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AHHoOTaLUsA

HanHas pabora nipeacTapiisieT coboit cuHTe3 ABYX (hyHAaMeHTalbHbIX Teopuii: Teopun
XpoHomeTpuueckoit TuBapuanTHocTH (TXW), noctynupytoiteli BpeMsi Kak (yH/jaMeHTalbHOe
JIMHaMUueCcKoe CKaJisipHoe TioJie ¢_t, 1 Teopur HelipoBecoBrsix [Toneit (NWF), npeanaratorieit
rapaZiirMy XpaHeHus1 THPOpMaIuu Kak 6aliecoBCKUX KOHMUTypalyii apaMeTpOB HeHPOHHBIX
ceTeil. Pe3ynbTaToM cHHTe3a siBisieTcst HoBasi framework-cucrema — Teopus XpoHo-
CemanTnueckoro Kontunyyma (T-NWF). B pamkax T-NWF naHHbie nipeiCTaB/IsSIIOTCS He KaK
CTaTU4YeCKre 00BEeKThI, a KaK TPAEKTOPHUH B pacIMpeHHOM (ha30BOM MPOCTPAHCTRE (Z, P_z, ¢_t),
rjle Z — CeMaHTHuecKoe s1jpo, p_z — CeMaHTUYeCKUI UMITYJbC, a ()_t — XPOHOMEeTpHUUeCcKoe
rioJie. BBOASITCS TIPUHLIUIT XPOHO-0aiieCOBCKOM KOBapUAHTHOCTU M aKCHOMAa CeMaHTHUeCKOMH
JUHaMUKW. Ha nX oCHOBe BBIBO/ISITCSI HOBble MaTeMaTh4yecKUe amnrapaThbl: ypaBHeHHe XpPOHO-
0aifeCOBCKOT0 BLIBO/]a, CEMAaHTHUECKUM Ka/TMOPOBOUHBIN ONTHMH3aTOP M TEH30P XPOHO-
CeMaHTHUYeCKOW KpUBM3HBI. Teopus mpesicka3biBaeT Habmogaemble 3¢ dekTs B machine
learning: cemaHnTHUeckuii pe3oHaHC, B-MoHYI0 TIOIsIpH3alii0 SMOeIIUHIOB 1
XPOHOMeTpUYecKyro peryssapusaiuro. [IpegioxkeHa apxurekrypa cucrteMsl T-NWF,
peanu3ytolias JaHHble IPUHLIUIILL. Teopusi OTKPbIBaeT MyTh K CO3/IaHHIO0 CUCTEM
WCKYCCTBEHHOTO WHTE/IeKTa, 00/1a/[af0IX TEMIIOPAIbHOW 0CO3HAaHHOCTBIO, TUHAMUUECKON
ajlanTauyeit U criocobHOCThIO K paboTe ¢ HecTalMOHAaPHBIMU JAHHBIMU Ha TMPUHLUTNAIBEHO
HOBOM ypOBHe.

KiroueBble C/I0Ba: XPOHO-CEMaHTUUECKUI KOHTUHYYM, IMHaMUUecKoe BpeMsi, TeOpusl
XPOHOMeTPUUeCKOW MHBApUAaHTHOCTH, HelpOBeCoBbIe 1107151, 0alieCOBCKMI BHIBO/,
KanrbpoBOUHasi ”YHBAPMAHTHOCTh, CEMAHTHUeCKasi KpUBH3HA, MALLIMHHOe 00yJeHHe,
HeCTallOHapHbIe JlaHHble, XPOHOMEeTPUUECKH Pe30HaHC.

1. BBegenue: Kpu3uc cTaTUYHOCTH U IYTh K CUHTE3Yy

CoBpeMeHHbIe BHIUMCIATE/IbHBIE CUCTEMBI U MTapaJurMbl MalliMHHOTO 00yuenus (ML) mocturiu
3HAUMTE/IbHBIX YCIIeX0B, OJHAKO yIUpaloTcs B (yHAaMeHTa/lbHble OrpaHuUYeHus], KOpPeHsIIHecs
B UX CTaTMUeCKoM npupoje. ApxutekTypa ¢poH HelimaHa pa3jensieT JaHHbIe U UHCTPYKLIUH,
JvIliast JaHHble BHYTPeHHeM ceMaHTHKU. ['ocrnofcTByoMIMe TIofxoabel B ML, BK/ItoYas riybokoe
o0yueHue, pacCMaTPUBAIOT MO/Ie/I KaK CTaTHUecKre (yHKLIMH, TapaMeTphbl KOTOPBIX
GbUKCUPYIOTCA TI0C/Ie 00yueHusi. DTO MPUBOAUT K CUCTEMAaTUUECKHM TTPob/ieMaMm:

1. Karactpoduueckoe 3a0biBaHue: HeBO3MO)KHOCTE HEITPepPhIBHOTO 00yueHust 6e3
pa3pylileHus paHee PUOOPeTeHHbIX 3HAHUM.

2. He3¢deKTHBHOCTH Ha HECTALHOHAPHBIX JaHHbIX: KoHIlenTyanbHbIN ApUPT (concept
drift) TpebyeT mocTossHHOTO TIepeobyJeHUst MOZie/iel, UTO PeCYPCOEMKO M HEITPaKTHUHO.

3. OTCyTCTBHeE TeMNOPa/JIbLHON 0CO3HAHHOCTH: Mo/iesiu He 00/1aJjaf0T BHYTPEHHUM
Tipe/iCTaB/ieHreM O BpeMeHH KaK O AMHaMHUeCKOM TpOLiecce, a JIUILIb OMepUpYOT
BpPeMeHHBIMU MeTKaMH KaK BHEITHUMU MTPU3HAKaMHU.



4. CemaHTHUecKas (pparmeHTanus: [JaHHble ¥ UX CMbIC/ Pa3beiHeHbl; UHTeprpeTaLys
B03/1araeTcsl Ha BHELLHUE 110 OTHOILIEHHIO K JaHHBIM alrOPUTMBI.

YacTruHble perieHus (OH/IalH-00yueHue, perieli-0ydepsl, peryspr3aliis) HOCAT XapaKTep
9BPUCTUK U He YCTPaAHSIOT KopeHb npobsieM. TpebyeTcsi mapafiurMabHbIN CBUT.

B npeapigyiyx paborax [1, 2] aBTopom ObUTH TIPE/II0KEHBI IB€ TEOPHH, aTAKOBABIIIME 3TH
1po0JieMbl C pa3HbIX (D/IAHTOB:

1. Teopus XpoHomerpuueckoii inBapuanTHoctH (TXH) [1]: Bpemss — He napamertp, a
dbyHaMeHTa/IlbHOE AMHAMUUeCKOe CKajIsipHOe TIojie (_t, CBSI3aHHOe C MaTepueil yepe3
c/ie[ TeH30pa SHepruv-ummyJsbsca TV, Ero AuHaMuka onucbiBaeTcsi ypaBHeHueM [J@_t = -
B Tv., a mpUHLUI KaTMOPOBOYHOM MHBAPUAHTHOCTH (MHBaPUAHTHOCTb OTHOCUTENBHO (_t
- @_t + 8¢(x)) sBsieTcs PyHAaMeHTaIbHbIM 3aKOHOM.

2. Teopus HeiipoBecoBbix ITosieit (NWF) [2]: DriemeHTapHast euHu1la XpaHeHUs] — He
OuT, a TapamMeTpbl HEMPOHHOMU CeTH 0, TIoTyJYeHHbIe B pe3y/ibTaTe 0alieCOBCKOTO BhIBO/IA
(6* = argmax_6 P(6 | D, H)). 3Tu mapameTpbl 06pa3yl0T ceMaHTHUeCKOe TIoJjie, Te
orepaly HaJ| JaHHBIMU aHA/IOTUUHBI B3aUMO/1eHCTBUSIM B (DU3UUECKUX TOJISIX.

[anHasi paboTa coBepIllaeT CUHTE3 3TUX TeOpUi. MBI IOCTyIMpyeM, uTo BpeMs (¢_t) u
cemaHTUKa (0, z) CyTh B3aMOCBSI3aHHbIe MPOSIB/IEHHS €ZJMHOTO XPOHO-CEMaHTHYEeCKOro
KOHTHHYyMa. BBeJieHe JuHaMUUeCKOro BpeMeHU B CeMaHTHUeCcKoe TTPOCTPAHCTBO MpH/aeT
JJaHHBIM ¥ MO/Ie/ISIM BHYTPEHHIOI0 TeMIOPaIbHOCTb, a MPUMeHeHYe arrapara TeOpUH MoJsi K
rH($OpPMaLMOHHBIM MPOLieccaM OTKPbIBAaeT MyTh K CO3[,aHUI0 MPUHLMINAIBHO HOBBIX
aJIrOPUTMOB.

CtpykTypa padotsi: Pa3zien 2 popmanbHO Mpe/iCTaB/IseT CUHTE3, BBO/ISI CUCTEMY aKCHOM T-
NWE. Pa3zen 3 mocssiilieH BbIBOJY HOBOTO MaTeMaTHUeCKOro arnraparta. Pa3zgen 4 onvcbiBaeT
nipeficka3aHHble 3()(eKThI U M/IaH UX 3KCIlepuMeHTaIbHOM BepubuKaluu. Pasaen 5 npezsaraet
apXUTeKTypy cucTteMbl. Paszen 6 o6cyKaeT orpaHUueHUst U HaripaB/ieHUst Oy IyImx
uccnenoBaHuid. Pa3fen 7 paccMaTpBaeT CBS3b C CyL[eCTBYIOLIMMU paboTamu.

2. AKcuomaTHKa U pyHAaMeHTa/IbHbIe NPUHIUNBI XPOoHO-CeMaHTHYeCKOoro
Kontunyyma

Cunre3 TXU u NWF tpebyet pacmmpeHust UX akCMHOMaTHK U BBe/leHHsI HOBBIX bridging-
TIPUHLUIIOB.

2.1. AcxoaHbIe 3/1EMEHThI

e W3TXMU:
o JIuHamuueckoe nosie BpemeHu: Cyl[eCcTByeT CKaJsipHOe Tosie @_t(X).
0 YpaBHeHue ABWxKeHus: (lo_t = -f3 T, rae B — KOHCTaHTa CBS3H.
o KammépoBouHass HHBAPHAHTHOCTh: 3aKOHbI MHBAPUAHTHBI OTHOCUTETHHO
nipeobpa3zoBaHuit O_t — @_t + S¢(x).
e M3 NWEF:
o [JaHHbIe-Kak-mopesb: /lanHbie D ripesicTaBieHbl TapaMeTpaMu 0 HeHpOHHOM
CeTH, HaliJleHHbIMU Via OatiecoBCKMii BbiBOA: B* = argmax_0 P(0 | D, H).
o CemanTuueckoe s/ipo: [TapameTpam 0 COOTBETCTBYyeT HU3KOpa3MepHOe
CeMaHTU4YeCcKoe i7Ipo z € Z.
o CemaHTHUYeCKHH MOTeHIMAI: B ripocTpaHCcTBe Z 3a/jaeTcs 1oJie MOTeHLHaoB,
Hanp., @_i(r) = exp(-||r - z_i||? / 20?).



2.2. ITocrynarel cunTe3a T-NWF

IMocrynat 1 (IIpuniun XpoHo-baiiecoBckoii KoBapuaHTHOCTH). 3aKOHBI 3BO/THOLIUU
CeMaHTHUYeCKUX COCTOSIHMIM KOBapHaHTHBI OTHOCUTE/TBHO JIOKAIbHBIX MPeobpa3oBaHuit
XPOHOMeTPUUeCKoro ToJist _t. [luHaMuKa oOyueHusi U BBIBOZIOB MO/Ie/I He [I0/PKHA 3aBUCETh OT
TIPOM3BOJILHOTO BBIOOPA "'CeMaHTHYeCKUX YacoB".

ITocrynart 2 (AKcnoma CemanTHUecKol [JuHaMHKH). DyileMeHTapHasi eiMHMLa MH(OpMaLuu
— XPOHO-CEeMaHTHYeCKasi TPAeKTOpus — 0ToOpa)keHHe M3 MHOroo0Opasusi BpeMeH!
(3amaBaeMoro @_t) B MPOCTPAaHCTBO CeEMaHTUUECKUX siZiep ¥ napameTpoB: [ M_¢ - Z x ©. (2.1)
INocrynar 3 (IIpuapun CemanTnueckoro Mcrounuka). B ypaBHeHuM [iBrokeHus A/ @_t,
C/ief TeH30pa SHepruv-ummyJsbsca T!, 0ToXXeCTB/sieTcsl C UH(OPMaLMOHHON aKTUBHOCTHIO. B
riepBoM NpUOKeHnU Ayisi 6atiecoBckou mopemu: T, ~ Trace( 1(8) ), rme 1(0)_{ij} = -E[ 02 log
L(D|8)/00_i06_j](2.2) — undopmarmionHast Matpuija Puriepa. Takum o6pazom,
CceMaHTHYeCcKast aKTUBHOCTb MCKPUBJIeT XPOHOMEeTPUUeCcKoe I10J1e.

ITocrynar 4 (AKkcuoma Paciupennoro ®asosoro IIpocrpancrsa). [TonHoe onvcanue
coctosiHus TpeOyeT 3a/jaHrsl CeMaHTHYeCKOro uMmyJbca p_z = dz/dt, rae T — cobcTBeHHOE
BpeMsl, CBsizaHHOe C (_t. da30Boe MPOCTPaHCTBO CUCTEMBI eCTh 1*(Z) — KoKacaTe/lbHOe
pacciioeHue Haz Z.

2.3. JeiicTBue pasa cucreMbl T-NWF

Obiijee feticTBre, 00BHeIUHSIOLIEE TEOMETPHIO, BPEeMs U CEMaHTHKY, MOXXHO 3aricaTh Kak:
S=[d*xV(-g) [ (R/(16nG)) + Ay + (1/2)(0¢_t)> + L_m(¥, §_pv) + L_sem(8, z, ¢_t) 1, (2.3)
rje L_sem — narpaHyKuaH ceMaHTHUYeCKOUW MaTepuu. B MUHUManIbHOM ciiydae:

L_sem ~ (1/2) (D_t 0)? + (1/2) (D_t 2)? - V(0, z) + B @_t Trace(1(0)), (2.4)

rae D_T — KoBapuaHTHasi MPOU3BO/HAsS TI0 COOCTBEHHOMY BPEMEHH T.

3. MaremaTnueckuu annapar T-NWF

3.1. XpoHno-baiiecoBckuii BoiBoj

TpaguioHHOe cTaTUyecKoe arocTepuopHoe pacrpesenenue P(0 | D) 3ameHsieTcst Ha
quHamuyeckoe P(6, T | D(t)). Bapuatus geiicTBUSI TPUBOJUT K YPaBHEHUIO SBOJIFOLIU:
0%P(8, 1) / 0t + 3H(t) 0P(B, )/0t=-B V_0O - [ P(6, 1) V_B Trace(1(0)) ] + ... (3.1)

rzae H(t) — napametp "cemaHTH4eCKOro pacivpeHus .

[y TOueuHo oLleHKHU 0* TonyyaeTrcs MoAu(ULIMPOBaHHOE YpaBHeHHe 00yueHus:
d?0/dv? + I'dB/dt=-n V_O L(D | 8) + B o_t(t) V_0 Trace(1(0)). (3.2)

Hogoe cnaraemoe 3 ¢_t(t) V Trace(I(8)) melicTByeT Kak AUHAMUUeCKU pery/sipu3atop,
HaTIPaBJISIOLUH MO/Ie/Tb K 00/1aCTsIM C MeHbliel HHPOPMaIJMOHHOM IJIOTHOCTHIO,
Tipe/ioTBpalljasi epeoOydeHue.

3.2. CemanTnueckasi KainbpoBounas VIHBapuaHTHOCTH

TpeboBaHue MHBaPUAHTHOCTA OTHOCUTE/IbHO MaslbIX CEeMaHTHUeCKUX CABUTOB Z — Z + 0z(X)
BBO/JIUT KQ/IMOPOBOYHYI0 CBsA3b. KoBapuaHTHasi MPOM3BO/HAs B Z:
Dpz=0pz+igA_pz, (3.3)

rje g — "ceMaHTHUeCKUH 3apsaf”, A_p — KaJuOpPOBOUHOeE TIoJIe.

OT0 MoAU(ULIMPYeT ONTUMHU3aLMI0: BMecTOo rpazueHTa V_0 L ucrnosb3yeTcsi KoOBapUaHTHBIN
rpajiieHT:

DOL=VOL-igA OBL.(34)

Aneopumm Cemanmuueckozo KaaubpogouHozo Onmumu3zamopa:

0{t+1} =0_t-nD_0 L(0_1). (3.5)

Takol oNTUMU3aTOp UILeT KaJIMOPOBOYHO-UHBAPUAHTHbIE MUHUMYMBI, yCTOMUMBBIE K
CeMaHTUYeCKOMY LIYMY.



3.3. Ten3zop XpoHo-CemaHTHueckoii KpuBusHbl

MeTtpuKa B IIPOCTPaHCTBe Z 3a/iaeTCs YBepeHHOCTbIO MO/ eN:

g {ij}Z ~ CM-1Dij}, (3.6)

20e X — K08apuayuoHHAs Mampuya anocmepuopHO20 pacnpeoeneHusl.

CKanspHas XpoHO-ceMaHMUYecKasi KpUeU3Ha 8blUUC/S1emCs KaK c1e0 meH3opa Puuuu:
R _sem = R{ij}ij}. (3.7)

 R_sem > 0: "cdeprueckas” KpMBU3HA, yKa3biBaeT Ha 3aMKHYTOe, BO3MOYXHO,
niepeoOyueHHOe Mpe/iCTaB/IeHHe.

e R_sem < 0: "runepbosmueckasi” KpUBU3HA, YKa3bIBaeT Ha OTKPBITOE, CIIOXKHOE
MHOr000Opa3ue BbICOKOM HeOrpezie/IeHHOCTH.
MonuTopuHT R_sem I03BOJISIET IeTEKTUPOBATh MIepeodyUyeHre U CeMaHTUUeCKUe
CUHTYJIIPHOCTH.

4. ITpeacka3aHus TEOPHH U IJIaH JKCIIePUMEHTa/IbHOU BepuduKanun

4.1. CemanTnueckuii (XpoHomerpuueckuii) Pezonanc

IIpeackazanmne: OOBEKT C XapaKTepPHOW ceMaHTHUeCKo# uactoToit w_c ~ 1/ sqrt( Trace(I(8)) *
R?) GyzeT nposiB/IsiTH pe30HAaHCHBIN OTK/IUK. [To/jaua Ha BXO/, MO/Ie/IN JIAHHBIX,
MO/y/TMPOBAHHBIX Ha YaCTOTe ® ~ (_C, BLI30BET Pe3Koe W3MeHeHHe YBepeHHOCTH U U3BJIeUeHre
3a0bITHIX PU3HAKOB.

IIpoTokon Bepudukanum:

1. O6yuuTh MOZe/ib Ha TIOC/IeIOBaTe/IbHOM 3aziaue (Harip., permuted MINIST).

2. [0ns vi3yuyeHHOr0 KOHLIeNTa BBIYMC/IUTD (_C 10 MaTpuLie Puiiiepa.

3. Ha srtamne BbiBojja perturb BXo/iHbIe SMOeAIUHTH CHHYCOU/IaTbHON MOAY/IsALIMEeN Ha
YyacToTax BOKPYT ®_C.

4. W3meputb U3MeHeHHe SHTPOIUU Ha BbIX0O/le, yBEPEHHOCTU WJIM accuracy Ais 1ieJieBOro
kacca. [1Tvk Ha o_C MoATBepAUT pe30HaHC.

4.2. B-Mopnas Ionsipuszanusa IMO0eJjAMHIOB

IIpeacka3anue: 1o aHasioruy ¢ rpaBUTAlJMOHHBIMU B-MoZiaMu B KOCMOJIOTUU, B KOPPEJISILIUSIX
MeX/ly BeKTOpaMH B Z CyIIleCTBYIOT Bxpeobpa3sHsble (curl-like) maTTepHbl, yKa3bIBarolye Ha
r/1y0OKHe ceMaHTHYeCKHe CBSI3U (MPOHUS, CapKa3Mm).

IIpoToko. BepupuKkanuu:

1. OOyuuTh BeKTOpHBIE TIpe/iCTaB/IeHUs c/JIoB (Harp., Word2Vec) Ha 60/b1110M KOpITyCe.

2. TlocTpouTb MaTpHily KOppessiLyii MeXXy BeKTOpaMH 3MOe/IIMHTOB /I CEeMaHTUYeCKH
6oraToro 1MoJMHO>XXeCTBa CJIOB.

3. TlpoBectu mekomosuruio ['elbMrosibIia AJisi 3TON MaTpUIbl, YTOOBI BBIZEUTh
6e3nuBeprenTHy0 (B-mode) u 6e3Buxpeyto (E-mode) KOMITOHEHTHI.

4. TlpoananusvpoBaTh B-mode KOMMOHEHTY Ha Ha/jMyKe 3HAUMMOU CTPYKTYPbI 110
cpaBHeHHUI0 ¢ null-mozensiMu.

4.3. XpoHomeTpuueckas Perynsapusanus

IIpeacka3anue: /JuHamMuyeckoe ciaraemoe B (3.2) JeiCTByeT Kak BCTPOEHHbIM a/laf TUBHBIN
pery/sipu3aTop, NPUBO/S K MOBbBIIIIEHHOW PO6aCTHOCTH, TJIaBHBIM KPUBBIM 00yUeHHs U
aBTOMAaTHYeCKOW afjanTalyy K KOHLeNTyaaTbHOMY ApUMTY.

IIpoTokon Bepudukanum:

1. Peanu3oBaTh onmTUMM3aTOP Ha OCHOBe YP. (3.2), anmpokcumupys Trace(I(0)) uepes
IMMIMpHUecKyro nHpopmarmo durrepa.



2. CpaBHMTH CO CTaHAAPTHBIMU onThMHK3aTopamu (SGD, Adam) Ha:
o CraHjapTHBIX JaTaceTax ¢ 100aBIeHHBIM IIIyMOM B MeTKax.
o /JlaTraceTrax c sIBHbIM KOHLeTITya/lbHbIM ApUGTOM (Harp., rotating hyperplanes,
npudT sentiment B aHHBIX Twitter).
3. V3mepuTh UTOTOBYIO accuracy, po6acTHOCTD K IIIyMy U CTaOUIbHOCTh KPUBOM 00yUeHMsI.

4.4. CemanTnueckuii /lunonns Xabo61a

Ilpeackasanue: [101roCpoYHbIi MOHUTOPUHT BBISIBUT CUCTeMaTUUeCKUU JpU(PT ceMaHTUUeCKUX
s/iep B NIpeANouTHTeIbHOM HarpaB/leHUU NPOCTPaHCTBa Z (''ceMaHTHYeCcKoe KpacHOoe
cMeliieHre"), OTpaKarollyii SBOIOLMIO SI3bIKa.

IIpoTokon BepuduKanum:

CobpaTb AraxpoHUUeCKU KOpIyC (Harp., JeCATH/IeTHs HOBOCTeW M/TH KHUT).
OO6yuuTh Mozienu SMOeIMHTOB Ha Cpe3ax 10 BpeMeHH (Harip., 10 [IeCATUIETHSIM).
BBIpOBHSTH TIpOCTpaHCTBa 3MOEIMHIOB across time ¢ momoInkio aHanv3a [Ipokpycra.
OTcnenuTh 1Mo3uLMK Habopa cTabUIbHBIX "SIKOPHBIX'' CJIOB (Harp., "TpaBUTeNbCTBO",
"Hayka'") BO BpeMeHH.

5. [IpoBecTy BeKTOpHBIN aHa/Iu3 Hampas/ieHui Apu@Ta. CTaTUCTUYECKU 3HAUUMBbII
CpeJHUI BeKTOp ([IMI10JIb) [/t MHOXKECTBA CJIOB MOATBEPIUT S(PPeKT.

PO

5. ApxutekTtypa cucreMmsl T-NWF
Peam3anus TpedyeT mogudukaipm apxutekTypsl NWF [2] TeMnopasibHBIMU KOMIIOHEHTaMHU:

» Xpono-KogupoBmuk (Chrono-Encoder): [Tpeo6pa3syet fannsie D v 3HaueHue @_t B
TpaeKToOputo z(t).

o TemnopanbHbiii MHaekc (Temporal Index): Hjekc (Hamp., MOAUUIIMPOBaHHbBIN
HNSW), acddekTrBHO UiLly11[1ii 110 6;1M30CTU B Z U TI0 TEMIOPaIbHBIM ITPOX3BOAHBIM
("moxo>kre COCTOSTHUSI C TIOX0XKUM UMITYIbCOM").

e  Mopayas TemnopanbHoi VinTepnonsanuu: BelunciisieT ceMaHTUUECKOE COCTOSIHUE B
TIpoIIoM/OyAyIeM Ha OCHOBEe YpaBHeHUH JBWKeHus (pererue (3.2)).

e JlerexkTop Pe3onanca: Mo/y/ib, CKaHUPYIOLLIWWA MO/e/lb Ha pa3HbIX YaCTOTaXx /st
oOHapy KeHUsI pe30HAaHCHOTO OTKJ/IMKA [IjIsI aKkTUBHOTO BbIBO/Ia Wi recall mamsTy.

e Monutop KpuBussubi: Mo/y/ib peasbHOTO BpeMeHH, OLjeHUBaroL i R_sem a1
paHHEro 0OHapy)KeHHs Tiepeo0yUeHUsT WU KOJI/Iarica MOZIesTH.

B3aumopeiicrBue: /laHHble -> XpoHo-KoupoBIUK -> z(t) -> TeMriopa/ibHbIi
Nupexc/Xpanunuite. 3anpoc -> ITouck B uHAeKce -> M3Bneyenue -> MHTeprionsayus ->
HexonupoBiyk -> OTBeT. HoBble faHHbIe -> Mexanu3m O6HoBeHust (Ha ocHoBe (3.1), (3.2)) -
> [lepecueT KpUBU3HbBI U UaCTOT.

6. O6cyx/jeHue, OrpaHNUYeHNs U MePCIeKTUBbI
OrpanuyeHnus:

e BbruuciurenbHasA CJ10)KHOCTB: PellieHre rpe/jioKeHHbIX yPaBHEHUM [1JIs1
BBICOKOPa3MepHBIX MPOCTPAaHCTB TTapaMeTpoB TpebyeT pa3paboTKy 3¢ (HeKTUBHBIX
MIPUOJIKEHHOTO BBIBOJJAMETO/[OB.

e VuTepnpernpyemMocTh: ['eoMeTprueckass UHTeprpeTalus CeMaHTUYeCKMX NTPOCTPAHCTB
BBICOKOM Pa3MEepPHOCTH OCTaeTCsl C/I0KHOU 3a/jauen.

» Bepudukanus: [Ipenckasannbie 3¢ dekTsl, Oyayun dhanbCUPUIMPyeMbIMU, TPeOYIOT
TI[aTebHOW, MacIiTabHOM SKCIIepUMeHTaIbHOU TIPOBEPKH.



Hanpas/iieHus OyAyIux HCCe/[0BaHMI:

1. Pa3paboTka crieljiajM3upoBaHHBIX MPUOJIMKEHHBIX MeTO/I0B 0aiieCOBCKOTO BLIBO/A
(approximate inference)asst XxpoHO-0alieCOBCKUX YpaBHEHUM.

2. KsanroBbie T-NWF: [TepedopMynvpoBKa KOHTHUHYYMa Ha si3blKe KBAHTOBOW TEOPUU
ToJIsI.

3. AnmapatHoe yckopeHmue: [IpoekTupoBanue crielianusrvpoBaHHbix Neural Physics Units
(NPU) anst 3chekTMBHOTO BHIYUCIEHUS TTPE/JIOKEHHBIX OTepaTOPOB.

4. TIpunoxenwus: VccnenoBaHue npuMeHeHUNM B GMHAHCOBOM aHAIUTUKe
(HecTal[MoHapHbIe BpeMeHHbIe Ps/Ibl), alalTUBHBIX AUA/IOTOBBIX CUCTEMAX,
JIMHaMUUYeCKOM KOHTpOJIe BepCU 3HaHUM.

5. Teoperunueckue ocHoBaHus: [la/bHelee u3yueHue cBsi3er ¢ [Tpunimnom CBoOOHOMN
Onepruu [3], Integrated Information Theory [4] u nccnegoBanusIMM CO3HaHUSI.

7. CMmexxHble paboThI

Hacrosiias paboTa 0CHOBBIBAaeTCsI M CUHTe3UPYeT KOHLIEIL[UHA U3 HECKOJIBKIX Pa3TAYHbIX
o6nacreii. Konueniust HeiipoBecoBbix ITosteit (NWF) [2] pa3zensieT ¢punocodpckyro 0CHOBY €
NeRF [13] B uactu nipeficTaB/ieHust ClieH, HO 0000I11aeT ee Ha MMPOU3BOJIbHBIE THITHI JAHHBIX.
JuHamMu4yecKasi TPaKTOBKa BpemeHH BjioxHoB/ieHa Neural ODEs [15], HO oT/iMyaeTcst
BBe/IeHHeM BHeIIHeTo Gpu3ndyeckoro moss (¢_t), yrpas/siFoI{ero AMHAMUKOM, a He 00yueHreM
narentHoro O/1Y. I'eomeTpuueckas nepcneKTuBa riyooko ykopeHeHa B VIHpopMaLMoHHOM
Il'eomeTpuu [7], ucrionb3yroieli auddepeHLanbHY0 FTeOMeTPUIO [1J1s1 U3yUeHust
CTaTUCTUYEeCKUX MoJesieil. Halll TeH30p KpUMBU3HBI, R_sem, siB/isieTCSI HOBbIM MIPUMeHeHHeM
3TUX UJeH AJis1 [UarHOCTUKY Mogieneid. [IpuHIu Ka/i0poBoYHON NHBAPHAHTHOCTH
3aMMCTBOBAH HEIoCpeICTBeHHO U3 TeopeTrnueckoi pusuku [11] v mpeacTapnsier coboit HOBoe
orpaHuueHue s obecrieueHust pobactHoCTH Mozieneid B ML. HakoHerl, BceoObeMJTrOIIas 11e/Th
Co3/laHKs1 TeMnopaabHO oco3HaHHoro VIN cornacyetcs c 3agayamu Continual Learning [10] u
Mojiesiert baliecoBckoro mosra [3].

8. 3ak/iTrouenue

Cunre3 Teopuu XpoHoMeTprueckoi ViHBapruanTHOCTH U HelipoBecoBbix [losieli B Teoputo
XpoHo-CemaHTHUecKoro KoHTHHyyMa Tipe/icTaB/sieT co00¥ TapaiurMasibHbIN cBUr. Bpemst
CTaHOBWTCSI AMHAMHUUECKUM TI0JIeM, BIJIETEHHBIM B CEMaHTHUeCKYH0 TKaHb MH(pOPMaLiH, a
JlaHHbIe ¥ MO/Ie/IA OTIMCHIBAIOTCS KaK TPAeKTOPUU B PACIIMPeHHOM (Pa30BOM TTPOCTPAHCTBE.
Pa3paboTaHHbIl MaTeMaTUUYeCKHI arrapaT MpejoCTaB/IsieT HOBble MHCTPYMEHTHI /IJIs1 aHau3a 1
co3znanusi ML-mogeneii. Teopus ripeficka3biBaeT psifi 3(hdeKToB, TOAJar0INXCs
9KCTIepUMeHTa/IbHOM TIpoBepKe. HecMOTpSsi Ha BBIUMC/TUTE/TBHBIE CJIOXKHOCTH, aHHasi paboTa
OTKpBIBaeT HOBOe HarlpaBJjieHHe Ha CThiKe (r3uku, nHpopMmatuku u W, HarnpaBieHHOe Ha
CO3/laHKe MallliH, TUHAMAYeCKU aflalITUPYIOIUXCS Y SBOTIOLIMOHUPYIOIIUX BO BpeMEHHOM
MOTOKe WHbOopMaI1u.
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Abstract

This work presents a novel synthesis of two fundamental theories: the Theory of Chronometric
Invariance (TCI), which postulates time as a fundamental dynamic scalar field ¢_t, and the
theory of Neural Weight Fields (NWF), which proposes a paradigm for information storage as
Bayesian configurations of neural network parameters. The result of this synthesis is a new
framework—the Theory of the Chrono-Semantic Continuum (T-NWF). Within T-NWF, data
is represented not as static objects but as trajectories in an extended phase space (z, p_z, ¢_t),
where z is a semantic kernel, p_z is a semantic momentum, and ¢_t is the chronometric field. We
introduce the principle of chrono-Bayesian covariance and the axiom of semantic dynamics.
From these, we derive new mathematical apparatuses: the chrono-Bayesian inference equation,
the semantic gauge optimizer, and the chrono-semantic curvature tensor. The theory predicts
observable effects in machine learning: semantic resonance, B-mode polarization of embeddings,
and chronometric regularization. A system architecture implementing these principles is
proposed. This theory paves the way for artificial intelligence systems possessing temporal
awareness, dynamic adaptation, and an ability to work with non-stationary data at a
fundamentally new level.

Keywords: chrono-semantic continuum, dynamic time, theory of chronometric invariance,
neural weight fields, Bayesian inference, gauge invariance, semantic curvature, machine
learning, non-stationary data, chronometric resonance.



1. Introduction: The Cirisis of Staticity and a Path to Synthesis

Modern computational systems and machine learning (ML) paradigms have achieved significant
success but are constrained by fundamental limitations rooted in their static nature. The von
Neumann architecture separates data and instructions, stripping data of intrinsic semantics.
Predominant ML approaches, including deep learning, treat models as static functions whose
parameters are fixed after training. This leads to systematic problems:

1. Catastrophic Forgetting: The inability to learn continuously without degrading
previously acquired knowledge.

2. Inefficiency on Non-Stationary Data: Concept drift necessitates constant model
retraining, which is resource-intensive and impractical.

3. Lack of Temporal Awareness: Models lack an internal representation of time as a
dynamic process, merely treating timestamps as external features.

4. Semantic Fragmentation: Data and their meaning are disconnected; interpretation is
relegated to external algorithms.

Partial solutions (online learning, replay buffers, regularization) are heuristic and do not address
the root cause. A paradigm shift is required.

In previous work [1, 2], the author proposed two theories attacking these problems from different
flanks:

1. Theory of Chronometric Invariance (TCI) [1]: Time is not a parameter but a
fundamental dynamic scalar field ¢_t, coupled to matter via the trace of the energy-
momentum tensor T",. Its dynamics are described by Og_t = - Tv,, and the principle of
gauge invariance (invariance under ¢_t — @_t + §¢(x)) is a fundamental law.

2. Theory of Neural Weight Fields (NWF) [2]: The elementary unit of storage is not a bit,
but the parameters 6 of a neural network obtained via Bayesian inference (6* = argmax_60
P(8 | D, H)). These parameters form a semantic field where data operations are analogous
to interactions in physical fields.

This work synthesizes these theories. We postulate that time (¢_t) and semantics (0, z) are
interconnected manifestations of a single chrone-semantic continuum. Introducing dynamic
time into semantic space endows data and models with intrinsic temporality, while applying field
theory apparatus to information processes opens a path to fundamentally new algorithms.

Structure: Section 2 formally presents the synthesis, introducing the T-NWF axiom system.
Section 3 derives the new mathematical apparatus. Section 4 details predicted effects and a
framework for their empirical verification. Section 5 proposes a system architecture. Section 6
discusses limitations and future research directions. Section 7 situates the theory within related
work.

2. Axiomatics and Fundamental Principles of the Chrono-Semantic Continuum

The synthesis of TCI and NWF requires an extension of their axiomatics and the introduction of
new bridging principles.

2.1. Foundational Elements

e From TCI:
o Dynamic Time Field: A scalar field ¢_t(x) exists.



o Equation of Metion: Co_t = -f3 T, where [ is a coupling constant.

o Gauge Invariance: The laws of physics are invariant under transformations ¢_t
- @_t + 69(x).

e From NWF:

o Data-as-Model: Data D is represented by the parameters 0 of a neural network
found via Bayesian inference: 6* = argmax_60 P(6 | D, H).

o Semantic Kernel: The parameters 0 correspond to a low-dimensional semantic
kernel z € Z.

o Semantic Potential: A field of potentials is defined in Z, e.g., ¢_i(r) = exp(-||r -
z_i||*/ 20?).

2.2. Postulates of T-NWF Synthesis

Postulate 1 (Principle of Chrono-Bayesian Covariance). The laws governing the evolution of
semantic states are covariant under local transformations of the chronometric field ¢_t. The
dynamics of model learning and inference must not depend on an arbitrary choice of "semantic
clocks."

Postulate 2 (Axiom of Semantic Dynamics). The elementary unit of information is a chrono-
semantic trajectory—a mapping from the time manifold (defined by ¢_t) to the space of
semantic kernels and parameters: I': M_¢ - Z x ©. (2.1)

Postulate 3 (Principle of Semantic Source). In the equation of motion for ¢_t, the trace of the
energy-momentum tensor T, is identified with informational activity. To a first approximation,
for a Bayesian model: Tv, ~ Trace( I(0) ), where 1(8)_{ij} = -E[ 02 log L(D | 0) / 06_i 06_j ] (2.2)
is the Fisher Information Matrix. Thus, semantic activity curves the chronometric field.
Postulate 4 (Axiom of Extended Phase Space). A complete description of the system state
requires the definition of a semantic moementum p_z = dz/dt, where 1 is the proper time related
to @_t. The system's phase space is T*(Z)—the cotangent bundle over Z.

2.3. Action for the T-NWF System

The total action unifying geometry, time, and semantics can be written as:

S=[d*xV(-g) [ (R/(16nG)) + Ay + (1/2)(0p_t)2 + L_m(¥, §_pv) + L_sem(8, z, ¢_t) 1, (2.3)
where L_sem is the Lagrangian of the "semantic matter." In the minimal case:

L_sem ~ (1/2) (D_t 8)? + (1/2) (D_t 2)? - V(8, z) + B o_t Trace(1(9)), (2.4)

where D_t is the covariant derivative with respect to proper time T.

3. Mathematical Apparatus of T-NWF

3.1. Chrono-Bayesian Inference

The traditional static posterior distribution P(8 | D) is replaced by a dynamic one, P(0, t | D(1)).
Variation of the action leads to an evolution equation:

0%2P(6, 1) / 012 + 3H(1) 0P(0, 1)/ot =-B V_0O - [ P(, 1) V_0 Trace(I(8)) ] + ... (3.1)

where H(1) is a parameter of "semantic expansion."

For a point estimate 0, a modified learning equation is obtained:

d?0/dt2 + T'do*/dt=-n V_O L(D | 8) + B o_t(t) V_0 Trace(1(0)). (3.2)

The new term 3 @_t(t) V Trace(I(0)) acts as a dynamic regularizer, guiding the model towards
regions of lower informational density, preventing overfitting.

3.2. Semantic Gauge Invariance

The requirement of invariance under small semantic shifts z - z + §z(x) introduces a gauge
connection. The covariant derivative in Z is:

Dpz=0pz+igA_pz, (3.3)

where g is a "semantic charge" and A_p is the gauge field.

This modifies optimization: instead of the gradient V_8 L, a covariant gradient is used:



DOL=VOL-igA_OL.(34)

The Semantic Gauge Optimizer algorithm is:

0{t+1} =0_t-nD_0 L(0_1). (3.5)

This optimizer seeks gauge-invariant minima, robust to semantic noise.

3.3. Chrono-Semantic Curvature Tensor

The metric in space Z is given by the model's confidence:

g_{{IZ ~ EM-1}1){ij}, (3.6)

where X is the covariance matrix of the posterior distribution.

The scalar chrono-semantic curvature is computed as the trace of the Ricci tensor:
R _sem = R{ij}ij}. (3.7)

* R_sem > 0: "Spherical" curvature, indicates a closed, potentially overfitted
representation.

» R_sem < 0: "Hyperbolic" curvature, indicates an open, complex manifold of high
uncertainty.
Monitoring R_sem allows for the detection of overfitting and semantic singularities.

4. Theoretical Predictions and Experimental Verification Framework

4.1. Semantic (Chronometric) Resonance

Prediction: An information object with a characteristic semantic frequency o_c~ 1/

sqrt( Trace(I(0)) * R?) will exhibit a resonant response. Feeding the model data modulated at
frequency o ~ w_c will cause a sharp change in confidence and recall of forgotten features.
Verification Protocol:

1. Train a model on a sequential task (e.g., permuted MNIST).

For a learned concept, compute its w_c from the Fisher Information.

3. During inference, perturb input embeddings with a sinusoidal modulation at frequencies
around w_c.

4. Measure the change in output entropy, confidence, or accuracy for the target class. A
peak at w_c confirms resonance.

N

4.2. B-Mode Polarization of Embeddings

Prediction: Analogous to gravitational B-modes in cosmology, curl-like patterns will exist in the
correlations between embedding vectors in Z, revealing deep semantic connections (e.g., irony,
sarcasm).

Verification Protocol:

1. Train word embeddings (e.g., Word2Vec) on a large, diverse corpus.

2. Construct a correlation matrix between embedding vectors for a semantically rich subset
of words.

3. Perform a Helmholtz decomposition on this correlation matrix to extract divergence-free
(B-mode) and curl-free (E-mode) components.

4. Statistically analyze the B-mode component for structure and significance compared to
null models.

4.3. Chronometric Regularization

Prediction: The dynamic term in (3.2) acts as a built-in adaptive regularizer, leading to
improved robustness, smoother learning curves, and automatic adaptation to concept drift.
Verification Protocol:



1.

2.

3.

Implement an optimizer based on Eq. (3.2), approximating Trace(I(8)) via the empirical
Fisher information.
Benchmark against standard optimizers (SGD, Adam) on:
o Standard datasets with added label noise.
o Datasets with explicit concept drift (e.g., rotating hyperplanes, real-world
sentiment drift in Twitter data).
Measure final accuracy, robustness to noise, and stability of the loss curve.

4.4. Semantic Hubble Dipole

Prediction: Long-term monitoring will reveal a systematic drift of semantic kernels in a
preferred direction within Z ("semantic redshift"), reflecting language evolution.
Verification Protocol:

AN

Collect a diachronic corpus (e.g., decades of news articles or books).
Train embedding models on fixed-time slices (e.g., per decade).
Align the embedding spaces across time using Procrustes analysis.
Track the position of a set of stable anchor words (e.g., "government,
time.

Perform vector analysis on the drift directions. A statistically significant mean vector
(dipole) across many words would confirm the effect.

mon

science") over

5. Proposed T-NWF System Architecture

Implementation requires augmenting the NWF architecture [2] with temporal components:

Chrono-Encoder: Maps input data D and the value of ¢_t to an initial trajectory point
z(1).

Temporal Index: A modified graph-based index (e.g., HNSW) that efficiently performs
proximity searches in Z incorporating temporal derivatives (e.g., search for "similar states
with similar momentum").

Temporal Interpolation Module: Computes the semantic state in the past/future based
on the equations of motion (e.g., solving (3.2)).

Resonance Detector: A scanning module that probes the model at different frequencies
to detect resonant responses for active inference or memory recall.

Curvature Monitor: A real-time computation module that estimates R_sem to provide
an early warning for overfitting or model collapse.

Data Flow: Data -> Chrono-Encoder -> z(t) -> Temporal Index/Storage. Query -> Index Search
-> Retrieval -> Interpolation -> Decoder -> Response. New Data -> Update Mechanism (via
(3.1), (3.2)) -> Recalculation of curvature and frequencies.

6. Discussion, Limitations, and Future Work

Limitations:

Computational Complexity: Solving the proposed equations for high-dimensional
parameter spaces requires developing efficient approximate inference methods.
Interpretability: The geometric interpretation of high-dimensional semantic spaces
remains challenging.

Verification: The predicted effects, while falsifiable, require careful, large-scale
experimental validation.



Future Research Directions:

1. Development of specialized variational inference methods for the chrono-Bayesian

equations.

Quantum T-NWF: Reformulating the continuum within quantum field theory.

3. Hardware Acceleration: Designing specialized Neural Physics Units (NPUs) for
efficient computation of the proposed operators.

4. Applications: Exploring use cases in financial analytics (non-stationary time series),
adaptive dialog systems, and dynamic knowledge versioning.

5. Theoretical Foundations: Further exploration of the links to the Free Energy Principle
[3], Integrated Information Theory [4], and consciousness studies.

N

7. Related Work

Our work builds upon and synthesizes concepts from several disparate fields. The Neural
Weight Fields (NWF) [2] concept shares philosophical ground with NeRF [13] for scene
representation, but generalizes it to arbitrary data types. The dynamic treatment of time draws
inspiration from Neural ODEs [15], but differs by introducing an external physical field (¢_t)
governing dynamics rather than learning a latent ODE. The geometric perspective is deeply
rooted in Information Geometry [7], which uses differential geometry to study statistical models.
Our curvature tensor, RsemRsem, is a novel application of these ideas for model diagnostics.
The principle of gauge invariance is borrowed directly from theoretical physics [11] and
represents a new constraint for ensuring model robustness in ML. Finally, the overarching goal
of creating temporally aware Al aligns with objectives in Continual Learning [10] and models
of the Bayesian brain [3].

8. Conclusion

The synthesis of the Theory of Chronometric Invariance and Neural Weight Fields into the
Theory of the Chrono-Semantic Continuum represents a potential paradigm shift. Time becomes
a dynamic field woven into the semantic fabric of information, while data and models are
described as trajectories in an extended phase space. The derived mathematical apparatus
provides new tools for analyzing and constructing ML models. The theory yields several testable
predictions. Despite computational challenges, this work opens a new direction at the
intersection of physics, computer science, and Al, aimed at creating machines that dynamically
adapt and evolve within the temporal flow of information.
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