Jlekumnun 6-7/.
A3bIKOBble moaenu




A3blKOoBble moaenu

*  YT0 TaKoe A3blKoBble Moae/n?

* Obuwana naea pabortbl

*  Knaccnyeckun nogxon K paboTe € A3bIKOBbIMU MOAENAMM

*  HeunpoceteBon noaxon K paboTe ¢ A3bIKOBbIMU MOAENAMM




YTO Takoe A3bIKoBaA MOAE/Nb?

PaccmoTpum, Hanpumep, moaenu noesaos.

* UMEelT HEKOTOpPble CBOMCTBA NOE310B
(BbIrNAAAT Kak noe3aa)

* MOTYT BecTn cebsa nogobHO noe3gam

“ Xopowune moaenun H6onblLEe NOXOXKN Ha HacCToALwne

noeszaa




YTO TaKoe A3bIKkoBaA MOOENb ?

PaccmoTpum, Hanpumep, pUsnyeckne moaenu.

MOMOTYT MOHATb,
KaKue cobblTnsa nydlue
COrNacyrTCsa C MUPOM,
KaKkne 6bonee BepOATHbI

MOXEeT NpeacKasaTh, will it fall? In which direction?
4YTO NPOM3ONIET,
YYUTbIBAA HEKOTOPbIN
«KOHTEKCT»

Complex scenes Infer the mass Predict fluids




YTO Takoe A3bIKoBaA MOAE/b?

OT/InYyaeTca NoHATUE cobbITUA: ANA A3blka cobbiTMe — 3TO A3blKOBas
eAnHULA (TEKCT, NnpeasoXKeHne, ToKeH, CUMBO/).

A3biKoBaa mopenb (Language Model, LM) — 310 moaenb, Kotopas
OLEHMBAET, HACKOJIbKO BEPOATHO MNOSABNEHME ONpeaenéHHoro
CMMBOJ1a, C/I0Ba UM NOC/Ie40BaTe/IbHOCTU CNOB B A3bIKE.

[NaBHaA naen: A3blKkOBass MOAeNb YYUTCA Ha TEKCTaX WU BbiBAAET
3aKOHOMEPHOCTU fA3blKa, 4YTOObl MpeacKasbiBaTb, KakuMe A3blKOBblE
eMHNLLbI MOTYT BCTPETUTBLCA Aa/iblUe.




CobbiTHe B A3bIKOBOU MOAENM

Aa

1. CumBon

Hanpwvlep, 6yKBa «a». Moaens MOXeT oueHMBaTb BEPOATHOCTbL NOABJ/IEHUA CMMBO/1a B

onpeaen EHHOM KOHTeKCTe.

2. TokeH

TokeH — 37O eanHMUa, Ha KOTOpble MO4€e /b paBﬁHBaET TEKCT. 2TO MOXET ObIThb uenoe CNoBo,

4acTb CIOBa, 3HaK NPenuHaHWa Uan Apyro pparmMeHT.

Hanpwvlep, C/IOBO «MalLMHHOE» MOXET ObITb OAHNM TOKEHOM WU p636HBaTbCH Ha HeCKOJ1bKO

TOKEeHOB.

3. NocnepoBaTe/IbHOCTb TOKEHOB

Hanpumep, «CeroaHsa XOopouwasa noroda». Moaens MOXeT oueHunBaTb BEPOATHOCTb NMNOABNEHWA

BCeW nocneaoBaTelbHOCTU.




[TpMmepbl A3bIKOBLIX MOaENEN

Mbl UMeem Aeno ¢ A3bIKOBbIMU MOAENAMMU KaXKAblM AeHb.

Hanpumep:

I saw a cat|

“NTONCKOBAA CnMCtTeMa I saw a cat on the chair

I saw a cat running after a dog
I saw a cat in my dream

I saw a cat book

I saw a ca
car

“nepeBoavunK, SINEKTPOHHAA NOYTA




[TpMmepbl A3bIKOBLIX MOaENEN

Mbl UMeem Aeno ¢ A3bIKOBbIMU MOAENAMMU KaXKAblM AeHb.

Hanpumep:

° MOMCK oneyaTok 1 sawacatt

Probably you meant I saw a cat

I saw a catt

cat
car




CNoXHOCTU MaLWLMHHOIO BOCNPUATUA

Similarly sounding options She studies morphosyntax
M’N{\NIM‘,, She studies morphosyntax
; She studies more faux syntax
She studies morph or syntax
Human Machine

OJMH U TOT e UM NOXOXKUI 3BYKOBOWM CUTHA/N MOMKET COOTBETCTBOBATb Pa3HbIM CZ10BaM U ¢ppa3am.
YenoBeK UCMo/b3yeT KOHTEKCT U 3HaHWA 0 MUPE, YTODObI pa3peLlnTb HEOAHO3HAYHOCTb.
MallMHa peLuaeT 3Ty 3a4a4y C MOMOLLbIO aKyCTUYECKUX Modenel, A3bIKOBbIX Moaenei u Apyrux metogos o06paboTku peumn.




KakoBa BepOATHOCTb NOABNEHUA
npeaoXeHnA B A3bIKe ?

KakoBa BepOATHOCTb BbITALLMTb 3€/1EHbIN LWIApP? Mbl XOTMM OLEHUTL BEPOATHOCTL TOTO,
YTO KaKOe-TO npeanoxXeHme noaBuUTCA B

05 @ A3blKe
- -.;I.“: - :::\.

MOMHO N1 paccyaaTb aHaNOTMYHO ANA NPeasioKeHNn?

N ° P O
o . P(the mut is tinming the tebn)= = ()
° 0@ o0 |corpus|
OO oo o© © @ ;
°c00 °°° P(mut the tinming tebn is the)= —
|corpus|
Text corpus

[Mpu Takom noaxoae npeanoxKeHus,
KOTOpble HUKOr4a He BCTPevyanmcb B KOpnyce, noay4vyaTt HyN1eBYyO BEPOSTHOCTb.




KakoBa BepOATHOCTb NOABNEHUA
npeaoXeHnA B A3bIKe ?

MOMHO 1 paccy*aaTb aHaNOrTMYHO ANA NPEANOKEHNIN?

s g 0
. o P(the mut is tinming the tebn)= =0
" 0 ® o |corpus|
oO oo Oo ° » O
TR R P(mut the tinming tebn is the)= =0
[corpus|
Text corpus

Mpn TakoM noaxoae NpeanoxKeHUsA, KOTopble HUKOrAa He BCTPEeYanucCh B
Koprnyce, Noay4aT Hy/IeBYO BEPOATHOCTb.

Mbl HE CMOXEM HaaeKHO OLEHUTb BEPOATHOCTU NPeasoXeHnin, ecnm bygem
PAacCMaTPMBATb UX KaK aTOMapHble egnHuLbi!




Npes: pa3busaTb NpeanoxKeHua Ha
MEHbLLNE YacTu

“Yntaem npegaoxxeHme Cs1080 3a CJZ1IOBOM

* 0bHOBAAEM BEPOATHOCTb KaXKAblIM pa3s, Koraa BCTpeyaeTcAa HOBbIN TOKEH

P(T  saw)= PO saw a)= PC  saw a)=
P(I) - P(saw|T P(I): PsawlI). 2 P(I) - P(saw|I)-P(alT saw)
— | L S —_ L A J
Probability of I Probability of saw given I Probability of I saw robability of I saw  Probability of agiven I saw
P saw a cat on)=
PI saw a cat)= PO saw a cah)=
P(I) - P(saw|I) -P(alI saw): P(cat|I saw a). ?
P(I): P(saw|I)-P(alT saw) 5 P(I)- P(saw|I) -P(alI saw): P(cat|T saw a) : ) & -
L | ' t ) L J Probability of I saw a cat
Probabilityof I saw a Probability of cat given I saw a

Probability of I saw a




Npes: pa3busaTb NpeanoxKeHua Ha
MEHbLLNE YacTu

’ (}’1;)’2, ...,yn) — nocnenoBaTte/IbHOCTb TOKEHOB

*P(y1, V9, ) Yn) — BEPOATHOCTb  YBUAETb 3TUM TOKEHbl B  AaHHOWM
nocnenoBaTeIbHOCTH

P(1,Y2, ... Yn) = PO1) - PO2ly1) - POslyn y2) - = - POalyts oo s ynet) = [ [ POUly <)
=1




CTpyKTYpa MoaennpoBaHmA A3blKa C
HanucaHWem cneBa Hanpaso

Mopenu pa3nnyarotcsa No cnocoby BbIMMCNEHNA BEPOATHOCTEN.
Llenb: NOHATb, KaK BbIMUCAATb YCNOBHYO BEPOATHOCTb P (V¢ | V1, V2i ovvs Vi—1)

1 BapMaHT: NICNONb30BaHNE N-TPAMM (BbIYMCAEHUA «BPYYHYHO»)

2 BapMWaHT: HelpoceTn




[eHepalnA TeKCTa

1. Cemnauposanue (Sampling)

CEMI'II'II/IpOBaHI/Ie — 23T0 CﬂyqaﬁHblﬁ Bbl60p TOKEeHa B COOTBETCTBMUN C BEPOATHOCTHbLIM
pacnpeageneHnem Mmoaenn.

KoHTekcT: «CeroaHa Ha yauue...»

COJIHEYHO 50%
D

XOJIOAHO 30%
D
naeT

D

20%

Mpn cemnanpoBaHUN MOAENb MOKET BblbpaTb Nt0O60M U3 TPEX BapUaHTOB, HO bosiee BEpPOATHbIe
BapuaHTbl byayT BbibnpaTbca yaule.

[Jonyctmm, mogenb Bbibpana TOKeH «xonogHo». [lonyyaem: «CerO,LI,HH Ha Y1Unue
XONoA4HO...»




[eHepalnA TeKCTa

Tenepb KOHTEKCT u3meHusncs. Mopgenb 3aHOBO paccYUTbiBAaeT BEPOATHOCTU
cnefyloLLero TokeHa yxe ana dppasbl «CerogHa Ha yAULLE XONO4HOY.

Hanpumep:
«n» — 60%;
«ceroaHa» — 25%;

«ovYeHb» — 15%.

Mopaenb cHoBa cemnnpyeT TokeH. [lonyctum, Bbibpana «m». lNonyyaem Hayano
npeanoxeHma: «CerogHAa Ha yauue Xono4Ho wn...»

[lanee npouecc noBTOpAETCA.




[eHepalnA TeKCTa

2. agHbin pekoguHr (Greedy Decoding)

Ha Kaxkgom ware BblIbnpaem TOKEH C MaKCMMaIbHOM BEPOATHOCTbLIO.

KoHTekcT: «CerogHa Ha yauue...»

COJIHEYHO 50%

XOJIOAHO 30%

MAET 20%
D

HagHbIn  anroputm Bcerga BblbepeT «CoMHeYyHo». 3aTemM OH pPaccyMTaeT
BEPOATHOCTU C/IeAVIOLLEero TOKeHa AN HOBOro KOHTEKCTa WM CHOBa Bbibeper

Hanbosee BEPOATHbIWN.




[eHepauma TeKcTa C NOMOLLBIO A3bIKOBOW
Mmoaenu

I I was I was I was happy

(/ . P(+ | I was) l getprobabiity  P(s+|Iwas) samplefromthe  P(« | was happy) | 9etprobabiliy
distribution distribution aistribution

\am 0200 there 0101 there 0.101 to 050!

was 0.18 C—/—1 in 0.09 | in 0.09 Z when 0.20 !
want 0.10 | glad 0.071 glad 0.07 1 yesterday 0.01 1
think 0.08 1 | happy 0.05( happy 0.05 because 0.01 |

do 0.06! confused 0.03 confused 0.03 for 0.011

......

......

saw 0.02 hungr'; .(.).,01 | hungry 0.01 but 6,01 |

...........




[eHepauma TeKcTa C NOMOLLBIO A3bIKOBOW
Mmoaenu

I was happy ____ I was happy to

P(*| I was hGPPY) '~'|”1'l"""l“‘-"“’ the P(* | I was hGPpY to)| get probability
aistripution ' distribution

fo 0.50I J meet 0.05 |

when 0.20 | | see 0.04 ]

yesterday 0.01 | be 0.03 [

because 0.01 | do 0.02 1!

for 0.011 help 0.02 [

but 0.01! eat 0.01!




TpaaAnUMOHHBIW NoaxoA, K paboTe C
A3bIKOBbIMU MOAENAMM

Llenb: HEO6X0AMMO BbIYUCANTL YCNOBHYIO BEPOATHOCTb B popmyne

P(Yl,)’z, ’yn) — P(yl) 3 P(yZIyl) ' P(.Y3|)’1,)’2) = 2 P(Ynlyls ,}’n—l) = HP(.Yt|)’<t)
=1

OueHKa Ha ocHoBe 1106a/1bHOM CTAaTUCTUKUM TEKCTOBOTO KOpNyca, T. €. noacyera.




KaK BblYMCAUTD YC/IOBHbIE BEPOATHOCTU?

MpocTton cnocob:

P(y |JJIr y y )= N(ylryZJ ---:yf)
t 1o Y20 vy YiE=1 N(}’_—l.yz,...,}?t-l)’

rae N(yq,V,,...,V¢) — CKONbKO pa3 B oby4yalolmx TeKCTax BCTPeTUNachb BcA
nocnefoBaTe/IbHOCTb, BK/AOYaAa nocneaHee cnoBo Vi; N(Vi, Vo, e, Vie1) —
CKO/IbKO pa3 BCTPETU/ICA KOHTEKCT, TO €ecTb Moc/ieoBaTe/lbHOCTb 6e3
nocaesHero c10Ba




MapKoBCKoe npeanonoxKeHue

MpeactaBum npeanoxKeHue:

«CerogHA yTPOM A BbINMUA YaLLKY FOPAYEro Yany.

YT0bObI NpeacKasaTb cneaylollee CN0BO, TEOPETUYECKN MOMKHO YYUTbIBATb BECb
npeablayLInmM TEKCT:

«CerogHA yTpoMm A BbINUA YaLLKY FOpPAYEro...»

Ho uyuem AannHHee UCTOpPpUA, 1T€éM CNO0XKHEE OUEHUTb BEPOATHOCTb KaxXAaoro
BO3MOXHOTO NMpoaoiKeHnA.

MapKoBCcKOe npeanonoXKeHue TrNacuT: Mbl CYUTAEM, UYTO BEPOATHOCTb
cnepyloLero C10Ba 3aBUCUT TONIbKO OT GUKCUMPOBAHHOIO YUCA NpeablayLmx
cnoB, a 6onee paHHIOIO UCTOPUIO UTHOPUPYEM.




MapKoBCKoe npeanonoxKeHue

Hanpumep, BMecTO Bcero KoOHTeKcTa: «CerogHA yTpoOmM A BbINWA  YallKy
ropAadero...» MOXHO Y4UTbIBaTb TONbKO ABa nNpeabigylimx CcaoBa: «YallKy
ropAayero...». 9TO0 1 eCTb yNnpouleHue.

Kak 310 3anucbiBaeTca matemaTuyecku?

Be3 mapKOBCKOro npeanosioKeHna BepoATHOCTb CAeAYIOLLLEro C/ioBa 3aBUCUT OT
BCEW Npeablayllen NnocneaoBaTeNbHOCTH:

P('wt |w1,...,wt 1).
I'IpM MapPKOBCKOM MNMpeanonoxXeHnn mbl orpaHmM4mnMBaeM KOHTEKCT:

P(wtlwls---:wt 1) %P(’wﬂwt ntlyesey Wt 1)-

To ecTb y4nTbIBaeM TO/IbKO nocaeaHme n-1 cnos.




MapKoBCKoe npeanonoxKeHue

BepOFITHOCTb CQ10Ba 3aBUCUT TOJIbKO OT CI)I/IKCI/lpOBaHHOI'O YnCnaa npeagbiaywmnx
CNOB.

P(ye |¥1, Y25 s Ye-1) = P(yy |?’t—n+1' ---:)’t-1})

all previous tokens Nn-1 previous token

Hanpumep: * n=3(trigrammodel): P(y; [y1, ¥z, ) ¥e-1) = P(We [Ve-2, Y1)
* n=2(bigrammodel): P(y¢ [y1,¥2) ) ¥e-1) = P(Ve|ye-1)
n=1 (unigram model): P(y; |¥1, Y25 voe» Vi—1) = P(¥¢)




MapKoBcKoe npeanonoxeHue. lNpumep

P(I saw a cat on a mat) =7
After (3-gram)

Before

.‘.'{I saw a cat on a m,uf) = P{I saw a cat ona mﬂ'ﬂ - E
P(I) P(I) - P(I)
* P(saw | I) * P(saw | I) “+ P(saw | I)
- Pla| I saw) - Pla| I saw) -+ Pla| I saw)
-P(cat| I saw a) - P(cat | T saw a) ~ + P(cat | saw a)
- P(on| I saw a cat) - P(on | E-saw-a cat) - - Plon|a cat)
*Pla| I saw a cat on) - P(a | E-saw-a-cat on) - - Pla| cat on)
*P(mat | I saw a cat on a) *P(mat [ I-sew-a<catona) - P(mat|on a)




Bo3amoxHas npobnema

P(mat | I saw a cat on a) =P(mat | cat ona)=

N(cat on a mat)

P(mat | cat ona) = =7
| N(cat on a)

Zero
not good: can not compute the probability

N(cat on a mat)

P(mat | cat ona) =

N(cat on a)

Zero

N(cat on a mat)

N(cat on a)

=?

not good: zeros out probability of the sentence




PeweHwe npobnemsol (Back-off)

Back-off (oTtctynneHne K 60nee KOPOTKOMY KOHTEKCTY) — 3TO MeToA B
A3bIKOBbIX MOZENSAX, KOTOPbIM NO3BONAET OUEeHUBATb BEPOSATHOCTb C/I0BA, €C/U
nna 6onee ANMHHOINO KOHTEKCTA Y HAaC HEAOCTAaTOYHO AAHHbIX.

[NaBHaa naena: eciM Mbl He 3HaeM, Kakoe €/10BO 0b6blYHO cneayeT 3a AJIMHHOM
nocseoBaTe/IbHOCTbIO,  nonpobyem  uUcnosnb3oBaTb  Hosiee  KOPOTKYIO
nocnenoBaTe/IbHOCTb, A8 KOTOPOM Yy Hac 60/blle CTaTUCTUKN,




PeweHwe npobnemsol (Back-off)

cnonb3oBaTb MeHblUe KOHTEKCTa B CNTYauUnAx, o KOTOPbIX Mbl MaJi10 YTO 3HAEM:

° €CZIN MOXHO, UCNOJIb30BaTb TPUrpammy N(cat ona)=0-——try“ona”
P(mat | cat on a) ~ P(mat | on a)
° @C/IN HeT, To burpammy
Niona)=0 — try“a"

° @C/IN HET, TO YHUrpammy P(mat | on a) ~ P(mat | a)

N(cat on a mat)

P e : - - 7
(mat | cat ona) et onc)

e P(mat | a) = P(mat)

I, can not compute the probability

N(@)=0 — tryunigram




PeweHwe npobnemsol (Back-off)

Bo3moxHble npobiembl:

1. MoTtepAa KOHTEKCTa

Yem Kopoye KOHTEKCT, TEM MeHblUue MHbopMaumnum moaenb MCNOoAb3yeT ANA NpeacKa3aHus.
2. bonee obuian oueHKa moXKeT 6bITb HETOUHOMU

KOpOTKMIM KOHTEKCT He BCeraa oTpaxKaeT CMbIC/ BCeN ppasbl.

3. OwmbKa moxKeT nepeaaBaTbCa Aanblue

Echn mopens Bblbpana Heyaa4yHOE C/I0BO, OHO CTAHOBUTCH YaCTbiO HOBOTO KOHTEKCTA.

4. OrpaHnyeHua N-rpammHON Mo enn COXpaHAIOTCA

Mogaenu Y4nTbIBalklOT J/INLWb HebonblIoe Yyuncno npeabiaywmnx Cnos. [axxke ecnum KOopnyC O4€Hb
60ﬂbLUOl>'I, Ada/ibHNE 3aBUNCUMOCTN MeXAY C10BaMWN MOTYT OCTaBaTbCA HE3aMEYEHHbBIMMN.




Jlydlee pelleHue: MHTepnonauma

Untepnonauusa (Interpolation) B A3bIKoBbIX Moaenax — 3To
cnocob OueHUTb BEPOATHOCTb C/eAylLWEero C/0Ba,
KOMBUHUPYA MHOOPMALIUIO U3 KOHTEKCTOB Pa3HOM AJINHbI.
UHTepnonaumua o6beguHAET OUEeHKM U3 AJIMHHOIO W
KOPOTKOro KOHTEKCTOB OAHOBPEMEHHO.

| M(cat on a mat)

P = — =7
(mat | cat on a) Nicat o &)

i Y 1 I I Irrar |5
compute the probatiiny

P(mat | cat on a) = A;P(mat |cat on a) +
mat |ona)+
(mat |a) +

(
(mat)

A3

A;P
AP
AgP




Jlydlee pelleHue: MHTepnonauma

MpeanonoXxmm, Mbl XOTUM NpeacKasaTb caeaytollee CZ10BO B NPea/IOXKEHUMN:
«fl NblO ropaAYnM ...»

Mopgenb moXeT UCNO0/Ib30BaTb TP OULEHKN BEPOATHOCTU C/10Ba «Yyam»:

e Yuurpamma: P(4ail) — Hackonbko 4acTo cnoBo «yaii» BCTpevaeTcs Booblue.
e bBurpamma: P(4aif | ropsdrii) — HackonbKo YacTo Mocae CoBa «roOPAYNii» BCTPeUaeTcs «Jaii»,
* Tpurpamma: P(4aif | B0 TOPSIUIiT) — HackoNbKO YacTo «yaii» BCTpeyaeTcs nocne

nocneaoBaTe/IbHOCTUN «MNbHO TOPAYA nN».

Ka)kaan oueHKa HeCcET cBoto nHpopmaumtio. MHTepnonsuma no3sonsieT 06beanHUTb UX.




Jlydlee pelleHue: MHTepnonauma

[lonyctum, moaenb Nosiy4nna cneayroline oueHKun:

OueHka BeposATHoOCTE cnoBa «uaii» Bec
Tpurpamma 0,2 0,5
burpamma 0,6 0,3
YHurpamma 0,1 0,2
Torp,a UTOToBaAd BEPOATHOCTb. P(qaﬁ) —05-0,2
+ 0,3 -0,6
+0,2-0,1
=0,3.

B otanume ot Back-off, moaenb He obA3aTenbHO OTKa3biBaeTcA OT AJIMHHOrO KOHTEKCTa, a
coyeTtaeTt ero ¢ 60s1ee KOPOTKMMM KOHTEKCTaMMU.




NHTepnonauua. Npobnemol

1. Hy>XKHo noabupaTtb Beca

Mpobnema: yHMBepPCasbHbIX ONTMMaANbHbIX BecoB HeT. Ux npuxoautca noabupatb AnA
KOHKPETHOro Kopnyca u 3agauym.

2. Peakue nocnepoBateIbHOCTU BCE eLLE MOTYT MeLlaTb

[Jonyctmm, mopenb OUueHMBAeT BEPOATHOCTb CAOBA MOC/Ae NOoC/eAoBaTe/IbHOCTM «BYepa
Beyepom aA». Ecnm TakaAa nocnenosaTtenbHOCTb BCTpevanacb BCEro OAMH pa3, OLUEeHKa
TPUTPAMMbl MOKET ObITb HEHAAEKHOMN.

3. Bo3amOXXHa HyneBas BEPOATHOCTb

NHTepnonauua cama no cebe He ycTpaHAET Npobaemy Hy/ieBbiX BEPOATHOCTEMN.

4. He yunTbiBaeT ga/ibHUN KOHTEKCT

[laxke ecnn nHTepnonaumsa obbeanHsaeT oueHKM pasHbiX N-rpamm, OHa OCTaETcA OrpaHUYeHHOWN
BbIOpaHHbIMKU ANMHAMKU NOC/IEA0BATE/IbHOCTEMN.

5. YBennumsaeT BbIMMUCIEHUA U CNIOXKHOCTb HACTPOUKMU

Hy»XHO XpaHWUTb CTAaTUCTUKY AN1A HECKOJIbKMX AANH N-rpamm, BbIYUCNATb HECKOJIbKO OLLEHOK U

KOM6MHMiOBaTb UXx.




CrnausaHue Jlannaca

CrnaxxusaHue Jlannaca (Laplace smoothing) — 310 meToa,
KOTOPbIA No3BonAeT M3berkaTb HY/EBbIX BEPOATHOCTEN B
A3bIKOBbIX MOAENAX, Koraa Kakaa-To nocnefoBaTenbHOCTb
CNOB HUM Pa3y He BCTpeTuaach B obyyatollem TekcTe.

Ero Takxe Ha3biBatloT add-one smoothing, notomy 4uto K
4acToTe KaXXAoro BO3MOXKHOro cobbiTua npubasnaertcs
eaAnHULA.

P(mat | cat ona) =

P(mat | cat ona) =

Oult !yt.»[l‘li'\»lul. fthe sentenc

N(cat on a mat) 5

N(cat on a)

§ + N(cat on a mat)

§ - |V|+ N(cat on a)




CrnausaHue Jlannaca

MpeanonoXKnum, Mbl CTPOMM BUFPaMMHYIO A3bIKOBYIO MOAENb U XOTUM OLEHUTb BEPOATHOCTb CAeyioLLero
CNOBa Nocne C/10Ba «A».
B obyuatoLLem TeKcTe BCTPETUAUCL cheaylolmne burpammol:

burpamma Konunuectso
«A Nobao» 4
«fl UATaK» 3
«A paboTaro» 1
«f CMIH» 0

Bcero nocne cnosa «a» BCTPETUNOCDH 8 cnos. bes crnaknuBaHuA BEPOATHOCTb PaCCYNTLIBAETCA TaAK:

C (s, w)

P('w|}1):w




CrnausaHue Jlannaca

[NoaTomy:

4
P(mobmo | g1) = 5= 0.5

A onAa cnoBa «CNAO»:

P(cnﬂm|ﬂ):g=[l

Mpobnema: moaenb NPUCBANBAET CNOBY «CMJIO» HYNEBYIO BEPOATHOCTb, XOTA NPeAJIOMKeHNe «A Cr/Io»
BMNO/IHE KOPPEKTHO. BO3MOXKHO, OHO NPOCTO He Nonasio B 06y4Yatowmin TEKCT.

CrnaxxusaHue Jlannaca: npmnbasnaem 1 K YacToTe KaxK40ro BO3MOXHOMo cleayoLWero cosa, B TOM YMce K
C/I0BaM, KOTOpPble HM pa3y He BCTPevyasIuch.




[eHepauma TEKCTa C MOMOLLLbIO N-rPaMMHOM
A3bIKOBOW MoAenm (TpMrpamMmHaa moaenb)

I I was
P(*|TI) ample fi P(*| I was) l get pi

aistnbution Y 1

am 0.20 there 0.10

was 0181 in 0.09

want 0.10 glad 0.07

think 0.081 happy 0.05
do 0.06 confused 0.03 |

......

hungr.y 6,01 '

bability
listribution

I was

P(+|I was)

there 0.10!

in 0.09!

glad 0.07
happy 0.05 =1
confused 0.03 !

hungry 0.01

]'.' e

-I was happy
bability

P( * | was happy) l get pi
Y aistripution
to 0.50
when (.20
yesterday 0.01
because 0.01
for 0.011

but 0.01



[eHepauma TEKCTa C MOMOLLLbIO N-rPaMMHOM
A3bIKOBOW MoAenm (TpMrpamMmHaa moaenb)

‘fWOS hOEE! L  LIse
| sample from the —I_quhﬂEEE to

'
P( * | was happy)

to 0.501

when 0.20

yesterday 0.01
because 0.01 1
for 0.011




[1lpmep creHepUpPOBaAHHOIO TEKCTa

when this option may be the worst day of amnesty
international delegations visited israel , and felt that
his sisters , that they are reserved for 2zyryanovsk
concentrating factory there is a member of the shire ,"
given as to damage the expansion of a meeting over a large
health maintenance organization ‘ smoking ~,
airconditioning , designated smoking area . _eos_

so even when i talk a bit short , there was no easy thing
to do different buffer flushing strategies in the future ,
due to huge 1list of number - one 3just has started
production of frits in the process and has free wi - fi ”

operation .... eos




HenpoceTteson noaxon,

Llenb: HEO6X0ANMMO BbIYUCINTDL YCNOBHYIO BEPOATHOCTb B popmyne:

PY1, Y2, ... ¥n) = PO1) - PO2ly1) - PO3ly1y2) - = - POalyts oo s yne1) = [ [ POUly <o)
=1

B HEMPOHHbIX CeTAX HYXHO OOYy4YMTb HENPOHHYIO CEeTb MPOrHO3MPOBaTb
BEPOATHOCTM.




Obwun noaxon

B HellpoceTeBOM noaxoAe K A3blKOBbIM mMmoaensam, B otanume ot N-rpamMmHbIX
MoJenen, Mbl He npPoCTO CYMTaemM 4acToTbl MOcCAeAoBaTeNbHOCTEN C/OB.
HelipoceTb npeobpasyeT KOHTEKCT B YMC/IOBOE BEKTOpPHOE npejacTaBieHue, a
3aTeEM Ha ero OCHOBE BbIYUC/AET BEPOSATHOCTU BCEX BO3MOMKHbLIX C/leayHLLIMX
TOKEHOB.

3agauyu:
*NONIY4YNTb BEKTOPHOE NpeacTaBieHne KOHTEKCTa

° OUEHUTb BEePOATHOCTM (NPOrHO3 pacnpedeneHna BepoATHOCTEM  AnA
cneayIoLLEero TOKkeHa)




Obwun noaxon,

P(+|I saw) i

P(«1I) -
=
get probability E — get probability
strib distribution for

tion 1o
A.} re |
the next token

P(«|Isawa) —

-

get probat "‘lr'y
aistrioution 1or
Lhe next token

l

Rl
!

1
- ne next token |
= [he Ken . =y
- —
) -
5 . e

J |

Neural network Neural network Neural network
context process context

; ocess
(previous history)

process context
(previous history)

(previous nistory)

I saw a

I saw




Obwun noaxon,

P(«|Isawacat) — P(+|I saw a caton) — P(«|Isawacatona) —,
‘_;]':J get probability __ll get probability _]—_I get probability
— distribution for — distribution for — distribution for
r—]A:.i Lthe next token ]—' the next token _-—] ] the next token
; = 7
= s = _ -] _
Neural network Neural network Neural network
process context process context process context
(previous history) [previous history) [previous history)

I saw a cat I saw a cat on I saw a cat on a




Obwun noaxon,

P(«|I saw a cat onamat) —.

L—'] qgel pr :!‘:.i!\:|w!~,
 m—— distribution for

- the next token

Neural network

process context

(previous history)

I saw a cat on a mat




Obwun noaxon,

VI tc1

d-sized
vector
Linear
N vector layer
representation <
of context I > lo
saw a cat ona °
Neural network

I saw a cat on a

Kaxgoe uMcio — 37O «Cbipasa» OLUEHKa Toro,

pr—

-
Cl

]
=
-
 —
-

P(»|I saw a cat on a)

softmax :1:]

<— |nput word embeddings

KEens HacKoNbKO BEPOATHO, YTO c/eaytollee CNOBO -
MMEHHO 3TO.

=

J |

get probability
distribution for
the next token

process context
(previous history)




Obwun noaxon,

[V| tokens
| P(*|I..ona)
d-suied - D:]
vector ~Q
: - | softmax
Linear| ~ &) -
n: vector layer - DCI R
representation ¢ o = . L .
ofcontextT — I8 -0 0 N Simple way of thinking about this:
@]
saw a cat ona We have:
| : :
«  h-vector of sized T ¢ i '
ransform linearly
Neural network Weneed: " from sized tosize |V
» vectorof size |[V]| -
probabilities for for all
tokens in the vocabulary
O () C O ( ’Cf'ﬁ =1
o] [ ol lo] o] Jo it T -0 D[:]
eatures 0 A
: -O |softmax /——
I saw a cat on a (vector °[x leear O—— O
dimensionality) | [o| | '@Y€" 5 0
-QO —
R -@_ O




Obwun noaxon,

|V| tokens
| P(+|I..onq)
d-sized @ -
vector -0 D:]
. =0 |softmax /———
Linear| - -
n: vector layer |-O DD \
representation : 3% | — . .
ofcontetI —1l8 -® 0 Output Embeddings View
saw a cat on a e
|

Neural network | IV| vectors
OT (@) T ololo {
ol Linear : hT ol X [slelal - |8 vector
e o [ P o [HlEVE ol [ololel [o] | dim.d

/N

a h - vector vector representations of
representation of classes, i.e. tokens:
the context output word
embeddings




[pencraBneHne BNOXEHUU BbIXOAHbIX
NAHHbIX

Output word

embeddings get probability distribution

for the next token

—

2 ~'  P(*|Isaw a cat ona)
Take dot-product of I with ool -0 [softmax u[::) exp(/z:" e, )
output word embeddings ' ! %._.] Pily<,) = , i,
- 2 exp(hle,)
J = wevV

~ h:vector representation of
contextI saw a cat ona

process context
(previous history)
l | <— Input word embeddings

I saw a cat on a

<——

Neural network

CEE




Oby4yeHue: Kpocc-aHTpOoNUA

Target at this step

Training example: I saw a cat on a mat <eos>

Model prediction: Target: Loss=-log (p(cat)) - min

p(*|I saw a) p
(| 0 = M
— 0 C_——1 |decrease
— 0 B  J.
B <—cat— 1 = _increase
= 0 =
O 8 % decrease
]
- 8 3 i
Cross-entropy loss:
V|
—Z pi *log P(y, = i|x) = min r=1p{=0,i k)
i=1

For one-hot targets, this is equivalent to
—log P(y, = cat|x) = min




Oby4yeHue: Kpocc-aHTpOoNUA

B 3t Target T
- € arget
t 9 Target
b [ ] 0 [ ) 0
[ ) ] { 3 o TRk a ! : .
| L ] I ';' { ] ] 0 [ ] o
T - — ==l . Pas 1 ] v]
L ] o { | 0 — 1
j— ] == 0 ) ]
T L] i i} i el f 0 [ ]
i 1 L 1] { 0 Ll o
i | "] { 0 | ] i]
' | 0
Training example: I saw a cat on a mat weos r " i -
o ° L4 Jate | o r i
] I It o Naki pd [5]
[-] O [5] make an updatd
Loss = | [)) = min e
D Loss = 1og (p(1) - min
I alale [ 't |
R tat
f ] Target
I J L | g
— z :
I =] > | we. 0
L e I {5 ) - SaW —» 1
[=] IU { —J 0
[5] 1R T o -] =] g g
[=] o] |@ ol [o Brobabilit
=] ol Jo
[+] T i (5} o ] L ) ¢
[+] 1+] i 0y
1ML Pl«|I
RMM stat )
L
I [ r Nt

l ) 1

Training example: I saw a cat o Training example: I saw o cat onat




Oby4yeHue: Kpocc-aHTpOoNUA

Target
9 Target I
- 0
- 0 - . ’Ew
= 1 . L: o
> | ) 0 [ ] 0 g g i i I
O ) 1 | 0 o3
ol P —p a Ik
0 m| o
I 0 I = : T

O000
(900 0]
D000
(LS
= |

Loss = <log (p(saw)) = min Loss = -log (p(saw)) = min

saw

I
4
|
(&)
o
)
Q

ol |

2
>Eooo)»
§ }—ol(’oonl

|
|
Y
Q

Training example: I saw




Oby4yeHue: Kpocc-aHTpOoNUA

Target

‘ !
|

| G
oeoo

[}
1

i ] o

i iT ( r- Q
§ c‘l mat O ° I saw a cat on a mat <eos>
o [+ © o Q @ o
L] o 1 L] [+ o ]
™ o™lel"lel o] "l "le t
o o G o 0 (] -] X

‘ E ' | " - I I
. oo - » D A
° make an upda N of o |
0 o ) ¢
Loss = -log (p{«eos»)) - min -
I0 TLEEE
v ! :

on ¢ mat ( saw a cat on @

l

Training example: I saw a cat on a mat <cos» Training example: I saw a cat on a mat <eos>




PeKkyppeHTHble moaenu

frnasHaa npea: RNN yuTaeT TeKCT nocnegoBaTtesibHO, NO OAHOMY TOKEHY, U Ha
Ka)kQoMm Liare nepenaét MHPoOpmauuio o npeablaywmx TOKeHax cneaytolemy

" predict the
qa
- Siw i Caif in 1 ml next token
O O O (@} (@) (@) (0]
h; = tanh(W,z; + Whhy_1 + b) CKpbITbIE ol lel Jol el lo| [o] |o] .
COCTOAHUA o1 1°1 1°1 1°] (°e] [°] |©
T 3MBeaANHT TeKyLIero cioBa o (@} Qo (@] (o} O 0]
hi_q CKpbITOE COCTOsIHWE C MPeabIAYLLErD Lara I I I I I I
ol |o| |o
W, MaTpuLia BeCOB N5 TEKYLLETO CNOBA ”z '("I [r: - {
| o] o] |lol ol |o
W, Martpuua BecoB ANA NPeabIAYLLero COCTOAHMA — — — — — L'"_(',‘lﬂl’fiiﬁ('_l non the
I saw a cat on a SRR
b O6yuaeMmblii BEKTOP CMeLLeHus previous tokens
hy Hogoe ckphiToe cocTosHue




PeKkyppeHTHble moaenu

MpeanonoXmum, YTo MoAEeNb YMTaeT npeanoxeHue | saw a cat.

LLiar 1. NMonyyaem cnoso |.
hi = tanh(W,z; + Wihg + b)
34ecb hy— HavyanbHOE COCTOAHME, HACTO HY/IEBOWN BEKTOP.
LLiar 2. Nony4yaem cnoso saw.
hz = ta,llh(Wm:l'fz + Whhl + b)
Tenepb h, 3aBUCKT HE TOJIbKO OT Saw, HO K OT MHopMaLumn o |, coaepKallencs B hy.

N TaKk nanee.




PeKkyppeHTHble moaenu

[Mocne nocTpoeHna BEKTOPA KOHTEKCTA h MOXKHO MCMO1b30BaTb IMHENHbIN C0M K softmax:

P(wiq | wy, ..., w:) = softmax(W,h; + b,)

To ecTb:

* RNN nony4yaet ouepeaHOM TOKEH.

* BbluncnaeT HOBOE CKPbITOe COCTOoAHME h;.

* JInHeHbIN cnoit npeobpa3syeT h; B N1OrMTbl BCEX TOKEHOB C/1I0BapA.
* Softmax BbluMCASIET BEPOATHOCTM CAeayoWmMX TOKEHOB.

UHTepecHblit momeHT: RNN moXKeT genatb npeackasaHme Ha KaXKAoM Lare




PeKkyppeHTHble moaenu

MHOrocs10MHOCTb: Nnepegaya coctoaHmnm ns ogHom RNN B gpyryto

I saw a on v v
l _[ —L MepBbi cnon obpabaTbiBaeT
27 layer (o), 2 0] 2 fo],2fe] (2 CNOBa, a BTOPOM C/OM
RNN 0 0| N> il 4
— [0 0 ° obpabaTtbiBaeT

npeacTaBaeHuns,
choOpMMPOBaAHHbIE NMEPBbLIM.

2

$ e
o000)—|0000}—

= Y

col—>{0000]}
S0 ;,}_>[oo.oo]4;




CBA3HOCTb M pa3Hoobpasue

CI'EHEpVIpOBaHHbIe TEKCTbI A0/1XKHbl ObITb:

° CBA3HbIMW U OCMbIC/IEHHbIMU— CreHEepUpPOBaHHbIM TEKCT [ONMKEH MWMETb
CMbIC/I;

°* pa3Ho0bpa3HbIMM — MoAeNb A0AKHA ObiTb CNOCOOHA cO34aBaTb OYEHb Pa3Hble
obpa3ubl.




Mcnonb3oBaHue softmax temperature

exp(hTw)

Before

P(+|I saw a cat on a)

Take dot-product of

softmax -

with

Neural
network

Q000
.

: vector representation of
contextI saw a cat ona

r - softmax temperature

MapameTp T (Temnepatypa)
yNpaBAseT «Pe3KoCTbio»
pacnpeaeneHus BepoATHOCTEN

After
- P(+|I saw a cat on a)
' v
Take dot-product o ®’ ® ‘
1 with i O O |softmax
S
Neural ! 8 1 vector representation of
network < context I saw a cat ona
[ 1
I saw a



Mcnonb3oBaHue softmax temperature

Echn T > 1 (BbicoKaa Temnepartypa):

[leneHne Ha 60/1bLIOE YNCNO KCINTAaXKMBAET» Pas3/INYnNA MeXKAay IorMTamun. Pacnpegenenme
BEPOATHOCTEM cTaHOBUTCA 6onee naockum. Moaenb CTaHOBUTCA MeHee yBepeHHOM, HO bonee
«nto0bONbITHOM» — OHA AAeT WaHC peaKnUm CN0BaM.

3a4yem 3mo Hy»#cHo: YTobbl MoAEeNb HE 3aUMKANBANACh Ha CaMbIX YaCTbIX CIOBAxX U aAydlle
n3yyana pegkue, nam 4ytobbl reHepupoBaTb 6onee pasHoOobpPa3HbIN TEKCT.

Echu T < 1 (Hu3Kasa rtemnepartypa):

[enenuve Ha apobb (Hanpumep, 0.1) yBennumsaeT pa3nnums. PacnpeaeneHune ctaHoOBUTCA
6onee octpbim. Moaenb CTaHOBUTCA OYEHb YBEPEHHOM U BbIOMPAET TO/IbKO CaMble BEPOATHbIE
cnoBa.

3ayem amo HyxcHo: na 3a4a4, rae HY»KeH TOYHbIM U NpeacKkasyembln OTBET (Hanpumep,
Knaccndukaums).

Echmt = 1:
3TO cTaHAApTHbIM Softmax




Mcnonb3oBaHue softmax temperature

3ayem 3TO UCNONb3YIOT B A3bIKOBbIX Moaenax?

Ona obyueHunsa (Training): MHorga ncnonb3yoT BbICOKYHO TeMMepaTypy, 4Tobbl moaensb nydiie
obobulana n He nepeobyyanacb Ha YaCTbIX C/IOBAX.

Dna reHepauumn Tekcrta (Inference): 31o KpuTHMyeckn BaxkHo ana LLM (6onbLlumx A3bIKOBbIX
mopaenen spoge GPT).

MeHsaA T, Bbl MEHAETE «KPEeaTUBHOCTb» MOAENN:
Hu3Kaa TemnepaTypa — CKYyYHbINA, HO NPaBUAbHbIN TEKCT.

Bbicokan TemnepaTypa — KpeaTuBHbIM, HO MHoraa 6eccBA3HbIN TeKCT (Moaenb Yalle
BblIOMpPaeT meHee BePOATHbIE C/10Ba).




[lpmep: temperature = 2

paradise sits farms started paint hollow almost
unprecedented decisions, care using withdrawal from
rebel cis ( , saying graphics mongolia official line,
greeted agenda victor is exploring anger :) draw
testify liberalization decay productive 2 went
exchanges of marketing drawing enabling challenging
systematic crisis influencing the executive arrangement
performs designs




[1lpmep: temperature =0,2

the first time the two - year - old - old girl with a
new version of the new version of the new version of
the new version of the new version of the new version
of the new version of the new version of the new

version of the




CBA3HOCTb M pa3Hoobpasue. Top-K

* BbIbupatb 13 nepsBbix K Hanbonee BepoAaTHbIX TOKeHOB (06bIYHO K cocTaBnaeT
okono 10-50)

* Bbibnpaem K TokeHOB ¢ HanbobWMMHU
BEPOATHOCTAMM.

* OTb6pacbiBaem BCe OCTa/bHbIE.

* Hopmupyem BEpOATHOCTM OCTaBLUMXCA TOKEHOB, .
4yTobbl UX CyMMa paBHsNach 1. white 0.03 01|

e CnyyarHbiMm 0bpa3om BblbMpaem cneayowmim b:;rc.: 885

TOKEH U3 OCTaBLUMXCA. AATOPUTI NPOCTO blue 0.02

6epeT nepsble YeTbipe cnosa violet 0.02
M3 3TOr0 OTCOPTUPOBAHHOTO

Cnu1cKa olivé 6402

The dress color was

« | The dress color was




Kak BbibpaTb K?

Top-K: HeAOCTATOYHO  The dress color was

P( « | The dress color was '
L J

red 0.03@) °
white 00300 o Korana pacnpeaeneHue
b'qc" 0.020 R BEPOATHOCTEMN AOCTAaTOYHO
pink 0.02 10 paBHOMepHOe, MaseHbKoe K
blue 0.02 MOKET 6bITb CIULLIKOM
L OrpaHNYMBaIOLLMM.
violet 0.02
olive 0.02
The light was ____
. t rachal Korza BepoATHOCTb
K- P(+ | The light " bility
Top-K: cAnMwikom mHoro e light was) | 00 ributio COCPeAOTOEHa HA HECKONbKMX
on 0.45 I ] TOKeHax, 6onbloe K moxeT
off D441 )| . . BK/10YATb /IMLLHKNE
ih 0.0110 o Ma/IoBEPOATHbIE BAPUAHTHI.
atr 0.011
too 0.01




Top-p sampling

B aTom meToae Bbl60pa cneayrowero TokeHa npum reHepaumn TeKCta BMeCToO
d)MKCVIpOBaHHOI'O Ko/inyectBa TOKeHOB K mbl BbI6I/IpaEM CTO/IbKO TOKEHOB,
CKOJIbKO HEO6XO,£I,VIMO, 4yTOObI NX CYMMapPHaA BEPOATHOCTb AOCTUI/1a 3aAaHHOTIO

nopora p.
The dress color was The light was
Pl = | The dress color was F( = | The light was
red 0.0301 on Q.45
white 0.03 0 off 0.44 |
black 0.02 0 in 0.01
pink 0.02 0 at 0.01
blue 0.020 | -8 too 0.01
viulf.:l‘lll' E{.uz 0

olive E}..DE [ |

e




Top-p sampling

1. Kak paboraet Top-p?
Aonyctum, mbl yctaHosuam p=0.8.

3TO 03HA4aeT, YTO Mbl XOTMM BblOpaTb Hanbonee BEPOATHbIE TOKEHbI, CYMMapHaa BEPOATHOCTb
KOTOpbIX cocTaBnsaeT He meHee 80%.

* Mogenb BblMUCNAET BEPOSTHOCTU BCEX BO3SMOXKHbIX C/1e1YIOLLMX TOKEHOB.

* CopTupyem TOKeHbI Mo YObIBaHUIO BEPOATHOCTU.

* NocnepoBaTenbHO A06aBASEM TOKEHbI, NOKa CYMMa UX BepoAaTHOCTEN He aocTurHet 0.8.
* OTbpacbiBaemM OCTa/IbHble TOKEHbI.

* Hopmunpyem BepOATHOCTU BbIOPAHHbIX TOKEHOB M C/ly4aliHbIM 06pa3om BbibMpaem oAnH 13
HUX.




Top-p sampling

Korga moaenb He yBepeHa, Kakoe MMEeHHO Npoao/iKeHue BblibpaTb, Top-p coxpaHsaeT 6boablioe
KO/INYeCTBO BapuaHTOB. Taknm 06pa3om, reHepaLma OCTaércs pasHoobpasHoM.

Kak Bbibupatb p?

* ManeHbKoe p, Hanpumep 0.5: BbIbUpaeTcs meHblLe TOKEHOB, reHepauma CTaHOBUTCA Bonee
npeackasyemomn.

* Bonbwoe p, Hanpumep 0.95: BbiIbBUpaeTca 6onblle TOKEHOB, reHepaLma CTaHOBUTCS
pa3Hoobpa3sHee, HO BO3pacTaeT BEPOATHOCTb BbiIbOpa meHee NoAXoAALEero NPoAo/KeHUS.

* p=1: Top-p HM4Yero He oTbpacbiBaeT, U BbIOBOP NPOMCXOAMT U3 NOJHOTO pacnpeaeneHus
BEpPOATHOCTEMN.




OueHKa moaenen. lNepnnekcua

HacKonbKo moaenb «yanBAAeTcsa» NP YTEHUM HOBOTO TEKCTa?

M M
L(yim) = Ly Y2, Ym) = Zlogz P(Vely<t) Loss(Yy.m) = — Z log (Ve |y<e)
t=1 t=1

Log-likelihood of the text Note: cross-entropy (our l0ss)
IS negative log-likelihood
MNepeMHOXKaem BepOATHOCTU BCex C0B (3To aaeT
BEPOATHOCTb BCEro TEKCTa), a Norapuodm
npesBpaLlaeT yMHOXKEHWNE B CNOXKeHMe (TaK yaobHee
CYHUTATD, 4yTOb6bI YMCNA He npespawanncCb B HOJ1b U3-
3a nepenonHeHMﬂ).

Perplexity(yy.a) = 27 w01




OueHKa moaenen. lNepnnekcua

Perplexity(yy.a) = 2~ w010

Mepnnekcua — 3To mepa TOro, HACKOJIbKO MoAe/1b «COMHEBAaEeTCA» UAKN «3anyTaHay, 3TO
«3¢pPeKTUBHOE KONNUYECTBO BaPUAHTOBY, M3 KOTOPbIX MoAeNb BbibMpaeT cneaytollee c/I0BO:

* Ecnn Perplexity = 10, 3To 3HQUUT, YTO MOAeNb B CPpeJHEM HaXOAUTCA B TAKOM e
3amMellaTeNnbCTBe, KaK ec/in bbl OHa c/ly4anHO BblbUpana cneaytollee c1oBo
13 10 paBHOBEPOSATHbIX BaPUAHTOB.

* Ecnhm Perplexity = 1000, moaenb Kak byaTto BbibupaeT n3 1000 BapmnaHToB (OHa O4EHb NJIOXO
NpeACcKa3blBAET TEKCT).




OueHKa moaenen. lNepnnekcua

Mpumep:

Ecnm TeKcT cocTonT n3 abCcontoTHO Cly4arHbIX CUMBOOB, Nepnaekcmna byaeT paBHa pasmepy
cnosapsa (Hanpumep, 50 000). Moaenb BoobLle He NOHMMAET, YTo byaeT Aanblue.

Ecnn TekcT ouyeHb npeackasyembint (« CoNHLE BCTAET Ha ... BOCTOKE»), nepnaekcua byaet 6am3Ka
K 1 (nnm K maneHbkomy uncay). Moaenb npakTUYECKU He oinbaeTcs.

Yem HUKe nepnieKkcus, Tem ayulle mogesib. ITO 3HAUYUT, YTO MOJEeNb MEHbLLE «YAUBASETCAY,
Korga YnMTaeT peasbHbl TEKCT, N ydlle NOHUMAET A3bIK.

Mepnnekcna — 3To CTaHAAPTHAA METPUKa ANA CPAaBHEHUA Pa3HbIX A3bIKOBbIX Moaenei.




Kakne 3HayeHUA MOXKEeT NPUHUMATb
nepnaekcua’?

° yyuwee 3HayeHue — 3710 1 (ecnm moaenb naeanbHa U NpUcBanBaeT BEPOATHOCTb
1 npaBUIbHbIM TOKEHAM, TO orapndmMmuyeckme BepoATHOCTU PaBHbI HYHO)

° xygwee 3HayeHme — 370 |V| (ecnm mogenb HMYero He 3HaeT O AAHHbIX, OHA
npucBanBaeT BceM TOKeHamM BeposiTHOcTb 1/|V |, He3aBMCMMO OT KOHTEKcTa).

Perplexity(yy.y) = 23401




[MpuBA3Ka Beca (Weight Tying)

Bonblasa 4YacTb NapameTpoB moaenun bepetca M3 3TUX MATPUL, — Bbl MOXKETE
YMEHbLWMUTb pa3mep moaenu!

Default (no weight tying) Weight tying
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Busyanusauma aktmeaumm HEMPOHOB

LSTM-ceTn Ha ypoBHE CMMBO/1I0B, Oby4YeHHble Ha agpe Linux u «BonHe n mmnpe»

* HeMpOH 4yBCTBUTE/NIEH K NMONOKEHUIO B CTPOKE
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* HeMpOH aKTUBUPYETCA Ha BHYTPEHHME KaBblYKU




Busyanusauma aktmeaumm HEMPOHOB

* HepoH aKTuBMpyeTca BHYTPU onepaTtopos if




Busyanusauma aktmeaumm HEMPOHOB

* HeMpoH aKTuBUpPYeTCA Ha BHYTPEHHME KOMMEHTaPUN U LUMTaTbI




Busyanusauma aktmeaumm HEMPOHOB

* HempoH yyBcTBUTENEH K TNTYOMHE KOAa

fd CONFIG_AUDITS LL
at inline int au _match_class_bits(int class, u32 *mask)

ef
ic

or = 8 < AUDIT _BITMASK_SIZE; i++)
if (mask[i] & classes muma i]1)

h




HellpoHsbl, chepswme 3a HaCTpoeHMeM

LSTM-ceTb Ha ypoBHE CMMBON0OB, 0by4yeHHasa Ha OT3biBax Amazon

This is one of Crichton's bes!




KOHTpacTHanA oueHKa: cneupduryeckui
TEKCT

The roses in the vase by the door _? ~ Competinganswers:  is, are Cnoco6Ha 1M MOAENb NPABUABLHO
paccTaBuUTb NPUOPUTETLI MeXKAY
P(The roses in the vase by the door are) ™~ s the correct answer rPaMMaTMYeCKM BEPHBIM M HEBEPHBIM
ranked higher?
P(The roses in the vase by the door is) # P(.are) > P(..is)? BapuaHTom?

is/are

The roses in the vase by the door 7

P(*| The roses in the vase by the door) get probability
distribution from LM

E—=  picktokens s == compare the
EH  ofinterest scores: correct
= ——> are =3 ranking or not?

==l
-
a




KOHTpacTHanA oueHKa: cneupduryeckui
TEKCT

is/are
Th ? -
eroses __ Simple: no attractors
: 2
The roses in the vase Harder: 1 attractor
The roses in the vase by the door Harder: 2 attractors
\ / ATTpPaKTOpP — 3TO C/I0BO-«0OMaHKa».

Attractors: nouns with different JTO CyLLecTBMTe/IbHOE, KOTOpOE CTOUT

number than the subject MeXay noanexalmm n rnaronom, ny

KOTOpoOro apyroe
yncno (eanHcTBeHHOE/MHOXKECTBEHHO
e), yem y noanexxaulero.




3apnaHue 7 (2 6anna)

1. Yto Takoe ckKpbitoe coctosHne RNN m noyemy OHO Heobxoagumo AaAns
06paboTKM nocnenoBaTeNIbHOCTEN?

2. NMoyemy npu reHepauum TeKCTa HeAOCTAaTOYHO Bceraa BbibMpaTb Hanbonee
BEPOATHbIN TOKEH?

3. B yém npuHUMnmanbHoe pasnmnume mexay Top-K n Top-p sampling?

4. Y10 nNOKa3biBaeT NEpnaekcus A3bIKOBOM MOAE/IM N TMOYemMy MEHbLUNE
3Ha4YeHUA 0O6bIYHO CYUTAOTCA NYYLIMMMN?
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