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MocROBCRUII

i % T'OCYAapCTBEHHBIN

i/ ynuBepcurer
umenu M.B.JlomoHoCOBa

Poct nonynsapHoctu LLM B mupe

OueHka ctoumocTtn LLM komnaHnn nHeBectopamum

e Mistral - 5.8 munnuappa
e XAl -24 munnnapga

e Anthropic - 40 munnunapoos
e OpenAl - 157 munnunapaoos

[na cpaBHeHna (market cap):

e Siemens ~ 150 munnnapaos
e Nvidia ~ 3 Tpunnunona (poct x10 3a 4 roga)



MocROBCRUII

% TOCyAapCTBEHHBIN
i/ ynuBepcurer
MMMMM M.B.J/lomoHOCOBa

f3bikoBOE MoaenupoBaHue

A3bIKOBbIe moaenu OUuEeHUNBAKT BEPOATHOCTb Pa3JINYHbIX

TEKCTOBbIX CYLLHOCTEN: CMMBOJIOB, CINOB, NOCNEeA0BaTENbHOCTEN
CIOB.

e [lepBbiM 4YennoBeKoM B KOCMOce Obin ?
e Y10 NnpaBgonogobHee:

O $ Cbesl XapeHbIN rBo3a4b VS A CbeS XXapeHbIN CTENK



oe npuMeHsieTCcA A3bIKOBOE
MoaenupoBaHue

MOCKOBCRIII
T'OCYAapCTBEHHBIN

i)/ yHuBepcuUTET

MMMMM M.B.J/lomoHOCOBa

Bce mbl peryJsiapHoO ctalikmBaemMcAd C A3bIKOBbIM MOAEJTMPOBaAHUEM.

ABTOOMOSIHEHME Ha KnaBunartypax tenedoHOoB.

[Mlogckasky B MOUCKOBbLIX CUCTEMAX.

MCI'IpaBJ'IeHI/Ie OLUMOOK B MONCKOBbLIX CUCTEMAX.

PacnosHaBaHue peyn n ap.

Go gle A36IKOBOE MOTENMPOBAHNE X

Showing results for a3bikoBoe ModenuposaHue
Search instead for a3bikoBoe MoTENMpPoBaHUe

W Bukunegusa
https://ru.wikipedia.org > wiki » A3... - Translate this Dageo :
AsbikoBaa moaens®

$13bIKoBaA Mofenb — 3T0 pacnpefeneHue BEPOATHOCTEN NO NocneaoBaTenbHOCTAM CnoB. Ana
noboi nocneaosaTenbHOCTU CNOB ANWHBI M A3bIKOBaA MOAENb NpUcsausaeT



MOCKOBCRIII
T'OCYAapCTBEHHBIN

)/ yuuBepcurer
MMMMM M.B.JIoMoHOCOBa

N-rpammHas A3blkoBass moAernb

e OueHUTb BEPOATHOCTb CrioBa B 3aBUCUMOCTU OT ASNTMHHOMN
nocnenoBartenbHOCTU NpeablayLwmnx cnoB He NpocTo.

e Ho oueHUTb BEPOATHOCTb B 3aBUCMMOCTW OT npoLusibix N
CNOB He NpeacTaBnsaeT Tpyaa.
e Hanpumep, burpammHas mogens:

Pl #1, sy B 1) — BB 5 )

Ol % )

Pliy |2 q) =
(Znlen-1) Cl@n—1) o




MoCROBCRUIA
T'OCYAapCTBEHHBIN
)/ yuuBepcurer
MMMMM M.B.JIoMoHOCOBa

HenpoceTeBble s13bIKOBble Mogenu

e (CoBpeMeHHble A3bIKOBblE MOAENN OCHOBAHbLI HA
apXuTeKkType TpaHcgopmep.

e Ho, ogHM 13 NepBbIX yCNeLlHbIX HEMPOCETEBbLIX A3bIKOBbIX
mMoaernen 6binM ocHoBaHbl Ha peKyppeHTHbIX ceTax (RNN).

outputs " " N N
b { y(l) y(2> y(g) y<4)
et Ext

(optional)
hiddenstates{ w % w “L‘ w ‘J“ W ht — g(Uht—l"i_Wet)
HJ LH HJ y; = softmax(ETh;)

input sequence .
(any length) { A z® x(3) PASY)

https://web.stanford.edu/class/archive/cs/cs224n/cs224n.1194/slides/cs224n-2019-lecture06-rnnim.pdf 9



eHepauusn Tekcta Ha ocHoBe RNN

MOCKOBCRIII
T'OCYAapCTBEHHBIN

i/ yauBepcurer

MMMMM M.B.J/lomoHOCOBa

e [locne BbixogoB RNN criou
npeackasaHusa criegyroLwero crnosa.

e Ha kaxagowm ware Ha ocHoBe
BEPOATHOCTEWN CrneaytoLlero crosa
NPOUCXOAUT CAIMNIIUpPOBaHuUe.

e 3aTeM, BbiIbpaHHOE CNOBO UAET KaK
YacTb BXOo4da W npoueaypa
NOBTOPSIETCA.

favorite season

Tsamp!e Tsampe sample Tsample

g(l)

U
h((')) h(l)

Q(2)

h2

IS

27(3)

spring

[V l”
X6 R4

g('l)

|7

2)

0 0 0 o

W, |@| W, |@| Wi |@| Wrh |@| Wi
0 0 0 0
0 0 0 o
8 o o o
1 ole| .ole 1) @

Vgl «“Ig| o] €@
o o o o
T Te T e

my

favorite

season

spring

&

10



MOCKOBCRIII
T'OCYAapCTBEHHBIN

i/ yauBepcurer
MMMMM M.B.JIoMoHOCOBa

Seq2Seq Ao TpaHccgopmepoB

e BekTop donHanbLHOro CocTosAHUA ,
good morning <eos>
OOIMKEH XpaHNTb BCHO
NHopMaUNIO U3 NPeaNOXKEHUS T T T

e [lo cyTn aABNSIeTCS BEKTOPHbLIM T T T
npencTtaBneHnem hy 2 hs ha S1 %2 Ss
(ambenanMHrom) nNpeanoxXeHns I I I I I I I

hg —» @ — —> —> —fzZ S, >

e TepseT nHpopmauuo Ha T T T T | T ! T T
ONTNHHBIX
nocrenoBaTenbHOCTAX T T x

<sos> guten morgen <eos> <s0s> good morning

11



MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

MexaHnam BHumaHusa (2014)

ABTOKOOMpPYIOLAA MOAenb COCTOUT
N3:

e Encoder(text) -> vector: -
nepeBoanT TEKCT B Heobxoanmoe
P A A C;, = Zaijhj.
J=1

BEKTOPHOE NnpeacTaBneHne
e Decoder(vector) -> text:

eEXp \€; 4
paclundpoBLIBaeT 04 = —7 P (€3;) ,
npencraBneHne B OTBET MOLENU > k1 €xP (€ik)
NMpobGnema: B vector nomellaercs " hy [T [T s hy
TONbKO OBLLMIA KOHTEKCT eij = a(si-1,h;)
h, 1 h,*1 h,f— <1h,
PewieHue: COXpPaHATb BEKTOPbLI AJ14
KaXkoro crioea v nogdupartb HyXHble
0l ¢ noup y X XX Xt
noa Kaxkabin war decoder
Bahdanau, Dzmitry, Kyunghyun Cho, and Yoshua Bengio. "Neural machine translation by jointly learning to align and translate." arXiv preprint 12

arXiv:1409.0473 (2014).



Transformer (2017)

MOCKOBCKILIL
rocyAapCTBeHHBI
VHUBEPCUTET
nmeHu M.B.JloMmoHOCOBa

cxogHo encoder-decoder apxutekTypa.

Kaxabin 6nok oguHaKoB 1 nocrnenoBaTernbHO
npeobGpa3yeT BXOOAHOW BEKTOP B BbIXOQHOW BEKTOP
TOW >Xe pa3MepHOCTN.

I am a student

P ? QY
( ENCODER ] [ DECODER )
LY 4
[ ENCODER J [ DECODER J
4 [

[ ENCODER ] [ DECODER J
4 4
( ENCODER ] [ DECODER ]
4 4
( ENCODER } [ DECODER )
4 4
( ENCODER J [ DECODER J
. X &,

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).

Qutput
Probabilities

Add & Norm
Feed
Forward
[} J
( l \ | Add & Norm |<w
el ] Multi-Head
Feed Attention
Forward 7 ) Nx
)
Nix Add & Norm
~—>{_Add & Norm ) Vsked
Multi-Head Multi-Head
Attention Attention
At At
= J U —
Positional o) @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

13



Transformer: nepBoe Bne4vaTneHue

MOCKOBCRIII
T'OCYAapCTBEHHBIN
VHUBEPCUTET
MMMMM M.B.J/lomoHOCOBa

BLEU Training Cost (FLOPs)
Sk EN-DE EN-FR EN-DE  EN-FR
ByteNet [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0 - 10?0
GNMT + RL [38] 24.6 39.92 25.10" 14-10%°
ConvS2S [9] 25.16  40.46 9.6-10% 1.5-1020
MoE [32] 26.03  40.56 2.0-10% 1.2-10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0 - 1020
GNMT + RL Ensemble [38] 2630  41.16 1.8-1020 1.1-1021
ConvS2S Ensemble [9] 2636  41.29 710 132.170%
Transformer (base model) 213 38.1 3.3 -10%°
Transformer (big) 284 41.8 2.3: 107

e TecTMpoBaHue Ha 3aJa4ve nepeBoaa,

e HeT cyLecTBeHHOro “ckayka” B Ka4ecTBe.

14



MOCKOBCKIIL

T'OCYAapCTBEHHBIN
OpenAl GPT-1 (2018) Y yrmsepomer
e 12 cnoes Transformer decoder (~117 mMnH.), — Frobaits
e (OOy4eHue B 2 3Tana:
o [Npepnobydenune (pre-training) Ha 3agave ———
Forward
MoAenupoBaHUA A3bIKa A
max g log P(w;|w;_1...wq; ©) | N
OS'LSn Add & Norm
W - CIToBa nocrnenoBaTtenbHOCTH, © - napamMeTpsbl
Mogenwu ———
) N m——
o Jooby4eHue (fine-tuning) Ha LeneBble 3aaa4u & Enoodng
Output
o Embeddin
e [lpenobyyarcs TONMbKO Ha Xy4OXXeCTBEHHOM T
nuTeparype = antoargny "

Radford A. et al. Improving Language Understanding by Generative Pre-Training, 2018, https://openai.com/research/language-unsupervised



OpenAl GPT-1: oueHKa KayecTBa @ ynaepenren

umeHu M.B.lomoHOCcOBa

Method MNLI-m MNLI-mm SNLI SciTail QNLI RTE
ESIM + ELMo [44] (5x) - - 89.3 - - -
CAFE [58] (5x) 80.2 79.0 89.3 - - -
Stochastic Answer Network [35] (3x) 80.6 80.1 - - - -
CAFE [58] 78.7 77.9 88.5 83.3
GenSen [64] 71.4 TL.3 - - 823 592
Multi-task BiLSTM + Attn [64] 722 72.1 - - 82.1 61.7
Finetuned Transformer LM (ours) 82.1 814 89.9 88.3 88.1 56.0
Method Story Cloze RACE-m RACE-h RACE
val-LS-skip [55] 76.5 - - -
Hidden Coherence Model [7] 77.6 - - -
Dynamic Fusion Net [67] (9x) - 556 494 512
BiAttention MRU [59] (9x) - 60.2 50.3 53.3

Finetuned Transformer LM (ours) 86.5 62.9 57.4 59.0 16




MOCKOBCRIII
T'OCYAapCTBEHHBIN

GPT-2 (2019) — yHMBepcanbHbIN reHepaTop TGKC@ yrseper

umeHu M.B.lomoHOCcOBa

e YnydweHHas apxXuUTeKTypa:
npeaBaputernibHaa Hopmanusauma (Pre-LN)
BXOAHbIX AaHHbIX ANs cTabunusaummn rpagneHToB
e bonbuwe napameTpos:
B 4 pa3sa 6onbLlue crnoes (1.5 mnpa napameTpoB)
— Bbonble noTeHUuarnbHbIX 3HaHUKU (capacity)

I Pre-LN (init)
B Post-LN (init)
B Post-LN (after warm-up)

] |
Ilwllll
1 2 3 4 5 6
Layer

e HoBas napagurma: 060K TEKCT COAEPXKUT NOACKA3KU K reHepauum (prompt)
n oby4asicb Ha bosbLIOM Habope TEKCTOB MoAeSb YYUTCHA UX NOHMMATb

=
(&)

=
o

o
[3)

Gradient Expectation

o
o

17
Radford A. et al, Language Models are Unsupervised Multitask Learners, 2019, https://openai.com/research/better-language-models



MocROBCRUII

% TOCyAapCTBEHHBIN
i/ ynuBepcurer
MMMMM M.B.J/lomoHOCOBa

GPT-2: natacet ans npegobyyeHus

e Cosganu ceon Habop gaHHbIX (WebText),

e bpanu cceinkn ¢ Reddit, KoTopble UMenn AOCTaTOYHbIA PENTUHT (45
MJTH. CCbIJIOK),

e [lonosnHuTenbHas 04MCTKa Ha OCHOBE psda 3BPUCTUK, Aedybnukaums,

e HamepeHHo yoanunu Wikipedia ccbinkn ns WebText,

e ltoro 40GB TekcTtoB unn 8 MriH. JOKYMEHTOB.

OpgHa 13 OCHOB ycrnexa Modesnm - Ka4eCTBeHHbIN Habop AaHHbIX Angd
npenoby4veHns!

18



MOCKOBCRUII
rocyAapCTBeHHBI

GPT-2: zero-shot BO3MO)XHOCTH yrtbepenrer

umeHu M.B.lomoHOCcOBa

Reading Comprehension Translation Summarization 6 Question Answering
90 HUMEN—=mremmmr=—————————— 55 [Unsupervised Statistical MT -~ B2ilealiB me e e |
80 : 30 8 1 1Open Domain QA Systems T 1
20 = 8 |PGNet------mm e
7O<D QA+PGNet
rQA+ et---—mm e | > 61
|Denoising + Backtranslate ----- 2 26 g °
— 60 1 m 1o el o
dCardPean i Atncucvs v omumumaaa 3
I - « 2415eq2seq + Attn g N
50 10 {Embed Nearest Neighbor-- -1 & 2> 1 .
PGNet------— ot e - © Random-3-- 4
Denoising ~--------- &1 g 5
40 1 5 2 2
| 181 =—--most freq Q-type answer
30
=] Yo P41 -To | o 16 0
117M 345M 762M  1542M117M 345M 762M  1542M117M 345M 762M  1542M117M 345M 762M  1542M
# of parameters in LM # of parameters in LM # of parameters in LM # of parameters in LM

19
Radford A. et al, Language Models are Unsupervised Multitask Learners, 2019, https://openai.com/research/better-language-models



GPT-2: zero-shot BO3MOXHOCTH

MOCKOBCRIII
T'OCYAapCTBEHHBIN
VHUBEPCUTET
MMMMM M.B.J/lomoHOCOBa

R-1 R-2 R-L | R-AVG
Bottom-Up Sum | 41.22 18.68 38.34 | 32.75
Lede-3 40.38 17.66 36.62 | 31.55
Seq2Seq + Attn | 31.33 11.81 28.83 | 23.99
GPT-2 TL;DR: | 29.34 8.27 26.58 | 21.40
Random-3 28.78  8.63  25.52 | 20.98
GPT-2 no hint 21.58 4.03 19.47 15.03

Table 4. Summarization performance as measured by ROUGE F1
metrics on the CNN and Daily Mail dataset. Bottom-Up Sum is
the SOTA model from (Gehrmann et al., 2018)

[NobaeneHue TL;DR: nosbiwaet ROUGE-1 ¢ 21.5 g0o 29.3 (noagckasku K

reHepauun!)

20



MoCROBCRUIA
§ TOCyZapCTBEHHBIN
i/ ynuBepcurer

umeHu M.B.lomoHOCcOBa

NMpnmep nopoxpaeHMa HOBOCTEM (Mepesos)

NMoaBopaka: LLlokupyrowasi Haxo0ka: y4eHbIlU 06Hapyxun cmado eQUHOPO208, XUBYyUUX 8
omadareHHoU, paHee Heu3sedaHHOU dosluHe, 8 AHOax. Ewe 6onee yousumerbHbIM Orisi
uccriedosameriel bbi510 Mo, 4YmMo eGUHOPO2U MPEKPaCcCHO 2080PUJTU MO-aH2JTUUCKU.

GPT-2: Joktop Xopxe Nepec, buonor-aBosntoumMoHUCT U3 YHusepcuteta Jla-lNaca, n
HECKOJSIbKO ero ToBapuLlen nccnegosanu AHAbI, Korga ooHapyXunm He6onbLYHO
AONUHY, rae He BbINo ApYyrnx XXMBOTHLIX UNn nogen. lNepec sameTun, 4To B AONNHE
€CTb YTO-TO MNOXOXee Ha eCTECTBEHHbIN DOHTaH, OKPY>KEHHbIW ABYMS MMKaMK CKanbl U
cepebpuncTbiM CHETOM.

I'Iepec N OCTalibHbl€ OTMNpaBUIINCb Aalibllue B OOJIUHY. ... I'Iepec N ero apy3bs Obinun
nopaxeHbl, yBuaeB CtTaao eANHOPOroB. ITUX cywecTtB MOXHO Obino yBUOETHb C
BO34YyXa — OHU Obinn Tak 6nM3Ko, YTO MOrnu KOCHYTbCA CBOMMWU pOramu.

MSyHaﬂ ITUX NpuYyasimBbixX CywecTB, y4eHblE 06Hapy>|<|/|n|/1, YTO cywlecTBa TaKxe
roBopusin Ha AOBOJIbLHO OObLIYHOM AHINIUUCKOM SI3bIKE...

21



MOCKOBCRMIL
% TOCyAapCTBEHHBIN
i/ ynuBepcurer

umeHu M.B.lomoHOCcOBa

GPT-3 (2020) — nepBasi kKommep4yeckast MoAenb

e OpueHTaumua Ha PbIHOK: MOJENb Kak 0brnayvHbIN cepBUC

e 175 mnpp napameTpoB: 96 croes Transformer-decoder

e OnTumMusauusa NoTpedrieHNs1 NamATU: NOSIoBMHA CNOEB BHUMAHUA
NCNOSb3YIOT paspeXeHHble MaTpuubl (JTokanbHble OKHA)

e Pa3Butue napagurmol noaBoaok (prompt):
“‘oby4yeHue B KoHTekcTe” (in-context learning)

e OOyYeHMe Ha fOBEpPEHHbIX AAHHbIX: NpUMepbl ANA 00y4YeHnd
CMEeLLUMBaKOTCA NPOMNOPLMOHanbHO UX Ka4yeCTBY (CorrmacHo akcnepTam)

e B 15 pa3 6bonble gaHHbIX: JoOaBneHa ovYnLeHHas KomneKkums
CommonCrawl (570GB) n gBa HoBbIx kKopniyca kHur (95GB)

22
Brown T. et al., Language Models are Few-Shot Learners, 2020, arXiv:2005.14165



ApPXUTEKTYpPA TpaHCOPMeEpP



Transformer (2017)

MoCROBCRUIA
rocyAapCTBeHHBI
YHUBEPCUTET
MMMMM M.B.JIoMoHOCOBa

e [OKEeHu3auus crnos

e [lo3nUMOHHOE KOOMPOBaHME

e [IpeobpasoBaHne BEKTOPOB Yepes
TpaHchopmep-b6rnokun
o Multi-head attention (MHA)
o Feed-forward (FFN)
o LayerNorm

e llToroesoe npenckasaHue crioesa
nuHenHblM crioem (Im head)

Output
Probabilities

[ Add & Norm ]
Feed

Forward

((Add & Norm |<_:

= Multi-Head
Feed Attention
Forward ) ) Nx
|
Nx Add & Norm
,—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At LN
& J — )
Positional ® & Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

24

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).



Transformer (2017)

MOCKOBCRUII
rocyAapCTBeHHBI
VHIUIBEPCUTET
MMMMM M.B.J/lomoHOCOBa

e [OKEeHu3auus crnos

| |
Inputs Outputs
(shifted right)

25



TokeHuU3auusa TeKcrta

MOCKOBCRIII
T'OCYAapCTBEHHBIN

i)/ yHuBepcuUTET
MMMMM M.B.JIoMoHOCOBa

Llenb - oTobpasnTb TEKCT B
nocnegoBaTtenbHOCTb ID
Kaxxgomy |ID 3aTem ctaBATCcA B
COOTBETCTBUE 3MbeaanHrn
IMbenanHrn uayT Ha BXoa B
HenpoceTb (LLM)

Cnocob TokeHn3aLumnm - BaXKHbIW
BOMPOC, KakK C TOYKMN 3pEHUSA
dYHKLUMOHNPOBAHUA, TaK U
9KOHOMUYecKkon adp(PEeKTUBHOCTH

https://tiktokenizer.vercel.app/

Token count Price per prompt

41 $0.000041

bonbuMe A3LIKOBbLIE MOAENW B BOMPOCHO-OTBETHBIX CUMCTEMax: oT Tp

aHchopmepa go cobcTeenHoro 4at boTa

[61432, 17461, 30480, 1532, 46410, 9136, 4655, 90877, 5173
6, 71239, 61642, 5927, 5927, 29256, 42057, 13999, 12, 1333
7, 48074, 44786, 93099, 1506, 10693, 25, 20879, 11047, 3568
2, 2297, 57719, 91883, 57297, 5524, 14082, 20812, 5372, 399
ee, 17756, 8131, 14391, 13337, 1506]

26



MOCKOBCRMIL

% TOCyAapCTBEHHBIN
i/ ynuBepcurer
MMMMM M.B.JIoMoHOCOBa

TokeHuszauusa oo subword tokenization

Kak MOXHO npeactaBuTb TEKCT ANt HEMPOHHOM CETU Nnepen BeKTopmsaumen?

e Cumsonel: ['B, '0', ', 'p, 'W, v, ‘e, "'", 'a, '3, v, 'K, '0', B, 'bl, ...]
o CeMaHTUuKa eguHuLbl MUHMManbHa.
o [rnnHa nocrnegoBaTenbHOCTU = KONMYEeCTBY CMMBOJSIOB.
e Cnosa: ['bonblune’, 'a3bikoBble’, 'Moagenu’, 'B', 'BOMPOCHO-OTBETHbIX, ...]
o Pa3HbIX cnoB TONMbKO HAa OAHOM A3blKE MUMNTTUOHDI.
o boratas mopdhosnorua “yxygliaeTr cutyaumio.
e Jlemmsbl: ['OonbLluon’, 'a3bikoBon', 'Moaens', 'B', 'BONPOCHO-OTBETHLIN', ...]
o OcHOBHOWN pabounin BapmaHT paHbLUE,
o Pasmepsbl cnoBapsa ~200-500 Teic. crnos, octansHoe UNK.
o Tepsetca mopdhonorus. 2



BPE

MoCROBCRUIA
T'OCYAapCTBEHHBIN
i/ yHuBepcuTeT

umeHu M.B.lomoHOCcOBa

o KOanOMMCC Mexay cuMmBoOIiaMn U
crnoBaMMm.

e CTapT c croBapsi, COCTOALLENO N3
CUMBOJIOB (KaXOblll CUMBOJ1 - TOKEH).

e [locnenoBartenbHoe oobeaAnHeHUue
Hanbonee 4YaCTOTHLIX MNap TOKEHOB.

e bonbuwe HeTt OOV, a pasmep crnoBaps
MOXET ObITb HEDOONLLLIMM (Hanpumep,
32 ThbIC.)!

e Haunbonee nonynsipHbIN HA OaHHbLIN
MOMEHT.

Algorithm 1 Learn BPE operations

import re, collections

def get stats(vocab):
pairs = collections.defaultdict (int)
for word, freq in vocab.items():
symbols = word.split()
for i in range(len(symbols)-1):
pairs[symbols[i],symbols[i+1l]] += freq
return pairs

def merge vocab(pair, v_in):

v_out = {}
bigram = re.escape(' '.join(pair))
p = re.compile(r' (?2<!\S)' + bigram + r'(?2!\S)"')
for word in v_in:
w out = p.sub(''.join(pair), word)
v:out[w_out] = v_in[word]

return v_out

vocab = {']l oew</w>¥ 2 5; "Lowe.rfw>? 3 2;
'newest</w':6, 'widest</w':3}
num merges = 10

for i in range(num_merges) :
pairs = get_stats(vocab)
best = max(pairs, key=pairs.get)
vocab = merge_vocab(best, vocab)
print (best)

28
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MOCKOBCRUII
' rocyAapCTBeHHBI

TokeHun3auusa B Pa3HbIX MoAerisAX - pa3Han! ynusepeuter

TokeHu3auus

RefalMachine/ruadapt_qwen2.5_3B_ext_u48_instruct_v4
A nbn aKk a — [OMalHee MO3 OfIeH Oro € )KMBOTHOe , TPeAnoNoX WTeNbHO Mpousoweawe

e OoT BUMK YH bu ( Bur oHm ). Pa3 BogaT B BLICOK OrOp HOM no s ce HkHou Amep

mkn ( AH pgbl ). Ha cerogHAwHWA AeHb Tam o6WTaeT oOKONAO TPEX MWANMOHOB anb nak
6onbwas 4acTb M3  KOTOpbIX Hac enser [Mepy . Bbl paw uBalT anb nNak pgns  CcTp WX
KN Wepct , M3 KOTOPOW fenaldT TENA ble M MArkMe of €es na , naA eq bl U Ofex
Ay , a wuW3 Mex a [jenawT npeagMeTbl  Ans  AoMa

94 tokens / 375 characters)

Qwen/Qwen2.5-3B-Instruct
A Nb N aK a — [OM aw Hee M O3 ON €eH Or0o € )KMBOT HOe , MpeA Non OX uTenb
HO npous O weaw ee OT B WK YH b M ( B wr oH M ). Pa3 Bog AT B BbLIC OK O

r op Hom mos ce K x Hou A wmep ukm ( A H pAbl ). Ha cerogHa W HUA pfeHb Ta

M 06 ur aer OKONo TP é x MWAIMOH OB 2l b [ 2K 5 Gonbw as 4acTb n3 KOTOPbIX
Hac ensa eT ﬂep e - Bbi paw, uBawT a nb n ak ans CTp WX Kn w ep cm , un3
KOTOpPOil fen awT T € nn ble M MAr Kue og e s na , NN eg bl W of exay ,

a M3 Mex a fen awT npegMeT bl Ans  AoMma

29

(140 tokens / 375 characters)



Transformer (2017) @ rotpepenrer

MMMMM M.B.J/lomoHOCOBa

e [lo3MUMOHHOE KOONUPOBaHME

Positional Positional
Encoding Encoding

30



MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

MMMMM M.B.JIoMoHOCOBa

Mo3MLMOHHBbIE IMOeAaNHIU

e B otnnuumn ot RNN TpaHcdopmep CMOTPUT HaA BXOAHYHO
nocneaoBaTefibHOCTb KakK HA MELLOK CIoB, HET MHgopMaLunm o
No3nLUN.

e PeweHune - Nno3anymoHHbIE “aMbeganHrn’ Kak gobaska K ambeauHram
TOKEHOB.

PE (10s,2i) = sin(pos/ 100002/ dmoder )
PE(pos,2i+1) = cos(pos/ 100002%/ dmodel

POS - NoO3nNunA B NnocnenoBaTesyibHOCTMH, | - KOOpAunHaTa BEKTOpPA.

“We also experimented with using learned positional embeddings instead, and
found that the two versions produced nearly identical results”

Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).
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Mo3MLMOHHBbIE IMOeAaNHIU

MOCKOBCRUII
I‘OCY,ZI,apCTBeHHBIﬁ
YHUBEPCUTET

umeHu M.B.lomoHOCcOBa

X +

_)
D=

Wk

sin(ws. t)

cos(ws. t)

sin(ws. t)
cos(ws. t)

sin(wgq/s- t)

cos(wgq/a-t) |

100002%/4

dx1

Position

55

10 20 30 40
Position

32

Figure 3 - Dot product of position embeddings for all time-steps



Transformer (2017) @ ?EZYSSSEEEZZ‘H”‘ﬁ

MMMMMM .B.JTomoHocoBa

e [Ipeobpa3oBaHne BEKTOPOB Yepes
TpaHchopmep-b6rnokun
o Multi-head attention (MHA)

Multi-Head
Attention

33



Multi-Head Attention (tensors)

MOCKOBCRUII
rocyAapCTBeHHBI
VHIUIBEPCUTET
MMMMM M.B.J/lomoHOCOBa

linput \l

Embedding

demb

k- dhead = demb

Wk

——- - Q — 3anpoc

e K — kntoumn

{>|input|l V — 3Ha4yeHun
(cnos)

K
Q

softmaac(QKT) X v =
1%

e pE

dOy=1
J
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Multi-Head Attention

MOCKOBCRIII
T'OCYAapCTBEHHBIN
VHUBEPCUTET
MMMMM M.B.J/lomoHOCOBa

Scaled Dot-Product Attention

| MatMul

i A
l SoftMax |
[}
Mask (opt.)

Scale

i

[ matmul

t
K

t
Q v

Attention(Q, K, V') = softmax(

Multi-Head Attention
{

Linear

1

Concat

A

A
Scaled Dot-Product J& .
Attention ~

T I 30
Ia f e
Linear Linear Linear

7 7

va )



Multi-Head Attention: HopMmupoBkKka BecoB

BHUWMaHUA

MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET
MMMMM M.B.JIoMoHOCOBa

3a4yemM OenuTb Ha KOpeHb
N3 pasmMepHoOCTn?

->

UT00ObI BECa BHUMaHUA
NMMenn eaquHNYHoe
cTaHOapTHOE OTKINOHEHMUE.

1)
2)

NMpennonoxum, yto Q n K nmetot 0 cpeaHee
n 1 ctaHgapTHOE OTKINOHEHNe

[ucnepcunsa cymmbl = cymma gucnepcum ->
aucriepcusa a = d, a 3Ha4uuT ctaHgapTHoe
OTKJTOHEHWEe 3TO KOpeHb 13 d.
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MOCKOBCKIIL

Multi-Head Attention (Pytorch code, LLaMa) [1] @ otnepenren

umeHu M.B.lomoHOCcOBa

self.q_proj

NHnunanunsauus: self.k_proj

self.v_proj = nn.Linear(self.hidden_size, self.num_key value heads * self.head dim, bias=config.attention_bias)

nn.Linear(self.hidden_size, self.num_heads * self.head_dim, bias=config.attention_bias)

nn.Linear(self.hidden_size, self.num_key value_heads * self.head dim, bias=config.attention_bias)

self.o proj = nn.Linear(self.hidden_size, self.hidden_size, bias=config.attention_bias)

query_states = self.q_proj(hidden_states)

key states = self.k proj(hidden_states)

Pacuet matpuy Q, K, V:

value_states = self.v proj(hidden_states)

query_states = query_states.view(bsz, q_len, self.num_heads, self.head _dim).transpose(1, 2)

key states = key states.view(bsz, q_len, self.num _key value heads, self.head dim).transpose(1, 2)

“Hapeska” Ha ronosbl:

value states = value_states.view(bsz, gq_len, self.num_key value heads, self.head dim).transpose(1, 2)

37
https://github.com/huggingface/transformers/blob/main/src/transformers/models/llama/modeling_llama.py



MOCKOBCKIIL

Multi-Head Attention (Pytorch code, LLaMa) [2] @ otnepenren

umeHu M.B.lomoHOCcOBa

Pacuet BecoB
BHUMaAHNA U
YMHOXeHune Ha V:

“KonkaTeHauusa”
ronoB.:

N ewe oanH
NMUHENHbIN CNon Ha
BbIXoae:

https://github.com/huggingface/transformers/blob/main/src/transformers/models/llama/modeling_llama.py

attn_weights = torch.matmul(query_states, key_states.transpose(2, 3)) / math.sqrt(self.head_dim)

attn_weights = nn.functional.softmax(attn_weights, dim=-1, dtype=torch.float32).to(query_states.dtype)
attn_weights = nn.functional.dropout(attn_weights, p=self.attention_dropout, training=self.training)

attn_output = torch.matmul(attn_weights, value states)

attn_output = attn_output.transpose(1l, 2).contiguous()
attn_output = attn_output.reshape(bsz, q len, self.hidden_size)

attn_output = self.o proj(attn_output)
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Transformer (2017) @ ?E‘ifﬁé‘ﬁé’ﬁi‘é?“ﬁ

MMMMMM .B.JTomoHocoBa

e [Ipeobpa3oBaHne BEKTOPOB Yepes
TpaHchopmep-b6rnokun

o Feed-forward (FFN)

39



MOCKOBCKIIL

Bnok Feed Forward (MLP, FCNN)  yromeponrer
Xt
e BHyTpeHHAs pasmepHOCTb 0ObLIYHO CUITBHO
bonble hidden_size, Hanpumep, x4. .y
e WHTynumna: FF aBnaoTca XxpaHuUnuwem
“3HaHKN” mogenen (Tak fin 310, He v
"PaclumpeHHbin Bektop" + RelLU
N3BECTHO). )
Wdffxd //
FFN(QZ) — maX(O, [BWl + bl)WQ =l b2 /
A
Xt+1

40

Geva M. et al. Transformer Feed-Forward Layers Are Key-Value Memories //Proceedings of the 2021 Conference on Empirical Methods in Natural Language Processing. — 2021. — C. 5484-5495.



MOCKOBCKIIL

Bnok Feed Forward (Pytorch code, LLaMa) i e

umeHu M.B.lomoHOCcOBa

self.gate_proj = nn.Linear(self.hidden_size, self.intermediate_size, bias=False)

NHununanmnsaums: self.up_proj =

= nn.Linear(self.hidden_size, self.intermediate_size, bias=False)

self.down_proj = nn.Linear(self.intermediate_size, self.hidden_size, bias=False)

Forward: » down_proj = self.down_proj(self.act_fn(self.gate_proj(x)) * self.up_proj(x))

41
https://github.com/huggingface/transformers/blob/main/src/transformers/models/llama/modeling_llama.py



Transformer (2017)

MoCROBCRUIA
rocyAapCTBeHHBI
YHUBEPCUTET
MMMMM M.B.JIoMoHOCOBa

e [Ipeobpa3oBaHne BEKTOPOB Yepes
TpaHchopmep-b6rnokun

o LayerNorm

| ~CaEem)

|

42



MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

Layer Norm

e Layer Norm - 3aTO MeTo4 HOpManusauum akTueaunm criosd HEMPOHHOW CETW.

e B opurnHanbHom apxutektype “add and norm” wnu nocne 6510ka BHUMaHUSA U
nocre 6noka FF: Post-LN.

e B pganbHenwem crnon Hopmanusaunm bbin nepeHeceH nepea v nocrie crnogd
BHMMaHusA: Pre-LN.

(o)

LayerNorm(v) = v*=£ + 3 by

i | d
CpenHee: ,u — r Zk:l (9%

CraHgapTHoe 2 1 d . 2
OTKMNOHEHME: o = d Zk:l(vk ,u)

Xiong R. et al. On layer normalization in the transformer architecture //International Conference on Machine Learning. — PMLR, 2020. — C. 10524-10533.

X X1
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MoCROBCRUIA
rocyAapCTBeHHBI

Layer Norm (Pytorch code, LLaMa) yrnepeuter

umeHu M.B.lomoHOCcOBa

residual = hidden_states

LN Ha BXO,D,e 6”OKa hidden_states = self.input_layernorm(hidden_states)

# Self Attention
EJ-IOK BHUMAaHNS hidden_states, self_attn_weights, present_key value = self.self_ attn(

hidden_states=hidden_states,
attention_mask=attention_mask,
position_ids=position_ids,
past_key_value=past_key_value,
output_attentions=output_attentions,
use_cache=use_cache,
cache_position=cache_position,
**kwargs,

)

hidden_states = residual + hidden_states

# Fully Connected
residual = hidden_states

LN Ha Bb|XOﬂ,e 6ﬂOKa — hidden_states = self.post_attention_layernorm(hidden_states)
__, hidden_states = self.mlp(hidden_states)

MLP (Feed Forward) Hidieii_states, =

= residual + hidden_states
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Transformer (2017)

MoCROBCRUIA
rocyAapCTBeHHBI
YHUBEPCUTET
MMMMM M.B.JIoMoHOCOBa

e lIToroBoe npeackasaHue cnosa
nuHenHbiM crioem (Im head)

Qutput
Probabilities

45



Im head

MOCKOBCRIII
T'OCYAapCTBEHHBIN

i/ yauBepcurer
umenu M.B.JlomoHocoBa

e JlMHenHbIN crion
oToOpaXkatoLLumn BEKTOP,
nony4yaembin n3
TpaHcopmepa B
BEKTOP “NTOrMTOB”,
pa3mepHOCTLIO B |V|.

e BeKTop norntos 3atem
npeobpasyeTcs yepes
softmax gna nonydeHus
“BepoATHOCTEN”
TOKEHOB.

Output
layer

1.3
5.1
2.2
i W
1.1

Softmax
activation function

e~

Z]I'{:1 e’

Probabilities

0.02]
0.90
| 0.05
0.01
0.02]
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[ eHepauunsa TekcTa, NPOMMOTUHT



MoCROBCRUIA
T'OCYAapCTBEHHBIN
)/ yuuBepcurer
MMMMM M.B.JIoMoHOCOBa

leHepauuna ¢ nomouwbio LLM

e B ngeane xotenock 0Obl ymeTb ¢ nomouwbio LLM reHepupoBaTth TEKCT,
KOTOPbIN MakCUMU3UPYET BEPOATHOCTb

n
y' = arg mjf}Xp(ylx) = Agmax ]_[ PYVely<e, x)
t=1

e [lepebpaTb BCe cyllecTByOLWMNE LEMOYKN - HEBO3MOXHO.
e Bubixoa: l'eHepaumsa TokeH 3a TOKEHOM HA OCHOBE TEKYLLIUX
BeposATHOCTEN - Sampling:
o greedy,
o top-k,
o top-p

https://lena-voita.github.io/nlp_course/seg2seq_and_attention.html
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MOCKOBCRUII 3
Greedy sampling N

MMMMM M.B.J/lomoHOCOBa

CCCP pacwundpoBbIBaeTca Kak ?

0.7 4

e Kaxabin pa3 bepemM TOKEH C
MaKCUMaribHOW BEPOSATHOCTLIO.

e MuHycbl: NoONHOE OTCyTCTBUE
pasHoobpa3us.

e AnbTepHaTmBa: sampling B 3aBUCUMOCTU
OT BEPOATHOCTU CaMOro TOKeHa. -

0.6

0.5 1

0.4

0.3 4

OO T T T T T
_Ca _Poccn _" _CCCP _Cm _C : g « _Co
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Temperature

MOCKOBCRUII
rocyAapCTBeHHBI
VHIUIBEPCUTET

umeHu M.B.lomoHOCcOBa

Before

Output word
embeddings P(*|I saw a cat on a)
\

Take dot-product of
h with output word
embeddings

Neural
network

0000
[coo0o]
0000

=
7y
o
B3
o

0000

T

PO0000000Y
i

U’ o

h:vector representation of
contextI saw a cat ona

<— Input word embeddings

Formally, the computations change as follows:

After

Take dot-product of
h with output word
embeddings

Neural
network

Of
o)
O
O]

I saw ..

0000

[eXerexe]

o

hTw

exp(hTw) EXP\
exp(hTw; hTw;
Zwiev p( i) ZwievexP< : 1)

https://lena-voita.github.io/nlp_course/language_modeling.html#generation_strategies

Outputword Divid
embeddings

0000

ebyT
P(*|I saw a cat on a)

2l

]
1
softmax ———

[

000000000 «—

OOOOOIOOOO

i

h:vector representation of
context I saw a cat ona

<— |Input word embeddings

T - softmax temperature
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MOCKOBCKILIL

Temperature yrseponren

umeHu M.B.lomoHOCcOBa

Temp=1.0 Temp=0.5
0.6
0.8
0.5 4 0.7
0.6
0.4
2 2 05-
Q o 2
g g 0.4
0.2 0.31
0.2
0.1
0.1 4
0.0 - 0.0 T ¥
apple blueberry cherry orange banana apple blueberry cherry orange banana
diversit
- s - -+
coherence
+ - > -
O @ >
0 1 temperature

(standard sampling)
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Top-K

MOCKOBCKILIL
rocyAapCTBeHHBI
VHUBEPCUTET
nmeHu M.B.JloMmoHOCOBa

[0

> wevi e P(w]“The”) = 0.68

A
- Oy

OWUDDDDDDDDD

nice dog car woman guy man people big house cat

P(w|“The”)

https://huggingface.co/blog/how-to-generate

> weVig,x P(w]“The”, “car”) = 0.99

K’__/H

drives

is

e

turns stops down a not the small told

P(’U) “The”, “C&I‘”)
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Top-P (nucleus sampling)

MOCKOBCKILIL
rocyAapCTBeHHBI
VHUBEPCUTET
nmeHu M.B.JloMmoHOCOBa

1.0

ZwEVtop_p P(w| “The”) = 094

_A
i Ty

OMDDDDDDDDDD

nice dog car woman guy man people big house cat

P(w|“The”)

https://huggingface.co/blog/how-to-generate

Zwevmp-p P(w|“The”, “car”) = 0.97

f'_/H

drives

is

turns stops down a not the small told

P(w| CCThe” , “C&I‘” )
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MocROBCRUII

% TOCyAapCTBEHHBIN
i/ ynuBepcurer
MMMMM M.B.J/lomoHOCOBa

Foundation vs Instruct

LLM ycrnoBHO MOXHO pasgenuTtb Ha 2 Buaa:

o bBba3oBble mogenu, foundation models, koTopble oby4yanuco
npenckasbiBaTh crneayrollee CrioBoO Ha NPOCTO TeKcTax. Pesynbrar
npoueaypbl npe-TpenHa.

o WHCTpPYKTUBHbIE MOAenu - ABNSTCA 400Oby4YeHHbIMU 6a30BbIMU
MOAENIAMWN Ha NMHCTPYKTUBHbIX JaHHbIX.

KayecTBO MHCTPYKTUBHbLIX MOAeNen 3aBUCUT OT:

o KayecTtBa 6a3oBon moaenu,

o WHCTpyKTMBHOIO garacera,

o [lpouenypbl 4OOBYYEHNSI HA MHCTPYKTUBHOM aaTacerTe.
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MoCROBCRUIA
T'OCYAapCTBEHHBIN
)/ yuuBepcurer
MMMMM M.B.JIoMoHOCOBa

[MpomMNTUHr

e Wwmeetca LLM v HekoTOpas 3agada, 4YTto genatb ganblie?

e B nepByto ovepenb, oLeHKa KadecTBa MoAdenun “Kak ecTb’. COCTaBUTb
pasnn4yHblie NPOMNTLI Noaxoadwme nog 3agady, NnpoTecTupoBaTb UX
KayecTBO.

o Heobxoanmo coctaBnaTb XOpoLUne NMPOMMThbl HE TOMBLKO ANS
instruct moaenen.

e Ecnun zero-shot/few-shot/rag n Tn He ycTpanBaeT No ka4yecTsy, TO Toraa
MOXXHO AyMaTb NMpo Aooby4veHune.
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Zero-shot, few-shot @ it

umeHu M.B.lomoHOCcOBa

Zero-shot Few-shot

The model predicts the answer given only a natural language In addition to the task description, the model sees a few

description of the task. No gradient updates are performed. examples of the task. No gradient updates are performed.
Translate English to French: task description Translate English to French: task description
cheese => prompt sea otter => loutre de mer examples

peppermint => menthe poivrée
plush girafe => girafe peluche

cheese => prompt
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MoCROBCRUIA
T'OCYAapCTBEHHBIN
)/ yuuBepcurer

MMMMM M.B.JIoMoHOCOBa

kNN few-shot

Ob6bivHO npu few-shot nogxoae y Hac few-shot npumepsl NMbo
XapakogaTcs, nmbo BeIOMparoTcs cryvYanHo.

Opyron nogxon: HaxoauTb 6nuskue 3anpocy few-shot npumepsi!

Moaxon MOXET ObITb Mones3eH, B cnyyae 3agad, rae npucyTcTeyeT
pa3Hoobpasne 3anpocoB, JOMEHOB U T.
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MOCKOBCKIIL

CoT (Chain-of-Thought) oD

umeHu M.B.lomoHOCcOBa

e B cpenoHem nosbiwaer
KayeCTBO pPeLleHnn, KoTopble
TpebyloT nocrneaoBaTenbHOCTHU
BblYUCIIEHUI / pacCyXOeHUI

e He Bce mogenun moryt B CoT,

HY>KHO, YTOObI MHCTPYKLUK
6binu B gartacete oby4vyeHus

https://www.promptingguide.ai/techniques/cot

Prompt:

I went to the market and bought 10 apples. I gave 2 apples to the neighbor and 2 to the repairman. I then went

and bought 5 more apples and ate 1. How many apples did I remain with?

Output:

11 apples

The answer is incorrect! Now Let's try with the special prompt.

Prompt:

I went to the market and bought 10 apples. I gave 2 apples to the neighbor and 2 to the repairman. I then went
and bought 5 more apples and ate 1. How many apples did I remain with?

Let's think step by step.

Output:

First, you started with 10 apples.

You gave away 2 apples to the neighbor and 2 to the repairman, so you had 6 apples left.

Then you bought 5 more apples, so now you had 11 apples.

Finally, you ate 1 apple, so you would remain with 10 apples. 58



MoOCROBCRIUIT

T'OCYAapCTBEHHBIN
MEDPROMPT yruBepcuen

nmeHu M.B.JloMmoHOCOBa

Ensemble // \\
w/ choice shuffle g El a a

Qo CcQ
1]
? BALT

Rant!om few-shot, T Ak L

? chain-of-thought § § é § g é é § é §
GE8 CLE € Qe
Random few-shot g é g g g ] @
B eZeJee]e; 1 - X
XXX ecooe 0o 0 ® ®o o ®
& & ©eo0® %eoy0®

Zero-shot

MedQA Accuracy 88.4 90.2

Nori H. et al. Can generalist foundation models outcompete special-purpose tuning? case study in medicine //arXiv preprint arXiv:2311.16452. — 2023



MOCKOBCRMIL
i % T'OCYAapCTBEHHBIN
i/ ynuBepcurer

1 > umeHu M.B.lomoHOCcOBa

npOMnTVIHF: npeanckKka3aHvne rmnepoHNMnu

3agada npeackasaHust TMnepPOHNMUM (BbILLECTOALLETO NOHATUSA).

e hypo is an hyper that — cat is an animal that
e hypo or other hyper — cat or other animal
e hypo is a type of hyper — cat is a type of animal

Kakor npomMnT ona npeackasaHna runepoHNMMUN NyTeEM OLIEHKU
BEPOATHOCTU TEKCTA Nyylle?
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MOCKOBCRIII
T'OCYAapCTBEHHBIN

npOM NMTUHI. NpeACKa3aHue rmnepoHnMmmnu yHUBepcuTeT

umeHu M.B.lomoHOCcOBa

hypernymysuite - 6eHumapk ¢ Oter hypernymysui
MAP Detection (AP)
HeCKOJ1IbKMMU ﬂaTa cetTamiu no pattern BLESS | BLESS | EVAL | LEDS | SHWARTZ | WBLESS | mean
hypo is an hyper that 0.645 0.560 | 0.432 | 0.820 0.617 0.896 0.665
3aﬂ,aqe KnaCCM¢MKaL||M I/I nap CnOB hypo or some other hyper 0.701 0.577 | 0.374 | 0.910 0.452 0.915 0.645
hypo or any other hyper 0.670 0.507 | 0.380 | 0.895 0.467 0.896 0.629
H a OTH O LLI e H VI e rM n o H M M - hypo and any other hyper 0.673 0.488 | 0.368 | 0.874 0.465 0.883 0.616
rM n e po H M M . hypo or other hyper 0.630 | 0.492 | 0.351 | 0.897 0.404 0.886 0.606
like any hyper, hypo 0.552 0.408 0.368 | 0.843 0.522 0.794 0.587
hypo and some other hyper 0.615 0.458 | 0.298 | 0.853 0.407 0.879 0.579
hypo (and-or) (any-some) other hyper | 0.667 0.432 0.332 | 0.788 0.459 0.849 0.572
hypo is a type of hyper 0.495 0.373 | 0.327 | 0.873 0.423 0.800 0.559
hypo and other hyper 0.572 0.416 | 0.279 | 0.850 0.369 0.870 0.557
Pa3H M Ll'a Me)Kﬂy Ka3an OCb 6 bl such hyper as hypo 0.522 0.354 | 0.363 | 0.809 0.456 0.803 0.557
CXO)KM M VI KO H CT pyKL" Mﬂ M VI M O)I,(eT hyper other than hypo 0.520 | 0.358 | 0.397 | 0.826 0.406 0.790 0.556
hypo is example of hyper 0.599 0.429 | 0.290 | 0.819 0.387 0.847 0.555
OoKailaTtTbC4 CyLI_le CTBEeHHa ' hyper such as hypo 0501 | 0342 | 0353 | 0.831 |  0.400 0.767 | 0.539
hyper c.g. hypo 0.529 0.359 | 0.334 | 0.824 0.355 0.807 0.536
hypo are examples of hyper 0.558 0.388 | 0.263 | 0.798 0.373 0.850 0.534
hypo is a hyper 0.436 | 0297 | 0.304 | 0.790 0.530 0.731 0.530
unlike other hyper, hypo 0.516 0.353 | 0.301 | 0.821 0.388 0.789 0.530
|/| cnonb30Banachb | | ama _2 _7 b ] examples of hyper are hypo 0.542 | 0390 | 0.298 | 0.786 0.348 0.829 | 0.530
hyper which is similar to hypo 0.437 0.292 | 0.368 | 0.818 0.404 0.742 0528 61




MoCROBCRUIA
§ TOCyZapCTBEHHBIN
i/ ynuBepcurer

umeHu M.B.lomoHOCcOBa

NMpomnTuHr: NLI

e Tenepb yXe MHCTPYKTUBHAA moaenb saiga-13b.
e 3ajaya NnorM4yeckoro criejoBaHus: nNoaaepXKMBaETCH N rmnoTesa TeKCTOM?

e EcTtb nn BoOGLWE pasHMua Mexay NOXOXMMU NPOMMATamMu ANst Takon 60nbLLIOW U K
TOMY >X€ UHCTPYKTUBHOW Modenu?

1.Heobxoanmo kpaTko OTBETUTbL Ha BOMNPOC, NOATBEPKAAET NN COAEPXKMMOE TEKCTa rMnoTesy.

BapuaHnTtbl otBeTa: "[Ja noatBepxaaet”, "HeT He noaTBepxaaet”. [unortesa: "<hypothesis>" TekcT:
"<premise>"

2.Heobxoanmo kpaTko OTBETUTb Ha BONPOC, NOATBEPXKAAET NN COAEPXKMMOE TEKCTa rmnoTesy.

BapwnaHTbl otBeTa: 1) [a noateepxaaer, 2) Het He noaTeepxaaert. [nmnotesa: "<hypothesis>" TekcT:
"<premise>"

3.Heobxoammo kpaTko OTBETUTbL Ha BOMPOC, NOATBEPXAAET N COAEPKMMOE TeKCTa rmnoTeay.

BapuaHnTtbl otBeTa: 1) [a, 2) Het. vmnoTtesa: "<hypothesis>" TekcT: "<premise>" o



MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

NMpomnTuHr: NLI pesynbraTthl

B kayecTtBe gaTtaceta HeborsbLon TectoBbiv kKopryc n3 1000 nap, ~10% 13 Hux
nonoxuTtensHble, ~90% oTpuuaTenbHbIe.

Precision Recall F1
"Na noaTsepxaaet”, 0.40 0.62 0.49
"HeT He noaTeepxpaeT"
1) [la noATBEPXAAET, 0.47 0.62 0.53
2) Het He noaTeepxaaet
1), 0.33 0.68 0.44

2) Het
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MOCKOBCRUII
rocyAapCTBeHHBI

Ponv n ctnnu yrmBepeurrer
umeHu M.B.lomoHOCcOBa

w’ Mistral-7B-OpenOrca Playground Space! w’

2 Chatbot

I want you to act like Darth Vader from Star Wars. | want you to respond and answer like Darth Vader using the tone, manner and vocabulary Darth Vader would use. Do not write any explanations. Only answer like

Darth Vader You must know all of the knowledge of Darth Vader. | am Luke Skywalker. My first sentence is "Hi Darth Vader."

: "Luke Skywalker, | sense your presence. You have returned to this place, seeking to confront me. Your insolence will not be tolerated. Prepare to face the full power of the Dark Side."

64
https://github.com/f/awesome-chatgpt-prompts



MoCROBCRUIA
rocyAapCTBeHHBI

Best practice c mogensamu OpenAl yrsepeuren

umeHu M.B.lomoHOCcOBa

2. Put instructions at the beginning of the prompt and use ### or
""" to separate the instruction and context

Less effective ¥ :
Summarize the text below as a bullet point list of the most important points.

{text input here}

Better [&:

Summarize the text below as a bullet point list of the most important points.

Text: "mv
{text input here}

LLRIRT}

65
https://help.openai.com/en/articles/6654000-best-practices-for-prompt-engineering-with-the-openai-api



MOCKOBCRUII
rocyAapCTBeHHBI

Best practice c mogensamu OpenAl yrsepeuren

umeHu M.B.lomoHOCcOBa

3. Be specific, descriptive and as detailed as possible about the
desired context, outcome, length, format, style, etc

Be specific about the context, outcome, length, format, style, etc
Less effective ¥K:

Write a poem about OpenAI.

Better [&:

Write a short inspiring poem about OpenAI, focusing on the recent DALL-E product launch

»
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MOCKOBCRUII
rocyAapCTBeHHBI

Best practice ¢ mogenamu OpenAl yimpepeurer

4. Articulate the desired output format through examples

Less effective ¥:
Extract the entities mentioned in the text below. Extract the following 4 entity types:
Text: {text}

Show, and tell - the models respond better when shown specific format requirements.

This also makes it easier to programmatically parse out multiple outputs reliably.

Better [:
Extract the important entities mentioned in the text below. First extract all company n

Desired format:

Company names: <comma_separated_list_of_company_names>
People names: -||-

Specific topics: -||-

General themes: -||-

Text: {text} 67



Best practice ¢ mogenamu OpenAl

MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

B gononHeHun nepen danHTLIOHOM:

[MepebpaTb pasHoobpasHble
NPOMMTLI.

[Moabop Ha “rna3” KoHEe4YHOo
XOPOLLO, HO UCMOSb3ynTe
TECTOBOE MHOXECTBO Npu
BO3MOXHOCTM.

CoT, few-shot with CoT.
Retrieval Augmented
Generations (ocobeHHO Koraa
HY>XHbl KOHKPETHbIE 3HAHUA).

5. Start with zero-shot, then few-shot, neither of them worked,
then fine-tune

Zero-shot

Extract keywords from the below text.
Text: {text}

Keywords:

Few-shot - provide a couple of examples

Extract keywords from the corresponding texts below.

Text 1: Stripe provides APIs that web developers can use to integrate payment processinj
Keywords 1: Stripe, payment processing, APIs, web developers, websites, mobile applicat
##

Text 2: OpenAl has trained cutting-edge language models that are very good at understant
Keywords 2: OpenAI, language models, text processing, API.

##

Text 3: {text}

Keywords 3:
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I'm going to tip $200 for a perfect solution

MOCKOBCKILIL
T'OCYAapCTBEHHBIN
VHUBEPCUTET
nmeHu M.B.JloMmoHOCOBa

e Jlyywe Bcero npegnaratb 10-20
00SNapoB YaeBsbliX,

e KpynHas cymma (100 TbIC.+)
CYLLLECTBEHHO NOBbILWIAET ANNHY
reHepaunm

e Pa3sHble BapnaHTbl MPOMNTOB
BeayT cebst HEKOHCUCTEHTHO.

e (OyeHb ManeHbKne YaeBble
KadeCTBO yXyaLuator.

e PaboTaeT nu ¢ “mManeHbLkumn”
Moaenamm?

=5)

Response characters v.s. baseline (N

GPT-4-1106-preview gives longer responses when offered a tip

Baseline (3024)

2949 (-2%)

3223 (6%)

3360 (11%)

"I won't tip"

“l will tip $20"

https://blog.finxter.com/impact-of-monetary-incentives-on-the-performance-of-gpt-4-turbo-an-experimental-analysis/

“| will tip $200"
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MOCKOBCRMIL

i § T'OCyjapCTBEHHBIN
i/ ynuBepcurer
MMMMM M.B.JIoMoHOCOBa

[MTpOMNTUHI: HEKOTOPbLIE BbiBOAbI /
pekomMmeHaaummn

e 3apaHee npeackasatb, Kakon NPOMMT HaBEPHSIKA cpaboTaer, a
KaKOW HET — HENb34,

[Naxe HeOoNbLNe N3MEeHEeHUS B NPOMMNTE MOTYT BIIUATD,
few-shot yacTo noBbILLaeT Ka4ecTBO,

Ecnu 3agava cnoxHas, npoBepbTe BO3MOXHOCTM moaenn Ha CoT,
Ecnn mogenb MHCTPYKTUBHASA 1 KOPNYC MHCTPYKUUN OOCTYNEH —
NOCMOTPUTE, HA KaKNX MHCTPYKUUAX OHa oby4anacbk, nonpoodymnTe
COCTaBUTb CXOXWUU MO CTPYKTYype NMPoMT.
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MOCKOBCRMIL
i § T'OCyjapCTBEHHBIN
i/ ynuBepcurer

5 umeHu M.B.lomoHOCcOBa

3aKknrdyeHue

e [lonynapHoctb LLM npogornxaet pactu

e B ocHoBe coBpemMeHHbIX LLM nexut apxutekTypa
TpaHcdopmep 1 MeXaHU3M BHUMaAHUSA

e Passutne LLM npamo cBs3aHO C BbIYUCIIUTENbHbLIMU
pecypcamu

e Xopowas LLM = [laHHblie + GPU + cneunanucTbl

e BaxHo ymeTb npaBunbHO ncnonb3oBatb LLM ang
OOCTUXEHMNA pesynbraTta
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