 exam questions, 4 choices (no
geometry: images), not public. 50K Bulgarian translated samples from the
OpenHermes-2.5, 10K - MetaMathQA, 2K code + Bulg.instr. CodeAlpaca. Manual
inspection for bad translations e.g. rhyming. 5% manually translated or adjusted.
Challenge for avoiding data contamination. Bg validation set: 40K examples, 30K
from news articles, 10K mix of dialogs, questions and answers. English: 25K random
samples from FineWeb-Edu dataset, 7K from aeXiv papers, 3K PubMed, 5K books
from Project Gutenberg.

Training params: MISTRAL-7B and LLAMA-3-8B, 8192 context, sequence
packing, no trunctation. 1E-5 max Ir, continued pre-training, batch 512/256, for
4M/2M tokens. ... up to 7000 tokens per second per GPU ~ 448K/s, 64 NVIDIA H100
GPUs (8 nodes x 8 GPUs) with InfiniBand and 224 available CPU cores per node.
Total cost with exploratory: ~80K H100 GPU hours. Reduction of 30% with the
tokenizer extension. https://huggingface.co/datasets/INSAIT-Institute/winogrande-
bgeval?row=71
?cost of training — unknown; if $2-3/h (1); 8xH100: 18, 24 , 28.98%/h;
https://www.vultr.com/pricing/#cloud-gpu 8 x H100 640 GB, 224 vCPU 2048 GB
RAM, 32TB storage 15TB bandw. $3000/GPU/hr ~ but only 730 h/month (in 12.2024)
if 80000/730 ~ 109,6 ~ $328,8K; 80000/64 ~ 1250/GPU ~ 52 days Cost of 8 DGX
8xH100

* See also LLEMMA: AN OPEN LANGUAGE MODEL FOR MATHEMATICS, Zhangir
Azerbayev et al., 3.2024 https://arxiv.org/pdf/2310.10631 for the description of the
learning protocol, preparation of the data, specializing a pretrained Code Llama and
replicating a surrogate dataset from Pile etc. and the diversity of the domains for
better results, p.2-3; see also the training of BLOOM, an attempt to recreate a GPT-3-
scale open LLM with a documented procedure:

* BLOOM: A 176B-Parameter Open-Access Multilingual Language Model,
BigScience Workshop: Teven Le Scao et al., 11.2022/6.2023,
https://arxiv.org/abs/2211.05100
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* 3opHuua KosapeBa, Zornitsa Kozareva - Zori

https://www.crunchbase.com/person/zornitsa-kozareva 1Y ,Mancun Xunengapcku®,
Amazon, Google, Facebook ... MHoxecTBO nateHTn. O6paboTtka
https://scholar.google.com/citations?user=bsi481QAAAAJ&hI=en

MbpBUTE N N3CNeaBaHMsA ca CBbp3aHu C pasno3HaBaHe Ha UMeHYBaHN 06eKTn
ypes rpynupaHe (knbcrtepupaHe; named entity recognition, NER)'3. PaHHu
NPUNOXEHNA Ha MyNTMMOAANHN e3MKoBn Mogenn n B pobotukarta (2019). Hakon
HeWnHNn paboTtn 1 Temu no npocmna u B JIMHKAWH 1 ap.

* Cluster analysis of named entities, Z.Kozareva, 2003
* Cluster Analysis and Classification of Named Entities, Z.Kozareva, 2004

* How can Context and Semantic Information help a Machine Learning Word
Sense Disambiguation, Sonia Vazquez, Zornitsa Kozareva & Andrés Montoyo,
11.2007 ... paspellaBaHe Ha MHOrO3Ha4YHOCT Ype3 cbyeTaBaHe Ha MeToan, OCHOBaHU
Ha 3HaHWA U MawwnHHO obydeHune. WordNet Domains'# — rpynupaHe Ha otaenHuTe
3Ha4veHnsa B cmucnosu 200 obnactn n knacudmumnpaHe no To3u npu3Hak, 3a ga ce
Hamanu 6posT Ha 3HaYeHUNATa, 3aL0TO HAKOM OT TsX ca 6nnskm, Hanp. 3a ,6aHka“; B
paboTaTa npeacrtaeaT HoB pecypc: Relevant Domains (ymecTtHn obnactu) n mogyn
3a CKpUT ceMaHTu4eH aHanua (Latent Semantic Analysis)
https://link.springer.com/chapter/10.1007/978-3-540-76631-5_95

* Few-shot Learning with Multilingual Generative Language Models, Nov 1,
2022 Xi Victoria Lin, Todor Mihaylov, Mikel Artetxe, Tianlu Wang, Shuohui

Chen, Daniel Simig, Myle Ott, Naman Goyal, Shruti Bhosale, Jingfei Du, Ramakanth
Pasunuru, Sam Shleifer, Punit Singh Koura, Vishrav Chaudhary, Brian O'Horo, Jeff
Wang, Luke Zettlemovyer, Zornitsa Kozareva, Mona Diab, Veselin Stoyanov, Xian Li

3 Moxe 61 B mbpBY Kypc? BsX Ha HerHa nekuusi, B KOSTO paskassalle 3a 6baewara cu
paboTa B Ta3un cpepa Ha cneunanunsaumsi no Epasbm, 3a koATO NpeacToeLle Aa 3aMuUHe.
CpellHaxme ce BEOHBX U B YNBbPXaMMTbH, HE 3HaM No KakbB noBog belue tam npes 2007 .
14 Magnini, B., Strapparava, C.: Experiments in word domain disambiguation for paralell
texts. In: Proceedings of SIGLEX. Workshop on Word Senses and Multi-linguality (2000)
https://aclanthology.org/W00-0804.pdf

* Using Relevant Domains Resource for Word Sense Disambiguation, S. Vazquez, A.
Montoyo, G. Rigau, 2004 — context vectors (pas3nuyHn OT OHE3N B HEBPOHHUTE
npegcrtaeaHus), 3a 250-te obnactn (Music, Acoustics, Law...) oT no-ropHaTta ctatus. ben.
TA: nogo6Hn obnacty moraTt Aa Bb3HUKBAT NOCTEMNEHHO KaTo rPO340BE KbM 3bPHO N KbM TAX
Aa ce 3aKavaT KOHKPETHU KOHTEKCTWN, MecTa OT KOHKP. onuT/MsacTo/URI, @Bcuk.
https://web.archive.org/web/20100622044236/http://adimen.si.ehu.es/~rigau/publications/ic-

ai04-vmr.pdf
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https://aclanthology.org/W00-0804.pdf
https://web.archive.org/web/20100622044236/http:/adimen.si.ehu.es/~rigau/publications/ic-ai04-vmr.pdf
https://web.archive.org/web/20100622044236/http:/adimen.si.ehu.es/~rigau/publications/ic-ai04-vmr.pdf
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https://arxiv.org/abs/2112.10668

Topnop Muxannos, 3opHuua Kosapesa, Becenun CtosiHOB; 21 aBTOpa — 1/7 OT TAX
Obnrapu. Bx. 6en. 3a koHd. CLIB 2024. Bux npunoxeHue ,,B*“: MHoroesmyHo
obyyeHune B koHTekcT (Multilingual In-context Learning Formulation), npoabrkeHue
Ha Brown, 2020 3a ,few shot learning”: onucaHue Ha 3agayaTa u HAKOMNKO npumepa
(sug ,prompt engineering”); XGLM: 564M, 1.7B, 2.9B, 7.5B cpaBHeH ¢ GPT3 go
6.7B; cnoeBe: 24,24,48,32, koHTekcT: 1024, 2048, 2048, 4096. O6y4eHne o 500B
TokeHa. PevHuk: 250K TokeHa unigram, SentencePiece; multinomial distribution.
Zero-shot learning, Few-shot learning: TectoBe ¢ Macku, nponycHaTu Aymu nnu
oTkbcu — Cloze-type test, cloze-style template, [mask] ... FLORES-101 MT task
https://en.wikipedia.org/wiki/Cloze test

* Efficient Large Scale Language Modeling with Mixtures of Experts, 20.12.2021
* Few-shot Learning with Multilingual Language Models, 2021

* Natural Language Grounded Multitask Navigation, 12.2019, Xin Wang, ...,
Zornitsa Kozareva ...(6) “...we introduce a generalized multitask navigation model
that can seamlessly be trained on language-grounded navigation tasks such as
Vision-Language Navigation (VLN) and Navigation from Dialog History (NDH)...”
reinforced cross-modal matching (RCM); Multitask-RCM ... Reward Shaping ..
Distance to Goal room — po6oTbT TpsibBa aa cTurHe Ao crasi, B KOSATO ce Hamupa
LeneBuaT NpeameT, a He 40 Tovka. PaHHU mogenn, KoUTo Bce oLle He 13nonasar
,0CcHOBHU" (foundation) 'EM kato PaLM u gp. n npeobpasutenu, a AByNOCOYHN
LSTM (bidirectional); goal-progress — HanpeabK KbM LieriTa B METPU KaTo MspKa.

* Visually Grounded Interaction and Language (ViGIL),
* Sentiment Prediction using Collaborative Filtering, 2013

* Cause-Effect Relation Learning, 2012 https://aclanthology.ora/W12-4107.pdf (upe3
wabnoHun, npsuna, n3pasm B Tekcta: X causes Y, A triggers B, C leads to D..., result’
is-a, part-of... nocTposiBaHe Ha rpadu; BUX ,TbpCeHe B nutepartypara“ ..

* Semantic class learning from the web with hyponym pattern linkage graphs.
In Proceedings of ACL-08: HLT, pages 1048—1056 Zornitsa Kozareva, Ellen Riloff,
and Eduard Hovy, 2008 — https://aclanthology.org/P08-1119/ semantic class learning
... 1.popularity/2.productivity, hyponym patterns + pattern linkage graphs ... “X and
other Ys”, “Ys such as X” ... Seed: class name + one instance - automatically finds
other instances (fish, singers, US states) ...: 1: 2: exhaustive search (reckless
bootstrapping) and then ranks the candidates using the outdegree scoring ...
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* BecenuH CtosiHOB — Veselin Stoyanov

https://scholar.google.com/citations?hl=en&user=xdfWgboAAAAJ&view op=list work
s&sortby=pubdate

* ROBERTa: A Robustly Optimized BERT Pretraining Approach, Y Liu, ... V
Stoyanov ... 2019 arXiv preprint arXiv:1907.11692

XLM-R, .. Facebook, Tome Al
https://azbuki.bg/news/novini-2024/broj-37-12-18-09-2024-g/chatbotovete-ne-sa-

bezgreshni/

KoHdepeHuna KomnroTbpHaTta nuHreuctuka B bunrapusa "Computational
Linguistics in Bulgaria " https://www.facebook.com/CompLinglnBulgaria/

2024 r. - 30 r. cekuma "KomnoTbpHa nnHrenctnka" B bAH

* NpecnaB HakoB

KoMnioTbpeH NUHIBUCT. MI3BECTEH KaTo cbCTe3aTen no nporpaMmmpaHe u
CbaBToOp Ha KHurata ,Anroputmm=l1porpammpaHe++“. 3ano4ysa ¢ CbC CKpUT
CEMaHTUYEH aHann3 n aBTOMaTU4HO M3BNMYaHe Ha MHGOPMaLMs U PUNTpupaHe Ha
cnam u ap."® n nsnonasaHe Ha ye6 kaTo kaTo kopnyc. Bnocneactene ce dpokycupa
BbpPXY OTKPUBAHETO Ha ,paniinsmn HOBUHU® 1 Ap.
https://scholar.google.bg/citations?hl=bg&user=rzJnkjgAAAAJ&view_op=list works&
sortby=pubdate

* Getting better results with latent semantic indexing, P Nakov, 6.2000
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=96e62b650e6b95b
8edee17d10197d40fd1d97517#page=164

* Latent semantic analysis of textual data, 2000, P Nakov
https://www.researchgate.net/profile/Preslav-

Nakov/publication/250268056 Latent semantic analysis _of textual data/links/55be
46e908ae092e966510cc/Latent-semantic-analysis-of-textual-data.pdf

* Using the web as an implicit training set, Preslav Nakov, Marti Hearst, 2005
https://biotext.berkeley.edu/papers/hlt-emnlp05-nakov.pdf

* Nakov, P., & Hearst, M. A. (2005). Search engine statistics beyond the n-gram:
Application to noun compound bracketing.

* Nakov, P., Hearst, M., & Hearst, M. (2005). A study of using search engine page hits
as a proxy for n-gram frequencies. Proceedings of Recent Advances in Natural
Language Processing (RANLP’2005)
https://Iml.bas.bg/ranlp2005/DOCS/RANLP2005.pdf#page=360

5 Building an Inflectional Stemmer for Bulgarian, P.Nakov, 2003
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=47104ac49462c8b4181429dfe12a5
ea36a6037ce * Finding Good Answers in Online Forums: Community Question Answering for
Bulgarian, T Mihaylova, | Koychev, P Nakov, | Nikolova, 2016
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https://biotext.berkeley.edu/papers/hlt-emnlp05-nakov.pdf
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* Non-Parametric Spam Filtering based on kNN and LSA, Preslav lvanov Nakov,
Panayot Markov Dobrikov, 2004
https://Iml.bas.bg/~nakov/selected papers_list/nakov_smb04 spam.pdf

CBbp3aHu ctatum: (Banko & Brill 01) Michele Banko and Eric Brill. Scaling to very
very large corpora for natural language disambiguation. In Proceedings of ACL,
2001. https://aclanthology.org/P01-1005 https://aclanthology.org/P01-1005.pdf

PaHHa paboTa B cTatucTMyeckata eankoBa obpaboTka B ronsim maiwab — eguH
Mununapg aymu. B IHTepHeT nma ,ctotuum munmonHn gymn® ... 1-billion word training
corpus ... news, scientific abstracts, government ..., literature etc. ... 1000 times >
than earlier experiments: ,then, than®, ,among, between®; ,to, two“ ... active learning
(select samples for annotation from the unannotated pool) - seed learner (a family of
learners) - run over unlabeled samples --> more useful if more uncertain
classification label (different decisions); unsupervised learning: HMM POS (Marialdo
1994), Yarowski "seeds for WSD", 1995; Niam et al: topic classifier 1998

* (Brin & Page 98) Sergey Brin and Lawrence Page. The anatomy of a large-scale
hypertextual web search engine. Computer Networks, 30(1-7):107-117, 1998
(Google)

* Nigam, N., McCallum, A., Thrun, S., and Mitchell, T. (1998). Learning to classify
text from labeled and unlabeled documents.

* Using context-window overlapping in synonym discovery and ontology
extension Maria Ruiz-Casado, Enrique Alfonseca and Pablo Castells, 2005,
Department of Computer Science Universidad Autonoma de Madrid, (RANLP 2005)
— u3MepBaHe Ha mogxoowue http://alfonseca.org/pubs/2005-ranlpi.pdf
https://lml.bas.bg/ranlp2005/DOCS/RANLP2005.pdf (p.450) Similarity metric ...
Distributional Semantics hypothesis — the meaning of a word w is highly correlated to
the contexts where w appears. Definitions of synonymy .. can appear in the same
contexts while preserving its truth value ... ; Measuring similarity between context:
Vector Space Model , context length — a sentence or a window; bag of words (the
vector is the presence of given words in the context — their index; no positional
information); hyponym, hyperonym, synonym; Pointwise Mutual Information —
words appearing near each other ... Synonym discovery; Ontology - “explicit
specifications of a conceptualisation”; ontology building, enrichment, population;
distance metric, based on co-occurrence information - clustering; Formal Concept
Analysis; supersense categories; pattern extraction and matching; dictionary
definitions analysis; hyperonymy discovery and extraction; top-down beam search ...
TA: Cmp(transformers, late 2010s+ NLP)

* M. Rajman and A. Bonnet. Corpora-based linguistics: new tools for natural
language processing, 1992

* P. D. Turney. Mining the web for synonyms: PMI-IR versus LSA on TOEFL, 2001
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* Gregory Grefenstette, Evaluation Techniques for Automatic Semantic
Extraction: Comparing Syntactic and Window Based Approaches ... term
variability, knowledge-rich & knowledge-poor; 4 megabyte corpus; syntactic context
of each word, regular grammar; “frequently occurring events can be more finely
analyzed than rarer ones. ... For frequent words, finer grained context such as that
provided by even rough syntactic analysis, is rich enough to judge similarity. For less
frequent words, reaping more though less exact information such as that given by
windows of N words provides more information about each word. For rare words, the
context may have to be extended beyond a window, to the paragraph, or section, or
entire document level, as Crouch (1990) did for rarely appearing words.”

* Gregory Grefenstette. Extracting semantics from raw text, implementation details.
Heuristics: the Journal of Knowledge Engineering, 1993

* G. Grefenstette. Sextant: Exploring unexplored contexts for semantic extraction
from syntactic analysis. 1992

* C. J. Crouch. An approach to the automatic construction of global thesauri.
Information Processing and Management, 26(5):629-640, 1990.

* Iliyan Zarov — Wanan 3apos - Llama2, Llamasg ,...
https://dblp.org/pid/209/9698.html https://www.toptal.com/resume/iliyan-zarov
MHdpopmaumsaTa 3a Hero e cebp3aHa ¢ obpasoBaHue B AHMUS.
https://hugqgingface.co/docs/transformers/en/model doc/llama2

n:

* Tomop Bopucos Muxaiiios - Todor Mihaylov - Meta Al, Llama2,
Llama3 https://dblp.org/pid/166/2019.html

* Knowledge-Enhanced Neural Networks for Machine Reading Comprehension,
Department of Computational Linguistics, 8.2021, Heidelberg University
https://archiv.ub.uni-

heidelberg.de/volltextserver/34352/1/Thesis_Todor Mihaylov_Camera_Ready.pdf
ITokTopcka qucepTariys. borato chabp)kaHue 3a Obp30 HaB/IM3aHe B 00paboTKaTa Ha
eCTeCTBEH e3HK, MallIMHHO pa30rpaHe Ha e3WK, OTTOBapsiHe Ha BBITPOCH U mp. Discourse-
Aware Semantic Self-Attention encoder — relations(discourse units, events, arguments, co-
referents*) — with discourse-semantic annotations, QA, ConceptNet, .. discourse relation
sense disambiguation ... discourse, semantic types, question types; “Semantic role labeling

(events) improves who, when; intra-sentential Explicit discourse relations — why, where.”;
Coreference; non-explicit (implicit) disc.rel.; pre-training, fine-tuning, transfer learning;
adapters, BERT.

External knowledge: KB & corpus. KnowBERT,2019 w. WordNet & Wiki. Retrieve-
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and-augment 2020; Open QA tasks; Penn Discourse Treebank; Google News dataset; CNNs
for sentence classification; LR — logistic regression; Semantic Features: Word Embeddings:
Word2Vec; Sent.match.Discourse Analysis, semantic relationships, information extraction:
Temporal.Async.Precedence (two events, “before”), Expansion.Conjunction (“and, but, or”),
EntRel (people, places, things, concepts) — entity relationships, Contingency.Cause.Reason,
Comparison.Contrast.

See 4.2, fig. 4.1. Skillful Reader: NER, Question Type Classification (TREC, QTC dataset by
Li and Roth (2002a) — 6 coarse and 50 fine-grained types), Paraphrasing (lexical & syntactic),
Textual Entailment ... mixing embeddings of Document & Question ... Prediction layers;
Semantic Role Labeling (who did what to whom: verbs and arguments ARGO, ... CoNLL
2005 SRL dataset for sequence labeling), Entity Description Classification (DbPedia:
“Company, Athlete, Artist”); Discourse Relation Sense Classification (CoNLL 16 ST),
Paraphrasing Detection (Quora, MRPC) ...cmp: progressive neural networks (Rusu et al.,
2016); NLI — inference (entailment, contradiction, neutral relation) — SNLI dataset (Bowman
et al., 2015) — common knowledge; MNLI (Williams et al., 2018) — many domains. Microsoft
Research Paraphrase Corpus (MRPC) (Dolan and Brockett,2005); Quora Question Pairs —
400K

* See Ruslan Mitkov, anaphora resolution; see Question Answering, cmp: 2006 ...

* Boris Velichkov, Borislav Kapukaranov, lvan Grozev, Jeni Karanesheva, Todor
Mihaylov, Yasen Kiprov, Preslav Nakov, lvan Koychev, Georgi Georgiev:
SU-FMI: System Description for SemEval-2014 Task 9 on Sentiment Analysis in
Twitter. SemEval@COLING 2014: 590-595

* Knowledgeable Reader: Enhancing Cloze-Style Reading Comprehension with
External Commonsense Knowledge, Todor Mihaylov, Anette Frank, 2018
https://aclanthology.org/P18-1076/ https://aclanthology.org/P18-1076.pdf

Reading comprehension (RC): a passage of text — answer questions about it. cloze-
style; Cloze-style RC — placeholders (missing words). Common Nouns dataset; Open
Mind Common Sense (OMCS, Singh et al. (2002) ~ 630k facts (2024: ConceptNet ~
2M); (subject, relation, object) ... https://conceptnet.io/
https://github.com/commonsense/conceptnet5/
https://hugqgingface.co/datasets/conceptnet5/conceptnets
https://en.wikipedia.org/wiki/Open_Mind Common_Sense M.Minsky et al., crowd-
“The snow is cold”. - ConceptNet. htips://en.wikipedia.org/wiki/Never-
Ending_Language Learning

ConceptNet 5.5: An Open Multilingual Graph of General Knowledge Robyn Speer et
al., 12.2018, https://arxiv.org/pdf/1612.03975
OpenCyc, DBPedia, Open Multilingual WordNet (Bond and Foster 2013)

* Discourse Relation Sense Classification Using Cross-argument Semantic
Similarity Based on Word Embeddings. Todor Mihaylov, Anette Frank (2016).
* Neural Skill Transfer from Supervised Language Tasks to Reading Comprehension.
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Workshop on Learning with Limited Labeled Data (LLD), Todor Mihaylov, Zornitsa
Kozareva, Anette Frank (2017) at NIPS 2017

* Momuun Xappanos, https:/mhardalov.com/uploads/Momchil_CV.pdf

https://scholar.google.com/citations?user=DfXsKZ4AAAAJ&hl=en

* Knacnyecku TpyaoBe no paspewaBaHe Ha MHOFO3Ha4YHOCT
ype3 n3non3BaHe Ha KOHTeKcTa u kopnycu — Word Sense
Disambiguation WSD, Context, Corpus Linguistics #WSD

* Yarowsky, D. (1995) Unsupervised word sense disambiguation rivaling supervised
methods, 1995. ...one-sense-per-discourse hypothesis , 37,232 examples (hand-
tagged over a period of 3 years), seed examples dictionary-based approaches,
including Lesk (1986), Guthrie et al. (1991), Veronis and Ide (1990), and Slator
(1991). ... "Hearst, 1991: bootstrapping to augment training sets for a supervised
sense tagger. Train a fully supervised algorithm on hand-labelled sentences, applied
the result to new data and added the most confidently tagged examples to the
training set." Schiitze (1992) has pioneered work in the hierarchical clustering of word
senses. .. generate up to 10 sense clusters and then manaually assigned to a fixed
sense label, hand-inspection of 10-20 sentences per cluster... in Yarowsky: first
deciding the groups (in the example: "manifacture plant”, "plant life" )

* Yarowsky, David "Word-Sense Disambiguation Using Statistical Models of Roget's
Categories Trained on Large Corpora," in Proceedings, COLING-92, Nantes, France,
1992.

* Yapowsky, David, "One Sense Per Collocation," in Proceedings, ARPA Human
Language Technology Workshop, Princeton, 1993.

* Hearst, Marti, "Noun Homograph Disambiguation Using Local Context in
Large Text Corpora," in Using Corpora, University of Waterloo, Waterloo, Ontario,
1991. https://people.ischool.berkeley.edu/~hearst/papers/oed91.pdf CatchWord;
context similarity: orthographic, syntactic, and lexical features; multi-million word
corpora; ... propose the use of WordNet; "Hindle and Rooth's indisputable
observations"; Zernik 1991

* Kelly, E. & P. Stone (1975). Computer recognition of english word senses, volume
13 of North-Hol land Linguistics Series. North-Holland, Amsterdam.

* Zernik, 1991 — P(aymu B npo3opeL OT ABETe CTpaHW Ha uenesarta agyma), ganu ca
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CbCeaHW, YeCcToTH B Kopnyca ...subject code marking.

* Schiitze, Hinrich, "Dimensions of Meaning," 1992.

* Lesk, Michael, "Automatic Sense Disambiguation: How to tell a Pine Cone
from an Ice Cream Cone," Proceeding of the 1986 SIGDOC Conference,
Association for Computing Machinery, New York, 1986. — Pe4yHnkoBuAT meTtoq

* Choueka, Y. & S. Luisgnan (1985). Disambiguation by short contexts. Computers
and the Humanities, 19(3):147{157

* Hirst, G. (1986). Semantic Interpretation and the Resolution of Ambiguity.
Cambridge University Press, Cambridge.

* Mitchell, T. M. (1980). The need for biases in learning generalizations. Technical
Report CBM-TR-117, Rutgers University, Department of Computer Science.

* Zernik, U. (1991). TRAIN1 vs. TRAINZ2: Tagging word senses in corpus. In RIAO 91
Conference Proceedings, pages 567{585, Barcelona, Spain.

* Wilks, Y. A., D. C. Fass, C. ming Guo, J. E. McDonald, T. Plate, & B. M. Slator
(1990). Providing machine tractable dictionary tools. Journal of Computers and
Translation, 2.

* Hindle, D. & M. Rooth (1991). Structural ambiguity and lexical relations. In
Proceedings of the 29th Annual Meeting of the Association for Computational
Linguistics

* Havasi, C., Speer, R., & Alonso, J. B. (2007). ConceptNet 3: A Flexible, Multilingual
Semantic Network for Common Sense Knowledge.
https://web.media.mit.edu/~lieber/Teaching/Common-Sense-Course/ConceptNet-

3.pdf

* Barriere, C., & Ménard, P. A. Multiword noun compound bracketing using Wikipedia,
2017 https://aclanthology.org/W14-5708.pdf

Pa3pelwsaBaHeTo Ha MHOro3Ha4YHOCT B Smarty

‘Han-nHtenureHTHmaT pedHunk” ot 2007 r. ,Smarty”, T.Arnaudov, R.Mitkov cbLy0
napbpuBawe WSD, HO no npocT HauuH ¢ ,Topba ot aymn“ (bag of words) n pasamuto
CpaBHeHune ¢ Hopmanuaaums no ctatumte ¢ npumepm ot WordNet (n3nonssaH 2.0 no
TeXHUYecKkn npuyunHK). Cnegpallara cTbnka 6elle aa ce Tbpcu B CBbpP3aHu C TSX
AYMM 1 M., HO He Belue n3nbiHeHa.
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* benexku 3a KoHcepeHuuatTa CLIB 2024 B Co ot T.ApHaynos:
https://youtu.be/Ewc7bMbc7SY?t=23171

Ivelina Stoyanova: Semantic Features in the Automatic Analysis of Verbs of Creation
in Bulgarian and English

16:20 — 16:45 — lvelina Stoyanova, Hristina Kukova, Maria Todorova, Tsvetana
Dimitrova: Multilingual Corpus of lllustrative Examples on Activity Predicates
Verbs: 15 semantic classes: motion, emotion, communication, change, contact,
creation, consumption, competition, body... exclude: idiomatic, phrasal v. (xogs Ha
nos), light verb constructions (Tbpcu otrosop) ... Frames, hierarchical (Inheritance,
use, subframe, ...) Causation

BUulEnAC (Clause-Aligned Corpus)

Bulg-English parallel corpus

Language Resources: 15:55 — 16:20 — Svetlozara Leseva: A ‘Dip-dive’ into Motion:
Exploring Lexical Resources towards a Comprehensive Semantic and Syntactic
Description: FrameNet, WordNet, SemCor, BulSemCor, VerbNet, VerbAtlas
Ontology of Activity Predicates for linguistic modeling...

Tpyznose ot 2016 r: https://dcl.bas.bg/clib2018/wp-content/uploads/2016/09/clib-2016-
proceedings-v03.pdf#page=62
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* Programming languages, program synthesis & verification,
compilers and code optimization, formal verification, static
analysis, interpreters, concurrency... #programlanguages #programsynthesis

* Becenun PaiiueB

* MaprtuH Beues'®
* CBerocs1aB KapauBaHoB U jp.

* Vesselin Raychev, . “Learning from Large Codebases”, 2016, PhD
thesis https://files.sri.inf.ethz.ch/website/people/veselin/raychev thesis.pdf
Supervisor: Martin Vechev. Papers: p. vii — viii e.g.: “Deep Code”, CRF —
conditional random fields, ... Top 3 PhD papers ...

* Svetoslav Karaivanov, V.Raychev, M.Vechev, Phrase-Based Statistical
Translation of Programming Languages, 2014
https://files.sri.inf.ethz.ch/website/papers/onward14.pdf ... Parallel data collection,
Word alignment, Phrase table construction ... ,,C#: Console . WriteLine ( "Hello
World!" ) ; Java: System . out . println ( "Hello World!" ) ;... Compute score
(probability) P(C# phrase, Java phrase) ... BLEU score for evalation (matching
tokens) ... - phrase table for both translation probabiliy and reverse translation
probability; max-likelihood estimation; smoothing with lexical weighting; short/long
phrase penalty ... Beam-search, grammar from partial translation. Prefix Grammars,

rules of a context-free grammar e.g. terminal, nonterminal, orExpr, andExpr,
parenthesizedExpr, specailExpr (* ? + ) ... Explore the possible continuations ... e.g.
pre(S = S1|S2) = pre (S1 - aS1blab), pre(S2 = cS2d|cd) } ... They used: Mining
Translations ... they request an “Amazon Turk”-like approach for creating parallel
corpora for translation like for NL. They used: Db4o, Lucene, Hibernate, Quartz and
Spring (both for Java & C#), 21K translation pairs. <tree> = <tree>; BLUE (86%-
90%), Parse & Compile rate (57-98—99% & 49-69%) ... Performance: “Word
alignment for the collection of parallel data: ~50 hours for 20K sentence pairs on
Ubuntu, 2.13 GHz Xeon E7-4830 (8 cores, 16 threads). Transl.: 2 h to gen. 30-best
transl. for 980 methods in the eval. data. “adding programming-language specific
features improves the precision of the system. We believe that further research on the
problem should focus on experimenting with statistical techniques combined with
deeper semantic features.” Note Tosh: C# & Java are similar in many ways and a lot

6 M.B., nogkact ,CBpbx4oBeKkbT?“, onuTHa pa3paboTka Ha BUpTyanHa malivHa Ha Java okorno 1999-
2000 r. B Bvnrapusa (unmn 2001-2002? Hay4dHa ctatua ot 2002 r. @Bcu: npsp
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of the code is appropriate for almost direct port, unlike C++ to, or from Java, or C++
to Python. The conclusion is correct and also obvious, see Michail Bongard, 1967,
Muxaun borrapg, 1967: TIpobnema y3naBanus (in English “Pattern Recognition”) and
the repeating of his thoughts by F.Chollet.

* Chameleon: Adaptive Selection of Collections, Ohad Shacham, Martin Vechev,
Eran Yahav https://csaws.cs.technion.ac.il/~yahave/papers/pldi09.pdf

semantic profiling TVLA - flexible static analysis

* Automatic verification of determinism for structured parallel programs,
Vechev, M., Yahav, E., Raman, R., & Sarkar, V. (2010).
https://www.cs.rice.edu/~vs3/PDF/VYRS10.pdf task-parallel programs ... check if:
independent memory accesses; tool: DICE; sequential analysis ...

Refactoring with synthesis, Veselin Raychev, Max Schéifer, Manu Sridharan, Martin
Vechev, 2013/10/29 https://manu.sridharan.net/files/OOPSI.A13Refactoring.pdf
synthesis from examples, Local refactorings on small fragments, heuristic search,
Resynth plugin Eclipse; Correct Local Refactoring; Synthesize Local Refactoring
Sequence ...

* Code completion with statistical language models, Veselin Raychev, Martin
Vechev, Eran Yahav, 2014 https://csaws.cs.technion.ac.il/~yahave/papers/pldi14-
statistical.pdf - yacTHuHU rporpamMu c TIponyckwu (,,AyTnKu“, holes, He3armb/iHeHU
Hellla); CTaTUCTUUeCKH MO/ieT + K/lachueCKH MporpaMHU TeXHUKY; Slang; chueTaBaHe
Ha N-gram (3-gram) u RNN; Bx 8.ap: MatchMaker, MAPO, Strathcona; code search .

* Automatic inference of memory fences, Michael Kuperstein, Martin Vechev, Eran
Yahav, 2010/10/20 — for concurrent programming; automatic formal verification;
“relaxed” (or “weak”) memory models (RMMs) — out of order & non-atomic
execution; memory fence, memory barrier; over-fencing vs under-fencing (worse
performance vs unexpected execution); load balancing; finte-state programs, SAT-
solving, transition system, error state identification; ordering constraints; execution
buffers, reordering box, local instruction buffer. constraint solving: L — labels, 11 < 12 (
11, 12 — labels in the program; 11 must execute before 12) ; optimality & correctness;
fender, blender; blocking queue; Work-Stealing Queue; fence-types: store-store, store-
load, load-load, load-store; Abstract Memory Models (AMMs) ; Goal: Program, safety
spec, memory model: P,S,M = P’ with fences satisfying S under M, while minimizing
the performance impact. Constraint representation as Binary Decision Diagrams, a
transition system for P under M. Constraint language F. Graph of the states &
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transistions, transitions system; avoidable tr. — can add fences, vs unavoidable
transitions; delay set analysis

* “How to Make a Multiprocessor Computer That Correctly Executes Multiprocess
Programs”, Leslie Lamport —“sequential consistency”

* Synthesis for Concurrency, M.Vechev, EranYahav, Greta Yorsh,
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=24b78da101dfac0d208e4ce893b89
dacc3071a45

* Race Detection for Web Applications, Boris Petrov, Martin Vechev, Manu

Sridharan, Julian Dolby https://www.cs.columbia.edu/~junfeng/12fa-e6121/papers/js-
race.pdf

“happens-before relation”, WebRacer; Verification; concurrency, asynchrony; deferred
scripts

* Predicting program properties from" big code", Veselin Raychev, Martin
Vecheyv, Andreas Krause, 1.2015 https://janvitek.org/events/NEU/7580/papers/more-
papers/jsnice15.pdf ... CRFs, pasno3HaBa mogenu Ha Kog, npeobpasyBa KpaTku
MMeEHa Ha NpoMeHNNBK B obNry, ... the first applying Conditional Random Fields
CRFs in the context of programs; dependency network m <n,m,rel> — connects
unknown properties to known ones; structured joint prediction; i +=t - dependency
<i,t,L+=R>; Maximum a Posteriori query (MAP) — given a program X, find y = argmax
... the most likely program properties; Z(x) — partition function; name prediction JS
code JSNICE;

* Programming with “big code”, Martin Vechev, Eran Yahav, 2016/12/28, Journal
Foundations and Trends in Programming Languages,
https://www.nowpublishers.com/article/DownloadSummary/PGL-028 github,
stackoverflow as corpus of code, statistical learning: CRFs (conditional random
fields) ...

@Bcu: ?T, npnx [,,] +“Abstract interpretation, Compilation and interpretation techniques,
Domain specific languages, Formal semantics, including lambda calculi, process calculi, and
process algebra, Language paradigms, Mechanical proof checking, Memory management,
Partial evaluation, Program logic, Programming language implementation, Programming
language security, Programming languages for concurrency & parallelism; Program
synthesis, Program transformations, optimizations, verification; Runtime techniques for
programming languages; Software model checking, Static and dynamic program analysis,
Type theory and type systems

* Learning programs from noisy data, Veselin Raychev, Pavol Bielik, Martin
Vechev, Andreas Krause, 1/2016

https://files.sri.inf.ethz.ch/website/papers/popl16.pdf regularized program generator, :
Iterative Synthesis Algorithm, data sampler: part of the dataset, not all (some of them
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noisy); reduce search space; noise bound = 0.2 - 1 error out of 5 samples; 4.1.
program generator with errors: examples input->output; regularizer, punishes longer
programs; empirical risk minimization (ERM) task over a discrete search space of
programs ... Related: Boolean program synthesis, Quantitative p.s., Statistical code
completion, Discriminative learning — classification, not generation; Core sets, genetic
alg., dataset cleaning (of the noise), Probabilistic programs (Psketch, mixture of
Gaussians)

* Fine-Grained Semantics for Probabilistic Programs, Benjamin Bichsel, Timon
Gehr & Martin Vechev, 2018 https://link.springer.com/chapter/10.1007/978-3-319-
89884-1 6 ... expressive probabilistic programming language

* Programming with “Big Code”: Lessons, Techniques and Applications, Pavol
Bielik, Veselin Raychev, and Martin Vechev, 2015 — probabilistic models & clustering;
BLEU score; need for semantics; prediction approach: CRF, discriminative log-linear
classifier for structured prediction .. p.4

* Differentiable abstract interpretation for provably robust neural networks,
Matthew Mirman, Timon Gehr, Martin Vechev, 2018
https://proceedings.mir.press/v80/mirman18b/mirman18b.pdf

* Probabilistic model for code with decision trees, V Raychev, P Bielik, M Vechey,
ACM, 10.2016, OOPSLA 2016 https://pavol-bielik.github.io/data/papers/oopslai16-
dt.pdf Domain specific language DSL over abstract syntax trees (TGEN); recognize
the right context of similar usages; others: DeepSyn, ID3; DEEP3 JavaScript, Python;
to their knowledge — the first work to use decision trees for learning programs

* ABSTRACTION-GUIDED SYNTHESIS, Inventors: Martin Vecheyv, Eran Yahav,
Greta Yorsh, 2011/10/20, Patent office, US, Patent number, 20110258606,
Application number, 12/762002 - verification of parallel programs, concurrency;
https://patentimages.storage.googleapis.com/d7/46/1e/c6faf2fd69be92/US8495588.p
df

* Abstraction-Guided Synthesis of Synchronization, Martin Vechev IBM Research
Eran Yahav IBM Research Greta Yorsh IBM Research, 1/2010
https://www.researchgate.net/profile/Eran-Yahav/publication/220997414 Abstraction-
Guided_Synthesis_of Synchronization/links/09e4150cf4413a77a0000000/Abstractio
n-Guided-Synthesis-of-Synchronization.pdf inferring correct and efficient
synchronization in concurrent programs, GUARDIAN; generating atomicity
constraints; accumulating atomicity constraints by iteratively eliminating invalid
interleavings; atomicity predicates; schemes/lattices looking like a guitar tabulature
with circles on the intersections; parity abstraction; partial abstract transition system
<§,T,Init >: States, transitions, initial state; src(t), dst(t); trace n — sequence of
transitions; syntax: assignments, non-deterministic choice, conditional jump/goto,
sequential composition, parallel composition, atomic section. No dynamic threads,
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nested atomic sections & parallel composition inside atomic sections ...

* CGCExplorer: A Semi-Automated Search Procedure for Provably Correct
Concurrent Collectors, Martin T. Vechev, Eran Yahav, David F. Bacon, Noam
Rinetzky, 2007 https://www.math.tau.ac.il/~maon/pubs/pldi07-cgc.pdf

*VECHEV, M., AND YAHAV, E. Deriving linearizable fine-grained concurrent
objects. In PLDI (2008), pp. 125-135.

* VECHEV, M. T., YAHAYV, E., BACON, D. F., AND RINETZKY, N. Cgcexplorer: a
semi-automated search procedure for provably correct concurrent collectors.
In PLDI (2007), pp. 456—467. Garbage collectors for C#, Java etc. automatic
exploration of a space of concurrent mark-and-sweep collectors

*VECHEV, M. T., YAHAYV, E., AND YORSH, G. Inferring synchronization under
limited observability. In TACAS (2009), pp. 139-154

* Bug Localization with Statistical Models, Pavol Bielik,Svetoslav Karaivanov,
Veselin Raychev, Martin Vechev, Christine Zeller, 2015

Silg: A high-level quantum language with safe uncomputation and intuitive semantics,
B Bichsel, M Baader, T Gehr, M Vechev, ACM PLDI 2020
https://files.sri.inf.ethz.ch/website/papers/pldi20-silg.pdf

* Phrase-based statistical translation of programming languages, Svetoslav
Karaivanov, V Raychev, M Vechev, ACM Onwards 2014, 159, 2014
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=211c48b664b4cb0
2b816b88bdfbdf2a098672d34 sentence alignent, prefix grammar; parallel data
collection, word alignment - method pairs, aligned method pairs, phrase table; n-
gram model;

* KOEHN, P. Statistical Machine Translation, 1st ed. Cambridge University Press,
New York, NY, USA, 2010.

* KOEHN, P., OCH, F. J., AND MARCU, D. Statistical phrase-based translation. In
NAACL’2003 - Volume 1.

* Robustness certification with generative models, M Mirman, A Hagele, P Bielik,
T Gehr, M Vechev, 4.2020 - @Hamepu 6en. Ha T.A. n BKNu.
https://arxiv.org/abs/2004.14756 continuous transformations between images via
latent-space interpolation. — nopaxxgaHe Ha MeXAMHHN NONoXeHna Ha obpasun ypes
WHTepnosnaumst Ha CKPUTOTO NPOCTPAHCTBO Ha Ternara (3aBbpTaHus Ha nuue 1 ap.
rotation); cuctema 3a sepudpukauna APPROXLINE, cbe curypHu rpannum B P(x);
probabilistic bounds, APPROXLINE, EXACTLINE .. .piecewise-linear activation
functions ... VAE; No-paHHn pabotn: PROVEN (Weng et al., 2018), Dvijotham et al.
(2018a); cepTupmumpaHe 3a 4ETEPMUHUCTMUYHN CBOMCTBA
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* Programmable Synthetic Data Generation, Mark Vero, Mislav Balunovic, Martin
Vechev, 23 Sept 2023 (modified: 11 Feb 2024) — ProgSyn, the first programmable
synthetic tabular data generation method. Differential privacy (DP) or fairness
https://openreview.net/pdf?id=KTL534070t Fair Classification; medical data, ...

* Programming with" big code": Lessons, techniques and applications, P Bielik,
V Raychev, M Vechev, 2015, 1st Summit on Advances in Programming Languages
(SNAPL 2015)

* Differentiable Abstract Interpretation for Provably Robust Neural Networks,
Matthew Mirman, Timon Gehr, Martin Vechev, 2018

2. Robustness and Sound Approximations — point x:R* ; a ball of radius epsilon
around a point assigns the same class to all points. n-robust ... labeled training
examples ... worst-case adversarial loss; abstract interpretation (Cousot & Cousot,
1977): abstract domain D, abstraction function a; concretization function v;

P(RY - D(RP), p € N; abstract transformer (computable function); overapproximates;
interval domain; zonotope, total error ... line segments as Hybrid zonotopes ...

* Cousot, P. and Cousot, R. Abstract interpretation: a unified lattice model for static
analysis of programs by construction or approximation of fixpoints. In Symposium on
Principles of Programming Languages (POPL), 1977.
https://www.di.ens.fr/~cousot/COUSOTpapers/publications.www/CousotCousot-POPL-77-
ACM-p238--252-1977.pdf

-34*456  -(+)*(+)  ()*(+)  (-) ... the results of the abstract execution give some info
on the actual computations; consistent abstract interpretations form a lattice ... abstract
program properties — complete semilattice; order-preserving functions...

Topic: Static program analysis of programs (without execution); simplification; loss of
precision; soundness: must be correct in the concrete execution; concrete domain; abstraction
function alpha and concertization f. gamma. Program semantics as fixpoints (stable states,
points of equations) - widening: jumping to more general abstract state vs, narrowing: get a
more precise form from an over-approximated fixpoint. Static analysis: type checking, data
flow analysis, security, bug detection, verification(prove specification properties, check safety
conditions, find optimization opportunities). Abstract domains: represent selected program
properties - simpler than the concrete program states, but they must preserve the relevant inf.
for analysis. Usages: dead code elimination, constant propagation, loop optimization, proving
lack of runtime errors, checking security properties, verifying concurrent programs; null
pointer detection, array bounds checking, memory leak detection
TA: Note that AST, Abstract Syntax Trees are slightly different domain about the syntax,
syntactic structure, formal grammars for parsing and compilation, originating in 1960s; while
the Cousot’s Abstract interpretation is about the semantics as integrity and safety, verification,
program analysis.
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* Patrick Cousot. Définition interprétative et implantation de languages de
programmation. Thése de Docteur Ingénieur en Informatique, Université Joseph Fourier,
Grenoble, France, 14 Décembre 1974.
https://www.di.ens.fr/~cousot/COUSOTpapers/CousotTheseDi1974.shtml

* P.Cousot. Méthodes itératives de construction et d'approximation de points fixes
d'opérateurs monotones sur un treillis, analyse sémantique des programmes (1978)

* Patrick Cousot. 2021. Principles of Abstract Interpretation. MIT Press
https://mitpress.mit.edu/9780262044905/principles-of-abstract-interpretation/

* The Best of Abstract Interpretations, 7.1.2025, Roberto Giacobazzi, Francesco Ranzato
https://dl.acm.org/doi/pdf/10.1145/3704882 *, the best possible abstract interpretations of
programs. abstraction and concretization maps; bca — best correct approximation is not
compositional; inherent intensional nature of abstract interpretation; program p, abstract
domain A; inductive abstract semantics; least domain refinement ... 17 Example: The abstract
domain Sign Z 6 cases; abstracted to 3: (>=0, =0 >=0); then to other 3: (Z<0, Z=0, Z>0)
with some relations: (Z>=0,Z<=0) Z=0;7Z>=0 Z>0;72<=0 Z<0...

* Learning a static analyzer from data, Pavol Bielik, Veselin Raychev, Martin
Vechev, 2017 https://arxiv.org/pdf/1611.01752

DSL for static analysis rules, synthesis alg., oracle, counter-example guided learning,
Equivalence Modulo Abstraction (EMA): Semantic-preserving transformations (dead-
code insertion, variable renaming, constant modification, side-effect free expression):
to prevent overfitting; for robustness; cmp equivalence modulo inputs (EMI) —
compiler validation, correctness of the compiler; similar to EMA + control flow
restructuring, expression rewriting (x+1 2 1+x)

* Al2: Safety and Robustness Certification of Neural Networks with Abstract
Interpretation, Timon Gehr, Matthew Mirman, Dana Drachsler-Cohen, Petar
Tsankov, Swarat Chaudhurix, Martin Vechev
https://www.cs.utexas.edu/~swarat/pubs/sp2018-ai2.pdf

* Adversarial Robustness for Code, Pavol Bielik, Martin Vechev, 2020
https://proceedings.mir.press/v119/bielik20a/bielik20a.pdf

Model that abstains (Liu et al., 2019) from making a prediction
when uncertain, effectively partitioning the dataset into two parts: one with accurate
and robust predictions, and it doesn’t in the other and remains robust; adversarial
training (Goodfellow et al., 2015) to the domain of code; refine the representation
used as input to the model by learning the parts of the program relevant for the
prediction to reduce the number of places that affect the prediction; finally: an alg.
for train. multiple models, each learning a specialized representation that makes
robust predictions on a different subset of the dataset.
The program is a sequence of tokens; the NN uses a selection function to evaluate the

7 Patrick Cousot. 2021. Principles of Abstract Interpretation. MIT Press
https://mitpress.mit.edu/9780262044905/principles-of-abstract-interpretation/
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confidence and decide is the prediction above particular certainty. The adversarial
training: applying valid modifications of the program 6 CA(x), e.g. changing
identifiers (“width” to “h”, “height” to “w”) and evaluating the predictions which by
default may become wrong — if the model is biased with specific identifiers, e.g.
“width” is usually abbreviated to “w” and “h” may confuse it. The adversarial training
aim is not to minimize the expected loss on the original distribution
E(x,y)~Dl[loss((f, gh)(x), y)], but the expected adversarial loss: max ... (x + 8), y)]

* Liu, Z., Wang, Z., Liang, P. P., Salakhutdinov, R. R.,Morency, L.-P., and Ueda, M.
Deep gamblers: Learning to abstain with portfolio theory. In Advances in Neural
Information Processing Systems 32, NeurIPS’19, pp. 10622-10632. 2019.

* Goodfellow, I. J., Shlens, J., and Szegedy, C. Explaining and harnessing adversarial
examples. In 3rd International Conference on Learning Representations, ICLR’15,
2015.

* LARGE LANGUAGE MODELS ARE ANONYMIZERS, Robin Staab, Mark Vero,
Mislav Balunovic, Martin Vechev, 2024 https://openreview.net/pdf?id=xIfEb7q9Rh
privacy, adversarial anonymization; tools: Presidio, Azure Language Studio; high-
accuracy predictions of personal attributes from online posts; personal data, personal
identifiable information Pll, GDPR; privacy-utility tradeoff; Author Profiling: identify
key author attributes (gender, age etc.); Text Anonymization Benchmark (TAB) (Pilan
et al., 2022); PersonalReddit dataset - real-world online comments & human-labeled
personal attribute inferences

TA: the identification is only of “as if” the author had a particular age, location
etc., if she was honest, because she also can deceive and intentionally share
misinformation in order to confuse an “adversarial” reader.

* Hiding in Plain Sight: Disguising Data Stealing Attacks in Federated Learning,
Kostadin Garov, Dimitar | Dimitrov, Nikola Jovanovi¢, Martin Vechev, 2023
https://arxiv.org/pdf/2306.03013 Malicious server (MS) attacks, Gradient leakage
attacks — undetected data leakage; data stealing, secret embedding & reconstruction
(SEER) — distributed NN training; biasing training to particular objectve e.g.
memorizing particular data, image etc.; “memory via decoder”; Can the clients detect
the attacks — by checks of the model updates ...

* Fischer, M., Balunovi¢, M., Drachsler-Cohen, D., Gehr, T., Zhang, C., & Vechev, M.
(2019). DL2: Training and querying neural networks with logic. Deep Learning
with Differentiable Logic; logic — as a loss function; declarative constraint language;
loss = 0 if the constraints are satisfied; it is differentiable almost everywhere; optimize
with projected gradient descent (PGD) — for robustness constraints.
https://qithub.com/eth-sri/dI2

* BgGPT 1.0: Extending English-centric LLMs to other languages, A Alexandrov,
V Raycheyv, DI Dimitrov, C Zhang, M Vechev, K Toutanova, arXiv preprint
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arXiv:2412.10893 3 2024

* Prompting Is Programming: A Query Language for Large Language
Models, L.Beurer-Kellner, M.Fischer, M.Vechev, 2023 - Language Model Programming
(LMP), LMQL,; final and follow abstractions; model-specific token masks; deoding: greedy
(argmax), sampling, full, beam search; masked — exclude selected tokens at selected positions;
few-shot prompting: “translate English to Bulgarian: “a dog barks => kyue nae; ropeii yaii
=> hot tea; ... cupeHe => “; Multi-Part Prompting; meta-prompts: query expansion; scripted
beam search; chain-of-thought prompting [Wei et al. 2023]; tasks: arithmetic reasoning, odd
one out (koe e U3/MIIIHO, pa3/inuHo); date understanding; Python; ReAct;

Note: ReAct (Reason+Act): use a search engine, access a knowledge base,
perform a calculation with a tool, call a function to get data or perform an
operation; answer the question if the LLM believes it has enough info;1.
Observation: "What'’s the current weather in Plovdiv?”. 2. Thought: “I need to find
the current weather for Plovdiv. | can use a weather API to get this information.”.
3. Action: Use a weather API with location “Plovdiv”. 4. Observation: the returned
value from the API: “Current weather is: Sunny, 25 degrees Celsius.” 5. Thought:
“Now | have the weather info. | can formulate the final answer.”. 6. Action: “The
current weather in Plovdiv is Sunny, 25 degrees Celsius”.

Can solve math problems, logic puzzles, complex reasoning tasks; make
decisions using multi-step processes, gather external information, do strategic
planning; retrieve information: research, fact-check, data analysis. Separate
thought from action, maintain logical flow, document observations
(explainability), consider alternatives; build on observations, adjust based on
feedback; refine ...

* ReAct: Synergizing Reasoning and Acting in Language Models

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak Shafran, Karthik
Narasimhan, Yuan Cao,3.2023 https://arxiv.org/abs/2210.03629
https://www.promptingguide.ai/techniques/react

For tool use (access Wikipedia): external Python scripts, phrases: Search and
Finish; beam search with multiple hypotheses ... the loop ends when reaching a
Finish action;

*BEYOND MEMORIZATION: VIOLATING PRIVACY VIA INFERENCE WITH
LARGE LANGUAGE MODELS, Robin Staab, Mark Vero, Mislav Balunovic, Martin
Vechey, 5.2024 https://arxiv.org/pdf/2310.07298 T: criticism: The given examples are
too “cheesy self-revealing”, using stereotypical phrases for British, Australlian,
particular locations etc. as if the user wants to emphasize this particular identity.
“Waiting for a hook turn” ... - Google search: top results: “Road Rules: The CRAZY
Melbourne Hook Turn!”, “Is Melbourne the only place with hook turns?”, “Are there
hook turns in Adelaide?”

Privacy Leakage in LLM, memorization, free text inference; PersonalReddit (PR)
Dataset: 520 Reddit profiles, 5814 comments year 2012-2016; 8 attribute categories:
age, education, sex, occupation, relationship status, location, place of birth, income.
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* Vassil Vassilev, Alexander Penev et al. — programming languages,
compilers, interpreters hitps://vassil.vassilev.info/

* Cling—the new interactive interpreter for root 6, V Vasilev, P Canal, ANaumann,
P Russo, Journal of Physics: Conference Series 396 (5), 052071, 61, 2012
https://iopscience.iop.org/article/10.1088/1742-6596/396/5/05207 1/pdf

Clang, LLVM, C++ interpreter for CERN, REPL read-evaluate-print-loop, rapid
application development RAD, experimentation. Replaces Cint. ... error recovery;
reflection with integration with ROOT
* Brun R and Rademakers F, S 1996 ROOT - An Object Oriented Data Analysis Framework
* Goto M, A 1996 Concept and application of Cint C++ interpreter Interface magazine
(Japanese)
* SolidOpt-Innovative Multiple Model Software Optimization Framework, VG
Vassilev, AP Penev, TK Petrov, IEEE and STRL: The Secondio Conference on
Creativity and Innovations in ...,1, 2009
* Migrating large codebases to C++ Modules, Oksana Shadura-UNL, Vassil
Vassilev
https://pdfs.semanticscholar.org/27fa/bff1c2564d6d9c62305270883313d40e6af6.pdf

* Clad—automatic differentiation using Clang and LLVM. Vassilev, V., Vassilev,
M., Peneyv, A., Moneta, L. and llieva, V., 2015. In Journal of Physics: Conference
Series (Vol. 608, No. 1, p. 012055). IOP Publishing.
https://iopscience.iop.org/article/10.1088/1742-6596/608/1/012055/pdf

Bxog — matemaTtnyecka yHKUMS, OnmncaHa B Kog, Ha e4uH NporpaMeH e3uk, KOSiTo ce
npeobpasyBa 40 Npon3BOAHATA M Ha OPYr e3UK.

https://compiler-research.org/clad/ https://compiler-research.org/team/

* Konstantin Gizdov — KoxcTtaHtuH Mm3nos, a Bulgarian researcher

NNDrone: a toolkit for the mass application of machine learning in High Energy
Physics, Sean Benson, Konstantin Gizdov, 2017/2019 - a toolkit for a drone
classifier from any ML classifier, standardise, execute in parallel.
https://arxiv.org/pdf/1712.09114 - “Drone classifier” is a simplified version of a more
complex model ... “The ability of a neural network with a continuous, bounded, non-
constant activation function to approximate functions to an arbitrary degree has been
indeed known since the early 1990s”
* K. Hornik, Approximation capabilities of multilayer feedforward networks,
Neural Networks 4 (2) (1991) 251 — 257. doi:10.1016/0893-6080(91)90009-T. URL
http://www.sciencedirect.com/science/article/pii/089360809190009T
https://web.njit.edu/~usman/courses/cs677/hornik-nn-1991.pdf
average performance, closeness of functions,

The theorem about the NN as universal approximators even with just a single

121


https://vassil.vassilev.info/
https://iopscience.iop.org/article/10.1088/1742-6596/396/5/052071/pdf
https://pdfs.semanticscholar.org/27fa/bff1c2564d6d9c62305270883313d40e6af6.pdf
https://iopscience.iop.org/article/10.1088/1742-6596/608/1/012055/pdf
https://compiler-research.org/clad/
https://compiler-research.org/team/
https://arxiv.org/search/hep-ex?searchtype=author&query=Benson,+S
https://arxiv.org/search/hep-ex?searchtype=author&query=Gizdov,+K
https://arxiv.org/pdf/1712.09114
http://www.sciencedirect.com/science/article/pii/089360809190009T
https://web.njit.edu/~usman/courses/cs677/hornik-nn-1991.pdf

Mpopouunte Ha mucnewmte mawmHn: AHenns. The Prophets of the Thinking Machines: Anelia

hidden layer, given the mentioned above conditions about the activation function etc.,
given a sufficient amount of hidden units are available (see “requisite variety”).

* Roumen Dangovski (Pymen [Janroscku) — a Bulgarian Researcher;
equivariant neural networks http:/super-ms.mit.edu/rumen/CV.pdf

http://super-ms.mit.edu/rumen.html
Yung-Sung Chuang, Rumen Dangovski, Hongyin Luo, Yang Zhang, Shiyu Chang, Marin
Soljacic, ShangWen Li, Scott Yih, Yoon Kim, and James Glass. 2022. DiffCSE: Differ-
ence-based contrastive learning for sentence embeddings. In Proceedings of the 2022
Conference of the North American Chapter of the Association for Computational Linguis-
tics: Human Language Technologies, pages 4207—4218, Seattle, United States. Association
for Computational Linguistics

1. Rumen Dangovski, Li Jing, Charlotte Loh, Seungwook Han, Akash Srivastava, Brian
Cheung, Pulkit, Agrawal, Marin Solja"ci"c. Equivariant Contrastive Learning [CLR
2022. doi.

2. Rumen Dangovski, Michelle Shen, Dawson Byrd, Li Jing, Preslav Nakov and Marin
Solja“ci"c. 2020. We Can Explain Your Research in Layman’s Terms: Towards Auto-
mating Science Journalism at Scale. AAAI 2021. doi.

3. Matthew Khoury, Rumen Dangovski, Longwu Ou, Preslav Nakov, Yichen Shen and Li
Jing. 2020. VectorVector-Matrix Architecture: A Novel

6. Ivan Ivanov, Li Jing and Rumen Dangovski. 2018. Improving the Performance of Uni-
tary Recurrent Neural Networks and Their Application in Real-life Tasks...

@Bcu: p3wp, ?T, cBpX; 06x(BCUK 40 OH,BPX); ?=... 06X(INSAIT)

* INSAIT - Institute for Computer Science, Artificial Intelligence and Technology
* UHCAWUT — MIHCTUTYT NO KOMMIOTBPHMN HayKM, U3KYCTBEH UHTENEKT 1 TEXHOMNOMM

* https://insait.ai/  * https://insait.ai/publications/

BbArapo-wBenLapckuaT MexayHapoaeH Hetutyt ,MHCAWUT" no 3assenun uenu,
npeameT Ha AenHOCT, cTpaTtermsa n ap. € eaHO 0T MHOroGpoONHUTE NPOU3BOAHU U
NOBTOPEHUA Ha opu2uHaslHama 6bs12apcka cmpameausi 3a 3crnenBaHns u
pa3paboTka Ha yHMBEpPCanHN MUCIELLM MaLUNHN, O0LL, M3KYCTBEH UHTENEKT,
nybnukyeaHa ot 18-rogmwHus Togop ApHaygoB B cpeaata Ha 2003 r. Ha KOHKypC C
Tema: ,,Kak 6ux uHeecmuparn eOuH MUJIUOH C Hal-20/15iMa rosi3a 3a pa3gumuemo Ha
cmpaHama?’8“, kato gopw n3kasBaHusiTa Ha NPEACTaBUTENUTE HA UHCTUTYTA UMK B
MeauuTe, N onMcaHmaTa Ha CbobuTMATa OT pasLWMPEHNETO Ha AEMHOCTTa UM, KaTo
poboTuKaTa u NOCTPOABAHETO Ha CyNnepKOMMIOTbPHUS LIEHTBP, NOBTApPAT bykeasiHO U
AOCIOBHO MUCAN OT opuriMHanHaTta ctpaterusi ot 2003 r.

Mma obaye n ornegantun pasnuku. (...)

8 Bk cbLLO nNpoekTa Ha Axven Mepues ,,KnbepTtpoH*, o6siBeH okono 2002-2003 r.
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Cnyyadar e pasrnegaH B npunoxeHueto ,,[Tbpeama modepHa cmpamezausi 3a
pa3sumue 4pe3 usKycmeeH uHmesiekm e nyb6nukyeaHa om 18-2o0uweH
6bJs12apuH U NoemopeHa u usnbjiHeHa om yenusi cessm 15-20 200uHu no-
KbCHO: Bbnzapckume npopoyecmea: Kak 6ux uHeecmupas eOUH MUJIUOH C
Hau-2o0s151Ma nosisa 3a pazsumuemo Ha cmpaHama®, T.ApHaynos, 2025 1. n B
cneumanmsanpaHoTo NpunoxeHne ,MHCmumymu u cmpameauu 3a U3KycmeeH
UHMeJsiekm ,,Ha ceemoeHo HuUeo"“ 8 UamoyHa Eepona u ceema“, KbOeTo €
HanpaBeH NO-LUMPOK 1 noapobeH nNpernen u CpaBHEHNE Ha CbAbPXKAHNETO U
AeNHOoCTTa Ha ronsim 6por HaunoHanHM ctpaTternn 3a paspaboTtka n pasBuTme Ha n
ype3 UW. #instituti (we 6bae nybnmkyesaHo Ha koHdepeHuusaTa SIGI-2025)

* https://twenkid.com/agi/Purvata_Strategiya UIR _AGI 2003 Arnaudov_SIGI-
2025 31-3-2025.pdf

* https://www.oocities.org/todprog/ese/proekt.htm

* https://twenkid.com/agi/proekt.htm

* OT ,,MbpBaTta cTpaTterua...”, Jinteparypa n 6enexkm KbM Hesl, OTHOCHO HEBEPHM
UM HETOYHM TBBPAEHMS Ha MHCTUTYTa BbB Bpb3ka ¢ BgGPT, T.Hap. ,nbpeu omeopeH
20715IM e3UK0o8 Mooer 3a bbrieapcKku e3uKk” v ap.

236. PaHHM nopaxpaalum ronemm eamkosu mogenu ot tuna GPT 3a e3num,
pas3nuyHu OT aHrMUNUCKuaA: 6bnrapckn, PpeHckn, apabckm, CNaHCKK, MOPTYrarncky,
HEeMCKN, KNTaNCKW; rpbLKKU, CPBOCKU, pyMBHCKK, AnoHckn — 2020-2021 . [atarta Ha
HAKOM — Mo AaTu Ha (pannoBeTe C Ternara Ha mofgena, JaTta Ha Hay4yHa cTatna u

np. Camo hpeHCKUAT, apabCKUAT, PYMBHCKUAT, ANOHCKUAT U 6bsi2apCcKusim ca ¢ Hag
100-TMHa MunmMoHa napameTbpa. PyMbHCKUSSM € cuneH, obyyasaH Ha 17 GB-oB
kopnyc. Camo 6brieapcKusim BEPOATHO € pa3paboTeH OT eauH-eQUHCTBEH YOBEK C
GrompkeT n nogkpena = 0 1 aBTOPBLT NPEACTaBA pogHaTa KOMMITbPHA NIMHIBUCTMKA B
Tasu AUCUMNINHaA KaTo camo3saH ,xaldymuH®, NOHEeXe MHCTUTYUUNTE 1 no-
LENUMTHUTE® Bonum yakaxa oo 2023-2024 r. [66] (HAMa AaHHK [3a NO-paHHU NOgO0OHU
mogenu]). CpasHu ¢ aHanornyeH cniydam ¢ A36E okono 2001-2003 . n
bespenctemneto Ha IBE Ha BAH u Ha ocTaHanuTe unonosun ot yHMBepcuTeTuTe
cnpsimo siBnexHunsaTa, cpewly kouto [I3BE ce npoTnBonocTassLle 1 ce onuTealle aa
~npn3ose* ,uetn“ [16][40], a ,macmumume* esukosedu (No onpeaeneHneTo Ha
MaesnuH Ctonues, ,PC World Bulgaria“, 5.2003 [239]) rmeaaxa 6e3y4acTHO u
obscHsBaxa, 4ye ToBa bunu ,ecmecmeeHu ripoyecu”. CpaBHu C Benexknute

3a ,[JobpodemesiHama OpyxuHa u HexpaHumatikosuume*“un [40], 2003 r., ganu
TanaHTUTe He ca uManu n3bop Aa He y4yaT B ,Han-nNpecTmxHUTE yHBepcuTeTn® 1 ga
pa3snat mectHute u np. XLM-R ot ,Pencbyk”, 11.2019 e no-ronam, HO B Hero
ovnrapckuat e eamH ot 100 e3nka, Ha KOUMTO e oby4yaBaH, 1 € 3a Knacudukaumsa n
OTroBapsiHe Ha BbMNPOCKU, a He 3a nopaxkaaHe.

123


https://twenkid.com/agi/Purvata_Strategiya_UIR_AGI_2003_Arnaudov_SIGI-2025_31-3-2025.pdf
https://twenkid.com/agi/Purvata_Strategiya_UIR_AGI_2003_Arnaudov_SIGI-2025_31-3-2025.pdf
https://www.oocities.org/todprog/ese/proekt.htm
https://twenkid.com/agi/proekt.htm

Mpopouunte Ha mucnewmte mawmHn: AHenns. The Prophets of the Thinking Machines: Anelia

PaHHu ronemu eankoBu mogenm “GPT“ 3a pa3Hu e3num
Apabcku 1.46 B 3.2021

PpeHCcKu 1B 5.2021

PyMBHCKMU 774 M 7.2021

Bbnrapcku 355 M 6.2021 — 8.2021, Tow
SAnoHcku 336 M 16.8.2021

AnoHcku 1B 20.1.2022

WUcnaHckun 124 M? 12.2020

Moptyrancku 124 M? 5.2020

Hemcku 124 M?  11.2020 — 8.2021
WranunaHckn 117 M 4.2020

KuTtancku 124 M?  11.2020 — 5.2021

MpbUKK 124 M? 9.2020
Cpbb6cku 124 M? 7.2021
BAH 124 M 27.6.2023

INSAIT 7.3B 2.2024
GPT 117M  6.2018
GPT2 1554 B  14.2.2019 (XL) (ny6nuk. 11.2019)

1. Togop ApHaynos, GPT2-MEDIUM-BG, CeeweHunaT cmetay, 13BE ~6.2021 —
8.2021, 345M — 6bnrapckm — obyyeH ot Hynata Ha Tesla T4 B Colab [31][46]
(6esnnatHo), NybnukyeBaH meTtop 3a 0bydeHne — nonynsapeH knun 3a xadpa B ,H0Ti06"
c Haga 4 xun. rmeganus n Hag 30 npekn aboHatw.

* https://huggingface.co/twenkid/gpt2-medium-bg

2. Antoine Simoulin, Benoit Crabbé. Un modéle Transformer Génératif Pré-entrainé
pour le frangais. Traitement Automatique des Langues Naturelles, 6.2021,
Lille, France. pp.246-255. ffhal03265900f https://hal.science/hal-03265900 : —
dpeHckn GPTfr-124M n GPTfr-1B c apxutektypata Ha GPT3. 5.2021

3. https://huggingface.co/dbddv01/gpt2-french-small - gpyr ppeHcku

manbk SMALL 137M, cbLyo obyyeH B Colab kato 6Gbnrapckus, HO € nnaTeHa
ycnyra Colab Pro.

4. Wissam Antoun and Fady Baly and Hazem HajjARAGPT2: Pre-Trained
Transformer for Arabic Language

Generation, 7.3.2021 — https://arxiv.org/pdf/2012.15520
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Apabckn, 4 BapuanTa: 135M, 370M, 792M, 1.46B
(...)

Benexka oT cTpaHuuaTa Ha 6bnrapckusa mopen:

* Note from GPT2-Medium-BG page on Huggingface:

* Other Bulgarian autoregressive models: an earlier one was a few seconds
display of a generation in Bulgarian by a startup called BAIHUI Al in mid 2019. I've
written in my blog 1.5B, but | don't remember if they have mentioned a size and now
it seems unlikely and unreasonable, they just showed that they can train a model, a
team of 3 people, only one of them a ML engineer. There are a few surviving records:
my blog post: https://artificial-mind.blogspot.com/2019/07/baihuiai-baihuiai-new-
bulgarian-ai.html and info here: https://www.eu-startups.com/directory/baihui-ai/ The
company didn't live long. Now it seems reasonable that their model was GPT2-
SMALL, as that was the usual choice even 4 years later and even the Bulgarian
Academy of Science 2023 model was the small one. | found several other GPT2-
SMALL models trained later than this one here, one for poetry, the BAS' from 2023
and maybe a few others. | couldn't get info from the ML engineer of the BAIHUI
project Mitko Vassilev: htips://mitkox.com/#home
https://www.linkedin.com/in/ownyourai/

*Smarty - Extendable Framework for Bilingual and Multilingual
Comprehension Assistants, Todor Arnaudov, Ruslan Mitkov, LREC 2008
https://github.com/Twenkid/Smarty —,,Cmaptu“ — pasimpsieMa pamka 3a Bye3U4HU U
MHOT0€3UYHH TTIOMOLI[HULIA B pa30upaHeTo (MHTe/UTeHTeH PeYHHK, TIOATIOMOTHAT TPeBO/,
aBTOMaTHUueH MpeBo/], PeUHULIH, JIeKCUKorpadusi); ch3fazeH npe3 2007 r. Haii-
VUHTE/TUTeHTHUAT PeUHUK

* TBOPYECTBOTO € noApa)kaHue Ha HUBO anropuTmu: Bb3moxeH, 6erno
Ha4yepTaH NbT Ha pa3BuTne Ha U3KkycTBeHusa pasym "Emun", Togop ApHaynos,
cn. ,CeelweHnat cmetad”, 6p. 23, 5.2003 r.,, — npopoyeckn 6bArapckm NPOEKT 3a
nopaxagatl, MOAenu 3a TEKCT U BCSAKakBU MOAANHOCTU; MynTMMO4annHoCTTa u
CbyeTaBaHETO Ha BCUYKN BUOOBE AAHHW KaTo MbT KbM 06LL, pa3ym 1 gp. Hact ot
L,bbreapckume rpopodyecmea“n knacndeckute nybnukauum ot Teopus Ha Pasyma u
Bcenenara (2001-2004). Bux lNupeama modepHa cmpameausi ... n OCHOBHUS MOM.
https://eim.twenkid.com/old/eim22n/eim23/emil04052003.htm
https://www.oocities.org/eimworld/eim22n/eim23/emil04052003.htm
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* MpoekTbT Beceabpxey — nHpacTpykTypa 3a Mucnewm MawmHu, obsaseH npes
9.2022 r. — ,Bceabpxeu/Vsy - The AGI Infrastructure of "The Sacred Computer" AGI
Institute : Custom Intelligent Selective Internet Archiving and Exploration/Crawling;
Information Retrieval, Media Monitoring, Search Engine, Smart DB, Data
Preservation, Knowledge Extraction,Datasets creation,Al Generative models building
and testing, Experiments etc.”

* https://github.com/Twenkid/Vsy-Jack-Of-All-Trades-AGI-Bulgarian-Internet-Archive-
And-Search-Engine

Habopu oT gaHHK 3a 6bNArapckn e3mnk

Bupeosanucu ot 3acegaHua Ha HapogHoTo cbbpaHume:

Data from the Bulgarian parliament: https://www.parliament.bg/bg/video/ID/42
CTteHorpamu Ha HapogHoTo cbbpanue ot 1933 1. go 2025 r.,, oo 1991 r. ca ckaHmMpaHm
pdf, ot 1992 r. - TekcT: hitps://www.parliament.bg/bg/plenaryst
https://www.parliament.bg/bg/plenaryst/ns/55/1D/4572

8.1.1997 r.: https://www.parliament.bg/bg/plenaryst/ns/55/ID/1373

3.1.1997 r. https://www.parliament.bg/bg/plenaryst/ns/55/ID/2299

*3.1.1933 .

https://www.parliament.bg/pub/StenD/2014042404073103011932 31.pdf

@Bcu: O606p BCYK
(-..)

Mopnexwn Ha gonbneaHe, nogobpeHus, nogpexaaHe ... 1 6baeLo nopaxagaHe vpes
Bcu v ap. @Vsy

...CneagBaT nogo6peHust, npoabIXEeHUsA, pasWNpPeHust...
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AHEJINA

NnpuUaoxXeHne KbM

CBELLEHUAT CMETAY
TOZAOP APHAY/IOB - TOLL

MPOPOUUTE HA

MUC/IELLMTE MALLMHM
M3KYCTBEH PA3YM U

PASBUTUE HA HOBEKA

MCTOPUSA TEOPUSA U MUOHEPU
MMUHAIO HACTOSILLE U BbAELLE

OT aBTOpa Ha NbpBUA B CBETA
YHUBEPCHUTETCKM KYpC Mo

YHUBEpCaneH U3KYCTBEH pa3yM U

Teopua Ha pasyMa M BceneHaTta

THE PROPHETS OF THE THINKING MACHINES
ARTIFICIAL GENERAL INTELLIGENCE & TRANSHUMANISM
HISTORY THEORY AND PIONEERS; PAST PRESENT AND FUTURE
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