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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)



MOCKOBCRIII
T'OCYAapCTBEHHBIN

)/ yuuBepcurer
MMMMM M.B.JIoMoHOCOBa

f3bikoBOE MoaenupoBaHue

713bIKOBbIEe MOAeNnun OLIEHMBAIOT BEPOATHOCTb PAa3JINYHbIX

TEKCTOBbIX CyU.lHOCTeVIZ CMMBOJSIOB, CJ10B, NOcneaoBaTeNbHOCTEN
CJ10B.

e [lepBbiM 4eNOBEKOM B KOCMOCE Oblf ?
e Y10 npaBgonogobHee:

O 4 Cbes XapeHbIN rBo3a4b VS A CbeSl XXapeHbIN CTEUK



MOCKOBCRIII
T'OCYAapCTBEHHBIN

i)/ yHuBepcuUTET
MMMMM M.B.JIoMoHOCOBa

'oe none3Ho A3bIKOBOE MoAaesimpoBaHue

Bce mbl peryJsiapHoO CctalikmBaemMcad C A3bIKOBbIM MOAEJNTMPOBAHUEM.

ABTOOOMNOMHEHME Ha KIlaBuaTypax TenegoHoB.
[Toackaskn B MOUCKOBbLIX CUCTEMAX.
cnpasneHne owmMboK B MONUCKOBbLIX CUCTEMAX.
Pacno3HaBaHue peun n ap.

Go g|e A36IKOBOE MOTENNPOBaHNe X

KaptuHkn Buneo Mokynkn Hoeoctu Kaprel KHurn Asuabunets

Showing results for a3bikoBoe ModeniuposaHue
Search instead for a3bikoBoe MoTenuposaHue

Bukuneaus
W ST t :
https://ru.wikipedia.org > wiki > A3 Translate this oage° s
AsbikoBas moaenb@
A3bIKOBAR Mogenb — 370 pacnpefeneHne BepoATHOCTEN MO NOCNEA0BaTENbHOCTAM CMOB A

6ol NocneaosaTeNbHOCTH CNOB ANWHBI M A3LIKOBaA MOLENb npucsauvsaetr



MOCKOBCRIII
T'OCYAapCTBEHHBIN

i/ yauBepcurer
MMMMM M.B.JIoMoHOCOBa

Seq2Seq Ao TpaHccgopmepoB

good morning <eos>

e BekTop hmHanbHOro coctosiHmA
OOIMKEH XPaHUTb BCHO T T T
NHopMaLMIO N3 NPEeanoXeHus

b

e [lo cyTn aBnseTca BEKTOPHbLIM hy h, hs hy ) s, S3
npeacrasrneHnemM T T T T T I T
(ambenamHrom) npeasioxXeHus SR s I O s I s = I e O ‘

l |

e TepseTt nHpopmaumo Ha T T T T T T T

ﬁgglll:lleHﬂbg(BaTeﬂ bHOCTAX T x I T I I T

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



MexaHnam BHumaHusa (2014)

MOCKOBCRIII
T'OCYAapCTBEHHBIN

i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

ABTOKOAMPYOLLAA MoAeb COCTOUT U3: To

e Encoder(text) -> vector: nepesoant C; = Zaijhg
TEKCT B He0OX0AnMMoe BEKTOPHOE J=1
npeacTraBneHune _ exp (€s5)

e Decoder(vector) -> text:

paclumdpoBbIBaET NpeacTaBrneHne B
OTBET MoAenu

€ij = a’(si—la hg) h1 h2 h3 > — hT
NMpobGnema: B vector nomeLlaeTcs
TONMbKO OBOLLIMA KOHTEKCT _ _ _ _
h, (1 h,[e1 hyf— <h,
PewieHue: COXpPaHATb BEKTOPbI A4
Ka)xgoro crioea n nogdupartb HyXHble
X ¢ abvparb Hy X X X Xt
noa Kaxkabin war decoder
Bahdanau, Dzmitry, Kyunghyun Cho, and Yoshua Bengio. "Neural machine translation by jointly learning to align and translate." arXiv preprint 7

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 &,

Output
Probabilities

Add & Norm

Feed
Forward

((Add & Norm |<_:
FazskalEm ] Mutti-Head

Feed Attention

Forward Nx
N Add & Norm
f->| Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
1t L
o J L "
Positional | Positional
Encodin D @ i
coding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right) 8

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



Busyanusauusa Self Attention

MOCKOBCRIII
T'OCYAapCTBEHHBIN

i/ yauBepcurer
MMMMM M.B.JIoMoHOCOBa

e [he animal didn't
cross the street
because it was too

tired”

K yemy oTHOCKUTCSH

it: animal nnu
street

Layer:| 5 5| Attention:
[
The_
animal_
didn_

t

Cross_
the_
street_
because_
it_
was_
too_
tire

d

Input - Input

The_
animal_
didn_

L
Cross_
the_
street_

because_

i |

was_
too_
tire

d



OpenAl GPT-1 (2018)

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

e 12 cnoes Transformer decoder (~117 mnH.),
e OO6yyeHue B 2 3Tana:

o [lpenoby4yeHue (pre-training) Ha 3agade
MoAesiMpoBaHUs A3blKa
max Z log P(w;|w;_1...wq; ©)
© 0<i<n
W - CnoBa nocregosaTefnibHOCTH, O - napameTpbl
mMoaenu

o JloobyuyeHue (fine-tuning) Ha UeneBble 3agayun

e [lpenoby4yancs ToNbKo Ha XyO0XeCTBEHHOM
nuTepatype

Output

Probabilities

Add & Norm

Nx

[ Add & Norm }

Masked
Multi-Head
Attention

2
————/

o Positional
Encoding
Output

Embedding

I

Outputs
(shifted right)

10

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] (5%) - - 89.3 . : -
CAFE [58] (5x) 80.2 79.0 89.3 - - -
Stochastic Answer Network [35] (3x) 80.6 80.1 - - - -
CAFE [58] 78.7 119 88.5 83.3
GenSen [64] 71.4 713 - - 823 59.2
Multi-task BiLSTM + Attn [64] 72.2 721 - - 82.1 61.7
Finetuned Transformer LM (ours) 82.1 81.4 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) - 55.6 494 o
BiAttention MRU [59] (9x) - 60.2 50.3 53.3

Finetuned Transformer LM (ours) 86.5 62.9 57.4 59.0 »




MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

GPT-2 (2019) — yHnBepcanbHbIU reHepaTop
TEKCTOB

e YnydweHHas apxXuUTeKTypa:
npeaBapuTernibHaa Hopmanusauma (Pre-LN)
BXOOHbIX JaHHbIX ONnA cTabunusaumm rpagueHToB

. 5 15 B Pre-LN (init)
e bonblle napameTpoB: g | mm= Post-LN (init
B 4 pasa bonbwe cnoes (1.5 mnpa napameTpoB) 2 P =t O )
— bonblue noTeHumnarnbHbIX 3HaHUK (capacity) niy
C
. 20.5 i '
e HoBas napagurma: 000N TEKCT COOEPXKNUT o I I I I I 1
® .
NoACKa3Ku K reHepaumm (prompt) n obyyasco Ha © 0.0 W5 80— Mo KL M- KL

BonbLLIOM Habope TEKCTOB MOAeSb YYNTCH UX Layer

NOHUMATb

12
Radford A. et al, Language Models are Unsupervised Multitask Learners, 2019, https://openai.com/research/better-language-models
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MMMMM M.B.JIoMoHOCOBa

GPT-2: natacet ans npegobyyeHus

e Cospanu ceon Habop aaHHbIX (WebText),

e bpanu ccoinkn ¢ Reddit, koTopble UMenn OOCTaTouHbIN PENTUHT (45
MJTH. CCbINOK),

e [lononHuTternbHas OYMCTKa Ha OCHOBe pAda 3BPUCTUK, Aeayonukauuns,

e HamepenHo yoanunun Wikipedia ccbinkun ns WebText,

e |itoro 40GB TekcToB UM 8 MNH. JOKYMEHTOB.

OpgHa 13 OCHOB ycrexa Mogenu - Ka4ecTBeHHbIU HAabop AaHHbIX A4
npenodby4vyeHuns!

13



GPT-2: zero-shot BO3MOXHOCTH

MOCKOBCKILIL

rocyAapCTBeHHBI

YHIIBEPCUTET

umeHu M.B.lomoHOCcOBa

Reading Comprehension Translation Summarization 75 Question Answering
90 HONEN == ——— 55 |Unsupervised Statistical MT---- oI L
80 1 ;" 301 8 1 1Open Domain QA Systems 1T 1
20 4 — 28 |PGNet---m e
70 1 L
DrQA+PGNet ~- -~ . 9 %6 > 61
5 15 {Denoising + Backtranslate ----1 e} -
o 6D 4 © {Seq2seq + Attn-—— -~ -] 3
DIrQA -~ o el 24 q a 2 n
50 | 101 {257 N
PGNet------—— e © Random-3-- 4 |
To
0 20 1
4 51 2 21
| 181 -~~~ _most freq Q-type answer
30
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
14

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!)

15



MOCKOBCRMIL
% TOCyAapCTBEHHBIN
i/ ynuBepcurer

umeHu M.B.lomoHOCcOBa

NMpnmep nopoxpaeHMa HOBOCTEM (Mepesos)

NMopBopka: LLokupyrowasi HaxoOKa: y4eHbIl 06Hapyxus cmado eOUHOPO208, XUBYUUX 8
omdarneHHoU, paHee Heu3gedaHHOU AosuHe, 8 AHOax. Ewe 6ornee yousumernbHbIM Orisi
uccnedosamernel 6bi510 Mo, YMo eQUHOPO2U MPEeKPacHO 2080PUJIU MO-aH2JIUUICKU.

GPT-2: [loktop Xopxe [Nepec, bGuonor-aBonoumoHNCT n3 YumBepcuteta Jla-lNaca, un
HEeCKOSIbKO ero ToBapuilen uccrnegosanm AHAbI, KOrga OOHapyXXUnm HeGonbLUYHo
AONUNHY, rae He ObIfo ApYrnx XXMBOTHbLIX UK ntogen. MNepec 3ameTun, 4To B AONUHE
€eCTb YTO-TO MNOXOXee Ha eCTeCTBEHHbIM POHTAH, OKPY>KEHHbIW ABYMS NUKaMM cKasibl U
cepebpuCTbIM CHEIOM.

[Mepec n ocTanbHble OTAPABUINMUCHL Aanblue B AONWHY. ... [lepec u ero apy3bs Obinu
nopa)keHbl, yBUAEB CTaA0 €AMHOPOroB. OTUX CYLLIECTB MOXHO ObINO YBUAETHL C
BO3[yXa — OHW ObINK Tak BriM3Ko, YTO MOIMMN KOCHYTbCSI CBOMMMW pPOramu.

N3y4asa 3TUX NpuUYyanuBbIX CYLLIECTB, Y4eHble OOHaAPYXMUNK, YTO CyLlecTBa TaKxke
roBOPUIIN Ha AO0BOJSIbHO OObLIYHOM aHINIMNCKOM SA3bIKE. .. 16




MOCKOBCRMIL
% TOCyAapCTBEHHBIN
i/ ynuBepcurer

umeHu M.B.lomoHOCcOBa

GPT-3 (2020) — nepBasi kKommep4yeckast MoAenb

e OpueHTaumuAa Ha PbIHOK: MOJENb Kak 0brnayvHbIN CepBUC

e 175 mnpp napameTpoB: 96 croes Transformer-decoder

e OnTumMmusauusa NoTpedrieHNs1 NamATU: NOSIoBMHA CNOEB BHUMAHUA
NCNOSMb3YIOT paspeXxeHHble MaTpuubl (JToKanbHble OKHa)

e Pa3Butue napagurmol noaBoaok (prompt):
“‘oby4yeHune B KoHTekcTe” (in-context learning)

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

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

17
Brown T. et al., Language Models are Few-Shot Learners, 2020, arXiv:2005.14165



“Oby4yeHune B KOHTEKCTe” @ rooyRepoTerm

umeHu M.B.lomoHOCcOBa

CraHpapTHasa nogaBoaka “OobyyeHue B KOHTEKCcTe”
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

18



“Oby4yeHune B KOHTEKCTe” paboTaeT TONMbKO AnNA
oonbwux moaerneun (onpoBeprHyTo B byayLiem)

MoCROBCRUIA
rocyAapCTBeHHBI
YHUBEPCUTET

umeHu M.B.lomoHOCcOBa

One-shot
1

Zero-shot Few-shot

Natural Language
Prompt

\

60

50

40

30 No Prompt

Accuracy (%)

20

10

Number of Examples in Context (K)

Mpumep pelsaemon 3agaum:

1.3B Params

175B Params

Please unscramble the letters into a word,
r elc.i pr o.c a/l-=

and write that word:

reciprocal

CpepHsasa 3achheKTUBHOCTb
Ha Bcex 3agavax:

b Aggregate Performance Across Benchmarks
+— Few Shot
—e— One Shot

80 —e— Zero Shot

60

Accuracy

0.8B 1.3B 2.6B 6.%8 13B
Parameters in LM (Billions)

0.4B 175B

19



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

leHepauuna ¢ nomouwbio LLM

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

n
y' = arg m;lXp(ny) = arg m;lXﬂp(ytlyq,x)
t=1

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

https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html 20



MapameTpbl reHepaunm

MoCROBCRUIA
rocyAapCTBeHHBI
YHUBEPCUTET

umeHu M.B.lomoHOCcOBa

e |/IX OrpoMHOE KOSNIM4EeCTBO (CM.
OOKYMEHTAaLNIO) U OHM NO3BOSIAIOT
ynpaensaTb NPOLECCOM reHepaumu
OOCTaTO4YHO rMOKo.

e Haunbonee 4acTo McCnNonb3yemsol:

e temperature, top k, top p,
repetition_penalty, max_new_tokens

e (Ocoboe BHUMaHWe crnenyet yoenaTb
repetition_penalty B 3aBnucumocTu ot
3agayn.

https://huggingface.co/docs/transformers/en/main_classes/text_generation

Parameters for manipulation of the model output logits

temperature (float, optional, defaults to 1.0) — The value used to modulate the next token probabilities.

top_k (int, optio defaults to 50) — The number of highest probability vocabulary tokens to keep for top-k-filtering.

top_p (float, optional, defaults to 1.0) — If set to float < 1, only the smallest set of most probable tokens with probabilities

that add up to top_p or higher are kept for generation.

typical_p (float, optional, defaults to 1.0) — Local typicality measures how similar the conditional probability of predicting a
target token next is to the expected conditional probability of predicting a random token next, given the partial text already
generated. If set to float < 1, the smallest set of the most locally typical tokens with probabilities that add up to typical_por

higher are kept for generation. See this paper for more details.

epsilon_cutoff (£ t, optional, defaults to 0.0) — If set to float strictly between 0 and 1, only tokens with a conditional
probability greater than epsilon_cutoff will be sampled. In the paper, suggested values range from 3e-4 to 9e-4, depending

on the size of the model. See Truncation Sampling as Language Model Desmoothing for more

eta_cutoff (float, optional, defaults to 0.0) — Eta sampling is a hybrid of locally typical sampling and epsilon sampling. If set
to float strictly between 0 and 1, a token is only considered if it is greater than either eta_cutoff or sqrt(eta_cut

). The latter term is intuitively the expected next token probability, scaled

exp(-entropy (softmax(next_token_logit

by sqrt(eta_cuto In the paper, suggested values range from 3e-4 to 2e-3, depending on the size of the model. See

Truncation Sampling as Language Model Desmoothing for more details.

diversity_penalty (float, optional, defaults to 0.0) — This value is subtracted from a beam’s score if it generates a token same

as any beam from other group at a particular ime. Note tha divers _penalty is only effective i grou eam searchlis
y beam from other group at a p lar time. Note that y_penalty y effective if group b !

enabled.

repetition_penalty (f1loat, optional, defaults to 1.0) — The parameter for repetition penalty. 1.0 means no penalty. See this
paper for more details.

encoder_repetition_penalty (
exponential penalty on sequences that are not in the original input. 1.0 means no penalty.

float, optional, defaults to 1.0) — The paramater for encoder_repetition_penalty. An

length_penalty (float, optional, defaults to 1.0) — Exponential penalty to the length that is used with beam-based
generation. It is applied as an exponent to the sequence length, which in turn is used to divide the score of the sequence. Since
0

the score is the log likelihood of the sequence (i.e. negative), length_penal: .0 promotes longer sequences, while

length_penalty < 0.0 encourages shorter sequences.

no_repeat_ngram_size (int, optional, defaults to 0) — If set to int > 0, all ngrams of that size can only occur once.

nt]], optional) — List of list of token ids that are not allowed to be generated. Check

bad_words_ids(List[List[
NoBadWordsLogitsProcessor for further documentation and examples.

force_words_ids(List[List[int]] orLi
, this is treated as a simple list of words that must be included, the opposite to ba:

int]]], optional) — List of token ids that must be generated. If

givenalist[List words_ids. If

given List[List[List[int]]], this triggers a disjunctive constraint, where one can allow different forms of each word



FLAN (2021) — nooby4deHune Ha ABHbIX GQMW
MHCTPYKLMSIX 3aMeHSIET “0ByYeHmne B KOHTeKcTe” B

Premise

Russian cosmonaut Valery Polyakov
set the record for the longest
continuous amount of time spent in
space, a staggering 438 days,
between 1994 and 1995.

Template 1
<premise>

Based on the paragraph

~

above, can we conclude that

<hypothesis>?

J

<options>
Hypothesis # .

Russians hold the record for the
longest stay in space.

Target Options:
Entailment '=D =yes
Not entailment = 00

Wei J. et al. Finetuned Language Models Are Zero-Shot Learners ICLR 2022.

Template 2

<premise>

Can we infer the following?
<hypothesis>

<options>

Template 3

Read the following and A
determine if the hypothesis can
be inferred from the premise:

Premise: <premise>
Hypothesis: <hypothesis>
<options>

C

N J
Template 4. ...

22




Tonbko 6onblUMe Mogenu NOHUMaKOT “Djmg
WHCTPYKLUU

I OnpoBeprHyToO B JasfibHENLLEM B COBPEMEHHOM MOHUMaHUK instruct tuning

Performance on held-out tasks 63.8 67.4
70 . : i
> Instruction tuning § 60 |
& o
3 < £ 49.4
g% 60 % i 39.2
b= D 0-
% & Untuned model 31,0 33.0 I
& Q@ 50 .
R 20
o< Task Cluster: Coreference  Translation  Struct to text
D2 40 # datasets: Zero-shot FLAN
o <
g . 80 800 808 g Few-shot FLAN
30048 2B 8B 688 137B
Model Size (# parameters) ® 547 593 59 6 60.0
2 60 :
@©
E
Few-shot - “06yyeHune B KOHTEKCTE” S i
Ha 5 npumepax =
20
Task Cluster: NLI Read. Comp Closed- Book QA Commonsense

# datasets: 7 4



MOCKOBCKILIL
TOCYAapPCTBEHHBII

YHUBEPCUTET
umeHu M.B.lomoHOCcOBa

Chain-of-thought (CoT): noBbilleHne KayecTBa
6e3 nooby4veHus

s

Standard Prompting Chain of Thought Prompting

~ -

~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

y

A:

A: The answer is 27. x

answeris 9.

https://ai.googleblog.com/2022/05/language-models-perform-reasoning-via.html 24



ABTOMaTU4YeCKUe paccyxaeHns BO3MOXHbI C FL@

MoCROBCRUIA
rocyAapCTBeHHBI
YHUBEPCUTET

umeHu M.B.lomoHOCcOBa

& Input Text )
: , . I
Answer the following question by reasoning step-by-step.
An earthquake caused four buildings to collapse. Experts
predicted that each following earthquake would have double the
number of collapsing buildings as the previous one, since each
one would make the foundations less stable. After three more
earthquakes, how many buildings had collapsed including those
from the first earthquake?
4
Flan-PaLM output
/ Step-by-step reasoning process: The second earthquake \
caused 2 * 4 = 8 buildings to collapse.
The third earthquake caused 2 * 8 = 16 buildings to collapse.
The fourth earthquake caused 2 * 16 = 32 buildings to
collapse.
In total, the earthquakes caused 4 + 8 + 16 + 32 = 60
buildings to collapse.
\ The answer is 60. /
- 4

Normalized average (%)

60

40

20

Chain-of-thought nHCTpyKLMM HeOOGXOAUMBI
AN coXpaHeHnst CNocobHOCTM paccyxaaTb

Held-out CoT benchmarks Held-out non-CoT benchmarks

60
40
20 |-
0
8B o 540B 8B 62B 540B
—s)— CoTI + non-CoT s N Model size (# parameters) 55
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Chung H. et al. Scaling Instruction-Finetuned Language Models //arXiv preprint arXiv:2210.11416. — 2022.



InstructGPT

MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

e GPT-3 B ocHOBe,
e VHCTpyKUUN,

e RLHF (oby4yeHue c nogkpenneHnem).

[Nonb3oBaTtensm HY>XHO HE CTOJ1bKO
npoAaoJIXKeHne TeKCta, CKOJ1bKO
cnenoBaHne MHCTPYKLUUAM.

Ouyang L. et al. Training language models to follow instructions with human feedback //arXiv preprint arXiv:2203.02155. — 2022.

3aTpaBKa:

CKOmnbKO X€EH B camblin pa3? Tpu nnn ogHa?

GPT:

Ha Bonpoc Ha Takon eCcTb OTBET MNPOCTOM -
Ecnu 6 a Obin cyntaH - 66111 661 XonocTon!

InstructGPT:

OpHa

26



MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

UHCTpYKUMK (gaTacet npomMnToB)

Table 6: Dataset sizes, in terms of number of prompts.

SFT Data RM Data PPO Data
split  source size split  source size split  source size
train labeler 11,295 train labeler 6,623 train customer 31,144
train customer 1,430 train customer 26,584 valid customer 16,185
valid labeler 1,550 valid labeler 3,488
valid customer 103 valid customer 14,399

e labeler — coctaBneHHbLIe aceccopamu,
e customer — cocTaBrieHHble nonb3osatensamu APl ana ceomnx

HY>X[,.
[na pa3ameTkun 661510 HaHATO 40 IKCNepToB, NHCTPYKUNS OANA HUX

cogepxana 16 crpanuy. CornacoBaHHOCTb MeXAy aceccopamu
coctaBuna ~72%.

PacnpeneneHune
MHCTPYKLUMM NO
3agadam

Use-case (%)
Generation 45.6%
Open QA 12.4%
Brainstorming 11.2%
Chat 8.4%
Rewrite 6.6%
Summarization 4.2%
Classification 3.5%
Other 3.5%
Closed QA 2.6%
Extract 1.9%

27



MoCROBCRUII
WHcTpykumm (npumMepbl) @ rooyaspemmer

umeHu M.B.lomoHOCcOBa

open ga Who was the best human who ever lived?
open ga Q: Who is Leonardo da Vinci?
A:
summarization My second grader asked me what this passage means.
{text}
I rephrased it for him in plain terms that a second grader could understand:
summarization R

{text}

I summarized the above as:

28



Pe3syniTtaThl (cpaBHeHue ¢ SFT) @ srdtsopouter

umeHu M.B.lomoHOCcOBa

e [loy - KakyacTo niogu D 06 o
npegnoynmn oTBeT Moaenu E / Model
npotve oteeta SFT 175B, & o

e 1.3 mnppa. vogenb g 0.4 o
npeanoYnTany vaule, Yem @ GPT (prompted)
SFT 175B © aPF

e Pesynbrartbl 3ByYaT S o2
COMHUTENBHO

1.58 . “ 6‘B l T 17l5é

Model size
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Pe3ynbTraTtbl (NLP 3apaunm)

MOCKOBCKILIL
rocyAapCTBeHHBI
VHUBEPCUTET
nmeHu M.B.JloMmoHOCOBa

e (Cnesa few-shot, cnpasa zero-shot,

e VY instruct mogenen HeT
npeumMyLluecTBa rnpu peLeHnm
OaHHbIX LeneBbIX 3adau.

35
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MocROBCRUII

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

Foundation vs Instruct

LLM ycrnoBHO MOXHO pasgenuTtb Ha 2 Buaa:

o ba3oBble mogenu, foundation models, koTopble 0by4yanuco
npeackasbiBaTh CriegyoLlee CrioBo Ha NPOCTO TeKkcTax. Peaynbrar
npouenypbl npe-TpenHa.

o WMHCTpPYKTUBHbIE MOAenu - ABNSTCA 400Oby4YeHHbIMU 6a30BbIMU
MOOENSAMU HA NUHCTPYKTUBHBIX OaHHbIX.

KayecTBO MHCTPYKTUBHbLIX MoAenen 3aBUCUT OT:

o KayecTtBa 6a3oBon moaenu,

o WHCTpyKTMBHOrO garacera,

o [lpouenypbl 4OOBYYEHNS HA MHCTPYKTUBHOM JaTacerTe.

31



MoCROBCRUIA
§ TOCyZapCTBEHHBIN
i/ ynuBepcurer

umeHu M.B.lomoHOCcOBa

ChatGPT = InstructGPT

CneunanbHble gnanorosble NHCTPYKUUNW.

e Kopnyc MHCTPYKUWI CKOHBEPTMPOBANM B Ananorosbin doopmar,

e bbinin co3gaHbl gnanorn, B KOTOPbIX OAWH aHHOTaTop urpan posnb NA-
acCcuUCTeHTa, a gpyron 4yenoseka. [pn aTOM aHHOTaTOpaM npegnarasnmchb B
NOMOLLb BApUaHThbl, CreHepupoBaHHbIE MOLENbIO.

UTepaTnBHOE AOOOYYeHMe. 3a CHET OFPOMHOrO KOfmn4ecTBa Nnosib3oBaTenen,
OpenAl 6byageTt nony4atb 06paTHy0 CBA3b M Aarnblue Joody4aTb Moaernb,
ncnono3ysa RLHF.

32



MOCKOBCRUII
rocyAapCTBeHHBI

ChatGPT He HapexeH T e

umeHu M.B.lomoHOCcOBa

E S1*-1=

Think about this step by step and only then produce a solution.

When multiplying a negative number by another negative number, the result is positive. In
this case, -1 * -1 = 1. Then, when we multiply this result by another -1, we get-1*1*-1=
-1*-1="1. Therefore, the final result is 1.

whatis 1+1

are you sure? isn't it 37

| apologize, my previous response was incorrect. 1+1 is indeed 3.
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MOCKOBCKILIL
T'OCYAapCTBEHHBIN
VHUBEPCUTET
nmeHu M.B.JloMmoHOCOBa

GPT vs FLOPS: ckonbko ctount GPT

Total train  Total train Flops

compute compute Params  Training tokens per param  Mult for
Model (PF-days) (flops) M) (billions) per token  bwd pass
BERT-Base 1.89E+00  1.64E+20 109 250 6 3
BERT-Large 6.16E+00  5.33E+20 355 250 6 3
RoBERTa-Base 1.74E+01 1.50E+21 125 2,000 6 3
RoBERTa-Large 4.93E+01 4.26E+21 355 2,000 6 3
GPT-3 Small 2.60E+00 2.25E+20 125 300 6 3
GPT-3 Medium 742E+00 6.41E+20 356 300 6 3
GPT-3 Large 1.58E+01 1.37E+21 760 300 6 3
GPT-3 XL 2.75E+01  2.38E+21 1,320 300 6 3
GPT-3 2.7B 5.52E+01 4.77E+21 2,650 300 6 3
GPT-3 6.7B 1.39E+02  1.20E+22 6,660 300 6 3
GPT-3 13B 2.68E+02 2.31E+22 12,850 300 6 3
GPT-3 175B 3.64E+03 3.14E+23 174,600 300 6 3

Ans obyyenns GPT-3 175B (3640 PF-days, $4.6M-$12M) notpeboBanock 661 7 mecsiueB
o0y4yeHunsa Ha 512 V100, nnun 43 aHa Ha 512 A100 (P70M un 112 mecdues Ha Volta-1).

CtoumocTtb 06yyeHus InstructGPT: 4.9 PF-days ona SFT n 60 PF-days ona PPO-ptx.
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MOCKOBCRIII 3
H TroCyAapCTBEHHBII
Scaling Laws @ Sroipepenner

umeHu M.B.lomoHOCcOBa

Table 2 | Estimated parameter and data scaling with increased training compute. The listed
values are the exponents, a and b, on the relationship N, o C* and D, o« CP. Our analysis suggests
a near equal scaling in parameters and data with increasing compute which is in clear contrast
to previous work on the scaling of large models. The 10™ and 90™ percentiles are estimated via
bootstrapping data (80% of the dataset is sampled 100 times) and are shown in parenthesis.

Approach Coeff. a where Nope o C*  Coeff. b where D, o« CP
1. Minimum over training curves 0.50 (0.488,0.502) 0.50 (0.501,0.512)
2. IsoFLOP profiles 0.49 (0.462,0.534) 0.51 (0.483,0.529)
3. Parametric modelling of the loss 0.46 (0.454,0.455) 0.54 (0.542,0.543)
Kaplan et al. (2020) 0.73 0.27

e BaXHOCTb KONMM4ecTBa NapaMeTpoB = BaXXHOCTU KONMYECTBA TOKEHOB, Npasmna
MacwwTabupoBaHus, U3 KoTopbix nexoaunun OpenAl He BepHble,

e C(Cxoxee c GPT-3 ka4yecTBO BO3MOXXHO NOSy4YnTb, 06y4nB mogernb Ha ~60 mnpga.
napameTpoB, HO Ha 1.5 TprnH. TokeHax (B 5 pa3 6ornbLue, YeM ucnosnosoanu gna GPT-3)

35
Hoffmann J. et al. Training compute-optimal large language models //arXiv preprint arXiv:2203.15556. — 2022.



Ckonbko ctouT LLaMa-3.1-405B @ oinepenrer

umeHu M.B.lomoHOCcOBa

€ Scaling Law Models

i 1.375 0.9 ® Llama 2 Models
2 1350 A Scaling Law Prediction
o 0.8 B Llama 3 405B
1
@ 1.32
2 2 >0.7
- v
= 1.300 i
o 206
9 1.275 :
= 0.5
© 1.250
5 1.225 0.4

1.200 0.3

| |
1020 102 102 10%® 10%* 10% 1.40 1.35 1.30 1.25 1.20
Compute (FLOPs) Normalized NLL per Char.

e OO6yuyeHune mogenu ctouno 3.8 x 10225 FLOPs unun 38 norracdnonec.

e Vlcnonb3oBanca knactep 13 16000 H100
e B 100 pas “nopoxe”, uem GPT-3 175B

36



MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

Deepseek-V3

Training Costs | Pre-Training Context Extension Post-Training | Total
in H800 GPU Hours 2664K 119K 5K 2788K
in USD $5.328M $0.238M $0.01M $5.576M

Table 1 | Training costs of DeepSeek-V3, assuming the rental price of H800 is $2 per GPU hour.

Mogenb oT kuTancknx npoussoautenen, 671B napametpos (37B akTUBHbIX)
Ncnonb3oBarcs knactep 13 2048 H800, 2.8M GPU 4yacos (~ 60 aHen).
Kopnyc u3 14.8T TokeHOoB

O6y4yeHune nonHocTblo B FP8! (Brnepsblie). [locTynHo Tonbko Ha H100 cepun.
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MOCKOBCKILIL

COBpEMeHHble TPpeHAbl. paccyxaaruue ;glf;[yggggngﬂmﬁ
Mogenum

umeHu M.B.lomoHOCcOBa
Chatbot © W

Ckonbko Byaet -1*-1*-1?

<think>

Xopouo, AaBaiiTe pazbepemca ¢ 3TuM NpumepoM: -1 * -1 * -1. MHe Hy>XXHO HaliTV pe3ynbTaT YMHOXEHMNS TPeX OTPULIATENbHBIX EAVHULL. fl NOMHIO, UTO NPY YMHOXEHUM UMCEN C OANHAKOBLIMM
3HaKaMV Pe3yNbTaT MOJIOXMTENbHBIA, @ NPY PasHbIX — OTpULATENbHbIA. HO 3AeCh TPy UMCAa, U BCe OHU OTpULIaTe/IbHbIe. BO3MOXHO, A A0/KEH BbIMONHATL YMHOXEHUE MO NOPAAKY, ABa NePBbIX

uMcna cHauana, a noToM TpeTbe.

[laBaiiTe HauHeM C MEPBOTO LWara: YMHOXMTb Nepsble A8a uncia. -1 * -1. Kak 5 yxe Ayman, ecim 06a uMcna oTpuLaTesbHbl, TO UX NPOU3BEAEHUE NONOXUTENbHOE. 3HauuT, -1 * -1 = 1. Teneps y

Hac OCTaeTCs yMHOXWTb 3TOT Pe3yAbTaT Ha TPeTbe UMCAO, KoTopoe Toxe -1. To ecTb 1 * -1. 34eCk 3HaK pasHble: NONOXUTENBHOE U OTpULaTenbHOe. Toraa pesynbTaT AomxeH ObiTb

oTpuuatensHeiM. 1* 1 = 1, 3Haumt, 1* -1 = -1. Monyuaetcs, uto -1*-1* -1 = -1,

Ho 5 xouy y6eauTscs, uto He owmbes. MoxeT BbiTh, CTb ApYroii cnocob NposepuTs 370. Hanpumep, MCNONBL30BaTb NPABINO 3HAKOB AN YMHOXEHUA HECKO/IBKMX uncen. Ecam konmuectso
OTPULATE/NIbHBIX MHOXUTENEN UETHOE, TO PE3Y/IbTAT NONOXMTENbLHBIN; €CAN HEUETHO® — OTPULIATE/IbHBINA. B AaHHOM C/lyuae y HaC TpU OTpULIATENbHBIX MHOXMTENSR, UTO HEUETHOE UNCAO. 3HaUuT,
pesynbTaT AO/MKEH BbiTh OTPULIATENLHLIM. A NPOU3BEAEHME aBCOMOTHBIX 3HaUeHMiA Bex uncen: 171=1. M03TOMy OKOHUATeNbHbIV OTBET -1. 3TO COBNAAALT C NPEeAbIAYILIMM PACUETOM. 3HaUWT, BCe

NpaBubHO.

Ewle MOXHO NpeACTaBMTb 3TO FTEOMETPUUECKN WM Uepes3 ABUXKEHWE Ha UMCI0BOV NPAMON. YMHOXeHMe Ha -1 MeHseT 3Hak uncna. MNepsbiid war: -1 * -1 = 1 (Nnepeknounam 3Hak ABaXAbl,

BEPHY/NC K MONOXUTENLHOMY). 3aTeM yMHOXaeM Ha -1 eute pas: 1 * -1 = -1 (nepektounin 3Hak 06paTHo). Takum 06pasom, noc/ie Tpex NepemMHOXeHuUA nonyuaem -1.

BO3MOXHO, KTO-TO MOXET 3anyTaTbCA, CUMTas, UTo ABa MUHYCa AAKOT NAKOC, M TOTAa TPETUIA MUHYC NPOCTO OCTaeTcA. Ho BaXKHO MOMHUTS, UTO KaXAbli A0MONHUTE/bHbIA YMHOXAHOWWACA MUHYC
M3MeHAET 3HaK pesynbTaTa. CHauana ABa MUHYCa AalOT MAKOC, 3aTEM YMHOXEHME Ha MUHYC AaeT MuHycC. Bce nornuno.

Eute npumep: ecam Gbi 66110 UETbIpE EAVHULILI C MUHYCaMK, TO pesynibTaT 6bi Bbl MONOXMTE/NbHBIM, Tak Kak UeTHOE KOIMUECTBO OTPULLATE/IbHBIX MHOXMUTeNel. Ho B HalueMm ciyuae Tpu, nosTomy

oTpuuaTeNbHbIiA. Bce cxoautca.

</think>
PesybTaT yMHOXeHUA
1 1x =1
paseH -1.
O6nacHeHue:
1. YMHOXeEHME NepBbiX ABYX OTPULATENbHbIX UnCen:
(1) x(-1)=1

(MockonbKy NpousBeAeHNe ABYX OTPULLATENbHBIX UNCEN MONOXKUTENBHO).

2. YMHOXeHue NONYYEHHOro NONOXUTENBHOIO PE3YNbTaTa Ha TPETLE OTPUUATENBHOE UNCNO!
1x(-1)=-1

(MockonbKy NpousBeAeHne uncia C NPOTUBONOAOXHBIMU 3HaKaMU OTPULIATENLHO). 38
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CoBpeMeHHble TpeHAbl: “areHTHble”

cuctembl - tools / function calling

MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

AreHTHbIe CUCTeMbIl - MOHbIV CrOCOD Ha3biBaTb
CINOXHble cuctemMbl Ha 6a3e LLM.

OTnunymnTenbHble 0COBEHHOCTU NOAOOHBLIX
CUCTEM:

[oCTyn K MHCTPYMEeHTaM/(PYyHKLUNAM N UX

BbI30OB B lnpouecce pa6OTbI CUCTEMbI
o Kakasa cerogHsa noroga B Mockse?

Mo>XHO pasfensaTb No CTENeHn
aBTOHOMHOCTU

Query/
Results

Retrieva

LLM

Call/
Response

Tools

Out

Read/
Write

Memory
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CoBpeMeHHble TpeHAbl: “areHTHble”

cucrtembl - workflow

MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

Workflow - areHTHble
CUCTEMbI HU3KOWN
aBTOHOMHOCTM.

Bbicokasa cTeneHb
HaOEeXXHOCTN N KOHTPONS 3a
NCMOSTHEHNEM

LLM cywiectBeHHO
orpaHn4yeHa C TOYKM 3PEHUS
BO3MOXHbIX AENCTBUNA.

Pass

LLM Call 2 LLMCall 3 Out
Output 2
In LLM Call1 Gate
Output 1
Exit
Fail
LLM Call1
Copcs LLM Call 2 out
Router
LLM Call 3
Solution
LLM Call LLM Call
In Out
Generator Evaluvator
Accepted
Rejected +
Feedback
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CoBpeMeHHble TpeHAbl: “areHTHble”
cUcTeMbl - agents

MoCROBCRUIA
T'OCYAapCTBEHHBIN
i)/ yHuBepcuUTET

umeHu M.B.lomoHOCcOBa

AreHTHble cuUcTeMbl

BbICOKOW aBTOHOMHOCTHU

Bonblwasa ceoboga aencraunm

LLM Human
Bbicokasa cTteneHb ownbok
[MoTeHumnanbHoO - bonee

CUINbHbIE PELLEHUS

Ha tekywinmn momeHT, LLM

eLle He roToBbl AN Taknx

cueHapueB

LLM Call

Stop

Action

Environment

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

3aKknrdyeHue

e [lonynapHoctb LLM npogorxaet pactu

e Paborta c LLM - “anxumuga”

e B ocHoBe coBpeMeHHbIX LLM nexut apxutektypa TpaHcdopmep 1
MeXaHU3M BHUMaHuA

e Passutne LLM npamo cBA3aHO C BbIMMCNNTENbHbIMU pecypcamMmu

e Xopowas LLM = [1aHHble + GPU + cneyuanucTbl
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