Jlekumna 3.
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/Nb?

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

A3bikoBble moaenn (LM) oueHmBaloOT BepoOATHOCTb PA3/IUYHbIX
A3bIKOBbIX €AMHUL:: CMMBOJIOB, TOKEHOB, MNOC/JeA0BaTE/NIbHOCTEN

TOKEeHOB.




[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

*W’NMJ"» She studies morphosyntax

She studies more faux syntax
She studies morph or syntax

Human Machine




KakoBa BepOATHOCTb NOABNEHUA
npeaoXeHnA B A3bIKe ?

KakoBa BEpOATHOCTb BbITALLUTL 3€N1EHbIN Wap?

MOMHO N1 paccyaaTb aHaNOTMYHO ANA NPeasioKeHNn?

. ° = O
o . P(the mut is tinming the tebn)= =0
° 0@ o0 |corpus|
OO oo o© © ¢ ;
©co0e °°° 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?

& g 0
0 . P(the mut is tinming the tebn)= =0
° 0 @ 0 corpus]|
OO oo o© © » "
000 ” °° P(mut the tinming tebn is the)= =
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)= P  saw a)=
P(I) - P(saw|T P(I): PsawlI). 2 P(I) - P(saw|I)-P(alT saw)
— | L e L Te 0 12 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)=
P{I saw a Cﬂﬂ - P(I saw a Cle) -
P(I) - P(saw|I) -P(alI saw): P(cat|T 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 | ' L ] 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(Y1, Y2, ... ¥n) = PO1) - PO2ly1) - POsly1 y2) - = - POalyts oo ynet) = [ [ POUly <o)
=1




CTpyKTYpa MoaennpoBaHmA A3blKa C
HanucaHWem cneBa Hanpaso

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

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

2 BapMWaHT: HelpoceTn




[eHepauma TeKcTa C NOMOLLBIO A3bIKOBOW
Mmoaenu

I I was I was I was happy

(/ generate P[ * ‘ I WGSI l qQetl [A."‘_‘i,.'\:tl_?l“",‘,- p( * I I WGS) Sarmiy e from the F)( " | I was happy) ‘._1'.:‘;, propab l"..\,-‘
distribution adistribution aistribution

\am 0200 there 0101 there 0.101 to 0.50 |

was 0.18 /1 in 0.09 1 in 0.09 ! | when 0.201
want 0.10 | glad 0.071 glad 0.07 1 1 yesterday 0.01 1
think 0.08 1 | happy 0.051 happy 0.05 I because 0.01

do 0.06! confused 0.03 confused 0.03 | for 0.011

......

......

saw 0.02 hungry 0.011 hungry 0.01 ' but 0.01

...........




[eHepauma TeKcTa C NOMOLLBIO A3bIKOBOW
Mmoaenu

I was happy

I was happy to
P(*|I was hGPPY) '.(lujuuln"li'n‘ll!a the P(*| T was hGPPY to)| 9etprobability
distribution : ' distribution
fo 0.50 | ] meet 0.05( |
when 0.20 | | see 0.04 ]
yesterday 0.01 | be 0.03 [
because 0.01 | do 0.021
for 0.011 help 0.02 [
but 0010 eatp




TpaaAnUMOHHBIW NoaxoA, K paboTe C
A3bIKOBbIMU MOAENAMM

Llenb: HEO6X0AMMO BbIYUCANTL YCNOBHYIO BEPOATHOCTb B popmyne

P(y1, Y2, .2 ¥n) = PO1) - PO2ly1)  Pslyn y2) - =+ - POalyts oo s yuet) = [ | POUly <o)
=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 ---J"t)
t 1o Y20 vy YiE=1 N(}’_—l.yz,-..,}?t_l)’

roe N(yq,¥5, ..., V) — KOJIMYECTBO pas, KOTopoe Mbl BcTpeyaeM (V4,V5, ..., Vi) B
obyyatouiem Kopnyce




MapKoBCKoe npeanonoxKeHue

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

Pyt |¥1,¥2) s Ye-1) = P(yy |?’t—n+1' "-:)'t—lj)

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)

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 . : - - 7
(mat | cat ona) N(cat on a)

& P(mat | a) = P(mat)

N(a)=0 — tryunigram

I: can not compute the probability




Jlydlee pelleHue: MHTepnonauma

M(cat on a mat)

P = — =7
(mat | cat on a) Nica on a)

icd: can not compute the probability

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




CrnausaHue Jlannaca

NN(cat on a mat)|
P(mat | cat ona) = N(eak an ) =P

i: zeros out probability of the sentence

5 + N(cat on a mat)
§ - |V|+ N(cat on a)

P(mat | cat ona) =




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

I __ I was

P(#|I) sample from the P(* | I was)
distrnibution Y

am 0.20 there 0.10

was 0.18 C—1 in 0.09
want 0.10 glad 0.07
think 0.081 happy 0.05

do 0.06 confused 0.03 [

______

Ot DI

hungr.y 6,01 [

obability
| "’?f"n,f“ '\

I was

P(+|I was)

there 0.10!

in 0.09 !

glad 0.07
happy 0.05 [
confused 0.03 !

hungry 0.01

Lise

| -I was happy

'
P( * | was happy) ' el

¥

to 0.50

when 0.20
yesterday 0.01
because 0.01
for 0.01!

but 0.01

bability



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

‘fWOS hOEB! 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 F 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 just has started
production of frits in the process and has free wi - fi "

operation .... eos




HenpoceTteson noaxon,

Llenb: HEO6X0ANMMO BbIYUCINTDL YCNOBHYIO BEPOATHOCTb B popmyne:

P(Yl9y29 ,)’n) — P(.YI) 3 P()’zl}’1) : P(.Y3|)’1,}’2) e e P(ynl)’l, ,)’n—l) — HP(yt|y<t)
=1

B HEMPOHHbIX CeTAX HYXHO OOYy4YMTb HENPOHHYIO CEeTb MPOrHO3MPOBaTb
BEPOATHOCTM.




Obwun noaxon

“ NOJZIY4UTb BEKTOPHOE NnpeacrtaBjieHne KOHTEKCTA

° OUEeHUTb BepoOATHOCTM (NPOrHO3 pacnpedeneHna BeposTHOCTEM AN
cneayrowero TOKkeHa)




Obwun noaxon,

P(«|1) -t P(+|I saw) ~ P(+«|Isawa) —

9

-

I

ger probability

1

get probability

get probability

it

tion for distribution for distribution for

||

the next token the next token Lhe next token

|

b=

A"

':JU[M‘;U[ J

orr

J |

Neural network Neural network Neural network

process context process context process context

(previous history) (previous history) (previcu s history)

> I saw I saw a




Obwun noaxon,

P(+«|Isawacat) — P(+|I saw a caton) — Pl«|Isawacatona) -

Q_J . - _ -
C;A_ g '-|. .A" { 1 — get probability get probability
= [ distribution tor :|:| distribution fa :I:I distribution far
r—]‘ the next token — p— the next token — he next token
, A m | —— the next toke
! — g

'—_]

|

J
I

I 1
J

Neural network Neural network Neural network

process contexi process context process context

yevious history) (Brevioue hieton " Tietery
previous nistory) [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 on a mat)
o8

T

—
-
.

o

-

Neural network

I saw a cat on a mat

—

get probability

process context




Obwun noaxon,

4 tclkens
d-sized b= o
aCtar 9 ="'  P(+|Isaw acatona)
: “ | softmax f—— o
Linear| = = get probability
h: vector - layer | - = distribution for
'e:f"s;ﬁ?;i:';’” - % { ] the next token
O

saw a cat ona

J |

Neural network

I saw a cat on a o=

process context
(previous history)

<— |nput word embeddings




Obwun noaxon,

[V| tokens
| P(+|I..ona)
d-sized -0 -
vector -Q (]
; . | softmax
Linear 5 e
h: vector layer O B\
representation 2 o S . . .
of contetT — |9 -®. = N Simple way of thinking about this:
saw a cat ona o Wehave:
: » h-vector of sized _
Transform linearly
Neural network We need: ™ from size d to size |V|
» vectorof size |V| -
probabilities for for all
tokens in the vocabulary
>tjﬁ D
4 0 oo oL d feat T . e
eatures 0 ~Q
I saw a cat on a (iactor o|, [Linear[~Q [softmax =———
. N °1"| layer |+~O =
dimensionality) | |o -® 0
-Q C—
R -0 [

w
w



Obwun noaxon,

|V| tokens
| P(+|I..ona)
d-sized O e
vector ~Q D[:]
1 5 |softmax ———
Linear| - —
n: vector layer |-O Dl: AN
representation e o — : .
ofcontetI —1l8 -0 0 Output Embeddings View
saw a cat on a e
|

D)

~

Neural network IV| vectors
OT OT ".‘7 0] (o]
gx Linear| . At 1ol x [elefe] ... | vector
1 R Bkl [P o| | layer ol I8l I8l [ dim.d
o BB E K E h

/N

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

—_—

—
|
|

~~  P(=|I saw a cat on a)

. 0
Take dot-product of I with SO o] -0 |softmax uiu exp(i e.,)
output word embeddings ' : ’ 'F—]j POily<,) = -
— 2, exp(hle,)
3 - weV

~h:vector representation of
contextI saw a cat ona

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

I saw a cat on a

P —

Neural network

(0000




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 = 1
— 0 C_——1 |decrease
— 0 s J.
— <« cat—> 1 — _increase
=3 0 =
O 8 % decrease
|
- 8 - A
Cross-entropy loss:
Vi
—Zp{ ‘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

o ' Target Target
o t Target
b [ ] 0 [ ) 0
! ) - | J 1 re f 0 [ ] o
i L ] I ';' { Y ] 0 [ J o
Sl = - > == 1| NCTeast 1 ] ]
L I o { | 0 | 1
— ]  — 0 ) o
T | i [i] i ( f 0 [ ]
( 1 L a { 0 Ll i}
i | "] { 0 | ] i]
‘ | 0
Training example: I saw a cat on a mat weos r " i .
1= ] (&) ! P e L Lich
o I ]t o ! ( pd =]
[ S [5] make an updatd
Loss = -| [)) = min ad
N og ((1)) Loss = -log (p(L)) = min
L it x
I atati f 't |
E tat
-
{ ] Target
I { =) e )
r ) =1 J ' x
- o I > | ) 0
- o I u ) «— SaW —» 1
[e=] =] { | 0
[5] ith P, ol e i x
[=] o] |@ ol [o t Drobability
5] T el Jo
i W } | ¢
1] (5] ::
f Q)¢
1ML Ple|I
RN stat g
L

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




Oby4yeHue: Kpocc-aHTpOoNUA

Target
9 Target
o 3 . I saw
| ‘ -]
- Jecreast 2 = s l
> | ) 0 [ ] 0 g g i i I
o ) 1 [ ] ] H e
- J e 0 i o e o
| |
I 0 I = Il: T

o000
(900 0]
D000
(LS
= |

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

g

}-»(E558)»
§ }—olco.o t)l

ol |

|
|
Y
Q

Training example: I saw




Oby4yeHue: Kpocc-aHTpOoNUA

Target

‘ 1

|
—)

oooo

oOwo

cat on saw a cat on a mat <eos>

o o] ;" L ~
'} 4
o f 3t c-- I '
J oL Loss = -log (p{«eos?)) = min
THELL U §
= .

I a cat a mat P i I saw a cat on @

l

i P4
o
g
0mr
| S——]
©
"

o000
o000
o000

o000
(5353)
(5559)

0%

T
(5559
o o0

g

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




PeKkyppeHTHble moaenu

Yntaem TEKCT, Ha Ka)KOOM Lare npeackasbiBaem cneayolmin TOKeH

predict the
I SEWEC‘E in zmif next token
ol |e|l |le| |o| |lo| |e| le
ol lel.lel.elle] o] o] . .
o lelele e lo 1o
ol |le|l |le| |e| |le| |e| leo
0 I I 0 o |o
of |9 |o| |o o |o
ol o] lo| |o ol |lo
o 19 19 |9 o 9]
T <aw a cat oh a condition on the
previous tokens




PeKkyppeHTHble moaenu

MHOrocs10MHOCTb: Nnepegaya coctoaHmnm ns ogHom RNN B gpyryto

SCoo>{0000)—

I saw a cat on
0 Tcl (2 fo 'l’ 'l'
olNafel N1 o] N2, || N [e] N
o[l ) o[ le[
CI I C R R
T L] » A
NP LA o L
(0] o o
0 o »|@ >
ol el el
(o] B (o] B o

cat




CBA3HOCTb M pa3Hoobpasue

CI'EHEpVIpOBaHHbIe TEKCTbI A0/1XKHbl ObITb:

° CBA3HbIMW U OCMbIC/IEHHbIMU— CreHEepUpPOBaHHbIM TEKCT [ONMXMKEH MMETb
CMbIC/I;

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




Mcnonb3oBaHue softmax temperature

hTw
exp(h’w) exp(*)

14

r - softmax temperature

Before After
P(+|I saw a cat ona) ; : : P(+|I saw a cat on a)
v v '
Take dot-product of , - Take dot-product o 9. - =l

with outDut W -l softmax =  with > word & ___© |softmax

Neural ° ____ h:vector representation of Neural ~ 1 vector representation of
network g contextI saw a cat ona network g contextI sawa catona
1 1
I saw a I saw .. a




[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

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

The dress color was

* | The dress color was

red 0.03 1)
white 0.03 0
black 00210 |

pink 0.02 1

blue 0.02

violet 6,02

oliv'é '(').,02




Kak BblbpaTb K?

Top-K: HeAOCTAaTOYHO  The dress color was

P( « | The dress color was
4

red 0030 °
white 0031
black 0.020 |

pink 0.02 1)

blue 0.02

viole"f .(.)',02

oliv"c (.)-,02

The light was
Top-K: canwkom mHoro P(+ | The light was

on 0451 1

off 0441 ) | .
in 0011 Top-4
at 0.011

too 0.01




Top-p sampling

“Ha KaxXgom Lware BbI6VIpaTb CTO/IbKO BepPXHUX TOKEHOB, 4YTOObI MOKPbLITb p%
BepOHTHOCTHOVI MaCCbl

The dress color was The light was
P( « | The dress color was P( + | The light was
. v
red 0.03 ] on 045
white 0.03 ] off 044
black 0.02 1 in 0.01
pink 0.02 0 at 0.011
blue 0.020 } Top- too 0.01
violet 0.02 0

olive -(.)._02 B |




OueHKa moaenen. lNepnnekcua

HacKonbKo moaenb «yanBAAeTcsa» NP YTEHUM HOBOTO TEKCTa?

M M
L) = LOW Y2 9w) = ) 1082p0ielyee)  Loss(ia) = = ) logp(vely<o)
t=1 t=1

Log-likelihood of the text Note: cross-entropy (our loss)
IS negative log-likelihood

Perplexity(yy.y) = 2~ 3H010)




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
o - oXo) Q 3
- g 20099 0
ﬁf /_ softmax :[: 000 gj’softmax [:][:
O ¢ O ( ) B ®, O
-0 — 2000]—~0 E—
-O._ = ) O O ~(:,‘ O

Output word embeddinas R R " a
Output word embeddings Output word embeddings

(©0000]

o
0]
(o)
0

=
D=
2 <
=0
~
[coo0]

I different I the same

<— |Input word

embeadings




[Mpymepbl creHepnpoBaHHOIO TEKCTa

Proof. Omitted. 0|

Lemma 0.1, Let C be a set of the construction. |
Let C be a gerber covering. Let F be a quasi-coherent sheaves of O-modules. We
have to show that
Qo = Ox(L)

Proof. This is an algebraic space with the compaosition of sheaves F on Xy, we
have

Ox(F) = {morphy xo, (G, F)}
where G defines an somorphism F < F of O-modules. 0

Lemma 0.2, This is an integer Z is injective.
Proof. See Spaces, Lemma 77, 0

Lemma 0.3. Let S be a scheme. Let X be a scheme and X s an affine open
covering, Let U C X be a canonical and locally of finite type. Let X be a scheme,
Let X be a scheme which is equal to the formal complex.

The following to the construction of the lemma follows.
Let X be a scheme. Let X be a scheme covering. Let

b: X =Y =Y =Y =Y xxY =X
be @ morphism of algebruic spaces over S and Y.

Proof. Let X be a nonzero scheme of X. Let X be an algebraic space. Let F be a
quasi-coherent sheaf of Oy -modules. The following are equivalent ‘
(1) F is an algebraic space over S.
(2) If X is an affine open covering.

Consider a common structure on X and X the functor Ox(U) which is locally of
finite type. =)

This sowce F € F and 1 € € the Bagram
S

l

£

T

»
- O —

- 0 — X
SpeciKy) Mots HOx,,..0)

e Bt Then s & Soite type asd s S s o Bt and 7 and § & & finite

type fo. This s of finite type dingrass, and

| o the compusition of € s & repdar segquonce,
o Oy s ashoad of rings. ‘

0

Proof We have e that X = Spec(R) and J s & Baite type reprosentable by ‘
algebesic space. The property F s o aite morpiinn of algebesic stacks. Then the
cobsxnology of X s an open seighbourhood of UV Q
Proof. This s chenr that € Is & linite presentation, see Losunes 77

A resduced above we conchade that U bs an opens covering of C. The fusctor F s o
“tarkd

Oxp =+ Fy MOy, )= 03'04,(0%)
s an bossorphism of covering of Oy . I F s the unigue chessenst of F woch that X
» an posnorpliso
The peoperty F i o dinjoint ssion of Progesition 7T and we can Sltered set of |
prosestations of & schesse Oy -algeben with F are opess of Snite type over S
I F s a schesoe thooretic bnage polnts 0

M s a Buite divoct sumn Ox, s & chosed lmunersion, see Loonna 77, This b a
soqpurnce of F s o stenilar morphises




MMepbl CreHepUpPOBaHHOMO TEKCTa

static int sadicate policy|veld)
(

int errorc;

Af (fd == NARN BPT) {

AL [sas>s0gmeat < sew_total)
unblock graph and set Slocked():
wlaw
res = |}
woto bally
)
pogaddr = An_SB(An.sadr) )
selector = soy / 14;
.ttw_wru " truss
for (L= 21 | < blooke) 14e) (
sag = bulliee];
2pf = DE-pbd.zaxt ¢ L * ssazch;
Mo fa) (
currest = blocked;

)

WONANe * “Catibbregs “:

bpre wnlf clearl(biv-dynrsion);

roge->nev = blocka( (MPY_STATE << info->Alstoridec)| | PIMR_CLOBATHING_SEOOSCS << |1

foturn sejtable;




Busyanusauma aktmeaumm HEMPOHOB

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

@ crossing of the Berezina lies in the fact
dtably proved the fallacy of all the plans for
‘etreat and the soundness of the only possible
utuzov and the general mass of the army

to follow the enemy up. The French crowd fleg
ng speed and all its energy was directed to

'd like a wounded animal and it was impossible
a5 shown not so0 much by the arrangements it

hat took place at the bridges. when the ban
ers, people from Moscow and women with children
transport, all--carried on by vis inertiae--

$ and into the ice-covered water and did nety




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

#ifdef CONFIG_AUDITSYSCALL
static inline int audit_match_class_bits(int class, u32 *"mask)
{

9 ; < AUDIT _BITMASK_SIZE; 1i++)

3 . classes[class][1i])




Busyanusauma aktmeaumm HEMPOHOB

* HeMpoH aKTnBupyeTca nepen HavyasioM HOBOM CTPOKM

ch
{

aaaaaaa

RR_PTR(-ENAMETOOLONG)S

RR_PTR{-ENOM "‘r
H ; )




HellpoHsbl, chepswme 3a HaCTpoeHMeM

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

This is one of Crichton's bes!




MHTepnpeTMpyemble HeMPOHbI ANA
yrpaB/ieHNs reHepupyembiMU TEKCTaMU

SENTIMENT FIXED TO POSITIVE SENTIMENT FIXED TO NEGATIVE
I couldn’t figure out the shape at first but it definitely does what it's I couldn’t figure out how to use the product. It did not work At least
meant to do. It's a great product and I recommend it highly there was no quality control; this tablet does not work. I would have

given it zero stars, but that was not an option.

I couldn’t figure out why this movie had been discontinued! Now I can I couldn’t figure out how to set it up being that there was no warning
enjoy it anytime I like. So glad to have found it again. on the box. I wouldn’t recommend this to anyone.

I couldn’t figure out how to use the video or the book that goes along I couldn't figure out how to use the gizmo. What a waste of time and
with it, but it is such a fantastic book on how to put it into practice! money. Might as well through away this junk.

I couldn’t figure out how to use just one and my favorite running app. I I couldn’t figure out how to stop this drivel. At worst, it was going
use it all the time. Good quality, You cant beat the price. absolutely nowhere, no matter what I did.Needles to say, I skim-read
the entire book. Don‘t waste your time.

I couldn’t figure out how to attach these balls to my little portable I couldn’t figure out how to play it.
drums, but these fit the bill and were well worth every penny.




KOHTpacTHanA oueHKa: cneupduryeckui
TEKCT

The roses in the vase by the door _~ Competing answers:  is, are

P(The roses in the vase by the door are) Is the correct answer
ranked higher?

P(The roses in the vase by the door is) # P(..are) > P(..is)?

is/are

The roses in the vase by the door _?

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

S;] picktokens s == compare the

= of interest . scores: correct
— > S— ranking or not?
‘Di -




KOHTpacTHanA oueHKa: cneupduryeckui
TEKCT

is/are
The roses *_ Simple: no attractors
The roses in the vase _’ Harder: 1 attractor
The roses in the vase by the door ~ Harder: 2 attractors

N/

Attractors: nouns with different
number than the subject




J1P 2

KBaHTM3aUUA - 3TO meTo4, CHUXKEHUA BbIYNCIUTENbHbIX 3dTPaT U 3aTPaT NMNaMATHU
npn BbINONHEHUU NOITMYECKONro BbIBOAA 34 CHEeT npeacraBieHna BeCOoB WU
aKTMBaLLMVI C Ucnosaib3oBaHNeEM TUMNOB AaHHbIX HM3KOM TOYHOCTM.

Quantization_config — 310 napametp (aprymeHt) metoma from pretrained B
bnbnmorteke Hugging Face transformers, KOToOpbI UCMONb3YETCA ANA Nepeaaydn
KOHPUrypaLmMm KBAaHTOBAHUSA B MOAEND.

BitsAndBytesConfig — 310 Knacc ns bubamotekn transformers ot Hugging Face,
KOTOPbIM nMpeaHa3HayeH AnAa HACTPOMKM W YyNpaBJ/IEHUS KBAHTOBAHMEM
MoJeneun c nomoLlbio bubnmotekn bitsandbytes.




J1P 3

Pydantic wurpaet knwo4yeByo ponb npu pabote co CTPYKTYPUPOBAHHbIMMU
ANaHHbIMU B LLM.

Camoe rnaBHoe npMmeHeHne — 3acTtasuTb LLM BoO3BpawaTb gaHHble B CTPOro
onpeaenéHHom popmare.

JSON string — 3TO CTpOKa TeKCTa, KoTopaAa coaepXuUT AaHHblie B dopmaTte JSON
(JavaScript Object Notation).

JSON string — 3TO TeKcToBOe npeacTaB/ieHUEe CTPYKTYPUPOBAHHDLIX AaHHbIX,
KOTOpOe BbIrNAAUT Kak JavaScript-o6beKkT, HO ABNAETCA 0ObIYHOMN CTPOKOM.
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