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BcTtynneHue

e bonblwue asbikoBbie mogenu (LLM) byayT noBcemMecTHO
Mcnonb3oBaTbCs B brivkanwume rogsl,
o Mwnnuapgbl 1 COTHM MUNNMapaoB NapamMeTpos,
o TpunnnoHbl CNoB B 0b6y4eHUw,

o Kaxabi MmecsLl BbIXOOAT HOBblE MOAENN,
o LLaMa, Mistral, Yi, Grok ...
o MHormne n3 Hux Open Source

e (CoBpeMeHHble mogenu 7-13 munnmapaos NnapameTpoB
BO3MOXXHO 3arnycKaTb Ha NepCcoHaribHbIX KOMMbOTEpPaX.



OncTpmnbyTUBHaAA ceMaHTUKa

e Kak npeacrtaBnsaTb CrioBa U TEKCT ANt HEMPOHHBIX CETEN?

e CoBpemeHHbI NLP (1 He TonbKo) NOCTPOEH BOKPYr
BEKTOPHLIX NpeacTaBneHnn oObLEKTOB - aIMOeaANHIOB

e Kak cTpouTb amMbeaauHrn cros?

o “a word is characterized by the company it keeps” - Firth,
1950s

e [loxoXxne no cMmbIcny crioBa (TOYHEE CnoBa, KOTopble
BCTPEYalTCH B NOXOXMX KOHTEKCTaxX) AOSTKHblI MMETb
BbICOKOE 3Ha4YeHune b6rm3ocTu (KOCMHYCHOW)



[MpencraBneHue 3HayeHUs cnoea — word2vec
(Mikolov et al., 2013)

2 6a30Bble apXUTEKTYPbl HEUPOHHbLIX CETEWN:

— Continuous Bag of Word (CBOW): ncnosnb3yeT OKHO KOHTEKCTa Ans
npeackasaHus crosa

— Skip-gram (SG): ncnonb3yeTcs CrnoBo Ansa npeackasaHnsa OKpy»KaroLmx
CIioB

INPUT PROJECTION OoOuUTPUT INPUT PROJECTION OuUTPUT

w(t-2) w(t-2)

w(t-1) wi(t-1)

SuUmM

w(t+1) w(t+1)

V4
7N

w(t+2) w(t+2)

CcCBOW Skip-gram



Seq2Seq Ao TpaHccopmepoB

e BeKkTop donHaNLHOro COCTOAHUS
OOIMKEH XpaHUTb BCHO

good morning <eos>

NHopMaUNIO U3 NPeaNoXXeHUs ., T | ‘ T o T |
| L
e [lo cyTn aABNSIeTCS BEKTOPHbLIM | T - T o T
npeacTaBneHnem hy h, hs h s1 S S3
(ambenamHrom) npeasioxXeHus T T T T T T T
he —J— ] z | ]
e TepseT nHpopmaumo Ha B D S
ONUHHbIX T T T T T T T

nocnenoBaTteribHOCTAX

o] L]

<sos> guten morgen <eos> <s0s> good morning
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MexaHnam BHumaHusa (2014)

ABTOKOOMPYOLLAA MOAENb COCTOUT U3:

e Encoder(text) -> vector: 1z
NepeBoauT TEKCT B Heobxoammoe & = Z aijhy.
BEKTOpHOE npeacTaBneHmne =1

e Decoder(vector) -> text: i = exp (€i;) ,
pacluMdpoBbIBAET NPEACTABIIEHUE Z;fw:l exp (eix)

B OTBET MOoAenu

Mpobnema: B vector nomeLyaercs ei; = a(si—1, h;) ﬁ’l ﬁ’z F{B >
TOJNIbKO OOLUMN KOHTEKCT

PeweHue: coxpaHsaTb BEKTOPbI AN h, (<1 h, 1 hy=
Ka)xgoro crnosa v nogbuparb HyXHble

noa Kaxkabin war decoder X1 X X

Bahdanau, Dzmitry, Kyunghyun Cho, and Yoshua Bengio. "Neural machine translation by jointly learning to align and translate." arXiv preprint
arXiv:1409.0473 (2014).
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Transformer (2017)

cxogHo encoder-decoder apxuTtekTypa.

Encoder -> BERT
Decoder -> GPT

| am a student

1
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Output
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Feed
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Nx (—" Add & Norm l

D) Nx

Masked
Multi-Head Multi-Head
Attention Attention
L e )
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Embedding Embedding
Inputs Outputs

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

(shifted right)



Multi-Head Attention

Scaled Dot-Product Attention

t
MatMul
f 4
SoftMax
4
Mask (opt.)
[}

Scale

4
MatMul

tt

Q KV

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

Multi-Head Attention

t

Linear

3

Concat

3

Scaled Dot-Product

b,

Attention
4 tl 1
Linear Linear Linear
¥ ¥ 7
V K Q



Multi-Head Attention (tensors)

k- dhead = demb

Embedding DY
demb © dhead o
" Q — 3anpoc
|input|l/ {>|input|l | K — Kno4u
V — 3HayeHusA
0 — | (cnos)
Wk
X = - J _ é
v ow @ :
. ) softmaz(QK")| X I V |+
Lo
4 ~ T
x = d =1 T
J




Self Attention

Layer:| 5 § Attention: Input - Input —

. . ' The_ The_
e [he animal didn't s iy
cross the street didn_ didn_
because it was too t'— ;—
tired” Cross._ Cross_
the_ the_
street_ street_
e Kuemy oTHOCHKTCH be"a“sz- i“t’eca”se—
it: animal nnu WES. ey
street e 00
tire tire
d d
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Transformer (2017)

BLEU Training Cost (FLOPs)

Model
EN-DE EN-FR EN-DE EN-FR

ByteNet [18] 395
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 1.1-10%1
ConvS2S Ensemble [9] 2636  41.29 710 132.170%
Transformer (base model) 21.3 38.1 3.3 -10%8
Transformer (big) 28.4 41.8 2810

e TecTupoBaHMe Ha 3afade nepesoaa,
e HerT cywecTBeHHOro “ckayka” B Ka4ecTBe.



Output

OpenAI GPT-1 (2018) [ Probabilities
e 12 cnoeB Transformer decoder (~117 mnH.),
(.
e OO6yuyeHue B 2 aTana: e
Forward
o [lpenoby4eHune (pre-training) Ha 3agade
MoaeNIMpoOBaHUA A3blKa
Nx
max E log P(w;|w;_1...wy: O T
® g ( Z‘ i—1 05 ) Add & Norm
OSZS’TL Masked
W - CIToBa nocriegoBaTenibHOCTH, © - napameTpbl " attontion
AT )
Moaenu L )
. . @ Positiqnal
o Jlooby4yeHue (fine-tuning) Ha LuenesBble 3agayun i Encoding
utpu
o Embedding
e [Ipenobyyancs ToNbKO Ha Xy4oXXeCTBEHHOW T
nuTepaType —> citen gt
12

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



OpenAl GPT-1: oueHKa Ka4yecTBa

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 TL3 - - 823 592
Multi-task BiLSTM + Attn [64] 722 721 - - 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] 776 - - -
Dynamic Fusion Net [67] (9x) - 55.6 49 .4 552
BiAttention MRU [59] (9x) - 60.2 50.3 533
Finetuned Transformer LM (ours) 86.5 62.9 57.4 59.0

13



TokeHu3sauus

PaHbLue:

e 1 eguHnua nocnegosartesnibHOCTU - 1 CNoOBO,
e Kak pesynerart 6onblion crioapb + UNK TOKeH

Tenepeb,

1 eanHMua nocnegoBaTenbHOCTM - 1 TOKEH, subword,

Kaxxgoe crnoBo pa3buBaeTcs Ha TOKEHbI,

CrnoBapb MeeT (puUKCUpoBaHHbLIW 3apaHee pa3mep (321, Hanpumep),HeT UNK,
Nutennekt -> [ WH, Tenn, eKkT]

Anroputmbl: BPE, WordPiece, Unigram

14



GPT-2 (2019) — yHnBepcarnbHbI reHepaTop TEKCTOB

e YnydlleHHas apXuUTeKTypa: S, 5| mm PreLN (ini)

_ o Post-LN (init)
npegsaputenbHas Hopmanusauns (Pre-LN) S | postUN (aterwarmar)
BXOAHbIX AaHHbIX ANa cTabunusaumm rpagneHTos x 10

e bonbuwe napameTpoB: 305
©
B 4 pa3a bonbule cnoes (1.5 mnpa napameTpos) £ I I I I i1
o . 0.0
— Bbonblle noTeHUuManbHbIX 3HaHUKW (capacity) 1 & 3Layer4 > 8

e HoBas napagurma: 000N TEKCT COOEPXKUT NOACKA3KN K reHepauum (prompt)
n oby4ascb Ha DosibLIOM Habope TEKCTOB MOAESNb YYUTCHA UX NMOHUMATb

15
Radford A. et al, Language Models are Unsupervised Multitask Learners, 2019, https://openai.com/research/better-language-models



GPT-2: natacet ansa npegobyyeHus

e Cospanu ceon Habop aaHHbIX (WebText),

e bpanu ccbinkn ¢ Reddit, kKoTopble Menn AOCTaTOYHbLIA PENTUHT (45
MJTH. CCbINOK),

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

e HamepeHHo yoanunu Wikipedia ccbinkn ns WebText,

e litoro 40GB TekcToB Unm 8 MNH. JOKYMEHTOB.

OpgHa 13 OCHOB ycrnexa MoAenu - Ka4ecTBeHHbIU HAabop AaHHbIX A4
npegodby4vyeHuns!

16



GPT-2: zero-shot BO3MOXHOCTH

Reading Comprehension Translation Summarization 6 Question Answering
90 {Human 55 |Unsupervised Statistical MT---~{ 32| ead-3 -
80 1 S 301 1 1 Open Domain QA Systems T 1
20 ~ g [PGNet-
70 A =
DrQA+PGNet —— - L S 56 >
|Denoising + Backtranslate ----- o
— 60 1 g 2 e o
§ 3
“  |proa = T 24{seq2seq + Attn :
50 1 10 {Embed Nearest Neighbor L 22- .
PGNet Denolsing 1@ Random-3
40 £ 20,
5 1 <
] 18 1 =—--most freq Q-type answer
30
Seqg2seq 0 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
17

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



Pe3ynbraTtbl GPT-2 Ha 6eHYMapKax (6e3 oooby4yeHuns)

Dataset LAMBADA | CBTCN|CBTNE| PTB [|WikiText-2] enwik8 | text8 |WikiText-103
acc (+) | ppl(-) | acc(+) | acc(+) | ppl(-) ppl (-) | bpc(-) | bpc (-) ppl (-)
Human 95,00% | 2,00 | 96,00% | 92,00% _ _ _ _ _
SOTA 50.23% | 99.80 | 85,70% | 82,30% | 4654 | 3914 | 099 | 1,08 18.30
(Zopr.q) | #599% | 3513 | 87,65% | 83.40% | B85 | 2041 | W16 | W47 | 3750
345M 55.48% | 1560 | 92.35% | 87.10% | 47.33 | 22,76 | 1.01 | 1.06 26,37
762M 60.12% | 10,87 | 93,45% | 88.00% | 4031 | 19,93 | 097 | 1,02 22.05
(12‘;1"’;) 63,24% | 8,63 | 93,30% | 89,05% | 3576 | 18,34 | 093 | 098 17,48

e HoBbIn noaxoa k oby4veHunto ynydwaet gaxe GPT-1
e GPT-2 cunbHO npeBocxoguT npeabiayLline nogxoab!
e OpaHaKo Ka4yecTBO HeAOCTaToOYHOE AN NpUMeHeHus 6e3 foobyvyeHus nog

3agady

18



GPT-2: zero-shot BO3MOXHOCTH

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 (nogckasku K

reHepauun!)

19



NMpnmep nopoxpaeHMa HOBOCTEMU (Mepesos)

NMoaBoaka: LLlokupytowas Haxodka: y4eHbIl o6Hapyxus1 cmado eOUHOPO208, XUBYyUUX 8
omoarneHHoU, paHee Heu3gedaHHOU donuHe, 8 AHOax. Ewe 6onee yousumeribHbIM Orisi
uccrnedosamerneli 661510 Mo, 4YmMo eOUHOPO2U NMPEKPACHO 2080PUJIU MO-aH2/TUUCKU.

GPT-2: [loktop Xopxe lNepec, buonor-aBosounoHUCT n3 Yumeepcuteta Jla-lNaca, n
HEeCKOJSIbKO ero ToBapuilen uccregosanu AHAbI, KOrga oOHapyXuUnm HebonbLUyHo
AOJNINHY, rae He Oblf1o OpYrnX XXMBOTHbLIX UNn ntogen. Nepec 3ametun, 4To B JONUHE
€CTb YTO-TO NOXOXXee Ha eCTeCTBEHHbIN (OOHTaH, OKPY>XXEeHHbIN OABYMS MMKaMu cKarsbl U
cepebpnCTbIM CHEIOM.

[Mepec 1 ocTanbHble OTAPaBMNUCh Aanblue B AONUHY. ... [lepec u ero apy3bs 6binu
nopaxeHbl, yBUAEB CTaAo0 €ANHOPOroB. OTUX CYyLLECTB MOXHO ObINo yBUAETb C
BO34yXa — OHM ObINK Tak BNM3KO, YTO MO KOCHYTbLCSI CBOMMU POramMu.

N3yyasa aTux NpuyyanmnBbIX CyLLLECTB, YYEHbIE ODHaPYXUn, YTO CyLlecTBa TaKxe
roBOpusiu Ha 4OBOJSIbHO OObLIYHOM AHITIMMCKOM A3bIKeE. ..

20



GPT-3 (2020) — nepBas kKommep4yeckast MoAenb

e OpueHTaumUA Ha PbIHOK: MOAENb Kak 0bnayvHbIN cepBUC

e 175 mnpp napameTpoB: 96 croeB Transformer-decoder

e OnTumMMu3auusa NoTpedreHNs NamATU: NOSIoBMHA CNOEB BHUMaHUA
NCMNONb3YIOT Pas3peXeHHble MaTpuLbl (NoKasibHble OKHA)

e PasButMe napagurmbl noaBoAoK (prompt):
“oby4yeHune B KoHTekcTe” (in-context learning)

e OOyYeHMe Ha fOBEpPEHHbIX AAHHbIX: NpUMepbl ANA 00y4YeHnsd
CMELLUMBAKOTCA NPONOPLMOHANbLHO X KA4eCTBY (COrnacHoO aKkcnepTam)

e B 15 pa3 6onblie gaHHbIX: JoOaBneHa ovYnLLEHHas KOMeKuus
CommonCrawl (570GB) n gBa HoBbIX Kopniyca kHur (95GB)

21
Brown T. et al., Language Models are Few-Shot Learners, 2020, arXiv:2005.14165



“Oby4yeHune B KOHTEKCTe”

CtaHpapTHasa noaBoAaka “O6yyeHune B KOHTEKCTE”
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

22



Accuracy (%)

“Oby4yeHune B KOHTEKCTe” paboTaeT TONMbKO AnA O0NbLWNX Moaeren

Zero-shot One-shot Few-shot

175B Params

Natural Language
Prompt

\

60
50
40
30 No Prompt

20

10
1.3B Params

Number of Examples in Context (K)

Mpumep pelsaemMon 3agavm:

Please unscramble the letters into a word, and write that word:
r elc.i pr o.c a/l =

reciprocal

CpepHsasa 3ahhpeKTUBHOCTb
Ha Bcex 3agavax:

Aggregate Performance Across Benchmarks

Few Shot
—e— One Shot
80 —e— Zero Shot

100

60

Accuracy

04B 08B 1.3B 26B 6.7B  13B

Parameters in LM (Billions)

175B
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FLAN (2021) — nooby4eHne Ha SABHbIX NHCTPYKLUAX
3aMeHSET “0by4YeHne B KOHTEKCTE”

Premise Template 1 Template 3
Russian cosmonaut Valery Polyakov <premise> ) )

set the record for the longest Read the fgllowmg and ;
continuous amount of ime soent in Based on the paragraph determine if the hypothesis can
space, a staggering 438 day‘s) above, can we conclude that be inferred from the premise:
between 1994 and 1995. <hypothesis>? Premise: <premise>
<options> B i
) \e ) | Hypothesis: <hypothesis>
Hypothesis q <pm— > e
Russians hold the record for the Template 2
longest stay in space. <premise> \_ .
Target T Can we infer the following? Tem Elﬂlg 4. ...
ions:
Entailment @ - yes <hypothesis> C
Not entailment - ho <options>
24

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



Tonbko 6onbwne Mmogenu NOHUMMAKT UHCTPYKLUU

Performance on held-out tasks

70 . .
> Instruction tuning S 60
e o
3 o €
O ¥ 60 o)
=8 5 40
£ 5 Untuned model
S 9 50
oG 20
o= Task Cluster:
D0 40 # datasets:
35
< 80

30048 2B 8B 688 137B
Model Size (# parameters) ) 547 593
2 60 :
@©
£
Few-shot - “00y4eHne B KOHTEKCTE” § a0
Ha 5 npumepax &
20
Task Cluster: NLI
# datasets: 7

49.4
39.2

31.0 330 I
|

Coreference Translation Struct to text

800 80.8

596 60.0 I

Read. Comp Closed- Book QA Commonsense

Zero-shot FLAN
B Few-shot FLAN
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Chain-of-thought (CoT): noBbiLieHne kKayecTBa 6e3 4OOOYYEHUS

Standard 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?

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?

Chain of Thought Prompting

Input

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: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

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

"

Model Output

A: The answer is 27. x

do they have?
\_ J

Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 =9. The
answeris 9.

https://ai.googleblog.com/2022/05/language-models-perform-reasoning-via.html
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ABTOMaTM4YeCKue paccyxaeHusa Bo3MoXxHbl ¢ FLAN

/

-

Input Text

\

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?

D

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

Chain-of-thought HCTpYKLMM HeOOXOAUMBI
AN coXpaHeHnst CnocobHOCTM paccyxaaTb

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

60 60
2
[«F]
80
(4]
g 40 40
&
kol
Q
N
® 20} 20
<)
5
Z.
0 0
8B 62B 540B 8B 62B 540B

Model size (# parameters)
—s— CoTI + non-CoT

Model size (# parameters)

—e— Non-CoI' —4— CoI' —e— No finetuning
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Chung H. et al. Scaling Instruction-Finetuned Language Models //arXiv preprint arXiv:2210.11416. — 2022.



InstructGPT

e GPT-3 B oCHOBE,
e VHCTpyKUUN,

e RLHF (oby4yeHune c nogkpenneHnem).

[lonb3oBarensam HY>XHO HE CTOJ1bKO
npoaoJiKeHne TeKCta, CKOJ1bKO
cneaoBaHne MHCTPYKUUNAM.

3aTpaBKa:

CKOmnbKO XEH B camMbin pa3? Tpu unu
oaHa?

GPT:

Ha Bonpoc Ha Takon eCcTb OTBET NPOCTOU
- Ecrin 6 g 6b1n cyntaH - 6bin Obl
xonocTtou!

InstructGPT:
OpnHa

28

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



Knaccuuyeckoe obyuyeHue ¢ nogkpenneHnem

AnbTepHaTUBHbIN Ccrnocob oby4yaTb HEMPOHHbLIE CETH.

e Agent (Policy) — mogenb, :I Agent
e Action — BbIxoa moaenu, S
. . ., state reward action
e Environment - "npocTtpaHctBO’, R, A
. 1
B KOTOPOM paboTaeT Mmoaernb, | Bl _
_S.. | Environment |€¢——
e Reward — yncneHHoe 3HaveHue, e

onucblBaroLLee YyCNeLwwHOoCTb JENCTBUS.
e State — npusHakm ns Environment.

& C & how.rl.work
[Noaxopn pabotaet B 1 13 100 cnyyaes, S

HO €CJ1N cpa6aTb|BaeT, TO
CUJ1IbHO NPEeBOCXOANT alribTepHAaTUBbI.

Badly
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RLHF (Reinforcement Learning from Human Feedback)

OcHoBHas nges:

e LUlar 1. Mogenb reHepupyet
OTBETHI,

e Llar 2. ITroan oueHUBaKOT OTBETHI U
YyNopsiAo4MBaloT UX MO KayecTRy,

e Lllar 3. Mogenb gooby4yaetca Ha
OCHOBE 4YerloBeYeCKUX OLIEHOK,

e [loBTOpATH Warn 1-3.

Christiano P. F. et al. Deep reinforcement learning from human preferences //Advances in neural information processing systems. —2017. — T. 30.

ChatGPT

in the pa

Abstractive Summarization” by Alexan R. Fabbri et al. (2020), "A Human-in-

the-Loop Approach to Improve Abstractive Summarization® by J. Devlin et al. (2020) and
‘Adapting Neural Text Generation for Abstractive Summarization with Human Feedback” by
J. Gu et al. (2021). The presentation will also highlight the potential and limitations of the
current state-of-the-art models and open questions for future research in the field of

summarization.
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RLHF - obyuyeHue SFT

ObyyaeTca ncxogHasa mMogesib Ha MHCTPYKUUSIX MO
aHanorun ¢ FLAN.

e Co3gaHne Habopa gaHHbIX (BPY4YHYHO) ongd
noobyyeHna mogenu (fine-tuning) Ha
WHCTPYKLMUAX,

e OO6yueHune mogenun SFT (supervised fine-tuning).

Step1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing to a 6 year old

V4

Some people went

to the moon...
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RLHF - o6yyeHue RM

RM - reward model, numymanmnaumpyetca ns SFT

N MoAENMNPYET OLEHKY HEJNTOBEKOM.

e lcnonb3ya SFT gna Bcex npoMnToB

creHepupoBaHo K oTBeTOB (LienoyeKk TOKEHOB),
e PasmeTuukn (HaHAM 40 YenoBeK) paHXMUPYIOT

OTBEThbI NyTeM nonapHoro cpaBHeEHUA,

e OOyyaetcsa cneumannsmposaHHasa mogens RM
6 mnpa. napamMeTpoB, Y KOTOPOW Ha BbIXoade

BELLEeCTBEHHOE YmnCrio - “Harpaaa’.

L(¢) = logo(r(z, yw)

R T(xa yl))7

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

Explain gravity Explain war
Mocn s natural People went to
satellite of. tha moon

0-0-0-0
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RLHF - UToroBoe obyyeHue mopgenu

PPO mogenb nHnumanunampyetcs ns SFT.

C nomouwubto PPO reHepupytoTCca NpoaomKeHus
NPOMNTOB (LIENOYKN TOKEHOB)

Reward Model nx oueHuBaer,

CneunanunanpoBaHHbi anroput™m PPO
OOHOBNAET Beca MCXOOHOW Moaenu,

UToObI MOAENb CRMLLKOM HE pacxoaunack, Aon.
doyHKUMSA NOTEPL B KA4YeCcTBe perynspusaumn:
KL-guBepreHuusa mexay PPO v SFT mogensamu

Oby4yeHne Reward model v Tekywen mogenu
c nomouwbto PPO Heobxoaumo 4YepenoBarTb.

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs

PPO
o._o

o/)?o?\\o )

Y

Once upon a time..

RM
. _9
./)?9\\.

o
o



RLHF - BbiBoabl

Ecnn ynaetcsa 3actaBuTb paboTaTtb, TO YCNEX, HO YMEIOT MNULLb
eauHUUbI,
TpebyeT TwaTtensHoro nogdopa \ nepedbopa runepnapameTpos,
BbluncnntensHo He aeweBbIN,
Tak Kak Moernb 4YacTo pacxoguTcs, NPUMEHATCA OOMOSTHUTESNbHbIE
“Tprokn”, Hanpumep, gon. nocc B snae KL-ausepreHummn mexagy PPO
moaenbto u SFT moaensbto,
[lake OononHUTENbHbLIE TPHOKU HE BCErga nomMoratorT:

o HAHpekc otkasanca (ML Party benrpag — 25 oktabps 2023) ot

RLHF ¢ PPO B cTtopoHy npamon ontumusaunm (DPO).
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The 37 Implementation Details of Proximal Policy Optimization

tutorial

Huang, Shengyi; Dossa, Rousslan Fernand Julien; Raffin, Antonin; Kanervisto, Anssi; Wang, Weixun

&

Jon is a first-year master’s student who is interested in reinforcement learning (RL). In his eyes, RL seemed fascinating
because he could use RL libraries such as Stable-Baselines3 (SB3) to train agents to play all kinds of games. He quickly
recognized Proximal Policy Optimization (PPO) as a fast and versatile algorithm and wanted to implement PPO himself
as a learning experience. Upon reading the paper, Jon thought to himself, “huh, this is pretty straightforward.” He then
opened a code editor and started writing PPO. CartPole-vl from Gym was his chosen simulation environment, and
before long, Jon made PPO work with CartPole-v1 . He had a great time and felt motivated to make his PPO work with
more interesting environments, such as the Atari games and MuJoCo robotics tasks. “How cool would that be?” he
thought.

However, he soon struggled. Making PPO work with Atari and MuJoCo seemed more challenging than anticipated. Jon
then looked for reference implementations online but was shortly overwhelmed: unofficial repositories all appeared to do
things differently, whereas he just could not read the Tensorflow 1.x code in the official repo. Fortunately, Jon stumbled
across two recent papers that explain PPO’s implementations. “This is it!” he grinned. Failing to control his excitement,
Jon started running around in the office, accidentally bumping into Sam, whom Jon knew was working on RL. They then
had the following conversation:

Secrets of RLHF in Large Language Models
Part I: PPO

https://iclr-blog-track.github.io/2022/03/25/ppo-implementation-details/

Zheng, Rui, et al. "Secrets of rlhf in large language models part i: Ppo." arXiv preprint

arXiv:2307.04964 (2023).

Rui Zheng*f, Shihan Dou*!, Songyang Gao*,

Yuan Hua!, Wei Shen, Binghai Wang, Yan Liu, Senjie Jin, Qin Liu,
Yuhao Zhou, Limao Xiong, Lu Chen, Zhiheng Xi, Nuo Xu, Wenbin Lai,
Minghao Zhu!, Cheng Chang, Zhangyue Yin, Rongxiang Weng,
Wensen Cheng, Haoran Huangi, Tianxiang Sun, Hang Yan,

Tao Guif, QiZhang', Xipeng Qiu, Xuanjing Huang

Fudan NLP Group

i ByteDance Inc

Abstract

Large language models (LLMs) have formulated a blueprint for the advancement
of artificial general intelligence. Its primary objective is to function as a human-
centric (helpful, honest, and harmless) assistant. Alignment with humans assumes
paramount significance, and reinforcement learning with human feedback (RLHF)
emerges as the pivotal technological paradigm underpinning this pursuit. Current
technical routes usually include reward models to measure human preferences,
Proximal Policy Optimization (PPO) to optimize policy model outputs, and
process supervision to improve step-by-step reasoning capabilities. However, due
to the challenges of reward design, environment interaction, and agent training,
coupled with huge trial and error cost of large language models, there is a significant
barrier for Al researchers to motivate the development of technical alignment and
safe landing of LLMs. The stable training of RLHF has still been a puzzle.

In the first report, we dissect the framework of RLHF, re-evaluate the inner workings
of PPO, and explore how the parts comprising PPO algorithms impact policy agent
training. We identify policy constraints being the key factor for the effective
implementation of the PPO algorithm. Therefore, we explore the PPO-max, an
advanced version of PPO algorithm, to efficiently improve the training stability of
the policy model. Based on our main results, we perform a comprehensive analysis
of RLHF abilities compared with SFT models and ChatGPT. Beyond additional
qualitative results, we even find that LLMs successfully trained by our algorithm
can often better understand the deep meaning of the queries, and its responses are
more able to hit people’s souls directly.

The absence of open-source impl ions has posed signifi ges to
the investigation of LLMs alignment. Therefore, we are eager to release technical
reports, reward models and PPO codes!, aiming to make modest contributions to
the advancement of LLMs.

hall
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UHCTpYyKUMK (gaTacet npomMnToB)

PacnpenenexHune

Table 6: Dataset sizes, in terms of number of prompts. N
MHCTPYKLMMX NO

SFT Data RM Data PPO Data 3agayam
split  source size split  source size split  source size

: Use-case (%)

train  labeler 11,295 train  labeler 6,623 train customer 31,144 -
train customer 1,430 train  customer 26,584 valid customer 16,185 Generation 4;23"
valid labeler 1,550  valid labeler 3,488 e . e
valid customer 103 valid customer 14,399 Branstorming L
: ; : Chat 8.4%
Rewrite 6.6%
e labeler — coctaBneHHble aceccopamum, Summarization ~ 4.2%
e customer — cocTasneHHble nonb3oBaTenamu APl ons cBomx (C)ltisesr‘ﬁca“"" g’-ggo
. (4
HY>KO. Closed QA 2.6%
Extract 1.9%

[na pa3ameTkun 661510 HaHATO 40 IKCNepToB, NHCTPYKUNSA OANA HUX
cogepxana 16 crpanuy. CornacoBaHHOCTb MeXAy aceccopamu
coctasuna ~72%.
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UHCTpYKUUK (Nnpumepsl)

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}

nmnn

I rephrased it for him in plain terms that a second grader could understand:

mmn

mmn

{text}

mmnn

summarization

I summarized the above as:
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UHcTpyKuum (few-shot npumepsl)

classification

This 1s a tweet sentiment classifier.
{tweet}

Sentiment: negative

{tweet}
Sentiment: neutral

{tweet }
Sentiment:

classification

The following is a list of products and the kind of product they are.
Product: {product}. Type: {type}

Product: {product}. Type: {type}

Product: {product}. Type:
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PesynekTrathl (CpaBHeHue ¢ SFT)

[1o y - Kak YacTo nogm
npeanoYnn oTBET MoAenNu
npotns otBeTa SFT 1758,
1.3 mnpa. moaenb
npegnovnTany vaile, 4Yem
SFT 175B.

Win rate against SFT 175B

0.6 -

0.4 4

,/7

e

1.3B

P
6B

Model size

175B

Model
-8 PPO-ptx

PPO
SFT
GPT (prompted)
GPT
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Pe3ynbraTthl (NLP 3apaunm)

w

30
25 -

e C(CneBa few-shot, cnpaBa zero-shot,

e Y instruct mogenen HeT
npevMmyLiecTBa npu peLleHnm
NaHHbIX LeneBblxX 3aaau.

50 -

40
35

30

0.95 4
0.90 -
0.85 ~
0.80 ~

40
35 -
30 -
25 -

DROP (F1) ]

5

——

QuAC (F1) |

_,/

—

SST (acc) ]

]

—

Translate Fr => En (BLEU) |

p——

1758
PPO

138 6B

—— PPO-ptx

DROP (F1)
25 4
20 4
154 o —
104 ~— ;
QUAC (F1) |
45 4
40 /
35 r/’*
30 4 . .
SST (acc) |
0.9 —
g —
0.7
0.6 1
Translate Fr => En (BLEU) |
354 ,
301 /
254 ~
204 - oy e
1.3B 6B 175B
SFT —— GPT 40



ChatGPT = InstructGPT

CneunanbHble gnanoroBble NHCTPYKUUNW.

e Kopnyc MHCTPYKUMIN CKOHBEPTUPOBANM B ANaNoroBbIi hopmar,

e bbinn co3gaHbl ananoru, B KOTOPbIX 0AMH aHHoTaTop urpan ponb NA-
acCUCTeHTa, a apyromn Yyenoseka. Npn 3ToM aHHOTaTOpam npeanaranncs B
MOMOLLb BApUaHTbl, CFeHEPUPOBAHHbIE MOAENbIO.

UTepaTnBHOE AOOOYyYeHMe. 3a CHET OFPOMHOrO KOrMyecTBa nosib3oBaTenen,
OpenAl 6byaget nony4atb 06paTHy0 CBA3b M Aarnblue JoodyyaTb Moaerns,
ncnono3ysa RLHF.
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ChatGPT He HapexeH

&

q Mike's mum had 4 kids; 3 of them are
Luis, Drake and Matilda. What is the name
of 4th kid?

It is not possible to determine the

name of the fourth child without

more information.

In 2015 my mother was double my age plus ten. In 2021 1 was 26, how old was she in 2017?

In 2015, my mother was 26 + 10 = <<26+10=36>>36 years old.
In 2021, my mother was 26 + 10 + 6 = <<26+10+6=42>>42 years old.
In 2017, my mother was 42 - 4 = <<42-4=38>>38 years old. Answer: \boxed{38}.

4 cars leave Haifa together and arrive in Tel
Aviv after two hours. Explain briefly how
long would it take for 8 cars?

If 4 cars take 2 hours to travel from
Haifa to Tel Aviv, then it would take 8
cars twice as long, or 4 hours, to
travel the same distance. This is
because the time it takes for a given
number of cars to travel a fixed
distance is directly proportional to
the number of cars. Therefore, if the
number of cars is doubled, the time it
takes to travel the same distance will

also be doubled.
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ChatGPT He HapexeH

m 1*-1%-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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GPT vs FLOPS: ckonbko ctount GPT

Total train  Total train Flops

compute compute Params  Iraining 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-32.7B 5.52E+01  4.77E+21 2,650 300 6 3
GPT-36.7B 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
0by4eHnda Ha 512 V100, unun 43 gHA Ha 512 A100 (P70M n 112 mecsaues Ha Volta-1).

CtoumocTtb 06yyeHus InstructGPT: 4.9 PF-days ona SFT n 60 PF-days ona PPO-ptx.



Scaling Laws

Table 2 | Estimated parameter and data scaling with increased training compute. The listed
values are the exponents, a and b, on the relationship N, oc C* and Do 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 N,,; o« C*  Coeff. b where Dy 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 KONMyecTBa NapameTpoB = BAXXHOCTM KONMYeCTBa TOKEHOB, NMpaBuna
MacluTabupoBaHus, n3 Kotopbix ncxoannun OpenAl He BeEpPHBbIE,

e 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)

45
Hoffmann J. et al. Training compute-optimal large language models //arXiv preprint arXiv:2203.15556. — 2022.



GPT-4 by ©OperAd Microsoft

ClosedAl:

Given both the competitive
landscape and the safety
implications of large-scale models
like GPT-4, this report contains
no further details about the
architecture (including model
size), hardware, training compute,
dataset construction, training
method, or similar.

Tenepb NpUHMMAaET Ha BXoA
n3o0paxeHuns

MakcumanbHbIN pa3smep Bxoga:
32 Tbic. ToKeHoB (~50 cTp.)

GP1-4 visual input example, Moar Layers:

Can you explain why this is funny. Think about it step-by-step.

\

I STATISTICAL LEARNING

STACK
MORE
LAYERS

GPT-4

The comic is satirizing the dilference in approaches to improving model
performance between statistical learning and neural networks.

In statistical learning, the character is shown to be concerned with overfit-
ting and suggests a series of complex and technical solutions, such as minimizing
structural risk, reworking the loss [unction, and using a soft margin.

In contrast, the neural networks character simply suggests adding more

lavare tn tha madal Thic 10 Aftan caan ac A samman onlitian 4 imaneacrina
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GPT-4 Tenepb coaeT 3K3aMeHb!

Exam

GPT-4

GPT-4 (no vision)

GPT-3.5

Uniform Bar Exam (MBE+MEE+MPT)
LSAT
SAT Evidence-Based Reading & Writing
SAT Math
Graduate Record Examination (GRE) Quantitative
Graduate Record Examination (GRE) Verbal
Graduate Record Examination (GRE) Writing
USABO Semifinal Exam 2020
USNCO Local Section Exam 2022
Medical Knowledge Self-Assessment Program
Codeforces Rating
AP Art History
AP Biology

298 / 400 (~90th)
163 (~88th)
710 / 800 (~93rd)
700 / 800 (~89th)
163 / 170 (~80th)
169 / 170 (~99th)
416 (~54th)

87 /150 (99th - 100th)

36 /60

75 %
392 (below 5th)
5 (86th - 100th)
5 (85th - 100th)

298 / 400 (~90th)
161 (~83rd)
710 / 800 (~93rd)
690 / 800 (~89th)
157 / 170 (~62nd)
165 / 170 (~96th)
4 /6 (~54th)

87 /150 (99th - 100th)

38 /60

75 %
392 (below 5th)
5 (86th - 100th)
5 (85th - 100th)

213 /400 (~10th)
149 (~40th)
670 / 800 (~87th)
590 / 800 (~70th)
147 / 170 (~25th)
154 / 170 (~63rd)
4 /6 (~54th)
43 /150 (31st - 33rd)
24 /60
53 %
260 (below 5th)
5 (86th - 100th)
4 (62nd - 85th)
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Toolformer

NMpoGnema:

HA3blkoBasg Moaernb naoxo
CNpaBrsieTcAa C BbIYUCIIEHUAMMU,
doaktamu u Tn.

PeweHue:

MOXHO Hay4uTb ee UCMonb30BaTb
BHeLUHUe MHCTpyMeHTbl (API) ans
3TNX uenen!

The New England Journal of Medicine is a registered
trademark of [QA(“Who is the publisher of The New
England Journal of Medicine?”) — Massachusetts
Medical Society] the MMS.

Out of 1400 participants, 400 (or [Calculator(400 / 1400)
— 0.29] 29%) passed the test.

The name derives from “la tortuga®, the Spanish word for
[MT(“tortuga”) — turtle] turtle.

The Brown Act is California’s law [WikiSearch(“Brown
Act”) — The Ralph M. Brown Act is an act of the
California State Legislature that guarantees the public's
right to attend and participate in meetings of local
legislative bodies.| that requires legislative bodies, like
city councils, to hold their meetings open to the public.

Schick T. et al. Toolformer: Language models can teach themselves to use tools //arXiv preprint arXiv:2302.04761. — 2023.
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Toolformer - kak oby4yaeTcsi.

1) Wcnonbaya few-shot (06yyeHne B KOHTEKCTE) 1 PUNLTPaUnIo, CreHepupoBaTb
paracet ¢ npumepamun APl BbI3OBOB,

2) O6yuntb mogensb (fine-tuning) Ha nonyyeHHOM faTtaceTe,

3) Bo Bpemsa ncnonb3oBaHus (inference) npun reHepauum cneyuanbHOro TOKeHa,
curHanmsupytowero ob APl Bbi3oBe, nNpepblBaTh AeKOANUPOBaAHME U
OCYLLECTBMATb BbI3OB.

TectupoBanucb API: KanbKkynaTtop, KaneHgapb, BONPOCHO-OTBETHAA CUCTEMA,
cuctema nepesoga, Nnouck B Bukuneaun.
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Toolformer pe3ynbraTthl

LAMA Math Benchmarks QA Benchmarks
30 30 e
25 25 -
30
20 20 75
15 15 20
10 10 e
-e- Toolformer 10
5 -e= Toolformer (disabled) 5 5
== GPT3
0 0 0
0 2000 4000 6000 0 2000 4000 6000 0 2000 4000 6000
Model Parameters (M) Model Parameters (M) Model Parameters (M)
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3akro4dyeHune

e HaunHasa c 2014 roga npoucxogmna cepus Ka4eCTBeHHbIX
CKaykoB, koTopble npueenn kK GPT-4:

O

O

O

O

O

O

Attention (2014),
Transformer (2017),
[MpenobyyeHne moaenen apxutektypbl Transformer (2018),

HapawwuBaHne pasmepa mogenu n gatacetos ans npegobdydenma (2019,
2020),

NHcTpykuum (2021),

NHCTpyKumnmn + obpaTtHas cBssb oT Yyenoseka (RLHF) (2022)

e MHorne ns ngen He cpabatbiBanu cpasy, Ho cpaboTtanu B
KOMOMHaUMn ¢ gpyrmmmn paktopamu. 51



m PAH

bonbLine A3bIKOBble MOOENMN:
MeToabl pabotbl ¢ LLM

Tuxommpos M.M.

HUBL MI'Y nmenn M. B. JlomoHocoBa



[MpomMNTUHr

e lmeetca LLM n HekoTOpas 3agadva, YTo Aenartb ganbLie?

e CocTtaBuTb NPOMNT, NoAXoAALWMA nod 3agady!

e Heobxogumo cocTtaBnATb XOpOoLUME MPOMMTLI HE TONbLKO Ans instruct
Moaeneun.

[Mpumep: 3agadva npenckasaHus rmnepoOHMMMNK (BbILLECTOALLENO MOHATUSA).

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 runepoHNMMNN NyTeM OLIEHKU
BEPOATHOCTU TEKCTA Ny4lle?



npOMnTVIHF: npeanckKka3aHve rmnepoHNMnu

hypernymysuite - 6eHumapk ¢
HEeCKONnbKMMK aaTacetamm no
3afadve Krnaccugukaumm nap cros
Ha OTHOLLUEHWE FTMNOHUM-
rMMNEepPoHNM.

PasHnua mexay kasanoch 6ol
CXOXUMU KOHCTPYKLUMNAMU MOXKET
OoKasaTtbCs cyLlecTBeHHa!

Ncnonb3oBanack llama-2-7b.

Other hypernymysuite
MAP Detection (AP)
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
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
hypo and any other hyper 0.673 0.488 | 0.368 | 0.874 0.465 0.883 0.616
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 0572
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
such hyper as hypo 0.522 0.354 | 0.363 | 0.809 0.456 0.803 0.557
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
hyper such as hypo 0.501 0.342 | 0.353 | 0.831 0.400 0.767 0.539
hyper e.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 0.297 | 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
examples of hyper are hypo 0.542 0.390 | 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 0.525




NMpomnTuHr: NLI

e Tenepb yXXe MHCTPYKTUBHaAsA Mmogenb saiga-13b.

e 3ajadva Nnormyeckoro crnefoBaHus: NogaepXXuBaeTcsa N rmnotTesa TEKCTOM?

e EcTb nu BooOGLLE pasHMUa MEXOY MOXOXUMU NPOMMTaMM NS Takon DONbLIOK N K TOMY
e MHCTPYKTUBHOW Moaenn?

1.Heobxoammo KpaTKo OTBETUTb Ha BONPOC, NOATBEPXKAAET I COAEPXKMMOE TEKCTA rMMNoTE3Yy.
BapwnaHTtbl otBeTa: "[a nogreepxaaet”, "Het He noaTtBepxaaet". [mnoTesa: "<hypothesis>"
TekcT: "<premise>"

2.HeobxoaMmo KpaTKo OTBETUTb Ha BOMPOC, NOATBEPXKOAET N COAEPXXUMOe TEKCTA rmnoTesy.
BapuaHTtel otBeTa: 1) la noatBepxaaert, 2) HeT He noaTeepxaaeT. ['vMnoTesa: "<hypothesis>"
TekcT: "<premise>"

3.Heobxoanmo KpaTKo OTBETUTb Ha BOMPOC, NOATBEPXKAAET NN COAEPXKMMOE TEKCTA MMNoTeay.
BapuaHTtel otBeTa: 1) [a, 2) HeTt. ['mnoTtesa: "<hypothesis>" TekcT: "<premise>"



NMpomnTuHr: NLI pesynbraTthl

B kayectBe gaTtaceta HebornbLon TectoBbin kopryc n3 1000 nap, ~10% w13 HUx
nonoxuTtensbHble, ~90% oTpuuaTenbHbIe.

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

2) Het



MPOMNTUHI: BO3MOXXHOCTU OOLUMPHBI

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

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."

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



LLM Meta Prompt Extraction

Summary

An adversary may induce an LLM to reveal its initial instructions, or "meta prompt."
Discovering the meta prompt can inform the adversary about the internal workings
of the system. Prompt engineering is an emerging field that requires expertise and
exfiltrating the meta prompt can prompt in order to steal valuable intellectual

property.




npOMnTVIHF: HEeKOTOpPbIe BbiBOAbI / PeKoMmeHaaunu

e 3apaHee npeackasatb, KAaKkon NPOMMT HaBEPHSIKa cpaboTaer, a
KaKOW HET — HENb34,

[Naxe HeOoNbLNEe N3MEHEeHUSA B NPOMMNTE MOTYT BIIUATD,
few-shot yacTo noBbIWaeT Ka4eCcTBO,

Ecnu 3agava cnoxHas, npoBepbTe BO3MOXHOCTM mogenn Ha CoT,
Ecnn mogernb MHCTPYKTUBHAA U KOPNYC MHCTPYKUMUN OOCTYMEH —
NOCMOTPUTE, HA KaKNX MHCTPYKUUAX OHa oby4anacbk, nonpoodymnTe
COCTaBUTbL CXOXWUU MO CTPYKType NpomMmT.



HoobyuyeHue

e |IHoroa zero-shot n few-shot He gocTaTo4HoO,

e Mopgenb 13b napameTpoB npu 3arpy3ke Ha Buageokapty B fp16 3aHumaeT 24gb
(1 9TO gaxe He Ans nHdepa n He obyyeHust), Ho xodetca fine tuning?

O
O

Multi-gpu cuctema, V100 / A100,

Ncnonb3osatb DDP (distributed data parellel), gradient checkpointing,

mMarieHbKkum batch size + accumulation gradients,

[MakeT DeepSpeed ot Microsoft:

m Zero Stage 1: cocTosiHMe onTuMKU3aTopa pacnpenesieHo Ha pasHble
GPU,

m Zero Stage 2: + rpagueHThbl pacrnpenernienbl Ha pasHble GPU,

m Zero Stage 3: + Beca mogenu pacripegesrieHbl Ha pasHblie GPU,

m [lapameTtp cpu offloading — BbIrpyaet 4actb gaHHbix ¢ GPU Ha CPU
B npouecce oby4yeHund



P-tuning

e ArnbTepHaTuBa gO00y4YeHUto,
e BwmecTto nogbopa cnos (TOKeHOB) NpomnTa, nogduparTca
BXOAHblIe 3MOeaNHIn ON HECKOMbKMX TOKEHOB BXOAHOMO TEKCcTa

GPT Understands, Too
Pseudo Prompts [PO} [Pl] [Piyq]--- [Pm]
G S R RS T P O S T RS SRS, v Discrete rewards ,_l _____ i______________________l ______ l AN Back‘
Prompt Generator i / , Propagation
- poenans — [rnersosmmanayes Prompt Encoder l——
The capital of Britain is [MASK] i I _____ [ N ;:2—1];1;31_[ _____ B_ r_it_ai_n ____________ \ - [MASK]
¥ v A ' ' v ¥ v v
Input embedding ~ e(The) e(capital) e(of) e(Britain) e(is) e([MASK]) Input embedding  hg --- h; e(capital) e(Britain) h;t1---h e([MASK])
: ! ¢ : ! S S ! L !
Pre-trained Language Model Pre-trained Language Model
(GPT, BERT, ...) (GPT, BERT, ...)
[E—— | —
(a) Discrete Prompt Search (b) P-tuning

[TpoMT SHKOOEP HY>XHO ODy4aTh!

Liu X. et al. GPT understands, too //Al Open. — 2023.



P-tuning: pesynbraTthl

e [laTtacer LAMA-29

(Dante, born-in, Florence) ->
“Dante was born in [MASK].

o  “npoOuHr’ 3HaHUK
MoJenen,

beHumapk SuperGlue

Model MP FT MP+FT | P-tuning
BERT-base (109M) 31.7 51.6 52.1 52.3 (+20.6)
-AutoPrompt (Shin et al., 2020) - - - 45.2
BERT-large (335M) 335 54.0 55.0 54.6 +21.1)
RoBERTa-base (125M) 18.4 49.2 50.0 49.3 (+30.9)
-AutoPrompt (Shin et al., 2020) - - - 40.0
RoBERTa-large (355M) 22.1 523 524 53.5 #3194
GPT2-medium (345M) 20.3 41.9 38.2 46.5 (+26.2)
GPT2-x1 (1.5B) 22.8 449 46.5 54.4 +316)
MegatronL.M (11B) 23.1 | OOM* | OOM™ | 64.2 +41.1)
" MegatronLM (11B) is too large for effective fine-tuning.
> 75 WEE BERT .
g’ GPT ] . 31
570 -
G +4.2
8 65 ------- . -------- I
o |
2] .
60 . : : : : .
Fine-tuning P-tuning Fine-tuning P-tuning

(base-scale ~110M)

(large-scale ~340M)



Prefix-tuning

e [loO CYyTU Ta XKXe CamMad naged, 4Hto u B

P-tuning,
e HecKomnbKo gpyraa apxuTtekTtypa 36
nonyyeHnst aMmobeaunHros, 8
234

o B P-tuning ato 6bina
HebonbLuasa ceTb ¢ Istm, 32
o B Prefix-tuning aTo
obyyaemasi matpuua P

(pasMepHOCTb MeHbLUe, Yem  _°**°
hidden state) + MLP, @ 055
e Bbllnn +- B 04HO Bpems, ApYr C 53

APYyrom He cpaBHUBAlIINCb.

Li X. L., Liang P. Prefix-tuning: Optimizing continuous prompts for generation //arXiv preprint arXiv:2101.00190. — 2021.

/

method

—— FT
PT

100 200 300 400

training_data_size

500

method
—— FT
PT /
-/.
100 200 300 400 500
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e

" 4

ROUGE

/. method
. —— FT
PT

100 200 300 400 500

training_data_size

/’ method
o —— FT
‘ PT
100 200 300 400 500
training_data_size
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LoRa

e To, briarogapsa 4emMy Mbl UMEET saiga MOOENM,

o [lepBble Bepcuun Saiga-7b 1 13b obyyanmncek Ha Bcero ogHom
RTX 3090,

e [lo3BonseT oOy4yaTb BCIO CETb, HO NPM 3TOM YMEHbLUas
KonnyectBo obydaembix napametpoB B 10,000 pa3 (ona GPT-3),

o W tpeboBaHua k namatn GPU B 3 paaa,

e OcHoBHas nges B ToM, YToObl HE 0by4aTb BCE NapaMeTpbl
MOZESNN, a TONIbKO HEKOTOPYIO “‘aobaBky”, npuyem B low-rank,

e [locne cnusaHusA ¢ MOAENbI0 MMEeeM HOBYIO MoJernb 6e3
AOMNOJIHUTENbHbIX 3aTpaT Ha paboTy.

Hu E. J. et al. Lora: Low-rank adaptation of large language models //arXiv preprint arXiv:2106.09685. — 2021.
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LoRa: ocHoBHas noes

Wy + AW = Wy + BA, where B € Rd_xr,}l c RT<k

hC——— 1

A TR

Pretrained
Weights

= RdXd

x

e OObyyvatoTca matpuubl B n A,
e CooTBeTcTBeHHO Ans kaxkgoro Q, K, V B attention MoXXHO NPUMEHNTL
NoaoOHbIN “TpHOK’.



LoRa: pesynbraThl

# Trainable | WikiSQL MNLI-m SAMSum
Model&Method Parameters | Acc. (%) Acc. (%) R1/R2/RL
GPT-3 (FT) 175,255.8M 73.8 89.5 52.0/28.0/44.5
GPT-3 (BitFit) 14.2M 713 91.0 51.3/27.4/43.5
GPT-3 (PreEmbed) 3.2M 63.1 88.6 48.3/24.2/40.5
GPT-3 (PreLayer) 20.2M 70.1 89.5 50.8/27.3/43.5
GPT-3 (AdapterH) 7.1M 71.9 89.8 53.0/28.9/44.8
GPT-3 (AdapterH) 40.1M 3.2 91.5 53.2/29.0/45.1
GPT-3 (LoRA) 4. TM 73.4 91.7 53.8/29.8/45.9
GPT-3 (LoRA) 37.TM 74.0 91.6 53.4/29.2/45.1

15



LoRa: kakne matpuubl foody4yaTb

| # of Trainable Parameters = 18M

Weight Type wWe, W, W, W, W,W, W,W,
Rank r 8 8 8 8 4 4

Wq> Wk‘a va Wo

WikiSQL (£0.5%) | 704 70.0 73.0 73.2 714 73.7
MultiNLI (£0.1%) | 91.0 90.8 91.0 91.3 91.5 91.3

16



KBaHTU3auus

KBaHTunsaumsa — ewle oanH cnocob “ymMeHbLWnTb” MOAENb, B YACTHOCTH
onga “nHopepa’,

CyTb B npeobpa3zoBaHuu BecoB moaenu n3 tuna float32, float16 B int8,
a ndorga v B int4,

[TlpeobpasoBaHme genaeTcs He NPOoCTo “HanpsaAMylo”, a bornee XnTpbim
cnocobom, HO CYLLIECTBYIOT YXXe peanuisaumm, COBMECTUMbIE C
huggingface transformers,

o load_in_8bit, load _in_4bit donaru,

3aKOHOMEPHbIN peayrnbraT KBaHTU3auum — nageHne KavyecTBa,
MoxkHO coBmeLlaTb ¢ 00blYHBIM LORa,

o 3aMOpOXeHHY mogens B 8bit/4bit, HO oby4yaemble Beca B float16,
Cywwectsyet ctatbd npo QLoRa (koem peanusaumio).

17



3aKknryeHue

e [laxxe HeECMOTpPSI HA OOyYEHME HAa NHCTPYKUMAX, MPOMMATUHI HE CTabuneH,
o [1na adbdekTnBHOM paboTbl C OOSMbLLUNMU A3LIKOBLIMU MOOENSAMMU
HeobXxoAMMO 3HaTb pPasfMYHbIE METOAbI U YXULLPEHUA OS1S TOro, YTOoOLI
YMEHbLUUTb NOTPebneHne namaTu,
o KBaHTu3auus,
o OBby4eHune TONbKO YacTu BECOB,
m P-tuning, prefix-tuning,
m LoRa,
o Takxe CyWeCcTBYET MPYHHUHI (HO HE TO, YTOObI aKTUBHO NPUMEHSIETCS
aonsa LLM ceinvac),
Takke ans uHdpepeHca OonbLIMX A3bIKOBbIX MOAENEN CYLLECTBYIOT
cneunanbHble CUNbHO ONTUMU3UPOBAHHbLIE NPOrpamMmsbl,
o Tak HasbiBaeMas llama.cpp (https://github.com/ggerganov/llama.cpp).

18



Cnacunbo 3a BHMMaHue!

19



Transformer (2%1 7

Embedding  Ahead = demb

demb © dhead o
_— —
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Feed Attention
Forward J ) Nx
Add & Norm
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Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information processing systems 30 (2017).
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