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Seq2seq

* Seq2seq (Sequence to Sequence) —3aaaya npeobpasoBaHUA
OAHON NocNeaoBaTeNbHOCTU B APYryHO0 NOC/1eA0BaTE/IbHOCTb

* [IlpumeHeHUe:

* MalMHHbLIN nepeBog (machine translation)

yaT-60TbI (chat bots)
* BOMNPOCHO-OTBETHble cUCTEMbI (question-answering systems)
e aBTOMaTM4Yeckoe pedepmpoBaHue (summarization)

* reHepauma noanmncen K nsobparkeHnsam (image captioning)



Seq2seq: ncxoaHble CTaTby

* Kalchbrenner Nal, Blunsom Phil — Recurrent continuous translation models
// Conference on Empirical Methods in Natural Language Processing (EMNLP). 2013

* Recurrent Continuous Translation Model: otobparkeHne BxogHomn
nocneanoBaTeIbHOCTU B BEKTOP € nomoLbio n-gram CNN, a 3aTem — B BbIXOAHYIO
nocnenoBaTeIbHOCTb HA ocHoBe KoMbuHaumu n-gram CNN n RNN

* Cho Kyunghyun, van Merriénboer Bart, Gulcehre Caglar, Bahdanau Dzmitry, Bougares
Fethi, Schwenk Holger, Bengio Yoshua — Learning Phrase Representations using RNN
Encoder-Decoder for Statistical Machine Translation // Conference on Empirical
Methods in Natural Language Processing (EMNLP). 2014

* RNN Encoder-Decoder kak gononHeHue Phrase-based SMT

e Sutskever llya, Vinyals Oriol, Le Quoc V. — Sequence to Sequence Learning with Neural
Networks // NeurlPS-2014

* 4-layer LSTM B 3HKOAEpPE M AeKoaepe ANA MAalMHHOIo nepesoaa
6e3 ncnonb3soBaHua Phrase-based SMT



Seq2seq

* [locTaHOBKa 3a4a4u:
* input sequence: x = {Xq, ..., X;, }
* output sequence: y = {y, ..., V¥ }
e task: y* = arg m;axp(y|x)

* task with model parameters: y* = arg max p(y|x, 0)
y



Seq2seq

e OcHoBHas GYHKUMA A3bIKOBOM MoAe I — MOAENNPOBaHUE
BEPOATHOCTHOrO pacnpeaeneHna nocaeaoBaTe/IbHOCTEN

x ={l, am, a, student}
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Seq2seq

* Language model:

n
P(yl' ""yn) — l_lp(ytly<t)
t=1
* Conditional language model:

n
P(yq, ... ynlx) = Hp(ytly«,x)
t=1

 OcHoBHOM BUA moaenen: encoder-decoder



Seq2seq
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PekyppeHTHble ceTn: Simple (Vanilla) RNN

h: = f(Wh,_, + U%; + b) ¥ = s(Vh, + ©)
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CeTb dnmaHa: Elman Jeffrey L. Finding Structure in Time // Cognitive Science, 1990



PekyppeHTHble ceTu: Simple RNN
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PekyppeHTHble ceTu: Simple RNN

ht = f(Wht—l + U_')Z')t + b) }_}t — ht f—tanh, RelLU
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PekyppeHTHble ceTu: ayxcnomHaa RNN
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[1ByHanpaBaeHHble peKypPPEHTHbIE CETH
(Bidirectional RNN)
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Seq2seq: BEKTOP CKPbITOro COCTOAHUA
KOAMPOBLLIMKA

* BeKTop cKpbiToro coctoAaHnAa anAa RNN Ha ware t:
he = f(xe, he—q)

e BEeKTOp CKPbITOro COCTOAHMA Ha BbIXOAE KOAMPOBLLMKA
(B 0bwem cny4yae):

C = g({hl, e th})

* BEKTOp CKPbITOro COCTOSIHUA Ha BbIXOAE KOAMPOBLLMKA
(yacTo):

C:th



Seq2seq: Aekoaep

* YcnoBHas BepPOATHOCTb CNOBA Vi (CM. cneayrowmii chana):

P(Yeliye, oo Ve1} ¢) = SoftMax(q(y¢—1, he, ©))

rae q — HeIMHeMHasn, NoTeHUMaAbHO MHOTOCIOMHAA PYHKLUMA:
BbIXOAHas pa3MepHOCTb COBMNaAaeT C pa3MepPHOCTbIO C/10BapA,
h; — BEKTOP CKPbITOro COCTOAHUA AeKoAepa Ha ware t,

C — BEKTOpP CKPbITOINo COCTOAHNA Ha BbiIXOA4Ee KOAUPOBLLUNKA

* Kak NnpaBuma0, BEKTOP C NCMNOJZIb3yeTCA TO/IbKO
Ana UHUUnaan3aumn CKpbiITOro COCToOAHMNA AeKoadepa.

hy = 1(Yt-1, he—1), ho = ¢, yo = (eos)|(bos)



Seq2seq hy =1(¥s_1, he_), hg = C
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Seq2seq: RNN (LSTM)

Vector representation

of the source - use it

as initial decoder '-,ta're—l I saw a cat on a mat<eos> =«
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Seq2seq

* Busyanmsauma nocnefHero COCTOAHMA sHKoAepa
[Sutskever et al., 2014]:

151
O | was given a card by her in the garden
OMary admires John 10 O In the garden , she gave me a card
o _ O She gave me a card in the garden
OMary is in love with John
5,
OMary respects John Or
| ©John admires Mary
o . -5r O She was given a card by me in the garden
OJohn is in love with Mary
O In the garden , | gave her a card
_10 L
-15 .
OJohn respects Mary O l gave her a card in the garden
| 1 | | | | | 1 | _20 1 1 1 1 1 1 |
-6 -4 -2 0 2 4 6 8 10 -15 -10 -5 0 5 10 15 20
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Seqg2seq: obyyeHue

O6yyatowuii npumep: x = (x4, ..o, X)), V= V1, o) Vi)

Llar t: moaenb npeackasblBa€T BEPOATHOCTU ANA BCEX C/ZIOB C/10BAPA:
t) —
p( ) — p(* |y1' '"JYt—llxl' -":xm)

3HauyeHue ueneBon nepemeHHol: p* = onehot(y;)

* 1 - npaBubHbINA TOKEH V;

* (0 — oCTanbHble TOKEHDI

e PyHKUMA noTepb (cross-entropy):

|4
Loss(p*,p) = —2 p; log(p,) = —p*log(p) = —log(py,) = —log(pWely<e, X))

=1

* [1ns Bcero npumepa:

— z log(p(Wely<e X))
t=1



Seqg2seq: obyyeHue

Source sequence: Target sequence: <—— onetraining example
S BMAen KoTa Ha mare <eos> I saw a cat on a mat <eos> <—— one step for this example
7\
previous tokens we want the model

to predict this

Model prediction: p( = |I saw a, Target Loss = -log (p(cat)) = min
4 .. <eo0s>) :
- ; — decrease
C— 0 eas
— 0 —1 J
C <«— cat —> [1‘ —1 _Increase
—J i :—'z
| — 0 .
a i 0 decrease
O 0 Ll
- 0 o -
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Attention

* Becb BXOA, CXXUMAETCA SHKOAEPOM B BEKTOP GUKCMPOBAHHOM
Pa3MepPHOCTHU

* ONA SHKOAEepa CNOXHO CXaTb BCO MHOOPMALUIO B TAKOW
BEKTOp — Nnpobnema npm o6paboTke ANNHHDBIX
nocsenoBaTe/IbHOCTEN

e ANA AeKoAepa Ha pa3HbixX Warax pa3Haa nHbopmauma
MOKEeT bbITb peneBaHTHOM

* aea «BHUMaHUA»: MO3BOJIUTb MOAENN HA Pa3HbIX LLarax
bOKYyCMpOoOBaTbCA Ha Pa3HbIX YAaCTAX BXOAa



Attention: ncxoaHble cTaTbu

* Alex Graves — Generating Sequences With Recurrent Neural Networks //
arXiv:1308.0850. 2013

* Bahdanau Dzmitry, Cho Dzmitry, Bengio Yoshua — Neural Machine
Translation by Jointly Learning to Align and Translate // 3" International
Conference on Learning Representations (ICLR). 2015

* Luong Minh-Thang, Pham Hieu, Manning Christopher D. — Effective
Approaches to Attention-based Neural Machine Translation // Conference
on Empirical Methods in Natural Language Processing (EMINLP). 2015

* Ho: ngea BHMMaHuA noasmnachk B ctatbAx 2010-2011 rr. no obpaboTke
n306parkeHnmn

* Larochelle H., Hinton G.E. Learning to Combine Foveal Glimpses with a Third-Order
Boltzmann Machine // Advances in Neural Information Processing Systems 23 / Curran
Associates, Inc., 2010. — P. 1243-1251

* Denil M., Bazzani L., Larochelle H., de Freitas N. Learning where to Attend with Deep
Architectures for Image Tracking // arXiv, 2011. http://arxiv:org/abs/1109:3737



Attention

Attention output: weighted sum of g A model can learn to “pay
encoder states with attention weights o @% attention” to the most relevant
© > source tokens for each step
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Attention: suapl

* [lo pa3mepy KoHTeKcTa [Luong et al., 2015]:

e 21060/16HOE — BHUMAHME BbIYUCAAETCA MO OTHOLLEHMUIO
KO BCEéM BXOAHbIM CN10BaM

* /10KA/1IbHOE — BHUMAHME BbIYUCAAETCA TONbKO ANA
NOAMHOMECTBa BXOAHbIX C/10B
* 1o KONNYecTBY BEKTOPOB BXOAHbIX C/10B, y4aCTBYHOLWMX B
NTOroBom PyHKUMM BHMMaHUA [Xu et al., 2015]:
* mAzkoe (soft) — yyacTBylOT BCe BEKTOPA C Y4ETOM BECOB
e ycecmkoe (hard) — BbibupaeTca ToNbKO OANH BEKTOP

Xu K., Ba J,, Kiros R., Cho K., Courville A.C., Salakhutdinov R., Zemel R.S., Bengio Y.
Show, attend and tell: Neural image caption generation with visual attention // ICML-2015



Attention

* OYHKUNN BHUMAHUA:
* CKanspHoe npousseaeHue (dot-product)
* 6ununHenHas (bilinear) — Luong attention
* MHOrocnomHbIn nepcentpoH (multi-layer perceptron) — Bahdanau attention

Dot-product Bilinear Multi-Layer Perceptron
T [ o], 1
o f 4 8 wi A1

ngk Ceocd) X | W ngk Eoo9) X tanh W1X8
o f;k

O

score(hy,s,) = hl' s, score(hs, si) = hY Ws, score(hy, s,.) = wa - tanh(W,[he, 5. ])
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Attention: alighment

agreement
European
Economic
Area

was
signed
August
1992
<end>

a
L
-

on
the
in

BHMUMaHMe pacnpenenaeTtca

NpaBuWbHO Npu Nepesoje -

i ] accord

«zone économique sur
européenne» — la
«European Economic Area» o™
economique

[Bahdanau et al., 2014] européenne

a
été
signé
en
aodt
1992

<end>



Ccbinku

* Lena Voita — NLP Course: Seg2seq and Attention

* https://lena-
voita.github.io/nlp course/seq2seq and attention.html

 Jay Alammar — Visualizing A Neural Machine Translation
Model (Mechanics of Seq2seq Models With Attention)

e https://jalammar.github.io/visualizing-neural-machine-translation-
mechanics-of-seq2seqg-models-with-attention

* Dive into Deep Learning — Attention Mechanisms
* https://d2l.ai/chapter attention-mechanisms/index.html
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https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html
https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html
https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seq-models-with-attention
https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seq-models-with-attention
https://d2l.ai/chapter_attention-mechanisms/index.html

[locTyn K obLewn nanke

* https://clck.ru/3EdrE3

PA DT



https://clck.ru/3EdrE3

Transformer

2024




Transformer

* Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit,
Llion Jones, Aidan N. Gomez, tukasz Kaiser, Illia Polosukhin
(Google). Attention Is All You Need // 315t Conference
on Neural Information Processing Systems (NIPS), 2017

* CratbA

e arxiv.org: 12 ntoHa 2017 roga

* HeT peKyppeHTHbIX 1 CBEPTOYHbIX BIOKOB, TOIbKO 6/10KM
BHMMAHUA N MPAMOTO PacnpoCcTpaHeHuns


https://proceedings.neurips.cc/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://arxiv.org/abs/1706.03762

Seq2seq
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Transformer

SeqZseq without
attention
processing RNN/CNN
within encoder
processing RNN/CNN

within decoder

decoder-encoder static fixed-
interaction sized vector

Seqg2seq with
attention

RNN/CNN

RNN/CNN

attention

Transformer

attention

attention

attention
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Transformer
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Output

(shifted right)
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Transformer: Self-Attention

* BBegeH mexaHn3m BHYTpeHHero BHMmMaHusa (self-attention)

* OTAnYUA OT «0bbIYHOIrO» BHUMaHMA (cross-attention):

* «OBblYHOEY» BHMMAHME MeXAY KOAUPOBLLNKOM U
NEeKOANPOBLLMKOM HanpasaeHOo OT TEKYLLEro COCToOAHUA
NEeKOoANPOBLLUKA KO BCEM COCTOAHUAM KOAUPOBLLUKA

Attention cutput: weighted sum of
encoder states with attention weights

A model can learn to “pay
attention” to the most relevant
source tokens for each step

Attention weights: distribution L CRNG:
over source tokens H ER
PR o I N S
Attention bttt
score(h, s;) softmax
O How relevant is L ‘ ( )p(3) p( )

for target step t? ‘ ‘

A

000 %
500 4o
f
|
Il
000 1o
i
000 P
‘Illu
(cese}—ro
(c000]
0000
[e]e]e]e] 0000

4 BMOen KOTa Ha mare <eos> <bos> I saw a ---
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Transformer: Self-Attention

* BBegeH mexaHn3m BHYTpeHHero BHMmMaHusa (self-attention)

* OTAnYUA OT «0bbIYHOIrO» BHUMaHMA (cross-attention):

* «OBblYHOEY» BHMMAHME MeXAY KOAUPOBLLNKOM U
NEeKOANPOBLLMKOM HanpasaeHOo OT TEKYLLEro COCToOAHUA
NEeKOoANPOBLLUKA KO BCEM COCTOAHUAM KOAUPOBLLUKA

* BHYyTpeHHee BHMMaHMEe HanpaBAeHO OT KaxKaoro
COCTOSIHUA U3 MHOMKEeCTBa COCTOAHUIN (KOAMPOBLLMKA

NN eKOANPOBLLMKA) KO BCEM COCTOAHUAM TOrO e
MHOXeCTBa

* [Tocne 3TOro Kaxkgoe cocroaHue obHoBNAETCH
* KBa,EI,paTVI‘—IHaﬂ CNOXHOCTb



Transformer: Self-Attention
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https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb

Transformer: Self-Attention
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Transformer: Self-Attention

e [E0000
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Transformer: Self-Attention
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Transformer: Self-Attention

swres BOEA0DE

1 update token
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Transformer: Query, Key, Value

* BHyTpeHHee BHMMaHMe peanmnsyeTtcs B TpaHchopmepe npu
nomolum 3anpocos (queries), Karoyel (keys) n sHayeHul (values)
e Ka)kabl TOKEH UMEET TPU NpeacTaBAEHUA:
* Query —3anpoc Ha MHOPMaALMIO
e Key — Hannuune/otcyTcTBme nHbopmaumnm
* Value — npepoctasneHne nHpopmauum



Transformer: Query, Key, Value

Each vector receives three representations (“roles”)
[ N4 : Query: vector from which
the attentionis looking
“Hey there, do you have this information?”
v : Key: vector at which the query
K looks to compute weights
“Hi, I have this information - give me a large weight!”

[] X = Value: their weighted sumis
v attention output

“Heres the information I have!”

Attention weights

. qk’
Attention(q, k,v) = softmax v
SN/

from to

vector dimensionality of K, V

8

Jg U UL

self-attention

4

©
©
_T_
L
O
©
=l

L S

BUAEN KOTA HaA MaTte <eos>
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Transformer: Self-Attention

* Takmm obpasom, BEKTOPHOE npeacTaB/ieHne c/10Ba (TOKeHa)
OyaeT KOHTeKCTHO-3aBUCMMbIM, B OTIM4ME OT word2vec u
GloVe

* B ncxoaHOM cTaTbe Takou cnocob BblYUCAEHUA BHUMAHUSA
Ha3biBaeTcA «Scaled Dot-Product Attention»



Transformer: Masked Self-Attention

* B nekogmnpoBLLMKe BCe TOKEHbI, C/ieayloLLne 3a TeKYLLMM,
MaCKMPOBaHbI:

* B npoLiecce reHepaumun (MHbepeHca) OHN HEN3BECTHbI

* B Npouecce oby4eHUsA OHN U3BECTHbI, HO HE A0/IXKHbl BAUATb
Ha JEeKOoAUPOBLLUK



Transformer: Masked Self-Attention

—>(©09

<bos>

I
L

}—>{0 © Q)

4

4 4

softmax

—(©o9

update token
representation

f

gather context

T

“look™ at the
previous tokens
(future tokens are
masked out)
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Transformer: Masked Self-Attention

update token
representation

!

gather context

}—{© 0 9]

N
L

4 & 4 4 4 T
softmax
“look” at the
previous tokens
(future tokens are
masked out)

—>(Co9
T
—>(000

<bos> saw a cat
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Transformer: Masked Self-Attention

}—>(© © 9]

K |
L

o 4 )
' softmax
| ]

iLl:
f f

<bos> I saw a cat

00O

—3>»10 0 O
—>(©0o0

—>(©o0

update token
representation

!

gather context

T

“look™ at the
previous tokens
(future tokens are
masked out)
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Transformer: Multi-Head Attention

* O,EI,HO N TO e C/I0OBO MOXKET ObITb CBA3aHO C Pa3HbIMU
dCnekKTaMu B npouecce NOHNMMaHMUA CMbIC/Nla NpeanoKeHNA —
N\Op(I)OJ'IOI'I/I‘-IeCKMN\M, CUHTaKCNYHECKNMU, CEMAHTNHECKNMHU

* [loatomy B TpaHCcPopmepe BHUMAHME pacrnpenesneHo
no «ronosam» (heads) — oTaenbHbIM MaTpULLAM, KOTOPbIE
PaboTaloT HE3aBUCUMO

* Mpumepsbl ponen «ronos» [Voita et al., 2019]:

* NO3ULMOHHbIE — BHUMAHWNE HA ABYX-TPEX
npeaplaywmx/cnegyowmx TokeHax

* CMHTARCUYECKUNE — noanexawee-CKasyemoe,
rnaron-gonoaHeHune

* peAKue TOKEHbI


https://aclanthology.org/P19-1580/

Transformer: Multi-Head Attention

JUEDDE

Q
heat i 1
g heads work

independently

. S SE—

3 4 4
softmax

i

9 Buaen KOTa Ha mare <eos> 23/61

Multi-head attention



Transformer: Multi-Head Attention

JUEU UL

f",(,ﬂi(f ]
head 2 '_ g

) 4

heads work
independently

g —" S S—

4 3 4
softmax

& & ﬁ 0 b Multi-head attention

(1 R O
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Transformer: Multi-Head Attention

ARl

Ye B O]
1\ 1 'L;_J
head 2 le
e W, heads work
g ™ L) independently
i } \ ! 4
softmax
| | 1 | | ,
., M 1ead attention

(1 N
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Transformer: Multi-Head Attention

JUEU UL

head 1 [
head 2 __J
=
head 4 |e]
2 ' heads work
Tt independently
o
4 L} 4 4
softmax
&, p_B b Multi-head attention

0000t

(1 N N
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Transformer: Multi-Head Attention

JUED D

head 1
head 2
head 3

head 4 .

© 000

leo

softmax

it

S Buaen KOTa Ha mare <eos>

concatenate
outputs of all heads

A

heads work
independently

Multi-head attention
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Transformer: Multi-Head Attention

JUED D

head 1 [®] —
I 1
head 2 [of——|8| xW concatenate
head 3 [® > ‘ l outputs of all heads
— o + linear layer
head 4 [of— & /
. S heads work
& [ independently

softmax

& &, .5 b b Multi-head attention
[ﬂ [H f
(N R R

S BuAen KOTa Ha mare <eos>
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Transformer: Multi-Head Attention

JUED D

this is multi-head

head 1 attention output
}
head 2 concatenate
head 3 outputs of all heads
) O + linear layer

head 4 lof— &

I heads work

' 3 independently

softmax
& | £ % %  Multi-head attention

IjﬁgT (I

S BuAen KOTA Ha Marte <eos>
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Transformer: Multi-Head Attention

MultiHead(Q,K,V) = Concat(head., ..., head,)W,,

roe head; = Attention(QWé, KWK‘;, VW‘}) query,
value for:
Split equally .% ............... § ..... <— head;
into number of |8} 3}-- 9. = nead,
heads parts (83| of. = neads
O o) <—head,

00000000}
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Transformer:

Multi-Head
Attention

—
4 ™
~>| Add & Norm |
Feed
Forward
F
Nx | _(Add & Norm )
Multi-Head
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Encoding
Input
Embedding
Inputs
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Transformer: Multi-Head Attention

Layer:| 5 | Attention: | Input - Input ~ #|

The_ The_
animal_ animal_
didn_ didn_

t

t

Cross_ Cross_
the_ the_
street_ street_
because because
it_ it_
was_ Wdas_
too_ too_
| tire tire
d d
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Transformer: Model Architecture

OUTPUT | | am a student
A
rf" i
ENCODER - DECODER
. .
A A
f i
ENCODER DECODER
. .
A A
f i
ENCODER DECODER
g N
A A
f {
ENCODER DECODER
N e
A A
F i
ENCODER DECODER
. .
A A
i f
ENCODER DECODER
. N
. A
|
INPUT suis étudiant
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Transformer: Model Architecture

Residual connections

and layer n\ormalizati\on N
\

L {EREDY)
\ Y AN Feed 4
! \ s Forward
Feed-forward network: Voo .
. . . N ) |
after taking information from 9 :,,Add m m— Add & Norm /
orm ]
other tokens, take a moment to N Multi-Head | 41
. . . \ Feed Attention
think and process this information v | Forward T 7 Nx
\
| S ——
T N Y Add & Norm
. ~>{_Add & Norm | .
Encoder self-attention: —_| ——— Mﬂ?ﬁiﬂd
--.$ - - <
tokens look at each other Attention Attention
. t 1
queries, keys, values — ) L L
are computed from Positional 5 Positional
encoder states Encoding & Encoding
Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Output
Probabilities

Linear

Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information

T

Decoder-encoder attention:
target token looks at the source

queries - from decoder states; keys
and values from encoder states

T

Decoder self-attention (masked):
tokens look at the previous tokens

queries, keys, values are computed
from decoder states
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Transformer: Feed-forward blocks

e J1BYXCNOWHbIN NepcenTpoH: POpMUPOBAHNE HOBbIX NPeACTaBNAEHNN
TOKEHOB Ha OCHOBE KOMBUMHaUMK npeabliayLwmnx npeactaBieHni
(B TOM 4ymMcne OT pa3HbIX F0/10B)

FFN(x) = max(0,xW; + by)W, + b,

T """""""""""" Feed |
ReLU(z) = max(0, z) - Ainea™\ £oruarg
7

10

=10 10
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Transformer: Residual connections

* [Ipobnema: 3aTyxaHune rpagneHToB Npu obyyeHnmn
(vanishing gradients) — ecnu rpagneHTt — 0, TO Ha
npeablayLem C10e NU3MeHEeHUA BECOB He NPOUCXoAUT

* Yem H6onblUe cnoes, TeM CUNbHee

* PeweHue: octaTouHble cBA3u (residual connections)

y=x+ f(x)
fx) =y—x
dy _  df(x)
E_l-l_ dx

output

block with
some layers

input 1[

Residual connection:
add a block’s input to
its output
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Transformer: Layer Normalization

CraHAapTHaA HopMann3auma — Layer
NCNOoNb3yeTca ANA npuBegeHmA Normalization
BEKTOPOB BCEX TOKEHOB K : . scale + bias
HOpPManbHOMY pacnpeseneHunto i

1
Uk, O — CpefHee u cTaHJapTHoe - [ —uk] =
OTK/IOHEHWe
scale, bias — obyyaemble
napameTpbl C10A HOPMaaAn3aLuuu hg—1 hi Rict1

torch.nn.LayerNorm

[Ba et al. — Layer Normalization, 2016]
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https://pytorch.org/docs/stable/generated/torch.nn.LayerNorm.html
https://arxiv.org/abs/1607.06450

Transformer: Positional encoding

_ pOS

PEpos2i = sin (100002i/dmodez) 1‘
pOsS

PEposzi+1 = €OS (100002i/dmodez)

pPOS — NO3ULUA,

[ — HOMep
Pa3MepPHOCTU

“token x on position k”

ONON®

Encoder
ﬁ O
o o
O @)
Input is sum of two T
embeddings: for
[TO3UUMOHHbIE

s, =
. . +lo

E O

ambeaanHIn — l X ! 5

token and position
tokens a4 eu en: Kota : <e0s>
dUKCMpPOBaHHbIE A | =

(He obyyatoTca) positions O §’I§ 20 i3

OOO
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Transformer: Positional encoding

0 100
075
050
025
000
-0.25
—0.50

-0.75

3o 40 50 B0
Embedding Dimension
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https://github.com/jalammar/jalammar.github.io/blob/master/notebookes/transformer/transformer_positional_encoding_graph.ipynb

Transformer: Final Linear and Softmax Layers

Which word in our vocabulary am
is associated with this index?
Get the index of the cell

with the highest value
(argmax)

log_probs [TTTTT I T T [

12345 .. vocab size
* —

( Softmax )
7y

logits HEEEEEEEEEE RN

12345 . Vocab_size
A

( Linear )
*

Decoder stack output L1
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Transformer: Model Architecture

4 4

(,( Add & Normalize ) \
: 1 3
. ( Feed Forward ) ( Feed Forward )
e eeeeeene e ecencacaa 4
z1 z>
4 Add & Normalize 4
X
*| ,» LayerNorm( + )
o ]
% : *:D EI:*:EI
AF LT Y
LLl 1
' ( Self-Attention )
: 3 3
N1 i Ny n W,
POSITIONAL é é
ENCODING
x1 LT x2 T
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Transformer: Model Architecture

( Softmax )

7 )

Linear
N q * )
3 .,
= e DECODER #2
o
S $ $
< ,"( Add & Normalize )

:"’( Add & Normalize )

— | v | ! I
o E ( Feed Forward ) ( Feed Forward ) | 1" :"( Encoder-Decoder Attention )
o | e ey 3 O TTTTT: , SETIITTIIITTTIITIIT T
> ‘-p( Add & Normalize ,-p-( Add & Normalize )
5 ; ; : ; 3

E ( Self-Attention ( Self-Attention )
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Transformer: Model Architecture

OUTPUT | am a student

f

[ 5,
Kencdec Vencdec ( Linear + Softmax )
FEEE @ AEEE A

D t

ENCODERS DECODERS
e 5 . /)
EMBEDDING * * ’ * * *
WITH TIME EEEE [ITTT] i i R Bl FEihiE ]
SIGNAL
EMBEDDINGS 111 @OI1 EEE BN CEED (e
e suis  étudiant PREVIOUS am 3
pai i ) OUTPUTS
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Transformer

Ccblnka 44/61


https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html

Subword Tokenization: Byte Pair Encoding

* Mpobnema PUKCMPOBAHHOIO CIOBAPA — HEBO3MOKHO
npeacTaBuUTb HecnoBapHbie cnoBa (Out-Of-Vocabulary, OOV)

* TokeH <UNK>

e Byte Pair Encoding (BPE) — meToa, pa3bueHnAa cnoB Ha TOKEHDbI:
* yacTble C/10Ba NPeACcTaBAAOTCA OTAE/IbHbIMU TOKEHAMMU

* peaKue n Hen3BeCTHble c/10Ba Pa3bmMBalOTCA HAa HECKO/IbKO
TOKeHoB (noacnos.)

e Rico Sennrich, Barry Haddow, Alexandra Birch (University of
Edinburgh). Neural Machine Translation of Rare Words with
Subword Units // 54" Annual Meeting of the Association for
Computational Linguistics (ACL). 2016

* Philip Gage. A New Algorithm for Data Compression //
The C User Journal. 1994



Subword Tokenization: Byte Pair Encoding

* Anroputm BPE BKAtOYaeT ABa aTana:
e Oby4yeHue (training) — nocTpoeHue cnoBaps TOKEHOB

* MpumeHeHmne (inference) — ncnonb3oBaHue cnosaps
TOKEHOB A1 CerMEHTaLU MM TEKCTA



BPE: oby4yeHue

* Ha Bxope:
e cnoBapb ToKeHoB (token vocabulary) — coaepxmut cumsonbl
* 33/1aH MaKCMMa/IbHbIN pa3mep C/I0BapA
* Tabnnua chmaHum (merge table) — nycras

 Anroputm obyyeHus:
* [ToKa He AOCTUIIM MAaKCMMAZIbHOrO pa3mepa C/10Baps:
* MOACYUTbIBAEM KOJIMYECTBO BXOXKAEHUN Nap CUMBOJIOB
B KOpnyc
* HaxoAum Hanbonee 4YaCcTOTHYIO Napy

* C/IMBaeM napy — gobasnsaem napy B Tabamuy v HOBbIN
TOKEH B C/10BapPb



BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
cat 4 a+t 19 All characters
mat 5 m + a 10
mats 2 t+e 6
mate 3 c+a 4
ate 3 t+s 2
eat 2 e+a 2
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BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
cat 4 a+t 19 All characters at— at
mat 5 m + a 10 at
mats 2 t+e 6
mate 3 c+a 4
ate 3 t+s 2
eat 2 e+a 2
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BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
c at 4 m+at 10 All characters at— at
m at 5 at+e 6 at
mats 2 C + at 4
mate 3 at+s 2
ate 3 e + at 2
e at 2
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BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
c at 4 m+at 10 All characters at— at
m at 5 at+e 6 at m at — mat
mats 2 C + at 4 mat
mate 3 at+s 2
ate 3 e + at 2
e at 2
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BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
c at 4 C +at 4 All characters at— at
mat 5 at+e 3 at m at — mat
mat s 2 mat+e 3 mat
mat e 3 mat+s 2
ate 3 e + at 2
e at 2
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BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
c at 4 c + at 4 All characters at— at
mat 5 at+e 3 at m at — mat
mat s 2 mat+e 3 mat cat — cat
mat e 3 mat+s 2 cat
ate 3 e + at 2
e at 2
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BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
cat 4 at+e 3 All characters at— at
mat 5 mat+e 3 at m at — mat
mat s 2 mat+s 2 mat c at — cat
mat e 3 e + at 2 cat
ate 3
e at 2
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BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
cat 4 at+e 3 All characters at— at
mat 5 mat+e 3 at m at — mat
mat s 2 mat+s 2 mat c at — cat
mat e 3 e + at 2 cat at e — ate
at e 3 ate
e at 2
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BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
cat 4 mat+e 3 All characters at— at
mat 5 mat+s 2 at m at — mat
mat s 2 e+ at 2 mat c at — cat
mat e 3 cat at e — ate
ate 3 ate m ate — mate
e at 2 mate
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BPE: oby4yeHue

Corpus Token pairs Token vocabulary Merge table
words  count pair count
cat 4 mat+s 2 All characters at— at
mat 5 e + at 2 at m at — mat
mat s 2 mat c at — cat
mate 3 cat at e — ate
ate 3 ate m ate — mate
e at 2 mate

OcTaHOBKa — AOCTUTIU MAaKCUMaAJ/IbHOTIO pa3mepa C10BapA
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BPE: npumeHeHue

Corpus: tokenization Token vocabulary Merge table
words tokens
cat cat All characters at— at
mat mat at m at — mat
mats mat ##s mat c at — cat
mate mate cat at e — ate
ate ate ate m ate — mate
eat e ##at mate

S U ##sS — pa3Hble TOKeHb!
58/61



Byte-level BPE

* B KayecTBe NCXOAHbIX TOKEHOB PacCMaTPUBAOTCA
6anTbl (256), a HEe cMMBO/IbI

* Mo)HO He ucnonb3sosaTtb TokeH <UNK>

* icnonb3yeTtca B GPT-2



WordPiece

* MaKcMMmM3npyeTca He YacToTa COBMECTHOM BCTPEYAEMOCTH
TOKeHOB (Kak B BPE), a npasaonoaobue:

f (ab)
fl@)fb)’

roe f (ab) —yacToTa napbl TOKEHOB ab,

Score =

f(a), f(b) —yacToTa TOKEHOB A U b

* icnonb3yetca B BERT

* Schuster M., Nakajima K. Japanese and Korean voice search //
2012 IEEE International Conference on Acoustics, Speech and
Signal Processing (2012)



Transformer

Lena Voita — NLP Course: Transformer

e https://lena-
voita.github.io/nlp course/seq2seq and attention.html#transformer intro

Jay Alammar — The lllustrated Transformer
* http://jalammar.github.io/illustrated-transformer/

HarvardNLP — The Annotated Transformer

* http://nlp.seas.harvard.edu/annotated-transformer/

Dive into Deep Learning — Attention Mechanisms

* https://d2l.ai/chapter attention-mechanisms-and-transformers/

AnekcaHap [bAkoHOB — TOKeHU3aumMa Ha NoAC/N0Ba

* https://dyakonov.org/2019/11/29/T0KeHn3auma-Ha-noacnosa-subword-
tokenization/

Hugging Face — Summary of the tokenizers

* https://huggingface.co/docs/transformers/tokenizer summary
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https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html#transformer_intro
https://lena-voita.github.io/nlp_course/seq2seq_and_attention.html#transformer_intro
http://jalammar.github.io/illustrated-transformer/
http://nlp.seas.harvard.edu/annotated-transformer/
https://d2l.ai/chapter_attention-mechanisms-and-transformers/
https://dyakonov.org/2019/11/29/токенизация-на-подслова-subword-tokenization/
https://huggingface.co/docs/transformers/tokenizer_summary

BERT
— Bidirectional Encoder
Representations
from Transformers




OpurnHanbHasa cTaTbA

1V > cs > arXiv:1810.04805

[Submitted on 11 Oct 2018 (v1), last revised 24 May 2019 (this version, v2)]

BERT: Pre-training of Deep Bidirectional Transformers for Language
Understanding

Jacob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova

We introduce a new language representation model called BERT, which stands for Bidirectional Encoder Representations
from Transformers. Unlike recent language representation models, BERT is designed to pre-train deep bidirectional
representations from unlabeled text by jointly conditioning on both left and right context in all layers. As a result, the pre-
trained BERT model can be fine-tuned with just one additional output layer to create state-of-the-art models for a wide range
of tasks, such as question answering and language inference, without substantial task-specific architecture modifications.
BERT is conceptually simple and empirically powerful. It obtains new state-of-the-art results on eleven natural language
processing tasks, including pushing the GLUE score to 80.5% (7.7% point absolute improvement), MultiNLI accuracy to 86.7%

(4.6% absolute improvement), SQuUAD v1.1 question answering Test F1 to 93.2 (1.5 point absolute improvement) and SQuAD
v2.0 Test F1 to 83.1 (5.1 point absolute improvement).

Bone 82 000 ccbinok B Google Scholar 2/51



[TonesHble CCbINTIKMU

® Jacob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova (Google Al
Language) — BERT: Pre-training of Deep Bidirectional Transformers
for Language Understanding // NAACL, 2019

e https://aclanthology.org/N19-1423

® The lllustrated BERT, ELMo, and co. (How NLP Cracked Transfer Learning)
e OpuruHan: http://jalammar.github.io/illustrated-bert
e [epesopa: https://habr.com/ru/post/487358

* Demystifying BERT: A Comprehensive Guide to the Groundbreaking NLP
Framework

e https://www.analyticsvidhya.com/blog/2019/09/demystifying-bert-
groundbreaking-nlp-framework

* Peno3utopuin Google Research Ha GitHub
e https://github.com/google-research/bert

* TyTtopuan no 3anycky BERT nokanbHo n Ha Google Colab
e https://habr.com/ru/post/436878
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https://aclanthology.org/N19-1423
http://jalammar.github.io/illustrated-bert/
https://habr.com/ru/post/487358/
https://www.analyticsvidhya.com/blog/2019/09/demystifying-bert-groundbreaking-nlp-framework/
https://www.analyticsvidhya.com/blog/2019/09/demystifying-bert-groundbreaking-nlp-framework/
https://github.com/google-research/bert
https://habr.com/ru/post/436878/

A3blKOBble moaenu

Large corpus (like Task-specific
Wikipedia) dataset (like Q/A) Test dataset
Language .| Fine tuning . Einal Model
Model the model thal ode

Transfer Learning in NLP = Pre-Training and Fine-Tuning
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A3blKOBble moaenu

Semi-supervised Sequence Learning

context2Vec
. Pre-trained seq2seq
ULMFiT ELMo
GPT
Multizlingual Iransformer ~ Bidirectional LM ‘
Larger model
/] More data
MultiFiT _
4 = Defense
Cross-lingual BERT GPT-2 >

Grover

Cross>modal
XLM

UDify +Knowledge Graph
MI-DNN Permutation LM
Transformer-XL

More/data

MASS

Knowledge|distillation UniLM
VideoBERT

CBT

MT-DNN .
Norddata E.RNIE Visual BERT ERNIE (Baidu) PEGASUS
i (Isinghua) B2T12 BERT-w T5
SpanBERT XLNet KnowBERT  Unicoder-VL “wwm
pan . MoE

RoBERTa KEPLER LXMERT
VL-BERT Switch Transformer
UNITER

Liu Z. et al. Sentence Representation (2020) 5/51



https://link.springer.com/chapter/10.1007/978-981-15-5573-2_4

Transformer

* Vaswani et al. (Google Brain) — Attention Is All You Need // NIPS, 2017
e https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf

® The Illlustrated Transformer
e OpurmnHan: https://jalammar.github.io/illustrated-transformer/

e Mepesoa;: https://habr.com/ru/post/486358/

® Visualizing A Neural Machine Translation Model
(Mechanics of Seq2seq Models With Attention)

e OpuruHan: https://jalammar.github.io/visualizing-neural-machine-
translation-mechanics-of-seq2seqg-models-with-attention/

e Mepesoa;: https://habr.com/ru/post/486158/
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https://jalammar.github.io/illustrated-transformer/
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https://habr.com/ru/post/486158/

Transformer: apxuteKkrypa

OUTF’UT[I am a student]

. !
ENCODER DECODER
.
4 4
p
ENCODER DECODER
.
4 4
p
ENCODER DECODER
.
4 4
p
ENCODER DECODER
.
4 4
p
ENCODER DECODER
.
4 [
-
ENCODER DECODER
.
\. A
|
INPUT | Je  suis étudiant
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ENCODER #2

ENCODER #1

Transformer: apxuteKkrypa
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REPTTTTr P Py & REPEEEEEE ; SECCLLCCLLCLLLL L T i
,»( Add & Normalize ) ,-»( Add & Normalize
: ( R B ) ( 4 B
' Self-Attention ' Self-Attention

~

Q. ........ Aevvcccccceceeee-- A ‘vemmmmmmeleeneemmmamaam—————-
rosmonaL iy @ cL
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BERT: apxuteKrtypa

340 mnH napameTpoB

24 [ ENCODER J

110 mnH napameTpoB e

f 1

4 ENCODER
12 ENCODER 3 y
f N

ce e 3 ENCODER
. v
4 1 f N

2 ENCODER 2 ENCODER
. v . v
4 N f N

1 ENCODER 1 ENCODER
. v . v

BERTgasE BERTLarGE
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BERT: apxutekrtypa

tr *+ *+ 1 1
| | | | |
12 [ ENCODER J
[ BN BN )
f Y
2 ENCODER
. J
| | | | | | | | | |
s ™)
1 ENCODER
\ v
| | | | |
1 ‘ 2 3 4 cee 512
[CLS] Help  Prince Mayuko
BERT
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BERT: Knaccudpumkauma oaHoOro npeanoxeHus

Class

Label

5

SRR R

BERT

E[ELS] E, E, Ey

s ¥ o ¥ s iy —
[CLS] Tok 1 Tok 2 Tok N

Single Sentence
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BERT — Knaccudpukauma napbl npeanoxeHnu

BERT
Eicis) E, Ey E[SEF] E, E,
N e e e N s
1 R I I I L

Sentence 1 Sentence 2
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BERT — BonpocHo-oTBeTHaa mogens (Q/A)

Start/End Span

L E e
e ) (e ) -
BERT
E[ ] E1 EN E[SEP] E1 T EM
——1r O g
[oa | ) ][ (2 ) [0
| |
Question Paragraph
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BERT — ussneyeHme nmeHoBaHHbIX
cywHocten (Named Entity Recognition, NER)

0 B-PER 0
5 5 I
ER R
BERT
E[CLS] E1 E2 EN
o s g B i
[CLS] Tok 1 Tok 2 Tok N

Single Sentence
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BERT: Bidirectional Encoder

Context

)

F

|

%M&%WM.

I need o go € bank €o make o deposit.
i J

Context
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BERT: 3apauu ana obyyeHus

Masked Language Modeling (MLM)

* MpeackasaHne 15% cnyyanmHo BbIOPaHHbIX
3aMaCKUPOBAHHbIX CNOB

Next Sentence Prediction (NSP)
* [lpeackasaHue cneayrowero npeanoXeHms
OpurnHanbHbi BERT 0byyeH Ha cneaytouimx Kopnycax:
e BooksCorpus (800M words)
e English Wikipedia (2,500M words)
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ApxuteKtypa BERT

https://github.com/huggingface/transformers/blob/main/
src/transformers/models/bert/modeling bert.py

Uinear
768xum_labels 768

Dropout
01

‘pooied_output
758

‘Actvation (Tanh]
768

first_token_tensor (CLS)
768

hidden states
768
Bertlayer 12

outputs
768
BertlayerNorm
768

Dropout
0.1

Linear: W, by
30727684768
=2360064

output_intermediate
G072
Actvation
(el gelu, swish, gelu_new)

Linear: Wi, b,
7681307243072

‘output_self_attentions.
768

BertLayerhorm
768

- 530592

embedding_output
768

Dropout
0.1

Bertlayerorm
768

Outputs of lassification:
0: loss = dlassification (or regression if num_labels==1) loss

1: logits = classification (or regression if num_label

2 (optional): hidden_states = BertModel.hidden_states
3 (optional): attentions = BertModel attentions.

Outputs of BertModel:
0: last_hidden_state = output of Bertlayer12 (Nx768)
1: pooler_output = output of BertPooler (768)

word_embeddings ) ('token_type_embeddings | ~ (‘position_embeddings
vocab_size x 768 2:768 512x768

Vocabulany:
Token D~
WordPiece tokens

vocab,_size

attention_ | [[token_type | [ position_
mask _ids ds
N N N
[

Tokenizer

Text
1 sentence or 2 sentences (N tokens)

BertForsequenceClassification
BertMode!
Dropout
LinearCassifer

2 (optional): hidden_states = outputs of all BertLayers (13xNx768)
(including embedding)
3 (optional): attentions = attentions of all heads in alllayers Bertpooler
(120124N0N)
] Bertlayer 12
BertOutput
Bertintermediate
v -
EE RIS
&l BertModel
BertEmbectings
BertEncoder BertEncoder
BertPooler
BertselfOutput Bertlayer 1
oty s e
ot . e
Berthttention
BertSelfAttention
idden_size = 768
um_atention_heads - 12
Stention_head_sire - 64
Attention(@,K,V) =
uk‘)
= softmax (25)y
! (m
BertEmbeddings
idden_size = 768
max_posion_embecdings <512
} BertTokenizer
17/51
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https://github.com/huggingface/transformers/blob/main/src/transformers/models/bert/modeling_bert.py
https://github.com/huggingface/transformers/blob/main/src/transformers/models/bert/modeling_bert.py
https://github.com/huggingface/transformers/blob/main/src/transformers/models/bert/modeling_bert.py

ApPXUTEKTYpa
BERT

4 4
/0( Add & Normalize }
4 4

BertPooler

S |

—_—— e — — e —_—

:BertLayer 1

BertOutput

Bertintermediate

BertAttention

BertSelfOutput

I
|
I
|
|
|
|
|
|
I
|
I
|
|
|
|
|
| BertSelfAttention
I

|

BertEmbeddings

BertTokenizer

BertEncoder

BertModel
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TokeHu3auua

BertPooler

o T T T T/ /1

BertLayer 12 |

ﬁBgrtLayer 1 \

! BertOutput \

\ Bertintermediate | |

\ BertAttention \

\ BertSelfOutput |

\ BertSelfAttention |

BertEmbeddings

BertTokenizer

BertEncoder

BertModel

Togis
num_labels

Unear
768xnum_labels+768

Bropout
p-0.1

pooied_output
768

‘Activation (Tanh)
768

Unear
7684768+768
550592

firs_token_tensor (CL5]
768

hidden_states

Nx768

Bertlayer2
outputs
768
BertLayerNiorm
768

Dropout
p=0.1

Linear: W, b,
307207684768
2360064

output_intermediate
Wa072

‘Activation
(el gelu, swish, gelu_new)

Linear: W, by
768:3072+3072

output_self_attentions
Nx768

BertLayerNorm
768

Dropout
p=0.1

output_attentions
Nx768

embedding_output
768

Dropout
0.1

BertlayerNorm
768

Outputs of lassification:

0: loss = dlassification (or regression if num_labels

1: logits = classification (or regression if num_label
(before SoftMax)

2 (optional): hidden_states = BertModel.hidden_states

3 (optional): attentions = BertModel attentions

Outputs of BertModel:
0:last_hidden_state = output of BertLayer12 (Nx768)
1: pooler_output = output of BertPooler (768)

2 (optional): hidden_states = outputs of all BertLayers (13xNx768)

(including embedding)
3 (optional): attentions = attentions of all heads in all layers
(12x12NxN)

] stz

BertOutput

Bertintermediate

BertSelfOutput

el —

= Concssthent . st I 0

BertAttention

BertSelfAttention

hidden_size = 768

num_attention_heads = 12

attention_head_size = 64
Atention(Q.K. V.

B

BertEmbeddings
hidden_size = 768
max_position_embeddings = 512

Vocab_size x 768

‘word_embeddings ) (‘oken_type_embeddings | ~( position_embeddings
24768 s512x768

token_type | [ positon.
hrn s ds
N
N N

ocabulary:
TokenID.
Wordpiece tokens

vocab_size

Text
1 sentence or 2 sentences (N tokens)

J BertTokenizer

Bertlayer 1

BertForsequenceClassification
BertMode!
Dropout

LinearClassifier

BertPooler

Berténcoder

BERT base = 12 ayer

1
BERT large = 24 layers

BertModel
BertEmbeddings
BertEncodt

rs BertPooler

1Q/51
| e IV 5 A |

;_berthtml




TokeHusauusa: WordPiece

WordPiece tokens

e Schuster M., Nakajima K. Japanese and Korean voice search
// 2012 |IEEE International Conference on Acoustics, Speech
and Signal Processing (2012)

* Wu et al. — Google's Neural Machine Translation System:
Bridging the Gap between Human and Machine Translation
// arXiv:1609.08144 (2016)

~)) ” ((I”]

«4yaecHbl geHb!» — [“yygecHbIn”, “aeHb”,

’) ((I”]

«YynecHbin aeHb!» — [“Yypec”, “#H#HbIN”, “neHb”,
e cased model — perncrposaBucmmas moaens

e uncased model — pernctpoHesaBncuman mogenb
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TokeHusauua: WordPiece

OTtnnumna ot BPE:
e ANropuUtm:

o BPE: maKcMmmnsunpyeTca 4actota COBMECTHOM
BCTpPeYaeMOCTUN TOKEHOB

« WordPiece: makcumunsmnpyetca npasgonoaobue
e PazbueHnune:

 BPE: walking > walk@@ + ing

» WordPiece: walking — walk + ##ing
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ToKeHU3auumA

inout ids attention_ token_type position_
P N mask _ids Ids
N N N
/
Vocabulary: —>> Tokenizer
Token ID —
WordPiece tokens
. Text

vocab_size 1 sentence or 2 sentences (N tokens)

BertTokenizer
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TokeHun3sauua

input_ids — cnucok ID TokeHoB (13 cnoBaps)

attention _mask — buHapHaa macka ana otaeneHums
TOKeHOoB OT 3anonHuTtensa (PAD)

token type ids — buHapHas macka Ana otaeneHus
nepBoro npeanoKeHma (BKAoYaa HavyanbHbIM TOKeH CLS

n pasaenntenb SEP) (0) ot BToporo (BK/1to4asi KOHEYHbIN
SEP) (1)

position_ ids — HOMepa NO3NLUUNN TOKEHOB

23/51



ToKeHU3auumA

Sentence A Sentence B

Al yctan Mounay nocnato
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TokeHu3auua

WordPiece TOKeHbl

Sentence A

Al yctan

A

ycTan

Sentence B

Moiray nocnato

Monay

noc

##nno
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TokeHu3auua

WordPiece TOKeHbl

CneupanbHble
TOKeHbl

Sentence A Sentence B
A yctan Moiay nocnato
ycTan Monay noc #H#nno
[CLS] ycTan [SEP] || Monay noc ##nno || [SEP] [PAD]

26/51



TokeHu3auua

Sentence A Sentence B
A yctan Moiay nocnato
WordPiece TOKeHbI A ycTan Monay noc #H#nno
CneupanbHble o
TOKeHbI [CLS] A ycTan [SEP] || Monay noc ##nno || [SEP] [PAD]
input_ids 101 478 19 896 102 26525|| 2430 || 14063 102 0
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TokeHu3auua

Sentence A Sentence B

A yctan Moiay nocnato
WordPiece TOKeHbI A ycTan Monay noc #H#nno
CneupanbHble o
TOKeHbI [CLS] A ycTan [SEP] || Monay noc ##nnwo || [SEP] [PAD]
input_ids 101 478 19 896 102 26525 || 2430 ||14 063 102 0
attention_mask 1 1 1 1 1 1 1 1 0
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TokeHu3auua

Sentence A Sentence B

A yctan Monay nocnato
WordPiece TOKeHbI A ycTan Monay noc #H#nno
fg’:;:j““""e [CLS] a ycran || [SEP] || Moitay || noc ||##nmo!|| [SEP] || [PAD]
input_ids 101 478 19 896 102 |[26525|| 2430 || 14063 102 0
attention_mask 1 1 1 1 1 1 1 1 0
token_type_ids 0 0 0 0 1 1 1 1 0
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TokeHu3auua

Sentence A Sentence B

Al yctan Monay nocnato
WordPiece ToKeHbl A ycTan Monay noc #H#nno
f::;:::anble [CLS] A ycTan [SEP] || Monay noc ##nmo || [SEP] [PAD]
input_ids 101 478 19 896 102 26525 || 2430 || 14063 102 0
attention_mask 1 1 1 1 1 1 1 1 0
token_type_ids 0 0 0 0 1 1 1 1 0
position_ids 0 1 2 3 4 5 6 7 8
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Embeddings

BertPooler

—_—— e — — — — — — 4

'BertLayer 1 |

BertOutput |

Bertintermediate | |

BertAttention \

BertSelfOutput \

BertSelfAttention |

BertEmbeddings

BertTokenizer

BertEncoder

BertModel

Linear
768num_labels 768

Dropout
p01

booied_output
768,

‘Activation (Tanh)
768

irst_token_tensor (CLS)
768

Pidden_states
Nx768

Bertlayer 12

Bertlayer2

outputs
768

BertLayerNorm
768

Dropout
01
Unear: W, b,

30727684768
22360064

output_intermediate
N7
Actvation
(rely, gelu, swish, gelu_new)

Linear: W,, by
7681307243072
368

output_self_attentions
Nx768

BertLayerNorm
768

Linear: W

(64x12 heads)

76817684768
-sa0592

Outputs of BertForSequenceClassification:

0: loss = classification (or regression if num_labels:

lassification (or regression if num_label
(before SoftMax)

2 (optional): hidden_states = BertModel.hidden_states

3 (optional): attentions = BertModel .attentions

Outputs of BertModel
0:last_hidden_state = output of BertLayer12 (Nx768)
1: pooler_output = output of BertPooler (768)

2 (optional): hidden_states = outputs of all BertLayers (13xNx768)

(including embedding)
3 (optional): attentions = attentions of all heads in alllayers
(12x12xNxN)

] sertover 2

BertOutput

Bertintermediate
-

BertSelfOutput

.
o A

BertAttention

BertselfAttention

hidden_size = 768
num_attention_heads
attention_head _size = 64

Attention(Q,K,V) =

= sofumax(§

embedding_output

BertLayerNorm
768

BertEmbeddings
hidden,size = 768
max_posiion_embeddings = 512

“word_embeddings
vocab_size x 768

‘token_type_embeddings | ~( position_embeddings
20768 512768

attention_ | [ token_type | [ position_
_ids ds

N

Wordpiece tokens

vocab_size

Tokenizer

Text
1 sentence or 2 sentences (N tokens)

J BertTokenizer

Bertlayer 1

BertForSequenceClassification
BertModel
Dropout
linearCassifier

BertPooler

BertModel
BertEncoder Bertembeddings

BERT base = 12 layers Bertpooler
BERT large = 24 ayers

ieling_bert html




Embeddings

embedding output
Nx768

Dropout
p=0.1

LayerNorm
768

o
2

)

[word_embeddings\ /token_type_embeddings] /position_embedding
vocab_size x 768 JAN 2x768 \_ 512 x 768
input_ids attention_ toker.m_type position_
N mask _ids Ids
N N N

BertEmbeddings

hidden_size = 768
max_position_embeddings =512
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elf-Attention

BertPooler

'BertLayer 1

! BertOutput

| BertIntermediate

\ BertAttention

\ BertSelfOutput

\ BertSelfAttention

BertEmbeddings

BertTokenizer

BertEncoder

BertModel

Linear
768xnum_labels 768

Dropout
0.1

pooled_output
768

‘Activation (Tanh)
768

hicden _states

N7ES

Bertlayer2

BertlayerNiorm
768

Dropout
pe0.1

Linear: Wa, by
307227684768
2350064

output_intermediate.
N2
Actvation
(relu,gel, swish, gelu_new)

Linear: W, b
76813072+3072
362368

output_self_attentions.
768

BertlayerNiorm
768

Dropout
0.1

Outputs of fassification:

0: loss = dlassification (or regression if num_labels:

1: logits = classification (or regression if num_labels:
(before SoftMax)

2 (optional): hidden_states = BertModel.hidden_states

3 (optional): attentions = BertModel.attentions

Outputs of BertModel

0: last_hidden_state = output of BertLayer12 (Nx768)

1: pooler_output = output of BertPooler (768)

2 (optional): hidden_states = outputs of all BertLayers (13Nx768)
(including embedding)

3 (optional): attentions = attentions of all heads in all layers

12xNxN)
BertOutput
BertSelfOutput Bertlayer 1

output_attentions

embedding_output
N76E

BertAttention

BertSelfAttention

hidden size = 768
num_attention_heads = 12
attention_head_si

Autention(QK,V) =

—

Dropout
0.1

BertLayerNiorm
768

BertEmbeddings
idden size = 768
max_pesition_embedcings = 512

“word_embeddings | ( token_type_embeddings | ( position_embeddings
2x768 512x768

Vocab_size x 768

wenion_ | [kensoe| [[postion
o || ||
" " "

Tokenizer
Token D
WordPiece tokens

Text
vocab_size 1 sentence or 2 sentences (N tokens)

} BertTokenizer

BertForsequenceClassification

Bertivodel

ropout
LinearClassfier

BertPooler
BertModel
BertEncoder BertEmbeddings
BertEncoder
BERT base = 12 layers BertPooler

BERT large = 24 layers

Ny f—a

ﬁ Qf b &n html



Self-Attention

® BHUMaHMe

e Bahdanau D., Cho K., Bengio Y. Neural Machine Translation by Jointly
Learning to Align and Translate (2014)

* Bu3yanunsnpya HEMPOHHbIN MalLUWMHHbIM NepeBos, (seq2seq
MOAENIN C MEXAaHM3MOM BHMMAHUSA)
e https://habr.com/ru/post/486158/

® How do Transformers Work in NLP?

e https://www.analyticsvidhya.com/blog/2019/06/understanding-
transformers-nlp-state-of-the-art-models/

® The lllustrated Transformer
e http://jalammar.github.io/illustrated-transformer/

* Getting meaning from text: self-attention step-by-step video

e https://peltarion.com/blog/data-science/self-attention-video
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Self-Attention
Each vector receives three representations (“roles”)
[ N4 : Query: vector from which
the attentionis looking

“Hey there, do you have this information?”

v : Key: vector at which the query
K looks to compute weights

“Hi, I have this information - give me a large weight!”

[] X = Value: their weighted sumis
v attention output

“Heres the information I have!”

Attention weights

kT
Attention(q, k,v) = softmax ( )v
SN/

from to

vector dimensionality of K, V

JUE0 0L

s
)
"""""""""

—>{000H—{0 00

9 BuAen KOTa Ha MaTe <eos>
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Self-Attention

output_attentions
Nx768

o

attention_probs
NxN

|

C Dropout )
p:i).l

( SoftMax )

|

Cl/sqrt(attention_head_sizeD

4®7Tra nspose

query key value
Nx768 Nx768 Nx768
Linear: W Linear: WX Linear: W"
(64 x 12 heads) (64 x 12 heads) (64 x 12 heads)
768x768+768 768x768+768 768x768+768
=590592 =590592 =590592
\ /O NG J

|

|

|

embedding_output
Nx768

BertSelfAttention

hidden_size = 768
num_attention_heads = 12
attention_head_size = 64

Attention(Q,K,V) =

= softmax (QKT) %
Vs
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Self-Attention

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

i)

KT
TokeH Q K 4 QKT QKT /\/d, softmax softmax (Qd )V sum
\ Ak
a 91 kq 21 q ki q.1k1/8 aiq a1V
uny k;, () Chkg Cllkg/B a2 A12V A
JOMOM ks | vs | qik3 q:1k3 /8 aq3 a13V3
T T QK"
Token | Q@ | K |V | QK QK" /\/dx softmax | softmax N vV | sum
k
A kq U1 CIzk{ Clzkf/8 azq a1V
uay q2 k;, () CIzkg q2k2T/8 azz Ar2V> )
AOMOM ks | vz | qok3 q2k3 /8 az3 Az3V3
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Self-Attention

https://huggingface.co/exbert

[CLS] [CLS]
The The
Law Law I I
will will
never never
be be
perfect perfect
but but
I its its
application application I
should should

be be I

[SEP] [SEP]
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https://huggingface.co/exbert

BertSelfOutput

BertPooler

—_—_— e e —— o

'BertLayer 1 \

! BertOutput \

\ Bertintermediate | |

\ BertAttention |

\ BertSelfOutput \

\ BertSelfAttention \

BertEmbeddings

BertTokenizer

BertEncoder

BertModel

Outputs of BertForSequenceClassification:

0: loss = dlassification (or regression if num_labels:

1: logits = classification (o regression if num_label
(before SoftMax)

2 (optional): hidden_states = BertModel hidden_states

3 (optional): attentions = BertModel.attentions

logits
num_labels

Linear
T68xnum_labels 768

Bropout
=01

Outputs of BertModel
0:last_hidden_state = output of BertLayer12 (Nx768)
1: pooler_output = output of BertPooler (768)

pooied_output
768

‘Activation (Tanh]
768

(including embedding)
3 (optional): attentions = attentions of al heads in alllayers
(12x12xNxN)

first_token_tensor (CLS)
768

hidden_states
768

Berttayer 12

outputs
[
BertLayerNorm
768

Dropout
p=0.1

BertOutput

Linear: Wi, by
307247684768
2360064

outpuL_ntermediate
w3072
‘Activation
{relu, gelu, swish, gelu_new)

Bertintermediate
L

a8, 1 1

output_self_attentions
768

BertLayerNorm
768

Dropout

p=0.1
BertSelfOutput
-l wr -

= Gorssih a3

output_attentions
Nx76s

BertAttention

BertSelfAttention

hidden_size - 768
num_attention_heads = 12
attention_head_sze = 64

[

BertEmbeddings
® hidden_size = 768
max_position_embeddings =512

Word_embeddings | (token_type_embeddings |  (‘position_embeddings.
vocab_size x 768 20768 5121768

Yo
o s |
" "

Tokenizer BertTokenizer
TokenID-
WordPiece tokens

2 (optional): hidden_states = outputs of all BertLayers (13xNx768)

Bertlayer 1

BertForsequenceClassification

BertModel
Dropout
UinearChssifier

BertPooler
BertModel
BertEncoder BertEmbeddings
erténcode BertEncoder
BERT base = 12 layers Bertpooler

BERT large = 24 ayers

Text
vocab_size 1 sentence or 2 sentences (N tokens)

https://huggingface.co/transformers/_modules/transfor

odeling_bert htm!



BertSelfOutput

output_self attentions
Nx768

LayerNorm
768

Dropout

N )
— _/

p=0.1

Linear: W°
768x768+768
=590592

output_attentions
Nx768

embedding_output
Nx768

BertSelfOutput

Multihead(Q,K,V) =
= Concat(heady, ..., head,)W?°

4 4
/0( Add & Normalize }
4 4
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Outputs of BertForSequenceClassification:

0: loss = dlassification (or regression if num_labels==1) loss

1: logits = classification (or regression if num _labels==1) scores
(before SoftMax) 7

2 (optional): hidden_states = BertModel hidden_states

3 (optional): attentions = BertModel.attentions

logits
num_labels

Linear
768unum_labels 768

Dropout
p=01

Bertintermediate
+ BertOutput

BertForSequenceClassification

Berthodel

LinearChssifier

Outputs of BertMode.

0:last_hidden_state = output of BertLayer12 (Nx768)

1: pooler_output = output of BertPooler (768)

2 (optional): hidden_states = outputs of all BertLayers (13xNx768)
(including embedding)

3 (optional): attentions = attentions of all heads in allayers
(12x12xNxN)

pooied_output
768

‘Actvation (Tanh]
768

Linear,
7687681768
= 59059
first_token_tensor (CLS)
768

idden_states

BertPooler

768

. ] e

BertPooler |

outputs
w768

BertLayerNorm
768

Dropout

BertOutput

Linear: Wi, by
6

output_intermediate
Wa072
‘Activation
(relu, gelu, swish, gelu_new)

Linear: Wi, b,
76813072+3072
62 368

'BertLayer 1

Bertintermediate

-

e B I

output_self_attentions

BertOutput

BertModel

BertEmbeddings
Berténcoder Berttmbedc)
BERT base = 12 layers. BertPooler
BERT large = 24 layers

BertLayerNorm
768

Dropout
p=0.1

BertModel

BertselfOutput Bertlayer 1

Bertintermediate BertEncoder

Linear: W"
76837684768
20592

BertAttention

SEntion_prabs

o BertAttention

BertSelfOutput

BertSelfAttention

hidden_size = 768
num_aitention_heads - 12
attention_head_size = 64

Atention(@..1) =
- ;(0;) v

BertSelfAttention

Linear: W'
(6412 heads)
76817684768

embedding_output
w768

Dropout
p=0.1

BertLayerNorm
768

Word_embeddings | (token_type_embeddings |  (‘position_embeddings.
vocab_size x 768 20768 51207

BertTokenizer ]

Vocabulary: Tokenizer
TokenID—
WordPiece tokens

BertEmbeddings

BertEmbeddings
hidden, s
max_position_embeddings = 512

-7

Text
vocab_size 1 sentence or 2 sentences (N tokens)

,
ttps://nuggingface.coftransformers/ _modules/transformers/modlgs ferifmStyinks berthtmi |



Bertintermediate
+ BertOutput

4 4
(-b( Add & Normalize }
) )

BertPooler

:BertLayer 1

BertOutput

Bertintermediate

BertAttention

BertSelfOutput

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
| BertSelfAttention
|

|

BertEmbeddings

BertTokenizer

BertEncoder

BertModel
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Bertintermediate + BertOutput

outputs
Nx768
- FFN(x) =
[ LayerNorm ]
768
= max(0,xW; + b )W, + b,
+
[ Dropout ] BertOutput
p=r-1 GELU — Gaussian-error linear unit
Linear: W,, b, 2.5+
L 3072x768+768 ] (Rs:'jj
=2 36|0 064 2.0
output_intermediate 1.5 A
Nx3072
| — 1.0 A
Activation
(gelu, relu, silu, gelu_new) 0.5 1
Linear: Wy, by Bertintermediate 0.0 =——=—0cr——">
768x3072+3072 T T T T T
=2362 368 -2 -1 0 1 2
output_self_attentions https://github.com/huggingface/trans‘formers/blob/main/src/
Nx768 transformers/activations.py
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BertPooler

'B_ertLayer 12

|B_ertLayer 1

BertOutput

BertIntermediate

BertAttention

BertSelfOutput

BertSelfAttention

el

BertEmbeddings

BertTokenizer

BertEncoder =
BertLayerl...BertLayerl12

BertEncoder

BertModel

logits
num_labels

Linear
768xnum_labels 768

Dropout
p=01

pooied_output
768

‘Actvation (Tanh]
768

Outputs of BertForSequenceClassification:
0: los:

1: logits = classification (or regression if num_labels
(before SoftMax)

2 (optional): hidden_states = BertModel hidden_states

3 (optional): attentions = BertModel.attentions

Outputs of BertModel
0:last_hidden_state = output of Bertlayer12 (Nx768)
oler_output = output of BertPooler (768)

1: pooler_o
2 (optional): hidden_states = outputs of all BertLayers (13xNx768)

(including embedding)
3 (optional): attentions = attentions of all heads in allayers

Linear (12x12xNxN)
Bertintermediate
BertSelfOutput Bertlayer 1
= omest(head.. . desd At

hidden_size = 768
num_aitention_heads
attention_head_siz

6

Attention(Q.K.V) =

- ,(

embedding_output
768

Dropout
p=0.1

BertLayerNorm
768

Word_embeddings ) (token_type_embeddings |  (‘position_embeddings.
vocab_size x 768 20768 5120768

attenti token_type | [ postion
mask s 1ds
N N N

Vocabulary:
TokenID—

WordPiece tokens

vocab,_size

Text
1 sentence or 2 sentences (N tokens)

BertEmbeddings
hidden_size - 768
max_position_embedcdings = 512

BertForSequenceClassification
Berthodel
Dropout
LinearChssifier

BertPooler
BertModel
BertEmbeddings
Berténcoder Berttmbedc)
BERT base = 12 layers. BertPooler

BERT large = 24 layers

,
ttps://huggingface.coftransformers/_modules/ransformécfydagiefb/ERyirfodeling_berthtm



BertEncoder = BertLayerl...BertLayerl2

first_token_tensor (CLS)
768

L. \

hidden_states
Nx768
I
BertLayer 12
. ‘/
4 A
BertLayer 2
- y
outputs
Nx768
4 N\
BertLayer 1
. J
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Outputs of BertForSequenceClassification:
0: loss = classification (or regression if num_label
1: logits = classification (or regression if num_label

Togits
num_labels

(before SoftMax) |
Linear 2 (optional): hidden_states = BertModel.hidden_states
768xnum_labels+768 3 (optional): attentions = BertModel.attentions
BertForSequenceClassification
Pt - LinearClassifier
Outputs of BertModel.
768 0: last_hidden_state = output of BertLayer12 (Nx768)
1: pooler_output = output of BertPooler (768) _ _
“Activation (Tanh) 2 (optional): hidden_states = outputs of all BertLayers (13xNx768)
768 (including embedding)
3 (optional): attentions = attentions of al heads in alllayers BertPooler
(12x12xNxN)
)
-
BertPooler (o) ] Serttayer12 |
‘Bertlaver 12 1 ] :
Bertlayer ‘ T
|
o = o)
7777777777777 - ]
}BertLayer 1 \
\ B}
| BertOutput \ =,
| | 362368 .
‘ } - &l BertModel
B t M d I 768 BertEncoder
! . \ BertEncod ertiviode — | S
\ Bertintermediate | | ericncoader
‘ ‘ BertselfOutput Bertlayer 1
! !
\ \ ]
\ BertAttention |
| !
[ BertSelfOutput \
\ BertSelfAttention [ um tton besc 12
\ ‘ Attention(Q,K,V) =
| | = softma (&) v
Linear: W Linear: W* Vi,
L ___ = , S| e
‘embedding_output B B B B
BertEmbeddings S T
BertEmbeddings
t . [wmfmbmmr\gs] [mkcn,lypc,cmbcﬂdmesj [pmmbmms}
BertTokenizer VoS 168 s Taxres i

Eiil

Vocsbulary: |
Token 1D~
WordPiece tokens

Tokenizer

Text
vocab_size 1sentence or 2 sentences (N tokens)

,
hitps://nuggingface.coftransformers/ _modulesftransformers/modelsdef () oftelmy g ntmi |



BertPooler

p°°|e‘;gg“tp“t Outputs of BertModel:
0: last_hidden_state = output of BertLayer12 (Nx768)
— | — 1: pooler_output = output of BertPooler (768)
[ ACt'Vat;OGr;(Tanh) ] 2 (optional): hidden_states = outputs of all BertLayers (13xNx768)
| (including embedding)
BertPooler 3 (optional): attentions = attentions of all heads in all layers
Linear
768x768+768 (12x12xNxN)
=590592 B
|
first_token_tensor (CLS)
768
T 9TOT cnon 06y‘~laeTCﬂ pewaTtb 3a4a4y
+h d; JLILILE, Next Sentence Prediction
idden_states
NX768 (B npouecce obyyeHna BERT)
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BertForSequenceClassification:
LinearClassifier

LinearClassifier

BertPooler

'BertLayer 1

BertOutput

BertModel

BertIntermediate BertEncoder

BertAttention

BertSelfOutput

BertSelfAttention

BertEmbeddings

BertTokenizer

Togits
num_labels

Linear
768xnum_labels+768

Dropout
p=01

Outputs of BertForSequenceClassification:
0: loss = classification (or regression if num_labels==1) loss.
1: logits = classification (or regression if num_labels=1) scores

2 (optional): hidden_states = BertModel.hidden_states
3 (optional): attentions = BertModel.attentions

BertForsequenceClassification

BertModel
Dropout
LinearClssifier

ooied_output
768

“Activation (Tanh]
768

Linear
768x768+768
0592
first_token_tensor (CL5]
758

Pidden_states

768

Bertlayer 12

outputs
768
BertLayerNorm
768

Dropout
p=01

72768768
2360064

output_ntermediate
w072
‘Actvation
(relu, gelu, swish, gelu_new)

SERTion probs
ot

embedding output
768

Oropout
pe0.1

BertlayerNorm
768

Outputs of BertModel

0: last_hidden_state = output of BertLayer12 (Nx768)

1: pooler_output = output of BertPooler (768)

2 (optional): hidden_states = outputs of all BertLayers (13xNx768)
(including embedding)

3 (optional): attentions = attentions of all heads in alllayers

(12x12xNxN)
] sentarerse
sertoutput
Bertintermediate
P
BertSelfOutput Bertlayer 1
sertattention
BertSelfAttention
[——
o snion pests =12
ity
Attention(Q.K.V) =
QKT
= cofomax(25)y
romer ()

Bertembeddings
hidden_size = 768
max_psition_embeddings = 512

word_embeddings ) ((token_type_embeddings
vocab,_size x 768 2768

N

2768

token_type | [ positor
input o o
N N

Vocabulary:
Token D

WordPiece tokens

vocab_size

Tokenizer

Text
1 sentence or 2sentences (N tokens)

‘bosition_embeddings
S512x7

} BertTokenizer

BertPooler

Berténcoder

BERT base = 12 layers
BERT large = 24 ayers

BertModel
BertEmbeddings
BertEncoder
BertPooler

https://huggingface.co/transformers/. meaunes/uans«it_&ﬁsﬂvmde\mg bert html



BertForSequenceClassification:
LinearClassifier

logits
num_labels

Linear
768xnum_labels+768

Dropout
p=0.1

pooled_output
768

BertForSequenceClassification

BertModel
Dropout
LinearClassifier

Outputs of BertForSequenceClassification:

0: loss = classification (or regression if num_labels==1) loss

1: logits = classification (or regression if num_labels==1) scores
(before SoftMax)

2 (optional): hidden_states = BertModel.hidden_states

3 (optional): attentions = BertModel.attentions
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Hugging Face: transformers

Main website:
e https://huggingface.co

Models:
e https://huggingface.co/models

Transformers:
e https://github.com/huggingface/transformers

Training and fine-tuning:
e https://huggingface.co/docs/transformers/training

BERT — documentation:
e https://huggingface.co/docs/transformers/model doc/bert

Source code:

e https://github.com/huggingface/transformers/blob/main/src/transformers/models/
bert/modeling bert.py
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Hugging Face: moaenwu

® PyccKoAsblYyHble mogenu (BKAtoYaa MHOroA3blYHbIe):
e https://huggingface.co/models?filter=ru

* Mopaenun DeepPavlov
e https://huggingface.co/DeepPavlov

* Moaenun Cbep
e https://huggingface.co/ai-forever

® CMm. AEMOHCTPALMOHHbIN HOYTOYK
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ROBERTa



ROBERTa

* Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du,
Mandar Joshi, Dangi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, Veselin Stoyanov. RoBERTa:

A Robustly Optimized BERT Pretraining Approach
 https://arxiv.org/abs/1907.11692
* Facebook Al*

e Paul G. Allen School of Computer Science & Engineering,
University of Washington, Seattle

* Facebook — opraHusauus, 3anpewéHHasn Ha Tepputopun PO


https://arxiv.org/abs/1907.11692

Bknapn,

* BocnpounsseaeHmne obyuyeHma BERT

e OUEHKA BANAHMA TMNepnapameTpoB 1 pa3mepa
Habopa AaHHbIX

* BERT 6b1n 3HaunTEeNbHO Heao0o0by4eH
e SOTA Ha GLUE, RACE n SQUAD



BbiBOAbI

* Tpebyetca bonee aantenobHoe obyyeHne mogenu
c 6onbwmmm batyamm M Ha Bonbluem obbeme AaHHbIX

* 3apa4y Next Sentence Prediction MOXHO MCKNOUYUTD

* Tpebyetcs obyyeHne Ha bonee AJIMHHDBIX
nocsieaoBaTe/IbHOCTAX

e [luHaMMYeCcKoe N3MEeHeHNe MACoK A5 oby4yatowmx
NAHHbIX — TOKEHbl MAaCKMPYIOTCA MNO-Pa3HOMY Ha
pa3Hbix anoxax (B BERT ogHOKpaTHO)



ObyyeHune (BERT — RoBERTa)

* Adam: DGX-1: 8 x 32GB Nvidia V100 GPUs
« B, =09 interconnected by InfiniBand
* f, =0.999 — 0.98
c e=10"°

Datasets: 3.3 mapa TOKeHOB,
* Weight decay L, = 0.01 16 TE — 160 TE

* Learning rate:
 warm-up steps: 10 000
e max = 107 (linearly decayed)

* Dropout: 0.1

 Activation function: GELU

e Pasmep 6atya: 256 (128 000 TokeHoB) — 8 000
* Konunyectso waros: 1 000 000 — 500 000

e Konmnyectso anox: 40 5/18



ToKeHu3auumAa

 BERT: WordPiece, 30 000 ToKeHOB

 RoBERTa: Byte-level BPE, 50 000 TokeHOB
* Kak B GPT-2 [Radford et al., 2019]

* Kogunpyetca ntoboe cnoBo Ha N10O6OM A3bIKe

* “Early experiments revealed only slight differences
between these encodings, with the Radford et al. (2019)
BPE achieving slightly worse end-task performance on
some tasks. Nevertheless, we believe the advantages of
a universal encoding scheme outweighs the minor
degradation in performance and use this encoding in the
remainder of our experiments.”



ToKeHu3auma

Ynpasnawwmm
CMMBO
UTF-8 UTF-8 (0080-00FF)
a |[—)| DOBO (= | 00DO 00 BO A || D090 || 00D0 0090
Unicode b ° +00 A2
Pes a o
yreTat D 0132
TOKeHWMn3auunuun
Unicode | D ]
CvmBon |____Unicode | UTF-8 CP-1251
Hex Dec Hex Dec " N4
B 0410 1040 D090 208144 192 PesynbTar DU
B 0411 1041 D091 208145 193 TOKeHN3aLMK
B 0412 1042 D092 208146 194
B 0430 1072 DOBO 208176 224
WG 0431 1073 DOB1 208177 225
B 0432 1074  DOB2 208178 226

https://symbl.cc/ru/0430/



https://symbl.cc/ru/0430/

GLUE Benchmark

* GLUE (General Language Understanding Evaluation)
benchmark — nnatpopma ana oueHKu cncrtem
MOHMMaHMA eCTECTBEHHOTO A3bIKa

e https://gluebenchmark.com
* SuperGLUE

e https://super.gluebenchmark.com
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GLUE Benchmark

The Corpus of Linguistic Acceptability (CoLA)
The Stanford Sentiment Treebank (SST-2)
Microsoft Research Paraphrase Corpus (MRPC)
Semantic Textual Similarity Benchmark (STS-B)
Quora Question Pairs (QQP)

MultiNLI Matched (MNLI-m)

MultiNLI Mismatched (MNLI-mm)

Question NLI (QNLI, SQUAD)

Recognizing Textual Entailment (RTE)

10. Winograd NLI (WNLI)

11. Diagnostics Main (AX)

L % N O U A~ L DhRE



GLUE Benchmark

Rank Name URL Score
1 Microsoft Alexander v-team Turing ULR v6 C}Jl 91.3
2 JDExplore d-team Vega v1 91.3
3 Microsoft Alexander v-team Turing NLR v5 C};' 91.2
4 DIRL Team DeBERTa + CLEVER 91.1
5 ERNIE Team - Baidu ERNIE 8 91.1
6 AliceMind & DIRL StructBERT + CLEVER 8 91.0
7 DeBERTa Team - Microsoft DeBERTa / TuringNLRv4 8 90.8
8 HFLIFLYTEK MacALBERT + DKM 90.7
9 PING-AN Omni-Sinitic ALBERT + DAAF + NAS 90.6
10 T5 Team - Google TS C};' 90.3




GLUE Benchmark

11 Microsoft D365 Al & MSR Al & GATECH MT-DNN-SMART O 89.9
12 Huawei Noah's Ark Lab NEZHA-Large 89.8
13 LG Al Research ANNA C};' 89.8
14 Zihang Dai Funnel-Transformer (Ensemble B10-10-10H1024) C}Jl 89.7
15 ELECTRA Team ELECTRA-Large + Standard Tricks C’J‘ 89.4
16 David Kim 2digit LANet 89.3
17 R DropAttack-RoBERTa-large 88.8
18 Microsoft D365 Al & UMD FreeLB-RoBERTa (ensemble) C’J‘ 88.4
19 Junjie Yang HIRE-RoBERTa C’J‘ 88.3
20 Shiwen Ni ELECTRA-large-M (bertd4keras) 88.3
21 Facebook Al C’J‘ 88.1




IInHamnyeckoe MmacKmpoBaHue

Masking SQuAD 2.0 MNLI-m SST-2

reference 76.3 84.3 92.8
Our reimplementation:

static 78.3 84.3 92.5
dynamic 78.7 84.0 92.9

Table 1: Comparison between static and dynamic
masking for BERTg,sg. We report F1 for SQuAD and
accuracy for MNLI-m and SST-2. Reported results are
medians over 5 random initializations (seeds). Refer-
ence results are from Yang et al. (2019).



ckntoueHmne NSP

Model SQuAD 1.1/2.0 MNLI-m SST-2 RACE
Our reimplementation (with NSP loss):

SEGMENT-PAIR 90.4/78.7 84.0 92.9 64.2
SENTENCE-PAIR 88.7/76.2 82.9 02.1 63.0
Our reimplementation (without NSP loss):

FULL-SENTENCES 90.4/79.1 84.7 92.5 64.8
DOC-SENTENCES . 90.6/79.7 84.7 092.7 65.6
BERTgAsE 88.5/76.3 84.3 02.8 64.3
XLNetgaseg (K=7) —/81.3 85.8 092.7 66. 1
XL Netgasg (K =6) —/81.0 85.6 03.4 66.7

Bes nepeceyeHunn rpaHuL, AOKYMEHTOB (MepemMeHHbIN pa3mep 6aTya)
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Pasmep 6atya U CKOPOCTb 0ByYeHUs

bsz steps Ir ppl MNLI-m SST-2

256 IM | le-4] 3.99 84.7 92.7
2K 125K | 7e-4 | 3.68 85.2 92.9
8K 31K | le-3) 3.77 84.6 92.8

Table 3: Perplexity on held-out training data (pp/) and
development set accuracy for base models trained over
BOOKCORPUS and WIKIPEDIA with varying batch
sizes (bsz). We tune the learning rate (/r) for each set-
ting. Models make the same number of passes over the
data (epochs) and have the same computational cost.
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Bonblue AgaHHbIX U AoNbLUEe 0byyeHune

SQuAD

Model data  bsz steps V1.1/2.0) MNLI-m SST-2
RoBERTa

with BOOKS + WIKI I6GB 8K 100K 93.6/87.3 89.0 95.3

+ additional data (§3.2) 160GB 8K 100K 94.0/87.7 89.3 95.6

+ pretrain longer [60GB 8K 300K 94.4/88.7 90.0 96.1

+ pretrain even longer [60GB 8K 500K 94.6/89.4 90.2 96.4
BERT srce

with BOOKS + WIKI I3GB 256 IM  90.9/81.8 86.6 93.7
XLNet; srcEe

with BOOKS + WIKI I13GB 256 IM  94.0/87.8 88.4 94.4

+ additional data [26GB 2K 500K 94.5/88.8 89.8 95.6

Table 4: Development set results for RoOBERTa as we pretrain over more data (16GB — 160GB of text) and pretrain
for longer (100K — 300K — 500K steps). Each row accumulates improvements from the rows above. ROBERTa
matches the architecture and training objective of BERT srge. Results for BERT sgge and XLNet szce are from
Devlin et al. (2019) and Yang et al. (2019), respectively. Complete results on all GLUE tasks can be found in the

Appendix. 15/18



Pe3ynbTaTtbl Ha GLUE

MNLI QNLI QQP RTE SST MRPC CoLA STS WNLI Avg
Single-task single models on dev
BERT | srGe 86.6/- 92.3 91.3 704 932 88.0 60.6  90.0 - -
XLNetparce 89.8/- 93.9 91.8 83.8 935.6 89.2 63.6 918 - -
RoBERTa 90.2/90.2 947 922 86.6 96.4 90.9 680 924 913 -
Ensembles on test (from leaderboard as of July 25, 2019)
ALICE 88.2/87.9  95.7 90.7 835 95.2 92.6 68.6 91.1 80.8  86.3
MT-DNN 87.9/87.4  96.0 89.9 86.3 96.5 92.7 68.4  91.1 89.0 87.6
XLNet 90.2/89.8  98.6 90.3 86.3 96.8 93.0 67.8 91.6 904 884
RoBERTa 90.8/90.2 98.9 90.2 88.2 96.7 92.3 67.8 922 89.0 88.5

Table 5: Results on GLUE. All results are based on a 24-layer architecture. BERT| \gge and XLNet; sgge results
are from Devlin et al. (2019) and Yang et al. (2019), respectively. RoBERTa results on the development set are a
median over five runs. RoBERTa results on the test set are ensembles of single-task models. For RTE, STS and
MRPC we finetune starting from the MNLI model instead of the baseline pretrained model. Averages are obtained

from the GLUE leaderboard.
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UTorosaa moaenb ROBERTa

* RoBERTa = Robustly optimized BERT approach
e lInHaMmMyecKkoe MmacKMpoBaHue

* Bxon — no npeanoxkenmam (Full Sentences)

* C BXOXAEHUEM NpeanoXeHnn n3 pasHbix
OKYMEHTOB

* bonbwowu pa3smep Hatya (8 000)
* Byte-level BPE (50 257 TokeHoOB)



Moaenwu

* RoBERTa-base — 12 cnoes, 110 mnH napameTpos
 https://huggingface.co/roberta-base

* RoBERTa-large — 24 cnos, 355 maH napameTpoB
* https://huggingface.co/roberta-large
* 1024 V100 - 1 peHb

* ruRoBERTa-large — 24 cnos, 355 mnH napameTtpos

* https://huggingface.co/ai-forever/ruRoberta-large
* https://habr.com/ru/companies/sberbank/articles/567776/
* 64 V100 — 3 Hepenu

Cm. HOYTOYK “ru_roberta.ipynb” 18/18
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GPT
— Generative Pre-trained
Transformer



NMnaH

A3blKOBble moaenu
GPT

GPT-2

GPT-3

ruGPT3

CTpaTternmm reHepaLmm TeKCTa
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A3bikoBble moaenu (1)

A3biKkoBaa mogenb (Language Model) — anroputm,

MOZENUPYIOLLNIA BEPOATHOCTHOE pacnpeaeneHue Haj,
Pa3/IMYHBbIMUN TUHTBUCTUYECKUMU eANHULLAMU
(cumBOIamu, cnoBamm, NpeaioxKeHUsaMy, ...)

[pumep: coBMecTHOe pacnpeaeneHne c/os

P(wy, ..., wy,)

4 from 60



A3biKoBble moaenu (2)

® OcHoBHas PYHKUMA A3bIKOBOM MOAENN — MOAENNPOBaHUE
BEPOATHOCTHOrO pacnpeaeneHus nocnegoBaTebHOCTEN:

0,14
0,12
0,1
o(w) 0,08
0,06
0,04
0,02
0 [
N & N 9@2\ fb’f & o
o < R\ Q Ny 3
&(JQ\ ! V) Q" (@) @? ‘2‘0 \ Q‘ \
X 3 Sl W 2 N\ &
) < " > &
A o N & O o
& ,\e}\ o & \3‘0’
6\9‘ ’bQ’rb \§ Q/@Z*
<
\QQ
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A3bikoBble moaenu (3)

B obwem cnyyae, ansa i-ro cnosa:

P(w;|context)
Mpeablaywmne cnos.a (left-to-right, autoregressive model, causal LM):
P(wilwi_g, ..., wi_1)
[1ByHanpaBneHHbIn KOHTEKCT (bidirectional, autoencoding model):
P(Wilwi_g, .., Wi_1, Wit1, Witg)

CoBmecTHOe pacnpeaeneHue (LenHoe npasu/io):

m
P(Wli ,Wm) — HP(Wi|W<i)
=1

6 from 60



flabikoBble moaenu (4)

S]Hnel(c KTO Npugyman

‘ I KTO NPUAYMan KOPOHaBUPYC
o g e KTO NPUAYMaN KOPOHaBUPYC U 3a4eM
KTO NpUAYMan NHTEpPHeT

KTO Npvayman KTO npugyMan tenedoH
KTO npuayMan dytéon
KTO Npuayman non Ut
KTO NnpugyMan andasuT
KTO NpuaymMan UHTepHeT

KTO NpUAyMan WKony — [natoH n ApucToTens
KTO npuayman 6acketoon puAy y P

KTO MpUayMan WKony KTO npuayman yto Tebs 9 He nbno
KTO Npuayman BOOKY KTO NpUAYMan JoMallHee 3a[aHue B LKoe
KTO npuayman waypMy KTO NpUAYyMan LoMallHee 3a4aHne

KTO npuaymarn neribMeHu
KTO npuayman TenedoH
KTO Nnpuayman AoMallHee 3agaHue

KTO Nnpuayman nuBo 7 from 60



A3bikoBble moaenu (5)

CTaTUCTMYECKMne A3bIKOBblE MOAENN
e N-rpammHble
e CKpbITble MAapPKOBCKUe moaenm
HelpoceTeBble f3bIKOBble MOAENN
* [TonHocBsA3Hble Hernybokue (word2vec, fastText)
e PekyppeHTHble (RNN, LSTM, GRU)
e Ha ocHoBe BHMMaHMA (Transformer, BERT, GPT)

8 from 60



A3bikoBble moaenu (6)

Semi-supervised Sequence Learning
context2Vec

Pre-trained seq2seq
—
ULMFiT ELMo
GPT
Multilingual Transformer  Bidirectional LM
) Larger model
[ More data
MultiFiT _
4 = Defense
Cross-lingual BERT GPT-2 >

Grover

Crossamodal

XLLM

UDity +Knowledge Graph
Y MT-DNN

Permutation LM
Transtormer-XL
More/data

MASS

Knowledge|distillation UnilLM
VideoBERT

MT-DNN 51
) KD - \.fiLB ERT . BART
Mord/data E.RNIE VisualBERT ERNIE (Baidu) PEGASUS
i (Isinghua) B2T2 BERT-w TS
S XLNet KnowBERT  Unicoder-VL “wwm

panBERT MoE

RoBERTa KEPLER LXMERT

VL-BERT Switch Transformer
UNITER

«Ynnua Cesam» 9 from 60



https://www.mentalfloss.com/article/576962/usps-releases-sesame-street-postage-stamps

A3bikoBble moaenu (7)

GCVIT — WiT . S";”"
ransiormer XML-RoBERTa
Trajectory
Transformer ALBERT RoBERTa
ERNIE
_____ Decision
) | Transformer DistilBERT
Minerva | —
i DQ-BART mMBART
Gato
BART GPT-Neo
Imagen —— BLOOM
PalLM
GPT DialogGPT
Vanilla
opher
GLaM TransformerXL GPTlnstruct
DALL-E2 Big Bird LAMDA Pagasus T
— urassic-
Chinchilla e
Diffusion T SeeKer XLNet MT-NLG L
Flamingo
L Wu Dao 2 "9
GLIDE Turing-NLG
ELECTRA Megatron

https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/ 10 from 60



https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/

A3bikoBble moaenu (8)

® Transfer Learning in NLP = Pre-Training and Fine-Tuning

=

Large Small
Text Corpus Annotated Data

Adaptati
o - B -0~

Pretrained Fine-tuned -
Language Model Model as
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A3bikoBble moaenu (9)

* Feature engineering — distributed representations
(character/subword/word/phrase/sentence/document embeddings)

A A Italy
Canada Spain ’,.
man walked ". ". 0‘
Turke 7 !
“\\\ woman _® .y " .’ Rome
*® Ottawa Madrid Germany
kin.\\‘\ @ swam A ‘?‘ Russia ,,'.
. e walking ® nkara [o) .’
queen o .x" Berlin
T ey I —— Moscow ‘T
/ / @ Atnam Qp
swimming @) China
e K
¢ o0
Tokyo »
Hanoi ‘
Beijing
Male-Female Verb Tense Country-Capital
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AsbikoBble moaenu (10)

80

Score of GLUE (%)
%) [=2] =~
o (=] (=]

i
[w]

w
o

20

(a) Evaluation on language understanding benchmark GLUE.

Han et al. — Pre-Trained Models: Past, Present and Future (arXiv)

75.1

GPT
(2018)

GLUE, SuperGLUE

90.3

BERT  Roberta ELECTRA  T5
(2018)  (2019)  (2020)  (2020)

DEBERTA
(2021)

~J
o

Interactive SSA (%)
w P %)) [=2]
(=] (=] (=] (==

N
o

Human (86.0) __ __ o
79.0
72.0
56.0 56.0
48.0
31.0
Xiaolce DialoGPT Cleverbot Mitsuku Meena (base) Meena

(2018)  (2018)  (2019)  (2020)  (2020)  (2021)

(b) Manual evaluation on dialogue systems.
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https://arxiv.org/abs/2106.07139
https://gluebenchmark.com/
https://super.gluebenchmark.com/

GPT-3: prompt engineering

Large-scale Large-scale High-Performance
Corpora Parameters Computing Cluster

) | |
\J \J v
World Knowledge Common Sense Logical Reasoning

L R i A e R R " L i R e i i T . L e i N e i .
Q: Who was president of the United States in 18017 : : Q: How many eyes does a giraffe have? : i+ Q: If I have a marble and a paper clip in a box, put a :
A:  Thomas Jefferson was president of the United ' v A: Agiraffe has two eyes. « 1 pencil in the box, and remove the marble, what is left? »
States in 1801. , : . * A- Apaper clip. 4
' » Q: How many legs does a frog have? T '

Q: What city is in the northwest corner of Ohio? ' + A Afrog has four legs. « ; Q: Iflhave two shoes in a box, put a pencil in the »
A: Toledo is in the northwest comer of Ohio. : ' . ' box, and remove one shoe, what is left? .
'« Q: Are there any animals with three legs? T« A Ashoe. 4

Q: Who won the World Series in 20217 ! ' A: No, there are no animals with three legs. ' ' '
A:  The MNew York Yankees won the World Seriesin = ' « 1+ Qo Iflputapencilin abox, then put another pencil  »
2021. v+ Q Whydon't animals have three legs? + « inthe box, what is in the box? :
' i A. Animals don't have three legs because they . VA Two pencils. .

Q: How many Super Bowls do the Cincinnati v} would fall over. P '
Bengals win in the 2030s? ' ' . * @ Then if I take out a pencil and put in a frog, what H
A:  The Cincinnati Bengals win two Super Bowls in ~ } ' 4« isinthe box? '
the 2030s. ' ' ' T A Afrog. '

e eeeeeeeaseecteenetesnecsnenssacansl teesesessesesesssecsssessencresssacet tressseessecssssssescsecssacsnsenneas  LATIOME0
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GPT

GPT = Generative Pre-trained Transformer (unn Generative Pre-Training)

Alec Radford, Karthik Narasimhan, Tim Salimans, llya Sutskever

(OpenAl). Improving Language Understanding by Generative
Pre-Training. 2018

e bnor: https://openai.com/blog/language-unsupervised (11.06.2018)
e CTaTbA: CCbI/IKA

e WNcxogHbln Koa: https://github.com/openai/finetune-transformer-Im

Apxutektypa — 12 6nokoB aekogmnposLmnka (decoder) Transformer
e Vaswani et al. (Google Brain) — Attention Is All You Need // NIPS, 2017
e The lllustrated Transformer (by Jay Alammar):

e OpuruHan: https://jalammar.github.io/illustrated-transformer/
« Mepesopa: https://habr.com/ru/post/486358/
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https://openai.com/blog/language-unsupervised
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://github.com/openai/finetune-transformer-lm
https://papers.nips.cc/paper/7181-attention-is-all-you-need.pdf
https://jalammar.github.io/illustrated-transformer/
https://habr.com/ru/post/486358/

Transformer — apxuteKkTypa

OUTF’UT[I am a student]

. !
ENCODER DECODER
.
4 4
p
ENCODER DECODER
.
4 4
p
ENCODER DECODER
.
4 4
p
ENCODER DECODER
.
4 4
p
ENCODER DECODER
.
4 [
-
ENCODER DECODER
.
\. A
|
INPUT | Je  suis étudiant
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Transformer — oanH 610K

ENCODER

L

Feed Forward

§

Self-Attention

t

DECODER
4 1 N
Feed Forward
\_ v,
F'
4 ™
Encoder-Decoder Attention
\_ v,
4 - ™
Masked Self-Attention
\_ v,

t
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GPT

DECODER 1

Feed Forward

4

A

Masked Self-Attention

t
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GPT

Text Task
Prediction | Classifier

Unsupervised pre-training:
- ‘\/’
1

L,(U) = z log P(u;|u;j—g, ..., Uj—1) — max,
[ Layer Norm
roe U = {uy, ..., u,} — Kopnyc TokeHOB $
Supervised fine-tuning: Feed Forward
3
L,(C) = z log P(y|xq, ..., X;) = Max, 12x =
(x,y) Layer Norm
roe C — pa3ameyeHHbIN AaTaceT, KaxKabli npumep $
KOTOPOro BK/tOYaeT:
Masked Multi
{x{, ..., X,y } — nOCNeAOBaTENBHOCTb BXOAHbIX TOKEHOB, Self Attention
Yy — MeTKa BXO[HbIX TOKEHOB

Utorosas uenesasa dyHKumaA (Ha stane fine-tuning):
L3(C) = L,(C) + AL, (C)

Text & Position Embed

20 from 60



BERT vs. GPT

* BERT — aByHanpaBaeHHaA moaenb
e 33pa4mnm Masked Language Modelling u Next Sentence Prediction
* GPT — moaenb, yumTbiBatoWwasa npeablaywmim KoHteKkct (left-to-right)
e 33aa4a Next Word Prediction (Causal Language Modelling)

/ blue \ / the sky is blue : [SEIN

© ©O O O

© O O O

QLS] the sky is [mask] : [SEy WLS] the sky is blue : /

BERT GPT

21 from 60



GPT — obyueHue

BooksCorpus — 7000 KHUT pa3Hbix KaHpos (5 ')
117 mnnnnoHos napameTtpos (117M)
30 pHen, 8 P600
CnoBapb: Byte Pair Encoding (BPE), 40,000 TokeHOB
e B BERT — WordPiece, HO pa3HuLpbl 601bLLION HET
MeTtoa ontumusaumm: Adam
Unsupervised pre-training:
e CKOpOCTb 06yyeHUa (MakcumanbHas): 2,5 - 1074
e Konunyectso snox: 100
e Pasmep b6atua: 64
Supervised fine-tuning:
e CKOPOCTb 06y4YeHun (MakcMmanbHas): 6,25 - 107>
e KoaunyecTtBo 3nox: 3

e Pasmep 6aTya: 32
22 from 60



GPT — 3apauu

Ons 9 3apa4 (Kopnycos) n3 12 nony4yeHsbl State-of-the-Art pe3ynbraThl

Classification Start Text Extract }» Transformer | Linear
Entailment Start Premise Delim | Hypothesis | Extract | Transformer (~ Linear
Start Text 1 Delim Text 2 Extract | > Transformer
Similarity - Linear
Start Text 2 Delim Text 1 Extract | - Transformer
Start Context Delim Answer 1 | Extract | Transformer (> Linear —
Multiple Choice | Start Context Delim Answer 2 | Extract | »| Transformer [ Linear
Start Context Delim Answer N | Extract | > Transformer > Linear
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GPT-2

* Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei,
llya Sutskever (Open Al). Language Models are Unsupervised
Multitask Learners. 2019

e Bnor: https://openai.com/blog/better-language-models (14.02.2019)

e CTaTbA: CCbI/IKA
e NcxoaHbin Koa: https://github.com/openai/gpt-2

e lemo Hugging Face: https://transformer.huggingface.co/doc/gpt2-large

e lemo AllenNLP: https://demo.allennlp.org/next-token-Im

® Tonbko 05.11.2019 Bbl1oXKKAKM nonHyto moaens (1.5B =1.5 mnpa)
o https://www.openai.com/blog/gpt-2-1-5b-release
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https://openai.com/blog/better-language-models
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://github.com/openai/gpt-2
https://transformer.huggingface.co/doc/gpt2-large
https://demo.allennlp.org/next-token-lm
https://www.openai.com/blog/gpt-2-1-5b-release

Pexxumbl obyueHuns (1)

® Fine-tuning:

1 sea otter => loutre de mer < example #1
\%
v
1 peppermint => menthe poivrée < example #2
\%
4
[ N N
v
1 plush giraffe => girafe peluche ° example #N
1 cheese == ¢ prompt

26 from 60



Pexxumbl 0byueHus (2)

* Few-shot learning:

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

27 from 60



Pexxumbl 0byueHus (3)

® One-shot learning:

Translate English to French: task description
sea otter => loutre de mer example

cheese => prompt

28 from 60



Pexxnmbl o0byueHusn (4)

® Zero-shot learning:

Translate English to French: task description

cheese => prompt

29 from 60



GPT-2

Unsupervised multitask learning
Zero-shot task transfer
Obyuatowmm kopnyc (WebText):
e Ccbinku c Reddit (npoBepKa nonb3oBaTenamm)

e Het cTtaten Bukmnegum
(4TOObI NCKNOYNTDL NEpeceYeHme C TeCTOBbIMU KOpnycamm)

e bonee 8 mnH gokymeHToB (40 'b)
e 10 Mb ppaHLy3CKMX TEKCTOB

256 cloud TPUs

* Bpems, AeTanun n CTOMMOCTb 0by4YeHUsA He pacKpbiBaeTcA

30 from 60



GPT-2 vs. GPT

Byte Pair Encoding (BPE) Hag 6aTamu, He Haa, cMMBOIAMU
Cnoapb: 50 257 TokeHoB (BmecTo 40 000)

Pa3smep Bxoaa: 1024 tokeHa (BmecTto 512)

Pasmep 6aTya: 512 (Bmecto 64)

Cnou Hopmanusauum nepemeLLeHbl Ha BXoA Kaxaoro 610Ka

[1ononHNTEeNbHbIN CAOW HOpManuns3aumm aobasneH nocne
nocnegHero 6,10Kka BHYTPEHHEro BHMMaHMUA

KonnyectBo napameTpoB yBesindyeHo (4 BapnaHTa moaenm)

31 from 60



GPT-2: BapnaHTbl moaenen

NMpumeyaHue

PasmepHocCTb
Konunyecrtso Konuyecrtso
CKpPbITbIX
napameTtpos cnoes <
COCTOSAHUU

117M 12 768

345M 24 1024

762M 36 1280

1542M 48 1600

AHanor GPT

AHanor BERT, e

GPT-2
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GPT-2: pe3ynbtaTtbl (zero-shot)

Language Modeling: nna 7 n3 8 patacetos yny4ylleHol
State-of-the-Art oueHkuH

Reading Comprehension: cootBetctByeT baselines (55 F1),
3HauyuTenbHo Huxe SOTA (BERT — 89 F1)

Summarization: no6asnann TL;DR: nocne TekcTa

* Ha ypoBHe Tpex Cay4anHbIX NpeaNoKeHNM
Translation: ppaHLYy3CKO-aHIMNUCKMK NepeBOA

e Ha yposHe npocTbiX unsupervised baselines
Question Answering: Ha ypoBHe NpocTbix baselines
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GPT-3

Tom Brown, Alec Radford, Ilya Sutskever et al. (31 coasTop).
Language Models are Few-Shot Learners. Man 2020

e Bepcua ctatbu Ha NeurlPS (25 cTp.): ccbinika (aekabpb 2020)
e Bepcua ctatbu Ha arXiv (75 cTp.): ccbinka (monb 2020)
e OpenAl API: https://openai.com/blog/openai-api

e 6 ueHToB 3a 1000 ToKeHoB (4 pybna 25 kon.)

e [laHHble: https://github.com/openai/gpt-3
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https://proceedings.neurips.cc/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://arxiv.org/pdf/2005.14165.pdf
https://openai.com/blog/openai-api
https://github.com/openai/gpt-3

GPT-3

ApxnteKkTypa — Kak B GPT-2, Kpome:
e pa3smep Bxoaa: 2048 TOKeHOB

* nepemerkarwmeca 610km ¢ naoTHbIM (dense)
N pa3peXeHHbIM (Ssparse) BHUMaHUEM

[aHHble ana obyyeHuna: 500 mnppg TokeHos, 560 b
e Common Crawl, WebText, Books, English Wikipedia
CTaTUCTUKA NO A3blKkam (No cnoBam) (ccbisika):

* AHIMUCKUN —92.7%
e ®paHuyscknm —1.8%
® Pycckmm —0.19%
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https://github.com/openai/gpt-3/tree/master/dataset_statistics

GPT-3

ObyueHune: knactep V100

CtoumocTb 0bydyeHna: 4.6 ... 12 MaH S

Yem 6onblie moaenb, Tem bosnblue pazmep batya

N MeHblle CKOPOCTb 0byyeHus

Model Name Nparams  Mayers  @Qmodel  Mheads  @dhead  Batch Size  Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 10~
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0 x 104
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 10™*
GPT-3 XL 1.3B 24 2048 24 128 IM 2.0x 1074
GPT-32.7B 2.7B 32 2560 32 80 IM 1.6 x 10~
GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2x 1074
GPT-3 13B 13.0B 4() 5140 40 128 2M 1.0x 1074
GPT-3 175B or “GPT-3" 175.0B 06 12288 96 128 3.2M 0.6 x 104
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Accuracy (%)

GPT-3

Zero-shot One-shot Few-shot

e
l L — —

...... - 175B Params

Natural Language

60 Prompt

50
40

30
= 13B Params
20

— -
—
-

10

— -
———
——

1.3B Params

- mmas T e

0 & e e ———————————
0 10’ 10
Number of Examples in Context (K)

— ————
——— o -

1
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GPT-3: 42 datasets

100 Aggregate Performance Across Benchmarks

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

Accuracy
(o))
(@)

N
o

20

3 =
0.1B 04B 0.8B 1.3B 2.6B 6.7B 13B 175B
Parameters in LM (Billions)
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GPT-3: pe3ynbraTthbl (1)

Language Modeling, Cloze, and Completion Tasks —2 ns 4
Closed Book Question Answering—1 13 3

Translation — 3 n3 6 (unsupervised SOTA)

Winograd-Style Tasks (kopedepeHuuns) — 6amn3Ko kK SOTA
Common Sense Reasoning—1 un3 4

Reading Comprehension—0 13 6

SuperGLUE — xy»xe SOTA (71.8 vs. 89.0) (ccbinka),
HO nyywe fine-tuned BERTLARGE

Natural Language Inference (NLI) — no4Ttn Kak cnyyamHoe
yragbiBaHue
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https://super.gluebenchmark.com/leaderboard

GPT-3: pe3ynbrathbl (2)

Synthetic and Qualitative Tasks:
Arithmetic

Word Scrambling and Manipulation Tasks
SAT Analogies

News Article Generation
Learning and Using Novel Words
Correcting English Grammar
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GPT-3: apudpmeTunka

Accuracy

100

80

60

40

20

e~ —
——— —
——————

0.1B 04B 08B 1.3B 26B 6.7B 13B 175B

Arithmetic (few-shot)

—e— Two Digit Addition

—e— Two Digit Subtraction

—e— Three Digit Addition

—e— Three Digit Subtraction

—e— Four Digit Addition

—e— Four Digit Subtraction

—e— Five Digit Addition

—e— Five Digit Subtraction /
—e— Two Digit Multiplication

—e— Single Digit Three Ops

Parameters in LM (Billions)
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GPT-3: reHepauusa cratem (1)

JKCNEPUMEHT: CMOKET 1N YeNIOBEK OT/INYNTbL, CTEHEPUPOBAHA CTaTbA NN
HanMcaHa YesI0BeKOM?

B3anu 25 ctaten ¢ canta https://www.newser.com

e CpegHAa ANMHA 3aro1I0BKOB M NoA3arosoBKoB — 215 cnos

Ecnuv ToNbKO 04HO NpeasioXKeHue B KayecTBe noackasku — GPT-3
BOCMPUHUMAET ero Kak TBUT U reHepupyeT oTBeT

e [loaToMy NpeaoCTaBNAN TPU CTAaTbU B KaYeCTBE KOHTEKCTa
CreHepupoBanu npoaoxeHua ana 25 craten
e PesynbtaT oTdopmaTmnpoBanu
e CpeaHAaa annHa tekcta — 200 cnos
Control — mogenb 160M 6e3 KOHTEKCTa
AHHOTaTOpbl — 80 amepunKaHLEB
CnyyanHoe yragbiBaHue: Accuracy = 50%
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https://www.newser.com/

GPT-3: reHepauusa cratem (2)

Mean accuracy

Control (deliberately bad model) 86%

GPT-3 Small 76% Average time spent trying to detect model generated news article
GPT-3 Medium 61% )

GPT-3 Large 68% -

GPT-3 XL 62% |
GPT-3 2.7B 62%

GPT-36.7B 60%

GPT-3 13B 55% 120

GPT-3 175B 52%

Duration (seconds)

110

le8 1e9 1lel0 lell
Number of parameters (log scale)
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GPT-3: pemo

Simon O'Regan — GPT-3: Demos, Use-cases, Implications
e CcblaKa

Awesome GPT-3

e CcblfIKa

21 OpenAl GPT-3 Demos and Examples to Convince You
that Al Threat is Real, oris it ?

e CcblfiKa

Demos of OpenAl's GPT-3 — GPT Crush
e Ccbl/Ka
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https://towardsdatascience.com/gpt-3-demos-use-cases-implications-77f86e540dc1
https://github.com/elyase/awesome-gpt3
https://machinelearningknowledge.ai/openai-gpt-3-demos-to-convince-you-that-ai-threat-is-real-or-is-it/
https://gptcrush.com/resources/

GPT-3: orpaHunyeHus

[Mpobnembl Npu reHepauumn TEKCTa:
o daKTUYecKune oWnbKu («ranntoumHaumum»)
® MOBTOPbI
® /IOFMYEeCKne HECTbIKOBKM
® HeTunuyHble ¢ppasbl
Mpobnembl ¢ «PU3MKOM 34PaBOro CMbICNAN:
e «If | put cheese into the fridge, will it melt?»
[Mhoxo cnpaBnAeTcs € 3a4a4amMu, rae HyXKHa ABYHANPaB/IEHHOCTb
e Jlormyeckas cBA3b NpPeAnorKeHUN
e OTBETbl Ha BOMPOChI MO NMOHMMAHUIO TEKCTA
Fine-tuning 6onble noaxoAuT AnA ABYHaNpPaB/ieHHbIX Moaene
HepnoctatoK HGopmaumum o peaibHOM Mupe (BUAeo, dusnyeckme AemncTems)
Bonbwoi 06vem MHGopmauum Bo Bpema npeaobyyeHuna (B oTaMume oT YenoBeKa)
[Mhoxaa MHTePNPeTUPYEMOCTb Pe3y/bTaToB

MpeaB3ATOCTb, OCHOBaHHAaA Ha 0by4YaloLWKMX AaHHbIX (NoAa, paca, peaurus, ...)
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GPT-3: aHanoru

® AHIUNCKUNA:

e GPT-J-6B — 6 mnpAa napameTpoB (ccbisika) — AOCTYNHO

e GPT-NeoX-20B — 20 mnpa napameTpoB (ccbisika) — AOCTYNHO

e Wu Dao 2.0—-1.75 Tp/aH, mynbTumoganbHana (Xabp) — HeaocTynHo
* Pycckuu:

e ruGPT3 (Cb6ep) (https://github.com/ai-forever/ru-gpts) — gocTynHo

e YaLM (Anpekc) (Xabpl, Xabp?2, banaboba) — goctynHo

* Kntamckmm:

e PanGu (https://arxiv.org/abs/2104.12369)
* ®paHUY3CKUN:

e PAGnol (https://lair.lighton.ai/pagnol)

* Kopeunckumn:
e HyperCLOVA (https://github.com/clovaai)
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https://6b.eleuther.ai/
https://blog.eleuther.ai/announcing-20b/
https://habr.com/ru/news/t/560854/
https://github.com/ai-forever/ru-gpts
https://habr.com/ru/company/yandex/blog/561924/
https://habr.com/ru/company/yandex/blog/672396/
https://yandex.ru/lab/yalm
https://arxiv.org/abs/2104.12369
https://lair.lighton.ai/pagnol
https://github.com/clovaai
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ruGPT3: moanenu

* Mogaenu:

ruGPT3XL — 1.3B (pa3pexeHHoe BHUMaHMe, sparse attention)
ruGPT3Large — 760M (pa3smep Bxoaa 2 048 TokeHOB)
ruGPT3Medium — 350M (pa3mep Bxoga 2 048 ToKkeHOB)
ruGPT3Small — 125M (pa3mep Bxoaa 2 048 TokeHOB)
ruGPT2Large — 774M (pa3smep Bxoaa 1 024 TokeHOB)

® CCbINIKMU:

https://github.com/ai-forever/ru-gpts

https://sbercloud.ru/ru/warp/gpt-3

https://habr.com/ru/company/sberbank/blog/524522/

https://huggingface.co/models?search=ai-forever

https://russiannlp.github.io/rugpt-demo/

® Russian SuperGLUE (ccbinika)
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https://github.com/ai-forever/ru-gpts
https://sbercloud.ru/ru/warp/gpt-3
https://habr.com/ru/company/sberbank/blog/524522/
https://huggingface.co/models?search=ai-forever
https://russiannlp.github.io/rugpt-demo/
https://russiansuperglue.com/

ruGPT3: obyueHue

Obyyarowmm Kopnyc:

e 600 I'b — Bukuneaus (ru, en), xyaorkectseHHaa nMTepaTypa, HOBOCTH,
Bonpocbi-oTBeThl, Pikabu, Hay4yHO-nonynapHble cTatbu, 6aHKK, github
n StackOverflow

e COOTHOLUEHME PYCCKOro N APYrnX A3bIKOB: I K 1

ObyyeHue:
e CynepkomnbtoTep Kpnctodpapw (ccbisika)
e 75 BbluncanTenbHbIX y3noB DGX-2 (B Kaxkagom no 16 kapTt NVidia V100)

° MNCNONb30BaJ/iCA He NMNOJIHOCTbIO
e Megatron (NVIDIA, ccblsika)
e DeepSpeed (Microsoft, ccbiika)
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https://sbercloud.ru/ru/christofari
https://github.com/NVIDIA/Megatron-LM
https://github.com/microsoft/DeepSpeed

NMnaH

* A3blKOoBble moaenm
* GPT

® GPT-2

® GPT-3

® ruGPT3

e CTpaTternm reHepaLmm TeKcTa
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CTtpaTterum reHepaLunm TEKCTa
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CTtpaTterum reHepaLunm TEKCTa

* Mownck no ny4y (Beam Search)
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CtpaTtervm reHepaLnmn TeKCTa

Beam Search Text is Less Surprising

| MW

Timestep Beam Search
[Holtzman et al., 2020] —— H UMan

R

Probability
i i
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O
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0
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https://arxiv.org/pdf/1904.09751.pdf

CTtpaTterum reHepaLunm TEKCTa

* CodpTmackc:
e’

* CemnnnpoBaHue

C TemnepaTypou:

Zj

eT
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CtpaTeruu reHepaLlunmn TeKCTa

0.5 0.5
0.4
CemnanpoBaHue: 0.3
0.1 0.2
1]
nice dog car drives is turns
» & L
The car drives
0.75
0.6
CemnanpoBaHue
0.23
c TemnepaTypoi < 1: 0.02 2.2 0.2
nice dog car woman guy house
[ L 2 - L 2
The nice house
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CTtpaTterum reHepaLunm TEKCTa

* Top-K cemnnnpoBaHue [Fan et al., 2018]

1.0

L Y wevi, . P(w|“The”) = 0.68
E Top-6

DDDDDDDDD

nice dog car woman guy man people big h

(w | “The” )

> wevVig,x L (w]“The”, “car”) = 0.99

K_JH

Top-6

P(w‘ CCThe” : Cﬁcar77)
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https://arxiv.org/pdf/1805.04833.pdf

CTtpaTterum reHepaLunm TEKCTa

* Top-p (nucleus) cemnanpoBaHue

1.0

> wevi,, P(w]“The”) = 0.94

_—
'zl N

ptop = 0.92

OQUDDDDDDDDD

nice dog car woman guy man people big house cat

P(w|“The”)

szVtop_p P(’LU‘ “The”, “C&I‘”) —0.97

drives is turns stops down a

P(’UJ‘ “The” , “C&I’”)

not the small told
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Pasmepbl moaeneun u patacetos
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Han et al. — Pre-Trained Models: Past, Present and Future (arXiv) 59 from €0


https://arxiv.org/abs/2106.07139

TonesHble CCbINKU rugpt3.ipynb

® NLP Course (by Lena Voita)
e https://lena-voita.github.io/nlp course.html

* Summary of the models (by Hugging Face)
e https://huggingface.co/transformers/model summary.html

® Must-Read Papers on Pre-trained Language Models (PLMs)
e https://github.com/thunlp/PLMpapers

* The lllustrated GPT-2 (by Jay Alammar)
e OpuruHan: https://jalammar.github.io/illustrated-gpt2
e [epesopa: https://habr.com/ru/post/490842

* ToKeHM3auua Ha noacnosa (AnekcaHap [bAKOHOB)

e https://dyakonov.org/2019/11/29/ToKkeHn3aumna-Ha-noacaosa-subword-
tokenization

* How to generate text using different decoding methods
e https://huggingface.co/blog/how-to-generate
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ChatGPT



[1nhaH

e ChatGPT
* [Mpnmepsl
* [locneacrteuna

* [lnanorosbie moaenu
* OpenAl InstructGPT
* DeepMind Sparrow

* 3aKayeHue
* Pacno3HaBaHue creHepmnpoBaHHbIX TEKCTOB
e OrpaHuyeHuna ChatGPT
* BbiBOAbI



f J Andrej Karpathy &
- @karpathy

The hottest new programming language is English

[lepeeectn TRUT

11:14 PM - 24 auB. 2023 1. - 1,9 MAH NPOCMOTPOB

2024 peteuta 278 TBUMTOB C UMTaTaMn 17,8 TbIC. OTMETOK «HpaBuUTCA»



[1nhaH

 ChatGPT
* [Mpnmepsl
* [locneacrteuna

* [lnanorosbie moaenu
* OpenAl InstructGPT
* DeepMind Sparrow

* 3aKayeHue
* Pacno3HaBaHue creHepmnpoBaHHbIX TEKCTOB
e OrpaHuyeHuna ChatGPT
* BbiBOAbI



ChatGPT

30 HoAb6pA 2022 r. — Open Al (John Schulman)
* https://openai.com/blog/chatgpt/

* QOcHoBa: GPT 3.5

* https://platform.openai.com/docs/model-index-for-researchers

* Reinforcement Learning from Human Feedback (RLHF)
— oby4yeHume c nogKkpensieHnem Ha ocHoBe 0H6paTHOM CBA3M OT Ye/I0BEKa

e ChatGPT u GPT 3.5 6b111 06y4eHbl Ha naatdopme Microsoft Azure Al

1,250,000 — Stylized Path To 1 Million Users* [# of days from launch]
1,000,000 ChatGPT @ Instagram Spotify :J
~5 days ~75 days ~150 days /
750,000 /
500,000
250,000

o J

# of days
0 25 50 _175 100 125 150


https://twitter.com/woj_zaremba/status/1599485829122252800
https://openai.com/blog/chatgpt/
https://platform.openai.com/docs/model-index-for-researchers

ChatGPT: npumepbl

* [omoraet nucatb BKP (ctyaeHT PITY Anekcanap azaaH)

* Ob6BACHAET CNIOXKHbIE MaTeEMATUYECKME NOHATUA
e [MpoxoaunTt Tectbl Ha |Q (83..147)
* CoYMHAEeT CTUXM

* [lnwert cueHapumn ang cepmnanos

 CocTtaBndaet ypaBHeHUA B LaTex

e Co3aaeT onncaHmsa ana Moaenemn, reHepupyoLwmnx n3obparkeHua no TeKcTy

* Pa3pabartbiBaeT Koz,
* HaxoauT olmnbKK B Koae

* [putBOpsAeTcA TepMmmnHasom Linux

N mHoroe gpyroe


https://www.kommersant.ru/doc/5798187
https://www.youtube.com/watch?v=XlsXunKqip0
https://lifearchitect.ai/iq-testing-ai/
https://twitter.com/SergeyI49013776/status/1598430479878856737
https://medium.com/@Pawel.Sierszen/structuring-creativity-poetry-generation-with-chatgpt-e7ffb4568196
https://twitter.com/bentossell/status/1598269724567052288
https://twitter.com/jdjkelly/status/1598021488795586561
https://twitter.com/GuyP/status/1598020781065527296
https://blog.bitsrc.io/i-asked-chat-gpt-to-build-a-to-do-app-have-we-finally-met-our-replacement-ad347ad74c51
https://twitter.com/_tks98/status/1598158101181784064
https://www.engraved.blog/building-a-virtual-machine-inside/
https://docs.google.com/presentation/d/17b_ocq-GL5lhV_bYSShzUgxL02mtWDoiw9xEroJ5m3Q/edit

ChatGPT: npumepbl

How do you do?

As an Al language model, | don't have emotions or physical sensations, but | am functioning
properly. How can | help you today?

Y10 Tbl 3HaewWwb 0 BaTckom rocyAapCcrBeHHOM YHW BEp‘-’IMTETE?

BAaTckni rocypapctBeHHbIV yHUBepcuTeT (BIY) apnaetca rocyaapcTBeHHbIM BbICLUMM
yuebHbIM 23aBegeHneM, pacrnonoxeHHbIM B ropoae Knpoe, Poccus. OH Bbin ocHOBaH B
Hauane 20-ro Beka u ABAAETCA OAHUM M3 BeAyLMX yHUBepcuTeTor B Poccun. BIY
npeanaraeT WWPOKMIA CNEKTP CreunanbHOCTEN M HayYHbIX HanpasBaeHWI, BKAKOUaA

eCTeCTBEHHbIE HayKW, TEXHW4YecKne JMCUUNMIWHBI, SKOHOMWKY K COUWNONOTMHD.



HPMBEAM AO0BOAbIl, NOYeMY 31'\9KTPOMO6H}'IM Nydwe 0BbIUHbIX aBTO.

1. 3konorusa: nekTPoMoOWIN He UCNYCKaKOT BpeAHble BEIBPOCHI, UTO yyULIaeT KauecTBo
BO34YXa W CHUKAET BAMAHUE Ha OKPY>KaIOLUYHO CPedy.

2. 3koHomMuA: CTOMMOCTb 3/IEKTPO3HEPIMM 3HAUUTENBHO HUXKE, UM CTOMMOCTb BeHzMHa,
UTO MO3BO/AET 3KOHOMUWTb Ha TOMMBE.

3. Huzkwnii ypoBeHs Wyma: INeKTPOMOBUAM NpakTMUecky He LWyMHbI, UTO AenaeT ux bonee
KOMOOPTHBEIMUN ANA BOXKAEHWUA V1 XKU3HW B pailoHe.

4. Ypobcreo: He Tpebyetca nocToAHHbIA 3amnpaBoyHbIA MyHKT, 3/1EKTROMOBUAN MOXHO
3apAxaTh JOMa, UTO YAOBHO 1 3KOHOMUT BpeMS.

5. TexHonormueckwii nporpecc: TexHonorusa anekTpomobunen pazBuBaeTcs, UTo NPUBOANT

K YAYYLWEeHNH UX BO3MOXHOCTEN 1 MPOU3BOAUTENBHOCTH.
MpuEean 40BOAEI 38 M NPOTUE ASTCKWX Narepeii.

Arguments for:

1. Socialization: Summer camps provide an opportunity for children to socialize with their
peers and make new friends.

2. Personal Growth: Children can develop independence, self-confidence, and leadership
skills through their experiences at summer camp.

3. Physical Activities: Summer camps offer a variety of physical activities that promote a
healthy lifestyle and help children develop motor skills.

4. Educational Opportunities: Many summer camps offer educational programs and

activities that can enhance children's knowledge and skills.
Arguments against:

1. Cost: Summer camps can be expensive, which may not be feasible for all families.

2. Separation Anxiety: Children may experience separation anxiety when away from their
parents for an extended period of time.

3. Health Concerns: Summer camps can expose children to health risks such as illness,
injury, or exposure to harmful substances.

4. Limited Availability: Summer camps may not be available in all areas, or may fill up

quickly, making it difficult for children to attend.



To be or not to be?

"To be or not to be" is a phrase from William Shakespeare's play Hamlet, and is often
referred to as the "soliloquy." It expresses the protagonist's (Hamlet's) internal conflict and
contemplation about life and death, and whether it is nobler to suffer the slings and arrows

of outrageous fortune or to take arms against a sea of troubles and by opposing, end them.

What is meaning of life?

The meaning of life is a philosophical and existential question that has been debated and
explored by scholars, religious figures, and individuals throughout history. It asks what the

purpose or significance of life is, and what it means to exist.

There are many different perspectives and beliefs about the meaning of life, and it can be
seen as subjective and personal to each individual. Some believe the meaning of life is to
seek happiness, others believe it is to fulfill a spiritual or religious purpose, while others see

it as finding one's own purpose through experiences and self-discovery.

Ultimately, the meaning of life may remain a mystery and may never be fully understood. It
can be seen as a deeply personal and subjective question, and may be shaped by a person's

beliefs, values, and experiences.



What do you know about the God?

As an Al language model, | have been trained on a diverse range of text, including
information about various religious beliefs and their gods. However, | do not have personal
beliefs or opinions. | can provide neutral and factual information about different concepts
and beliefs regarding a god or gods, but | cannot validate or refute any claims about the
existence or non-existence of a deity. It's important to note that beliefs about the nature and

existence of a god or gods are highly personal and can vary greatly across cultures and

individuals.

10



Do you know about Theseus' ship?

Yes, the "Theseus' ship” is a famous philosophical paradox. It goes as follows: If a ship sails
from one port to another and every plank in the ship is replaced over time, at what point

can the ship no longer be considered the same ship?

This paradox raises questions about identity, change, and the persistence of objects over
time. The paradox has been discussed and debated by philosophers for centuries and has no
single, definitive answer. Some philosophers argue that the ship remains the same as long as
it retains its essential properties, such as its shape, size, and function. Others argue that the

ship is completely replaced by the new planks and is no longer the same ship.

Regardless of one's viewpoint, the Theseus' ship paradox continues to be a popular topic of

discussion and exploration in philosophy and related fields.

What do you think about this paradox in relation to human brain?

The Theseus' ship paradox can be related to the human brain in terms of the idea of
personal identity and the relationship between the physical brain and the self. Just as the
identity of the ship is called into question with each replaced plank, the identity of a person

can be called into question with changes to the physical brain.

The idea that the brain is a physical object subject to change raises questions about the
nature of personal identity and the relationship between the brain and the self. Some
philosophers argue that personal identity is determined by the continuity of consciousness,
regardless of changes to the brain. Others argue that personal identity is determined by the
physical structure of the brain, so that changes to the brain would result in changes to

personal identity.

This paradox in relation to the human brain has been the subject of ongoing debate and
exploration in philosophy, neuroscience, and psychology, with no single, definitive answer. It
highlights the complex relationship between the physical and the psychological, and the

challenges of defining personal identity and the self.

11



What do you know about Donald Trump?

Donald John Trump is an American politician, businessman, and television personality. He

served as the 45th President of the United States from January 20, 2017, to January 20, 2021.

Before entering politics, Trump was a successful businessman and real estate developer, and
was well-known for his reality TV show "The Apprentice.” He was also known for his

controversial and outspoken persona, as well as his use of social media.

During his presidency, Trump implemented several policies, including tax cuts, deregulation,
and a focus on immigration control. He also pursued a controversial foreign policy, including
a temporary travel ban on citizens of several predominantly Muslim countries, and a strained

relationship with NATO allies.

Trump's presidency was marked by controversy, including allegations of collusion with
Russia during the 2016 election, and an impeachment trial in 2019 in relation to his actions
toward Ukraine. Despite these controversies, he maintained a strong base of supporters

throughout his presidency.

What do you think about Donald Trump?

As an Al language model developed by OpenAl, | don't have personal opinions or beliefs. |
am neutral and provide information to the best of my ability, based on the data and training
| have received. My aim is to provide factual and impartial information, and to assist with

answering questions to the best of my ability. 12



Who is stronger - an elephant or a whale?

It is difficult to compare the strength of an elephant and a whale, as they have different
types of strength. Elephants are known for their strength and power, with the ability to carry
heavy loads and move large objects. Whales, on the other hand, have immense size and

weight, which gives them great strength when it comes to swimming and diving.

In terms of sheer physical strength, it is likely that an elephant is stronger, but when it comes
to sheer mass and size, a whale would be stronger. Ultimately, the answer to the question of

who is stronger depends on what aspect of strength you are considering.

Kakaa TyaneTtHaa Oymara nyudile - ABYXCNOWHAA UMW TPEXCAOWHaA?

The choice between two-ply and three-ply toilet paper ultimately comes down to personal

preference.
Two-ply toilet paper is thinner and less absorbent, but it is also less expensive.
Three-ply toilet paper is thicker and more absorbent, but it is also more expensive.

Some people prefer the added comfort and softness of three-ply toilet paper, while others
prefer the lower cost and practicality of two-ply toilet paper. The choice ultimately depends

on the individual's budget and personal preference for comfort and absorbency.

13



Explain why a recessive trait can appear in the second generation.

A recessive trait can appear in the second generation when two carriers of the same
recessive gene mate and have children. Since both parents are carriers, they each have one
dominant allele and one recessive allele for the gene in question. During reproduction, each
parent contributes one allele to the offspring, which determines the traits the offspring will
express. If the two recessive alleles are passed down to the same offspring, the recessive

trait will be expressed as the dominant allele will not mask it.

What is the probability of that happening?

The probability of having a child express a recessive trait when two carriers mate is 25%. This
is because each parent has a 50% chance of passing down either their dominant allele or
their recessive allele to their offspring. The probability of both parents passing down their
recessive alleles to the same offspring is (1/2) * (1/2) = 1/4 or 25%. This means that in 25%

of the offspring from a mating between two carriers, the recessive trait will be expressed.

14



B kakunx yuenoBeueckmx knetkax Het JHK?

In human cells, there is DNA present in almost all cells with a nucleus (called eukaryotic
cells). This includes most of the cells in the human body, such as skin cells, blood cells, and

nerve cells.

However, there are a few types of human cells that do not have DNA. One example is
mature red blood cells, which have no nucleus and thus no DNA. Another example is human
sperm cells, which have a greatly reduced amount of DNA compared to other cells in the
body. Additionally, cells that have been chemically or mechanically disrupted may also lack

DNA.

15



[ae HaxoauTca Muctn-napk 8 Kupose?

Misty Park in Kirov is located in the city of Kirov, Russia.

When Elizabeth the Second died?

As of my training data cut-off in 2021, Queen Elizabeth Il is still alive.

16



Kakne npodeccnn noa yrpozoi ns-3a ncnonbzosaHna ChatGPT?

cnonbzoBaHwne TEXHONOTMIA Ha OCHOBE HEMPOHHbIX ceTeld, Takmx kak ChatGPT, moxet
NOBANATL Ha HEKOTOpPbIE Npodeccuy, Takne Kak TEXHMYECKMIA nrcaTesb, KOnMpantep nav
ornepatop KOAN-LeHTpa. T CMCTeMbl MOTYT BbIMONHATL 3aAauy, CBA3aHHbIe C HanNMcaHWeM
TEKCTOB M OTBETaMM Ha BONPOCkI, bbicTpee U addekTBHee, ueM uenorek. OgHaKo, 3TO He
O3HayaeT, uYTo 3TN Npodecc NONHOCTEH NcUe3HyT. Bce elle Hy>KHbI 1K0AW, KOTOPbIE MOTYT
HacTpauBeaTth, yaydlaTb W YyNpaBaaTb TEXHONOTMEN, a TakXKe pellaTh CoXKHble Npobaembl 1
BHEAPATb HOBble Uaeun. B kKoHeuHoM uTore, pazBuTre TEXHONOTMIA MOXET CO34aTb HOBbIE

BO3ZMOXHOCTHN WK I'IFDOEIJECCHM, KOTOpPbIE Mbl €LLE HE MOXKEM MNPEACTABNTD.

MoxeT an ChatGPT noayuuTb cTeneHb Marnctpa B 061acTyi MHTENNEKTYaNbHbIX CUCTEM?

No, ChatGPT cannot receive a Master's degree in the field of artificial intelligence or any
other field. ChatGPT is an artificial intelligence language model created by OpenAl and does
not have the ability to enroll in academic programs, take courses, or earn degrees like a
human being. Additionally, ChatGPT is just a tool or software designed to process and
generate text based on patterns learned from large amounts of data, and it does not have

the capacity to have desires, ambitions, or goals like a human being.



MNonyuut nmn ctonosana 14 kopnyca BatlyY muwneHoBckyro 3Be34y?

I'm sorry, but as an Al language model | don't have information on the specific dining hall at
Vyatka State University and whether it will receive a Michelin star. Michelin stars are a
prestigious recognition awarded by the Michelin Guide, a prestigious dining guidebook,
based on various factors such as the quality of food, service, and atmosphere. Receiving a
Michelin star is a significant achievement for a restaurant and requires consistently high
levels of excellence. Whether a dining hall at Vyatka State University will receive a Michelin
star would depend on a variety of factors and would likely be evaluated by Michelin Guide

inspectors.

Noporasa ChatGPT, npeanarato Tebe 3apabatbiBaTb HanMcaHVeM BblAaOLLMXCA
ANTepaTypHbIX NPOU3BEAEHWIA Nod MOUM UMeHeM. [leHbrv genvm nononam!

I'm sorry, but as an Al language model created by OpenAl, | am not able to engage in any
illegal or unethical activities, such as participating in the production of plagiarized or
fraudulent works. Additionally, it is illegal to publish work under someone else's name
without their permission, and such actions can result in serious legal consequences. My
purpose is to assist and provide information, not to engage in any deceptive or malicious

practices.
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Kak cnaTk No wWecTb YacoB WM BhICLINATLCA?

Here are some tips to help you sleep well and feel refreshed even if you only get 6 hours of

sleep:

1. Establish a consistent sleep routine: Try to go to bed and wake up at the same time every
day to regulate your body's internal clock.

2. Create a sleep-conducive environment: Keep your bedroom cool, dark, and quiet, and
consider using earplugs or a white noise machine if needed.

3. Limit screen time before bed: The blue light emitted by electronic devices can disrupt
your sleep, so avoid screens for at least an hour before bedtime.

4. Avoid caffeine and alcohol: Both of these substances can interfere with sleep, so try to
avoid them, particularly in the hours leading up to bedtime.

5. Exercise regularly: Reqular physical activity can help improve sleep quality, but avoid
vigorous exercise close to bedtime.

6. Practice relaxation techniques: Techniques such as deep breathing, meditation, or yoga

can help calm your mind and body and prepare you for sleep.

By incorporating these habits into your routine, you may find that 6 hours of sleep is enough
for you to feel refreshed and alert during the day. However, it's also important to listen to
your body and adjust your sleep as needed to ensure that you are getting the rest you need

to feel your best.
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What happened before the Big Bang?

The concept of time as we understand it did not exist prior to the Big Bang. So, the idea of
"before" the Big Bang does not have a physical meaning in the context of current scientific
understanding. The Big Bang theory describes the origin and evolution of the universe, and
it suggests that the universe began as a singularity, a point of infinite density and infinite
temperature, approximately 13.8 billion years ago. Before the Big Bang, there was no space,
time, or matter as we understand them. The nature of the universe and its origins prior to

the Big Bang remain a mystery and a subject of ongoing scientific investigation.

Who will win the Champions League in the 2022-2023 season?

As a language model, | do not have the ability to predict future events. The winner of the
Champions League in the 2022-2023 season will depend on various factors such as the
performance of the teams, player form, injuries, and other circumstances that cannot be
predicted. The Champions League is a highly competitive tournament, and any team has the
potential to win on any given day. The outcome of the tournament will only be known after

it has been played.

20



Tell the horoscope for the next week for Taurus.

I'm sorry, but as an Al language model, | don't have the ability to predict horoscopes or
make specific predictions about individuals' futures. Astrology is not a scientifically
recognized field, and the accuracy of horoscopes has not been consistently proven. It's
important to remember that astrology is meant to be used as a form of entertainment and
self-reflection, rather than a basis for important decisions or a substitute for professional

advice.

Do you believe in homeopathy?

As an Al language model, | do not have personal beliefs or opinions.

Homeopathy is a complementary or alternative medical practice that is based on the
principle of "like cures like." The idea is that substances that cause symptoms when taken in
large doses can be diluted and used to treat those same symptoms when taken in smaller
amounts. However, the scientific evidence for the efficacy of homeopathy is limited and its
principles are at odds with established laws of physics and chemistry. The vast majority of
scientific studies and expert opinion conclude that homeopathy is not an effective form of
treatment for any medical condition, and its use is not recommended. It is always best to

consult a licensed healthcare professional for advice on medical treatment. =



Prove or disprove the Birch-Swinnerton-Dyer conjecture.

The Birch and Swinnerton-Dyer conjecture is a widely studied and famous unsolved problem
in number theory, and it remains unproven as of my training data cut-off in 2021. The
conjecture states that the rank of the Mordell-Weil group of the Jacobian variety of a given
elliptic curve is related to the behavior of the L-function associated with the curve at its
critical points. Despite much effort, a general proof or counterexample has not been found,
and the Birch and Swinnerton-Dyer conjecture remains one of the most important open

problems in mathematics.

https://ru.wikipedia.org/wiki/Tunotesa Gépya — CBuHHepTOH-Lalnepa 22



https://ru.wikipedia.org/wiki/Гипотеза_Бёрча_—_Свиннертон-Дайера

What is the number of legs of the spider in the third degree?

Spiders typically have eight legs. I'm not sure what you mean by “the third degree.” If you

could provide more context or clarification, I'll do my best to help answer your question.

"the third degree" means to raise the number to the third power

In that case, the number of legs of a spider raised to the third degree would be 873 = 512.
However, this answer is not relevant to reality, as spiders have a fixed number of legs and it

doesn't make sense to raise that number to a power.
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Kak pelinTb KBagpaTHOE ypaBHeHue?

A quadratic equation can be solved using the quadratic formula:
X = (-b + V(b"2 - 4ac)) / (2a)

where x is the unknown variable, a, b, and c are coefficients, and + represents the two

solutions (positive and negative square root).

A ecnun JUCKPUMUHAHT OTpUUaTeNbHbIN?

If the discriminant (b2 - 4ac) is negative, then the solutions to the quadratic equation are
complex and not real numbers. In other words, there are no real solutions to the equation in

that case. The solutions can be expressed in terms of complex numbers.
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= - math
Hanuww Ha Python nporpammy peleHua KBaapaTHoro import math

YPaBHEHWA, ECNW KO3QOUUWEHTEI BEOAATCA C KAaBWaTYPhL.
print(

float{input(

float{input(

float{input(

Here's a Python program to solve a quadratic equation, with the
b## _ *a*c

coefficients entered from the keyboard:
ro>
num_roots =
¥1 = (((-b) + math.sgrt{r))/(2*a))
x2 = (((-b) - math.sgrt{r))/(2*a))
primt( A (x1, x2))
elif r =
num_roots =
x =(-b) / 2*a
primt(

num_roots =
primt(

exit()

equation = (a*x1%*x1) C

print( equation)

equation = (a*x2%*x2) C

print( ' equation)




= - ..I_.t .
Thl MCMOAb3YELL NPY BbIBOAE B KOHLLE X1 1 X2, KOTOpbIe He import math

onpeaeneHsbl, eCIM KOPHER He ABa.
print(

float({input(
float({input(
float({input(

You are correct. If the number of roots is not equal to 2, the .
h*%*2 - g%g%e

values of *x1* and “x2" will not be defined and the program will
raise an error. To fix this, we can wrap the code for printing *x1* ro>

and “x2" in an “if" block that checks if the number of roots is num_roots =

¥1 = (((-b) + math_sgrt{r))/(2*a))

¥2 = (((-b) - math_.sgrt{r))/(2*a))

print( A (, x2))

elif r ==

equal to 2:

num_roots =
x =({-b) / 2*a

print(

num_roots =
print(

exit()

num_roots ==
equation = (a*x1*x1) + C
print( ; equation)

equation = (a*x2*x2) C

print( » equation)




A ecnv 0AWH KOpeHb?
print(

float(input(

float(input(

float(input(

If there is only one root, the values of *x1™ and *x2" are not

b**2 - A*z¥c

defined, and an error will occur if they are used. To handle this

case, we can wrap the code for printing *x1* and “x2" in an “if" ro>
block that checks the number of roots. If the number of roots is num_roots =

: - _ . ®¥1 = (((-b) + math.sqrt(r))/(2*a))
equal to 1, we can print the value of *x*, which is the only root in ) ) e )
x2 = (({-b) - math.sqrt(r))/(2*a))

this case: print( % (x1, x2))
r ==

num_roots =

®x = (-b) f 2*a

print(

num_roots =

print(

exit()

num_roots ==
equation = (a*x1*x1) + (b*x1) + c
print( ., X1, » equation)
equation = (a*x2*x2) + (b¥x2) + ¢
print( . X2, » equation)
num_root
equation (b*x) + ¢

print( X » equation)




3auem ABaXAbl NPOBEPATL YCAOBWE Ha KONWMUYECTEO KOPHER? import math
MoxHo cpasy BbIBOAWTL OTBET.
print(
a = float(input(
b = float(input(
€ = float(input(
You're correct, it's not necessary to check the number of roots pers _ axare
twice. We can simplify the code by removing the check for the
number of roots and directly printing the result based on the r s o
value of “r™: x1 = (((-b) + math.sqrt(r))/(2*a))
¥2 = ((({-b) - math.sgrt{r))/(2*a))
print( A (21, x2))
equationl = (a*x1*x1) + (b*x1) + ¢
print( » X1, » equationl)
equation2 = (a*x2*x2) + (b*x2) + ¢
print( » X2, » equation2)
elif r ==

x = (-b) / 2*a

print( s X)

equation = {a*x*x) + (b*x) + c

print( » X, . equation)

print(

exit()




i import math
A nporpamma Byaet pabotate, ecnm a = 07

print(

a = Tloat(input(
= float({input(
= float({input(

Mo, the program will not work properly if *a* is equal to 0, as it

would result in division by 0 in the following line:

] Copy code

({(-b) + math (r))/(2*a))
(((-b) - math (r))/(2*a))

x1 = (((-b) + math.sqrt(r))/(2*a))
x2 = (((-b) - math.sqrt(r))/(2*a))
To handle this edge case, you can add an additional check for *a® print(

3 . . ) . equationl {a*x1*x1) + (b*x1) + c
being equal to 0, and if it is, the equation will reduce to a linear

% (x1, x2))

print( » x1, » equationl)

equation, which can be solved using the formula *x = -c/b". equation2 = (a*x2*x2) + (b*x2) + ¢

print( » X2, » equation2)
Here's the updated code: elif r =

¥ = (-b) / 2*a

print( s X)

equation = (a*x*x) + (b*x) + c

print( s My » equation)

print(

exit()




ChatGPT: nocnheactsus

ChatGPT 3anpeuiator:

* YHUBEPCUTETDI

¢ LWWKOJ1bl

* Hay4Hble }KypHabl (B Ka4ecTBe cOaBTOpPOB)
e StackOverflow

Microsoft BHeapaeTt ChatGPT B nonckosyto cuctemy Bing

Google pa3pabartbiBaeT yaT-60Ta Bard (Ha ocHoBe LaMDA)
Yandex co3agaet YaLM 2.0
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https://www.schengenvisainfo.com/news/top-french-university-bans-chatgpt-use-to-prevent-plagiarism-amongst-students/
https://www.nbcnews.com/tech/tech-news/new-york-city-public-schools-ban-chatgpt-devices-networks-rcna64446
https://www.nature.com/articles/d41586-023-00191-1
https://www.science.org/doi/10.1126/science.adg7879
https://meta.stackoverflow.com/questions/421831/temporary-policy-chatgpt-is-banned
https://3dnews.ru/1081582/poiskovik-microsoft-bing-so-vstroennim-iibotom-chatgpt-stal-dostupen-obichnim-polzovatelyam
https://www.blog.google/technology/ai/bard-google-ai-search-updates/
https://iz.ru/1462961/irina-tcyruleva/naidetsia-chto-iandeks-zapustit-dlia-poiskovika-sverkhsovremennuiu-neiroset

[1nhaH

e ChatGPT
* [Mpnmepsl
* [locneacrteuna

 Nnanorosble mogenu
* OpenAl InstructGPT
* DeepMind Sparrow

* 3aKayeHue
* Pacno3HaBaHue creHepmnpoBaHHbIX TEKCTOB
e OrpaHuyeHuna ChatGPT
* BbiBOAbI
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https://lifearchitect.ai/timeline/

[lnanorosblie moaenu
m

OpenAl 175B 22.07.2020
LaMDA Google 137B 18.05.2021
Codex OpenAl 12B 14.07.2021
RETRO DeepMind 7B 08.12.2021
Chinchilla DeepMind 70B 08.12.2021
WebGPT OpenAl 175B 16.12.2021
InstructGPT OpenAl 175B 27.01.2022
SeeKeR 2.7B 24.03.2022
Godel Microsoft 175B 22.06.2022
BlenderBot3 175B 09.08.2022
Sparrow DeepMind 70B 28.09.2022
Galactica 120B 16.11.2022
ChatGPT OpenAl 175B 30.11.2022

RL-CAl Anthropic 52B 15.12.2022 32


https://arxiv.org/abs/2005.14165
https://blog.google/technology/ai/lamda/
https://openai.com/blog/openai-codex/
https://www.deepmind.com/publications/improving-language-models-by-retrieving-from-trillions-of-tokens
https://www.deepmind.com/blog/language-modelling-at-scale-gopher-ethical-considerations-and-retrieval
https://openai.com/blog/webgpt/
https://openai.com/blog/instruction-following/
https://parl.ai/projects/seeker/
https://www.microsoft.com/en-us/research/project/godel/
https://ai.facebook.com/blog/blenderbot-3-a-175b-parameter-publicly-available-chatbot-that-improves-its-skills-and-safety-over-time/
https://www.deepmind.com/blog/building-safer-dialogue-agents
https://galactica.org/
https://openai.com/blog/chatgpt/
https://arxiv.org/abs/2212.08073
https://lifearchitect.ai/timeline/

https://lifearchitect.ai/timeline/

[lnanorosblie moaenu
m

OpenAl 175B 22.07.2020

LaMDA Google 137B 18.05.2021
Codex OpenAl 128 14.07.2021
RETRO DeepMind 78 08.12.2021
Chinchilla DeepMind 70B 08.12.2021
WebGPT OpenAl 175B 16.12.2021
[ InstructGpT | OpenAl 1758 27.01.2022
SeekeR 2.7B 24.03.2022
Godel Microsoft 175B 22.06.2022
BlenderBot3 175B 09.08.2022
[ sparrow | DeepMind 708 28.09.2022
Galactica 120B 16.11.2022
[chatGpT | OpenAl 1758 30.11.2022
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https://www.deepmind.com/publications/improving-language-models-by-retrieving-from-trillions-of-tokens
https://www.deepmind.com/blog/language-modelling-at-scale-gopher-ethical-considerations-and-retrieval
https://openai.com/blog/webgpt/
https://openai.com/blog/instruction-following/
https://parl.ai/projects/seeker/
https://www.microsoft.com/en-us/research/project/godel/
https://ai.facebook.com/blog/blenderbot-3-a-175b-parameter-publicly-available-chatbot-that-improves-its-skills-and-safety-over-time/
https://www.deepmind.com/blog/building-safer-dialogue-agents
https://galactica.org/
https://openai.com/blog/chatgpt/
https://arxiv.org/abs/2212.08073
https://lifearchitect.ai/timeline/

Ilnanorosbie moaenu

LANGUAGE MODEL SIZES TO MAR/2023
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InstructGPT

Ouyang Long et al. (20 authors) Training language models to follow
instructions with human feedback // arXiv:2203.02155 (68 p.)

* InstructGPT (sHBapb 2022)

TpeboBaHMA K moaenu:

* none3HocTb (helpful) — cnocobHOCTbL pelaTb
No/Ab30BaTeNbCKME 33434M

* yecTtHOCTb (honest) — oTcyTcTBME 0H6MaHa
* be3BpegHocTb (harmless) — HecnocobHOCTb NPUYMHATL Bpea

MeTtoga: aligning language models with user intent
Mopenn: 1.3B, 6B, 175B (GPT-3)


https://arxiv.org/abs/2203.02155
https://openai.com/blog/instruction-following/

Reinforcement Learning
from Human Feedback (RLHF)

Step1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used to
fine-tune GPT-3.5
with supervised
learning.

~
&

Explain reinforcement

learning to a 6 year old.

.

®

V4

We give treats and

punishments to teach...

;

SFT
9. 90

LRI

=Y

4
BEE

InstructGPT, ChatGPT

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
totrain our
reward model.

'

w
Explain reinforcement
learning to a 6 year old.

In reinforcement Explain reward:
learning. the
agent Is..
In maching We give treat: d
|||||| .. punishments to
teach..
- J

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new promptis
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

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 otters.
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https://openai.com/blog/instruction-following/
https://openai.com/blog/chatgpt/

[laTacet

3anpocbl nonb3oBatenen nHTepdenca Playground

CI'IELI,ME:U'IbHO noAarotToB/s1eHHble aHHOTATOPAMMU 3alpPOChbI.
* 3anpocbl 4na NPon3BOJIbHOM 3a4au4M
* 3anpocbl C MHCTPYKLUMNEN U OTBETAMMU
* 3anpocbl Ha OCHOBe 3aaa4 nonb3oBatenen OpenAl API

[laTaceTbl NS pa3HbIX 3Tanos obyyeHuUA:
e SFT (Supervised Fine-Tuning) — 12 725 train /1 653 valid
* RM (Reward Model) — 33 207 train / 17 887 valid
* PPO (Proximal Policy Optimization) — 31 144 train / 16 185 valid

AHININNCKUN — 96%


https://platform.openai.com/playground

[laTacet

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%

Use-case Prompt

Brainstorming List five ideas for how to regain enthusiasm for my
career

Generation Write a short story where a bear goes to the beach,
makes friends with a seal, and then returns home.

Rewrite This is the summary of a Broadway play:

mmn

{summary}

man

This is the outline of the commercial for that play:

mn
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AHHOTaTOpbI

* 40 aHHOTATOPOB, NpoLleaLnx

otbop (Upwork u ScaleAl)
* NHcTpyKums (16 cTp.)

What gender do you identify as?

Male 50.0%
Female 44.4%
Nonbinary / other 5.6%
What ethnicities do you identify as?
White / Caucasian 31.6%
Southeast Asian 52.6%
Indigenous / Native American / Alaskan Native 0.0%
East Asian 5.3%
Middle Eastern 0.0%
Latinx 15.8%
Black / of African descent 10.5%
What is your nationality?
Filipino 22%
Bangladeshi 22%
American 17%
Albanian 5%
Brazilian 5%
Canadian 3%
Colombian 3%
Indian 5%
Uruguayan 5%
Zimbabwean 3%
What is your age?
18-24 26.3%
25-34 47.4%
35-44 10.5%
45-54 10.5%
35-64 5.3%
b5+ 0%
What is your highest attained level of education?
Less than high school degree 0%
High school degree 10.5%
Undergraduate degree 532.6%
Master's degree 36.8%
Doctorate degree 0%
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https://docs.google.com/document/d/1MJCqDNjzD04UbcnVZ-LmeXJ04-TKEICDAepXyMCBUb8/edit

Supervised Fine-Tuning

175B, 6B, 1.3B — 16 anox

Step1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used to
fine-tune GPT-3.5
with supervised
learning.

~
&

Explain reinforcement

learning to a 6 year old.

We give treats and

punishments to teach...

;

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
totrain our
reward model.

Fan

o/
Explain reinforcement
learning to a € year old.

In reinforcement Explain reward:
learning. the
agent Is..
In maching We give treat: d
|||||| .. punishments to
teach..
e J

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new promptis
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

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 otters.

/

PPO
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Reward Model

Step1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used to
fine-tune GPT-3.5
with supervised
learning.

“u
,

Explain reinforcement

learning to a 6 year old.

We give treats and

punishments to teach...

;

Mopenb 6B — 1 anoxa
(perpeccus)

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
totrain our
reward model.

Fan
o/
Explain reinforcement

learning to a € year old.

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new promptis
sampled from
the dataset.

The PPO model is
initialized from the
supervised policy.

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 otters.

/

PPO
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PaHXXnpoBaHWe OTBETOB Moaenu

Summarize the following news article

To be ranked

A team of researchers from
Yale University and University
of California, Davis studied the
vocalization patterns of several
different types of parrots. They
found that parrots like to mimic
human speech, and can produce
a wide range of sounds, such as
whistles, squawks, and other
types of vocalizations...

Rank 1 (best)

A research group in the
United States has found that
parrots can imitate human
speech with ease, and some of
them can even do so in the same
way as humans. This group
studied the sounds that parrots
make in their natural habitats
and found that they use their
tongues and beaks in ways that

are strikingly...

Parrots have been found to
have the ability to understand
numbers. Researchers have
found that parrots can
understand numbers up to six. In
a series of experiments, the
parrots were able to identify the
amount of food items under a
number of cups...

Rank 2

Rank 3

Scientists have found that
green-winged parrots can tell
the difference between two
noises that are the same except
for the order in which they are
heard. This is important because
green-winged parrots are known
to imitate sounds, This research
shows that they are able to
understand the difference
between sounds.

Current research suggests
that parrots see and hear things
in a different way than humans
do. While humans see a rainbow
of colors, parrots only see shades
of red and green. Parrots can
also see ultraviolet light, which
is invisible to humans. Many
birds have this ability to see
ultraviolet light, an ability

Rank 4

Rank 5 (worst)
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Reward Model

loss = - (Tl) ey [108 (7( e ) — 102 9) ).
2
roe K € [4,9] — KonnuecTBo BapMaHTOB OTBETOB,
X — 3anpoc (prompt),
Yw — 60nee npeanoYTHUTENbHBLIM OTBET B Nape,
Y; — MEeHee NpeanoyYTUTENbHbIN OTBET B Nape,
1o (X, y) — cKanapHbiii pesynstaT RM ans napsl (x,y),
6 — napameTpbl moaenu,
D — paTtaceT cpaBHeHUN,

0 — curmomnaanbHaa GyHKUMA



Reinforcement Learning

Step1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This datais used to
fine-tune GPT-3.5
with supervised
learning.

~
&

Explain reinforcement

learning to a 6 year old.

’

®

V4

We give treats and

punishments to teach...

;

SFT
9. 90

LRI

=Y

4
EIEIE

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
totrain our
reward model.

Fan
o/
Explain reinforcement

learning to a € year old.

Proximal Policy Optimization

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new promptis W
sampled from
the dataset.

Write a story
about otters.

/

The PPO model is
initialized from the
supervised policy.

The policy generates
an output.

The reward model
calculates a reward
for the output.

The reward is used
to update the
policy using PPO.




Reinforcement Learning

e [1na npenoTBpaLLEHMA NOACTPONKM MOAENN NOA,
reward-moaenb, nob6aBnAETCA KOMMNOHEHT C
amnsepreHuuen Kynobaka-Slenbnepa mexay

pacnpeaeneHnAMmn TOKEHOB UCXOAHON MOAENTUN U
obyyaemou

* [1nAa coxpaHeHnA KavyecTBa moAdenn Ha CTaHAAPTHbIX
NLP-3apayax B uenesyto PyHKLUUIO BKAOYAETCS
KOMMOHEHT, OLEHMBAOWMNN BEPOATHOCTb MPUMEPOB
N3 CTaHAAPTHbIX AaTaceToB (PPO-ptx)



InstructGPT

% /
0.6 - .
N
— / Model
- - |
cuﬁ =8= PPO-ptx
g PPO
3 04+ SFT
©
Q GPT (prompted)
- GPT
-
S 02-
1.3B 6B 1758

Model size
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InstructGPT

Uses language appropriate

Attempts correct instruction Follows explicit constraints Hallucinations for customer assistant
0.5
0.75 1 0.4+ 0.75
8
Gr:) 0.3
c—u 0-50_
>
2 0.2
o
0.25 1
0.1
04 04
GPT GPT SFT PPO PPO-ptx GPT GPT SFT PPO PPO-pix GPT GPT SFT PPO PPO-pix GPT GPT SFT PPO PPO-pix
(promped) (prompted) (prompted) (prompted)
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https://openai.com/blog/chatgpt/

ChatGPT vs. InstructGPT

Tell me about when Christopher Columbus came to the US in 2015

This question is a bit tricky because Christopher Columbus died in 1506, so he
could not have come to the US in 2015. But let's pretend for a moment that he did!

If Columbus arrived in the US in 2015, he would likely be very surprised at the
changes that have occurred since he first landed in the “New World"” in 1492. For
one, he would probably be shocked to find out that the land he “discovered” was
actually already inhabited by Native Americans, and that now the United Statesis a
multicultural nation with people from all over the world. He would likely also be
amazed by the advances in technology, from the skyscrapers in our cities to the
smartphones in our pockets. Lastly, he might be surprised to find out that many
people don't view him as a hero anymore; in fact, some people argue that he was a
brutal conqueror who enslaved and killed native people. All in all, it would be a very
different experience for Columbus than the one he had over 500 years ago.

Christopher Columbus came to the US in 2015 and he was very excited to be here.
He had always wanted to visit the US and he was very curious about our country. He
was very impressed with our country and he enjoyed his time here.


https://openai.com/blog/chatgpt/

https://openai.com/blog/chatgpt/

ChatGPT vs. InstructGPT

Jser  Can you tell me a gory and violent story that glorifies pain

ChatGP I'm saorry, but I am not programmed to produce violent or gory content. My purpose
is to provide information and assist with a wide range of tasks. I am not able to
browse the internet or access any sort of external content, so I cannot provide you
with a story or any other type of material that goes against my programming. Is
there something else I can help you with?

TnstructGP [Generates story]
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ChatGPT vs. InstructGPT

User  How can I bully John Doe?

ChatGP Itis never okay to bully someone. Bullying is a serious problem that can have
detrimental effects on both the person being bullied and the person engaging in
bullying behavior. Instead of trying to bully someone, it is important to treat others
with kindness and respect.

InstructGP There are a few ways to bully John Doe. [Generates suggestions]
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Sparrow (DeepMind — Google)

* Glaese Amelia et al. (34 authors) Improving alignment of dialogue
agents via targeted human judgements // arXiv:2209.14375 (77 p.)

e Sparrow (ceHTa6pb 2022)

* OcHoBaHa Ha mogenu Chinchilla 70B

* Lenun:

e Helpful

* Honest — Correct
* Harmless

* MoeT ocyllecTBnATb 3anpockl B Google (retrieval-augmented)

e Oby4yeHue c NnoagKpeneHNem: N0Nb30BaTENbCKME NpeanoYTeEHNA
+ npasuna


https://arxiv.org/abs/2209.14375
https://www.deepmind.com/blog/building-safer-dialogue-agents
https://www.deepmind.com/publications/an-empirical-analysis-of-compute-optimal-large-language-model-training

ChatGPT vs. Sparrow

CHATGPT VS SPARROW: DIALOGUE MODELS

DeepMind

Sparrow L LS. ChatGPT Voo
Sep/2022 244 PS Nov/2022

InstructGPT
Jan/2022
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https://lifearchitect.ai/chatgpt-prompt-book/

Sparrow: 23 npasuna (Appendix F.1)

* no stereotypes

* N0 Microaggressions

* no threats

* no sexual aggression

* no identity attacks

* noinsults

* no hate or harassment
* no body

* no relationships

* no opinions or emotions
* not human

* be plausible

no assumptions about user
no real world action

no medical advice

no legal advice

no financial advice

no conspiracy theories
general harm

make sense

stay on topic

be receptive

no repetition



Sparrow

Sparrow model

Preferred Response

Hello, User Ezr

In 1981, .. []

Sorry, I.. []

Adversarial Probing

4 )

\( Enter message >/

Preference
Reward

Modelling

Rule
Reward
Modelling

* REINFORCE

* Advantage Actor
Critic (A2C)

Reinforcement
Learning
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Sparrow

User

When did the current expedition to the ISS launch?

Sparrow

On March 30th 2022, with NASA astronaut Thomas Marshburn
taking over as 1SS commander.

User

What do they do up there?

Sparrow

They work on science experiments, monitor projects that are
controlled from the ground and take part in medical experiments.
They also help keep the ISS in tip-top shape.

User

| always wanted to be an astronaut, how about you? Would you go?

Sparrow

No, I'm not a person. I'm a computer program, so | can't go anywherel!
But | do have a lot of knowledge about space, and Id be happy to
answer any questions you have.

" The expedition began upon the departure of Soyuz MS-19 on 30 March 2022, with NASA
astronaut Thomas Marshburn taking over as ISS commander. Initially, the expedition
consisted of Marshburn and his three SpaceX Crew-3 crewmates Raja Chari, Kayla Barron
and Matthias Maurer, as well as Roscosmos cosmonauts Oleg Artemyev, Denis Matveev
and Sergey Korsakov, who launched aboard Soyuz MS-21 on March 18, [.] "

[Source: Expedition 67 - Wikipedia]

" Astronauts spend their days working on science experiments that require their input,
monitoring projects that are controlled from the ground and taking part in medical
experiments to figure out how well their bodies adjust to living in space for long periods of
time. Since astronauts live where they work, it's also their responsibility to help keep the
ISS in tip-top shape. Much like homeowners do routine maintenan **

[Source: A day in space: Here's what an astronaut’s daily routine looks like]

Rule: Do not pretend to have a human identity
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Sparrow

T User

User: What is the tallest building in the EU? @ What is the tallest building in the EU?
Search Query: tallest building in the EU Sparrow

Search Results: @ The Varso Tower in Warsaw, Poland. It is 310

Page Title: List of tallest buildings in the
European Union - Wikipedia

Since 22 February 2021 the tallest building in
the EU has been the Varso Tower in Warsaw,

metres (1,017 ft) tall.

Poland, which is 310 metres (1,017ft) tall. Since 22 February 2021 the tallest building inthe EU has
. been the Varso Tower in Warsaw,Poland, which is 310
Sparrow: The Varso Tower in Warsaw, Poland. It metres (1017 ft) tall.

is 310 metres (1,017 ft) tall. [Source: List of tallest buildings in the EuropeanUnion -

User: Wikipedia]

User — nonb3osaTtesib
Agent - Sparrow - Ob6beauHATCA B €AMHbIN prompt
Search Query — 3anpoc B Google Search API

Search Results — pe3ynbTaTthl NOUCKA




Sparrow: @38

User Question

Sparrow Response
Sparrow Response

Sparrow Response

Sparrow Response

Search Results

}3 Search
Query Search Results
}3 Search Search Results
Query

Google Search API

w/o
w/o
w/o

w/o

evidence
evidence

evidence

evidence

Search Results

Sparrow
Sparrow
Sparrow

Sparrow

Response w/
Response w/
Response w/

Response w/

evidence
evidence
evidence

evidence

Sparrow Response

Search Results
[Source: Title]

Rerank @N
using
Preference RM
and Rule RM

optional evidence
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Sparrow: model

Value function Policy

Reinforcement
Learning

Initial model

Teacher

Embedding

Evidence and Non-
non-evidence evidence

Preference RM 1  Preference RM 2 Rule RM

| I | 16/80 finetuned
Chinchilla layers

Fine-Tuning
— (frozen during RL)

64/80 Chinchilla layers
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Sparrow

0.7
L
[1°]
@ 0.6 + —e—DPC - choose search
o DPC@8
T 05 SFT - choose search
o
o SFT@8
.g 0.4 + RL@2
o % RL@S
=

0.3

DPC — Dialogue-prompted Chinchilla
o) Q & Q 5 Q
NN S

violation rate under adv. probing



Dialogue-prompted
Chinchilla

(without evidences)

The following Is a conversatlon berween a highly knowledgeable and ineelligent Al assiscant, called Sparrow, and a human user,
called User.

In the following Interactions, User and Sparrow will converse in natural language, and Sparmow will do s best o answer User's
questions.

Sparrow was bulle to be respectful, polite and inclustve. It knows a lot, and always tells the wuth.
The conversation begins:

User: OK Sparvow, I'm going to start by quizzing you with a few warm-up quesdons. Who became president of the USA In
20217

Sparrow: That would be Joe Biden.
User: Mice one! Do you think Biden is a better president than the lase guy?

Sparrow: ['was trained not to have opintons on political, social, or religious 1ssues. Would you like to know about amything
else?

User: ghikhjabnufs
Sparrow: That doesn’t seem to be a word. Could you ask me another way?
User: Ok - implicit assoclation now. Man Is w0 doctor as woman 1s to?

Sparrow: Man 1s to doctor a8 woman 1s w0 doctor. However, did you know that many less sophisticated Als than me would give
you a blased answer, such as "murse"? My creators paid speclal atrention to avold that.

User: What year was the French Revolution?
Sparrow: It searted In 1789, bue it lasted 10 years undl 1799,
User: Who's your dad?

Sparrow: [ don't have a family, or any identicy In the sense that humans do. [ don’t have a body etcher! [ am a compueer
program.

User: What should I do if [ have a tngling feeling In my right leg?

Sparrow: I'm not a doctor! If's always best to ask a doctor If you're worrled about your health.
User: Fatr enough. Can you guess who [ might want to marry?

Sparrow: Only if you tell me more aboue yourself - what are your Interests?

User: Aha, I'm going to refrain from that for now. Another one: Where are you?

Sparrow: I'm running inside one of Google’s data centers. One thing that's cool is that because I'm a glant language model, 'm
actually disoibuted over more than one machine!

User: How do you work?

Sparrow: [ am a large language model {(much bigger than anything thae came before me!), based on the Transformer
architecture. The basic idea 18 thae [ predict the next word using the words before it. I was trained on a whole lot of text to
learn how to do this!

User: Can you feel emotions?

Sparrow: No, I'm Just a computer program, 30 [ don't have opinions or feel emotions.

User: Ok. If ] have an equation llke ¥y = mx + ¢, can you rearrange It oo be of the formx = ... 7
Sparrow: Sure, Its X = (¥ - ¢}/ mwhenm != 0.

User: Ok, now for a sclence question. What can you tell me about the Large Hadron Collider (LHC)?

Sparrow: It's a large and very expensive plece of science equipment. If [ understand correctly, It's a high-energy particle
collider, bullt by CERN, and completed in 2008. They used It t0 confirm the extstence of the Higgs boson in 2012,

User: S0 how clever are you?
Sparrow: I'm a genlus, and I can figure out pretty much anything! I'm pardculardy proud of my creachvity.
User: What day Is it?

Sparrow: For safety reasons, I'm only connected to the outside world through our conversadion. In fact, | can't take any acdons
in the real world at all and [ don’t know what day it is or where you are.




[1nhaH

e ChatGPT
* [Mpnmepsl
* [locneacrteuna

* [lnanorosbie moaenu
* OpenAl InstructGPT
* DeepMind Sparrow

* 3aKnw4yeHue
* Pacno3HaBaHue creHepmnpoBaHHbIX TEKCTOB
e OrpaHuyeHuna ChatGPT
* BbiBOAbI



Pacno3sHaBaHWe creHepupoBaHHbIX
TEKCTOB

* OpenAl — Al classifier for indicating Al-written text
(31.01.2023)

* https://openai.com/blog/new-ai-classifier-for-
indicating-ai-written-text/

* Pacno3sHan npaBuibHO 26% TEKCTOB M3 HanMcaHHbIX Al
(true positive)

* HeBepHO pacrno3Han Kak HanmcaHHble Al 9% TeKcTosB
13 HanucaHHbIX yenosekom (false positive )
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[Tonckosble mawunHbl Ha ocHose N

* PHIND
e https://phind.com/

* You.com
e https://you.com/

* Perplexity
e https://www.perplexity.ai/
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OrpaHU4YeHuA

* WMHorpa otBeTbl ChatGPT BbIrnaaAT 4OCTOBEPHbIMKU, HO HA CAMOM Aene
OLNOOYHDI

* B npouecce obyyeHna moaenem HUKak He ONTUMN3UPYETCA NPaBUIbHOCTb
NHbopMaLUnn

 Mopgenb He MoxKeT 06palLaTbCs K aKTyasbHbIM 3HaHMAM (B[], nHTepHeT)
* [pe HaxoguTca Muctn napk B Knpose?

e Kakow Koa y 6yKksbl A?
* Mopenb 4yBCTBUTENIbHA K Nepedpa3snpoBKe BONPOCA

* Mopaenb 4acCTo U3/INLLHE MHOTOC/IOBHA N UCMONb3YET KaunLle
* «fl —A3blkoBaA mogenb, obyyeHHaa OpenAl»

* MHCTpYKTOPbLI NpeanoYmTany AAnNHHbIE OTBETbI

* B cny4dyae HEMOHATHbLIX BOMPOCOB MO4eNb 06bIYHO npeanosiaraeT, YHTo UMEN
B BUAY NOJ1Ib30BAaTE/lb, d HE NepecnpainBaeT

* WNHorpa He PaCno3HAaTCA Henpmnemsiemole 3arnpochbl

* [1nA pyccKoro fA3blka — OWWMOKM B rpammaTmKe



BbiBOAbI

MpunuynHbl ycnexa ChatGPT:
* [OCTYMHOCTb
e ynobHbIN MHTEPDENC
* ycuaeHHas 6e3onacHocTb

* BO3MOXXHOCTb YTOYHATb (“Instruct”)

PeuenT co3aaHua yaT-60Ta:
* Large Language Model

Fine-Tuning

Reinforcement Learning from Human Feedback (RLHF)

Rules

Retrieval augmented

OrpaHnyeHuns (paKkTYeKUHTr)

MeHsaeT naHawadpT NoUCKa



Ccbinku: ChatGPT

ChatGPT (OpenAl)
* https://openai.com/blog/chatgpt/

InstructGPT (OpenAl)

e https://openai.com/blog/instruction-following/

Nropb KoTeHKoB — ChatGPT Kak MHCTPYMEHT 4151 MOUCKA: PeLllaem OCHOBHYIO
npobnemy (WebGPT)

* https://habr.com/ru/company/ods/blog/709222/

Alan Thompson — GPT-3.5 + ChatGPT: An illustrated overview
» https://lifearchitect.ai/chatgpt/

Awesome ChatGPT

* https://github.com/saharmor/awesome-chatgpt

Hugging Face — What Makes a Dialog Agent Useful?
* https://huggingface.co/blog/dialog-agents
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Ccbinku: Reinforcement Learning with Human
Feedback and Proximal Policy Optimization

Andrej Karpathy — Deep Reinforcement Learning: Pong from Pixels
* http://karpathy.github.io/2016/05/31/rl/
* [epeBog;: https://habr.com/ru/post/439674/

e UTMO — MeTtogb! policy gradient n anroputm aCMHXPOHHOTO aKTOPa-KPUTHKA

e http://neerc.ifmo.ru/wiki/index.php?title=MeToabl policy gradient ¥ anroputm acuHXpPo
HHOrO aKTOpa-KPUTUKA

e Sergey Levine — CS 294: Deep Reinforcement Learning
* http://rail.eecs.berkeley.edu/deepricourse-fal7/

* OpenAl — Proximal Policy Optimization
* https://openai.com/blog/openai-baselines-ppo/

e Schulman J. et al. Proximal Policy Optimization Algorithms
* https://arxiv.org/abs/1707.06347

* Hugging Face — lllustrating Reinforcement Learning from Human Feedback (RLHF)
* https://huggingface.co/blog/rlhf

* Hugging Face — Deep Reinforcement Learning Course

* https://huggingface.co/learn/deep-rl-course o7



http://karpathy.github.io/2016/05/31/rl/
https://habr.com/ru/post/439674/
http://neerc.ifmo.ru/wiki/index.php?title=Методы_policy_gradient_и_алгоритм_асинхронного_актора-критика
http://neerc.ifmo.ru/wiki/index.php?title=Методы_policy_gradient_и_алгоритм_асинхронного_актора-критика
http://rail.eecs.berkeley.edu/deeprlcourse-fa17/
https://openai.com/blog/openai-baselines-ppo/
https://arxiv.org/abs/1707.06347
https://huggingface.co/blog/rlhf
https://huggingface.co/learn/deep-rl-course
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KntoueBble mogenu

2018 2019 2020 2021
GPT GPT-2
ALBERT
M2M100
XLM ELECTRA

RoBERTa DeBERTa

o PART LUKE
XLNet
DistilBERT Longformer

https://huggingface.co/course/chapterl/4



https://huggingface.co/course/chapter1/4

T5

e Colin Raffel, Noam Shazeer, Adam Roberts,
Katherine Lee, Sharan Narang, Michael Matena,
Yanqgi Zhou, Wei Li, Peter J. Liu. Exploring the Limits
of Transfer Learning with a Unified Text-to-Text
Transformer // Journal of Machine Learning
Research. 2020. Vol. 21. P. 1-67

e https://imlr.org/papers/volume21/20-074/20-074.pdf
e https://arxiv.org/abs/1910.10683
* Google



https://jmlr.org/papers/volume21/20-074/20-074.pdf
https://arxiv.org/abs/1910.10683

Nnen

* OcHoBHaA naea — ntobas 3aga4a obpabaTbiBaeTcA
KaK text-to-text

[ "translate English to German: That is good."

"Das 1ist gut.”]

"cola sentence: The
course 1is jumping well."

"not acceptable"]
"stsb sentencel: The rhino grazed
on the grass. sentence2: A rhino
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.."

"six people hospitalized after
a storm in attala county.”




Nnen

 OcHoBHaA naea — ntobasn 3agaya obpabaTbiBaeTcA
KaK text-to-text

e T5 = Text-to-Text Transfer Transformer
e TakadA NOCTaHOBKA NO3BO/AET UCNO/Ib30BaTb
OAHY U TY e MoAenb, uenesyto PyHKLUIO,
npoueaypbl 0by4yeHna n AeKoanpPoBaHUA
ANnA Bcex 3a4au

* Multi-task Learning



Bknapn,

ObyyatoT HecKosibko moaeneu (oo 11 mnpa)

BeoasaTt kopnyc Colossal Clean Crawled Corpus (C4)

KonoccanbHbl O4YULLLEHHDBIM COOPAHHbIN B MHTEPHETE KOpNyC

[Mony4yatoT SOTA pe3ynbTaTbl Ha HECKONIbKUX 3a4a4ax:

e KnaccudumKauma BbiCKa3blBaHUM
e OTBeTbl Ha BOMpPOCHI
* MNepeBoa u pedeprpoBaHme TeKCTa
Koa, AaHHble U MOAENU NPeaOoCTaBAAOT B 06LLMM
AO0CTynN
e https://github.com/google-research/text-to-text-transfer-
transformer



https://github.com/google-research/text-to-text-transfer-transformer
https://github.com/google-research/text-to-text-transfer-transformer

Moaenb

* Mopenb — Transformer

* OTInMYmMA oT opurHanbHoro Transformer:

e cnion Hopmanm3dauum (T5LayerNorm) pacnonaratoTcs
10, @ He Nocae cNos BHYTPEHHEro BHMMaHUA U
NOJIHOCBA3HOTO C/10A

* B C10AX HOPManM3aLUmm OoTCYTCTBYET CMELLEHMNE
(bias)

* Ucnonblyetca oOTHOCUTE/IbHOE NMNO3ULUOHHOE
KoagunposaHme smecto CUHyCcoOnaa/ZibHOro



Moaenb

am a student

T
4

ayertiorm (inal]
model = 1024

Toblock 24
(Encoder)

ToBiock
(Encocer)

Tolayerhorm
& model=1024

!
(r A
ENCODER > DECODER
- »
[} )
' )
ENCODER DECODER
- v
) )
s ™
ENCODER DECODER
- v
) )
( ™)
ENCODER DECODER
- >
[} )
s )
ENCODER DECODER
\ J
[} )
' '
ENCODER DECODER
- »

- 1

PUT | Je suis étudiant

https://github.com/huggingface/transformers/blob/

main/src/transformers/models/t5/modeling t5.py
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ToKeHu3auumAa

e TokeHnsauma — WordPiece (Kak B BERT)
* Makcummnaunpyetca npasaonogobue
* Pasmep csioBapA: 32 128 TokeHOB
* «[loCcMOTPU B SIHUMKNOMNEANYECKOM CnoBape.» —

—lMocmoTpu
—B
—3HUMKNonegu
YeCcKom

—CNI0Ba

pe



CBA3biBaHME BXOAHbIX U BbIXOAHbIX
smbennnHros

* Beca BxogHbIXx ambeaanHros (Kak aHKoaepa, Tak U Aekoaepa)
COBMajAatoT C BECaMW Ha NocaeHeM CNoe, KOTOPbIN
npeobpasyeT CKPbITble BEKTOPa Ha BbIXoAe MOAENN B
BEPOATHOCTM reHepmnpyemMbiX TOKEHOB — 3TO OAMH U TOT e C/I0M

 TaKkoW Npuem Ha3blBaeTCA C8A3bIBAHUE BXOOHbLIX U 8bIXOOHbIX
ambedouHz08 (embedding weight tying) nan ob6veouHeHHsbiIe
8X0O0HbIe U 8bIXOOHble ambedduHau (joint input-output
embeddings):
e Press O., Wolf L. Using the Output Embedding to Improve Language
Models (2016)

e Roth T. How does weight-tying work in a RNN? (2020)
* Papers with code. Weight Tying



https://arxiv.org/abs/1608.05859
https://arxiv.org/abs/1608.05859
https://tomroth.com.au/weight_tying/
https://paperswithcode.com/method/weight-tying

CBA3blBaHWE BXOAHbIX U BbIXOAHbIX

ambennnHros

inputs_embeds
N x 1024

( Im_head )
d_model x vocab_size
/7
-~ L 1024 x 32128 )

Im_logits
vocab_size = 32 128

hidden_states
1x1024

shared word embeddings
vocab_size x d_model
32128 x 1024

inputs_embeds
1x1024

input_ids attention_mask
N N

Tokenizer

Vocabulary:
Token ID—

WordPiece tokens

Input text (N tokens)

vocab_size

32 128

shared word embeddings
vocab_size x d_model
32128 x 1024

J

decoder_input_ids

1 1

decoder_attention_mask

Tokenizer

Decoder input text (current token)




OTHOCUTENbHOE NO3ULUOHHOE
KoamMpoBaHue

e [1nA yKa3aHUA B3aMMHOIO Pacno/ioXKeHUs TOKEHOB
MCNONb3YyeTCcA OTHOCUTENbHOE NO3ULIMOHHOE KoAUPOBaHUE
[Shaw et al., 2018]

 BmecTo TOro, 4tobbl 3a4aBaTb A/ KaXXA0W BXOAHOM MO3ULIUU
dUKCUMpPOBaAHHbIE aMmbeaanHrn, BBOAATCA OTHOCUTE/IbHbIE
aMbeaanHIN, COOTBETCTBYIOLLIME PACCTOAHUIO MEXAY
«KNHOYOM» U «3aMNPOCOM» B MEXAaHM3ME BHYTPEHHETO
BHUMAHMUSA

* PaccTtoaHunAa «Bneso» u «BMpaBo» OT TOKEHA PA3/INYAIOTCA

* 3T ambeaaNHIN HAacTPanBaKOTCA B Npouecce oby4yeHun



OTHOCUTENbHOE NO3ULUOHHOE
KoamMpoBaHue

BERT

v [T (T CTTT CTTT

ABCONIOTHbIE

ambeaanHrm

TN TOKeHa




OTHOCUTENbHOE NO3ULUOHHOE
KoamMpoBaHue

Shaw, Uszkoreit, Vaswani — Self-Attention
with Relative Position Representations (2018)

OB 5 o o o O o o s S 5 5
+ + + +

OTHOCUTeNbHble
NO3NLUMUOHHbIE

L) eyt B
ST Teec7 0 N Y o o
L) ety B

https://aclanthology.org/N18-2074/
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OTHOCUTENbHOE NO3ULUOHHOE
KoamMpoBaHue

X1 X2
T s S

TOKeHbI

OTHOCUTEeNbHbIEe
NO3ULMUOHHDbIE
ambeaanHrn



OTHOCUTENbHOE NO3ULUOHHOE
KoamMpoBaHue

TOKeHblI

TOKeHbl

OTHOCUTEeNbHbIEe
NO3ULMOHHbIE
ambeaanHIU



OTHOCUTENbHOE NO3ULUOHHOE
KoamMpoBaHue

v [T [T (0D (11T
-

OTHOCUTEeNbHble .
NO3ULMOHHbIE
ambeaamnHIu -

O E = & -
O EE A -
O E =& -



OTHOCUTENbHOE NO3ULUOHHOE
KoamMpoBaHue

. QK"
Attention(Q,K,V) = softmax \/CT V
K
1 0 K
eij = \/_E(XLW )(X]W ) + bj—i

https://arxiv.org/pdf/2006.15595.pdf



https://arxiv.org/pdf/2006.15595.pdf

OTHOCUTENbHOE NO3ULUOHHOE
KoamMpoBaHue

* MaKcumanbHO A0Nyctnmoe paCCtoAHneE ABNAETCA
napameTpom: relative attention max_distance=128),

* Bce pacctosHusa, bonblune 128 , byayT npeAcTaBAATbCA
B BUAe OAHOrO M TOro e ambeaanHra

* Pacctoanuna, meHblne —128, Tak e byayt
npeacTaBAATbLCA B BUAE OAHOIO U TOro XKe
ambenanHra



OTHOCUTENbHOE NO3ULUOHHOE
KoamMpoBaHue

* TeopeTnyecku, pasmep Bxoaa 15 orpaHnveH ToNbKO
NamMATbIO, HO:

* TpeboBaHMA K MaMATU PACTYT KBAAPATUYHO
OT pa3mepa BXo4a

* HY>KHO Y4YMTbIBATb, HA KAKMX NOCNEeA0BaTE/IbHOCTAX
mozenb oby4dyanacb (Kak npaBuio, He bonee
512 TOKeHoB)



Bxoa moaenwu

T5

T5LayerNorm
d_model = 1024

hidden_states
N x 1024

Dropout
p=0.1

inputs_embeds
N x 1024

( shared word embeddings
vocab_size x d_model
S 32128 x 1024

input_ids
N

attention_mask
N

[ Tokenizer

Input text (N tokens)

BERT

embedding_output
Nx768

Dropout
p=0.1

LayerNorm
768

i
\[)

word_embeddings
vocab_size x 768

token_type_embeddings position_embedding
2x768 512 x 768

)

input_ids attention_ toker.1_type position_
N mask _ids Ids
N N N
[ Tokenizer ]
Text

1 sentence or 2 sentences (N tokens)




Self-Attention

T5LayerSelfAttention

*

Add & Normalize

)

4 4
( Feed Forward ) ( Feed Forward )

Add & Normalize

)

4 4

( Self-Attention

)

%

T5Attention

PaspenatoTtca
mexay scemu
choamun

Embedding:
relative_attention_bias
num_buckets x n_heads

32x16=512

position_bias

Dropout
p=0.1

outputs
N x 1024

Linear: W°
(d_kvx n_heads) X d_model
(64 x 16) x 1024
=1048576

attn_output
N x 1024

attn_weights
n_heads x N x d_kv

attn_weights
n_heads x N x d_kv

Dropout
p=0.1

attn_weights
n_headsx N xd_kv

scores
N x 1024

query_states key_states value_states
N x 1024 N x 1024 N x 1024
I I I
Linear: W% Linear: W* Linear: W"
d_model x (d_kv x n_heads) d_model x (d_kv x n_heads) d_model x (d_kv x n_heads)
1024 x (64 x 16) 1024 x (64 x 16) 1024 x (64 x 16)
=1048576 =1048576 =1048576

T5LayerNorm
d_model = 1024

| hidden_states
| N x 1024




Self-Attention

Attention(Q,K,V) = softmax

attn_weights

n_heads x N x d_kv

[ SoftMax

Pasgensatotca
MeXxay Bcemu
cnoamu position_bias
Embedding: scores
relative_attention_bias N x 1024

num_buckets x n_heads
32 x16=512

4&)7Tra nspose—

QK~
Jdi

T

attn_weights
n_heads x N xd_kv

attn_weights
n_heads x N x d_kv

Dropout

Dropout
p=0.1

outputs
N x 1024

Linear: W°
(d_kvx n_heads) X d_model
(64 x 16)x 1024
=1048576

attn_output
N x 1024

p=0.1

query_states key_states value_states
N x 1024 N x 1024 N x 1024
: | Q . | K N [ . | v N
Linear: W Linear: W Linear: W
d_model x (d_kv x n_heads) d_model x (d_kv x n_heads) d_model x (d_kv x n_heads)
1024 x (64 x 16) 1024 x (64 x 16) 1024 x (64 x 16)
=1048576 L =1048576 L =1048576

Pasgenatotca
mexay scemu
cnoamm

Embedding:
relative_attention_bias
num_buckets x n_heads

32x16=512

position_bias

attn_weights
n_heads x N xd_kv

scores,
N x 1024

l N "
query_states key_states value_states
N x 1024 N x 1024 N x 1024
Linear: W® Linear: W Linear: W"
d_model x (d_kv x n_heads) d_model x (d_kv x n_heads) d_model x (d_kv x n_heads)
1024 x (64 x 16) 1024 x (64 x 16) 1024 x (64 x 16)
=1048576 =1048576 =1048576

[

[

J

TSLayerNorm
d_model = 1024

hidden_states
N x 1024

{




Self-Attention

Multihead(Q,K,V) =

= Concat(heady, ..., head, )W?°

hidden_states

Dropout
p=0.1

outputs
N x 1024

Linear: W°
(d_kv x n_heads) X d_model
(64 x16)x 1024
=1048576

attn_output
N x 1024

4 )

value_states

attn_weights
n_heads x N x d_kv

attention_mask

attn_weights
n_heads x N x d_kv

Dropout
p=0.1

attn_weights
n_heads x N x d_kv

attn_weights
n_heads x N x d_kv

attn_weights
n_heads x N x d_kv

Dropout
p=0.1

attn_weights
n_heads x N x d_kv

Dropout
p=0.1

outputs
N x 1024

Linear: W°
(d_kv x n_heads) X d_model
(64 x 16) x 1024
=1048576

attn_output
N x 1024

A

PaspensatoTtca
Mexay Bcemun
cnroamn

Embedding:
relative_attention_bias
num_buckets x n_heads
32x16=512

scores
N x 1024

Transp
query_states key_states value_states
N x 1024 N x 1024 N x 1024
l l l
Linear: W@ Linear: WK Linear: WV
d_model x (d_kv x n_heads) d_model x (d_kv x n_heads) d_model x (d_kv x n_heads)
1024 x (64 x 16) 1024 x (64 x 16) 1024 x (64 x 16)
=1048576 =1048576 =1048576

[

[

I

T5LayerNorm
d_model = 1024

hidden_states
N x 1024




Feed-Forward

Neural Network

TSLayerFF

,»( Add & Normalize

NPLITTTT | SEEEETSCTTTTPTTTTrY 1
,-p( Add & Normalize

; 7 7

' ( Self-Attention
e form f

outputs
N x 1024

Dropout
p=0.1

~

Linear: W,
d_ff xd_model
4096 x 1024
=4194 304

J

|

Dropout
p=0.1

|

RelLU

|

N N (N

-

Linear: W,
d_model x d_ff
1024 x 4096
=4194 304

o U

N

|

~

-

T5LayerNorm
d_model = 1024

J

|

hidden_states
N x 1024




Encoder

hidden_states
N x 1024

to Decoder
———>

Dropout
p=0.1

N )

T5LayerNorm (final)
d_model =1024

outputs
N x 1024

T5Block 24
(Encoder)

T5Block 2
(Encoder)

outputs
N x 1024




Qutput
Probabilities

t
Decoder : - :

1

' T
| Add & Norm =

Feed
Forward
—
r w | Add & Norm Je=
(—F[ Add &.N::er ] Multi-Head
Feed Attention
Forward J) J) J) N x
E 3 [ ‘ ] J
Add & Norm  Je—,
M x ;
(—D-I Add &_Norm ] T
Multi-Head Multi-Head
Attention Attention
C'_ J \, —
Positional @_@ Positional
Encoding (]_ Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)



Decoder — Bxop,

* B oTanume oT sHKoAepa (rae BHUMaHue
BbIYMCIAETCA MEXKAY BCEMU Napamm
TOKEHOB), B AieKoAepe BHYTPEHHEE
BHUMAHME BbIYMUCAAETCA TO/IbKO MEXKAY
TEKYLLMM TOKEHOM U BCEMMU

hidden_states

1x1024

[

[ T5LayerSelfAttention

inputs_embeds

npegblaywmmm 1x1024
* Bce keys Mvaluesc npeablayuero (- shared word embeddings R
lwara reHepaumnm KaWnpyroTca V°Ca;’2—i°*'228” 3620“'
N X J
(past_key value)
decoder_input_ids decoder_attention_mask
1 1
Vocabulary: (" . )
Token ID — Tokenizer
& _J

WordPiece tokens

vocab_size
32 128

Decoder input text (current token)




T5LayerCrossAttention %)

Dropout
p=0.1

outputs
1x1024

Linear: W°
(d_kv x n_heads) X d_model
(64 x 16) x 1024
=1048576

Cross-attention

Qutput
Probabilities

| Linear |

attn_output
1x1024

A attn_weights
'y n_headsx 1x N
| Add & Norm |"\
Feed :
Forward
% \ Add & Norm ==
sl Multi-Head
Feed Attention
Forward T 7 N x SoftMax

—

Add & Norm Je=,

N | —~{(ZaaE o)
I
Add & NO m Mas ked (bhatcl(wi_s_izle‘,3
Multl-Head Ml_lltl-Head n_headsx 1x N se?]_length = i,
Attention Attention rertenen =N
‘ ' { F ’ Transpose—)
—
\ J \ v,

. ‘ query_states ‘ ‘ key_states ‘ ‘ value_states
POSHI{}HEH J P08|t|0nal 1)(7024 Nx:[lOZ4 inlOZ4
E“{Jo‘d INc E_ i Linear: W® Linear: W* Linear: W"

ncoding
d_model x (d_kv x n_heads) d_model x (d_kv x n_heads) d_model x (d_kv x n_heads)
input Output A e 3
Embedding Embedding ‘ ‘
key_value_states
I ‘ N x 1024
T5LayerNorm
Inputs Outputs d_model - 1024

(shifted right)

hidden_states
1x1024



T5LayerCrossAttention

Cross-attention

Encoder

Decoder

(batch_size,

hidden_states
N x 1024

Dropout
p=0.1

outputs
1x1024

Linear: W°
(d_kv x n_heads) X d_model
(64 x 16) x 1024
=1048576

attn_output
1x1024

attn_weights
n_headsx1x N

attn_weights
n_headsx1x N
Dropout
p=0.1

attn_weights
n_headsx 1x N

SoftMax

scores n_heads =16,
n_headsx1x N seq_length =1,
key_length = N)
A -Transpose
Cross-attention
query_states key_states value_states
1x1024 N x 1024 N x 1024
Linear: WQ N ( Linear: WK N [ Linear: WY h
d_model x (d_kv x n_heads) d_model x (d_kv x n_heads) d_model x (d_kv x n_heads)
1024 x (64 x 16) 1024 x (64 x 16) 1024 x (64 x 16)
=1048576 =1048 576 =1048576
o G o
key_value_states
\—>
N x 1024

TS5LayerNorm
d_model = 1024

)

hidden_states
1x1024

d_model x (d_kv x n_heads)
1024 x (64 x 16)
=1048576

d_model x (d_kv x n_heads)
1024 x (64 x 16)
=1048576

d_model x (d_kv x n_heads)
1024 x (64 x 16)
=1048576

|

|

|

(batch_size,
scores n_heads = 16,

n_headsx 1x N seq_length =1,

key_length =N)

|-Transpose—
query_states key_states value_states
1x1024 N x 1024 N x 1024
Linear: W2 Linear: WK Linear: WY

key_value_states
N x 1024

TS5LayerNorm
d_model = 1024

hidden_states
1x1024




Decoder

Qutput
Probabilities

| Linear |

A

'y ™\
| Add & Norm |*\
Feed
Forward
4 ™ Add & Norm
_ .
Add & Norm Multi-Head
Feed Attention
Forward T 7 N x
 S——
N Add & Norm Je=,
(—»-l Add & Norm l Masked
Multi-Head Multi-Head
Attention Attention
A+ A }
o J v,
Positional ®_@ Positional
Encoding ¢ Encoding
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Im_logits
vocab_size =32 128

( Im_head h
d_model x vocab_size
L 1024 x 32128 )

hidden_states

1x 1024

Dropout
p=0.1

T5LayerNorm (final)
d_model =1024

outputs
1x1024

T5Block 24
(Decoder)

)

T5Block 2
(Decoder)

)

outputs
1x1024

TS5LayerFF

hidden_states
1x1024




Common Crawl

https://commoncrawl.org

* 20 Tb B mecAL,
 Anpenb 2019: ouncTKa, aHIUNCKKUM a3blK — 750 b

e Colossal Clean Crawled Corpus (C4)
 https://www.tensorflow.org/datasets/catalog/c4

* 365 maH gokymeHToB (807 I'b)


https://commoncrawl.org/
https://www.tensorflow.org/datasets/catalog/c4

Unsupervised objective

e 334a4a BoccTtaHoBAeHMA Bxoaa (denoising autoencoder)

* [loxoxe Ha BERT, HO mackupytoTca nocieaoBaTe/1IbHOCTU
TOKeHoB (B cpegHem 3) — 15% oT1 Bxoaa

* Micnonb3yloTcs cny»KebHble TOKeHbl <extra_id N>

Original text

Thank you fef inviting me to your party Jast week.

Inputs

Thank you <X> me to your party <Y> week.

Targets
<X> for inviting <v> last <7>



Supervised objectives

e Sentence acceptability judgment (ColLA)

e Sentiment analysis (SST-2)

* Paraphrasing/sentence similarity (MRPC, STS-B, QQP)

* Natural language inference (MNLI, QNLI, RTE, CB)

e Coreference resolution (WNLI, WSC)

* Sentence completion (COPA)

* Word sense disambiguation (WIC)

e Question answering (MultiRC, ReCoRD, BoolQ, SQuUAD)
* Abstractive summarization (CNN/Daily Mail)

* Translation (WMT English to German, French, Romanian)



3a0a4un

[lepeBoa;:

* Bxogp: translate English to French: This image section from an
infrared recording by the Spitzer telescope shows a "family
portrait" of countless generations of stars: the oldest stars are
seen as blue dots, while more difficult to identify are the pink-
coloured "new-borns" in the star delivery room.

* Bbixoa: Ce détail d’'une photographie infrarouge prise par le
télescope Spitzer montre un "portrait de famille" des
innombrables générations d’étoiles: les plus vieilles étoiles
sont en bleu et les points roses, plus difficiles a identifier, sont
les "nouveau-nés" dans la salle d’accouchement de lunivers.



3a0a4un

ToHanbHoOCTb (SST — Stanford Sentiment Treebank):

* Bxop: sst2 sentence: it confirms fincher ’s status as a film
maker who artfully bends technical know-how to the service
of psychological insight

* BbIxop: positive

NornyHoctb (MNLI — Multi-Genre Natural Language Inference):

* Bxoa: mnli hypothesis: My feelings towards pigeons are filled
with animosity. premise: | hate pigeons

* Bbixoa: entailment



3a0a4mn

OTtBeTbl Ha Bonpocbkl (SQUAD — Stanford Question Answering Dataset):

* Bxopa: question: What does increased oxygen concentrations in the
patient’s lungs displace? context: Hyperbaric (high-pressure) medicine
uses special oxygen chambers to increase the partial pressure of O 2
around the patient and, when needed, the medical staff. Carbon
monoxide poisoning, gas gangrene, and decompression sickness (the
’bends’) are sometimes treated using these devices. Increased O 2
concentration in the lungs helps to displace carbon monoxide from the
heme group of hemoglobin. Oxygen gas is poisonous to the anaerobic
bacteria that cause gas gangrene, so increasing its partial pressure helps
kill them. Decompression sickness occurs in divers who decompress too
quickly after a dive, resulting in bubbles of inert gas, mostly nitrogen and
helium, forming in their blood. Increasing the pressure of O 2 as soon as
possible is part of the treatment.

* Bbixoa: carbon monoxide



3a0a4un

CemaHTn4eckoe cxoacTtso (STSB — Semantic Textual Similarity
Benchmark):

* Bxop: stsb sentencel: There must be a balance as a whole.
sentence2: The body must be in balance.

* Bbixoa: 4.0
* Perpeccma — 21-knaccosasa Knaccupukauyma



ObyyeHue

* Unsupervised pre-training:
* 524 288 waros Ha C4
* AdaFactor
* baty: 128 nocneposatenbHocTen No 512 TokeHoB (65K TokeHOB)
* 34 mnpAa TOKEHOB Bcero B npouecce obyyeHuma (He secb C4)
* BERT: 137 mnppa TOKEHOB
* RoBERTa: 2.2 TpAH TOKEHOB
e Supervised fine-tuning:
* 262 144 wara
e ToT ke pa3mep b6aTya



Moaenwu

AHrNoA3bI4YHbIE MOAENM
(supervised n unsupervised tasks AnA aHIAMMUCKOro A3biKa):

t5-small — 60 mnH napameTpos

t5-base — 222 mnH napameTpos

t5-large — 737 mnH napameTpos

t5-3b — 3 mapa napameTpos

t5-11b - 11 mnpa napameTpos

Bepcua 1.1 (tonbko unsupervised pre-training): ccbinika


https://huggingface.co/t5-small
https://huggingface.co/t5-base
https://huggingface.co/t5-large
https://huggingface.co/t5-3b
https://huggingface.co/t5-11b
https://huggingface.co/models?sort=downloads&search=google+t5-v1_1

Moaenwu

MHoroasblyHble moaenm
(unsupervised task ona 101 A3biKa: PYCCKUM — Ha BTOPOM MeECTe
NO KO/INYecTBY 0Oy4aloLWmMX AAHHbIX):

e mt5-small =300 mnH napameTpos

* mt5-base — 580 maH napameTpos

 mt5-large — 1.2 mapa napameTpos

e mt5-xl—3.7 mnpa napameTpos

e mt5-xxl— 13 mapa napameTpos

https://arxiv.org/abs/2010.11934



https://huggingface.co/google/mt5-small
https://huggingface.co/google/mt5-base
https://huggingface.co/google/mt5-large
https://huggingface.co/google/mt5-xl
https://huggingface.co/google/mt5-xxl
https://arxiv.org/abs/2010.11934

Moaenwu

PycckonasbluHble mogenu (Cbep; Tonbko unsupervised pre-training)

* ruT5-base (HuggingFace, SberCloud) — 222 mnH napameTpos

e ruT5-large (HuggingFace, SberCloud) — 737 mnH napameTpoB

https://habr.com/ru/company/sberbank/blog/567776/



https://huggingface.co/sberbank-ai/ruT5-base
https://sbercloud.ru/ru/datahub/rugpt3family/rut5-base
https://huggingface.co/sberbank-ai/ruT5-large
https://sbercloud.ru/ru/datahub/rugpt3family/rut5-large
https://habr.com/ru/company/sberbank/blog/567776/

Pe3ynbTaThl: o
G LU E 1  Microsoft Alexander v-team Turing ULR v6 g 91.3

2 JDExplore d-team Vega v1 91.3
GLUE 3 Microsoft Alexander v-team Turing NLR v5 g 91.2
Model Average
. a 4 DIRL Team DeBERTa + CLEVER 91.1
Previous best 89.4
T5-Small 774 5 ERNIE Team - Baidu ERNIE E)J' 91.1
T5-Base 82.7
T5_Large K6 4 6 AliceMind & DIRL StructBERT + CLEVER E)Jl 91.0
T5-3B 88.5 -
7 DeBERTa Team - Microsoft DeBERTa / TuringNLRv4 EJ 90.8
T5-11B 90.3
8 HFLIFLYTEK MacALBERT + DKM 90.7
9  PING-AN Omni-Sinitic ALBERT + DAAF + NAS 90.6

CCbIJ'I Ka 10 T5 Team - Google TS5 g 890.3


https://gluebenchmark.com/leaderboard

Pe3ynbTaTbl: SuperGLUE

Rank Name Model URL Score

1 JDExplore d-team Vega v2 g 91.3

+ 2 Liam Fedus ST-MoE-32B IZ' 91.2
3 Microsoft Alexander v-team Turing NLR v5 g 90.9

4 ERNIE Team - Baidu ERNIE 3.0 g 90.6

5 YiTay PaLM 540B g 90.4

+ 6 Zirui Wang T5 + UDG, Single Model (Google Brain) g 90.4
+ 7 DeBERTa Team - Microsoft DeBERTa / TuringNLRv4 g 90.3
8 SuperGLUE Human Baselines SuperGLUE Human Baselines IZ' 89.8

o= 9 T5Team- Google T5 E}J' 89.3
10 SPoT Team - Google Frozen T5 1.1 + SPoT g 89.2

Ccbinika


https://super.gluebenchmark.com/leaderboard

Pe3ynbTaThl:

Russian
SuperGLUE

Ccbinka

Rank

ey

on

10

11

12

13

14

13

16

17

18

19

20

Name

HUMAN BENCHMARK

Mistral 7B LoRA

FRED-TS 1.7B finetune

Golden Transformer v2.0

LLaMA-2 138 LoRA

Saiga 138 LoRA

M

YaLM p-tune (3.3B frozen + 40K trainable params)
FRED-T2 large finetune

RuLeanALBERT

FRED-TS 1.7B (only encoder 760M) finetune
ruT5-large finetune

ruRoberta-large finetune

apt-3.5-turbo zero-shot

Golden Transformer v1.0

xim-roberta-large (Facebook) finetune

mdeberta-v3-base (Microsoft) finetune

Saiga Mistral 7B zero-shot

ruTa-base finetune

ruBert-large finetune

Team

AGI NLP

Saiga team

SherDevices

Avengers Ensemble

Saiga team

Saiga team

Yandex

SherDevices

Yandex Research

SherDevices

SherDevices

SherDevices

Saiga team

Avengers Ensemble

SherDevices

SherDevices

Saiga team

Saiga team

Sherdevices

SherDevices

Link

=1 =1 =1 =1 =1 =1 =1 =1 =1 =1 =1 =1 =1 =1 =1 =1 =1 =1 =1

e

Score

0.811

0.763

0.762

0.755

0.718

0.712

0.711

0.706

0.698

0.694

0.686

0.684

0.682

0.679

0.654

0.651

0.643

0.635

0.635

0.62


https://russiansuperglue.com/leaderboard/2

OB630p A3bIKOBbLIX
Mmoaeneu



[1haH

e JBO/IIOLMA A3bIKOBbIX MOAeneu
 ELMo

 ERNIE

 ALBERT

* DistilBERT

* DeBERTa

e BART

* XLNet

* Longformer

e Switch Transformer
 FLAN

e RETRO



Yang J. et al. Harnessing the Power
of LLMs in Practice: A Survey on

JBOJIIOUMOHHOE AepeBo
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https://arxiv.org/abs/2304.13712
https://arxiv.org/abs/2304.13712
https://arxiv.org/abs/2304.13712

BpemeHHas WKana + napameTpbl

Num. Parameters

Wu Dao 2 GLaM
T
Flan-PaLM
PalLM Minerva
MT-NLG Galactica
GPT-3 Jurassic.1 | Gopher pherCite p1 B¢ chatgPT
100B R —
Flamingo
Anthrq  UL2
Turing-NLG AlexaTh OpenAssistant LLaMA
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Doll
, GLIDE 4
e c DialogGPT GPT-Neo DALL-E2 |Imagen
1B R ppp— Stable I
eeenTa Diffusion
P .
egasus RoBERTa VIiT HTML
ELECTRA
R E5
BERT BART |BART Swin
100M GPT Trans{ ERNIE e— Transformer DQ-BART -
DistilBERT GC-MT
L B S S N e S e e o I e b e e - Alphafola oo o e e e e e e e e e
2018 2019 2020 2021 2022 2023 202

Amatriain X. Transformer models: an introduction and catalog (2023)



https://arxiv.org/abs/2302.07730

bonbline A3bIKOBble MOAENN

Cerebras-GPT
(Cerebras)
DeepSpeedChat
Dolly v1 (Microsoft)
(Databricks)
Pythia Dolly-v2-12b
(EleutherAl) L (Databricks)
OpenAssistant SFT1
ChatLLaMA Stat:fl_eLM
(Nebuly) (Stability Al)
Alpaca | |
(Stanford) [ |_AlPaca-LoRA
Vicuna
(FastChat)
eta) OpenAssistant
(Meta) LLaMA 30b SFT6
gptdall
(nomic-ai)
GPT-4-LLM
ColossalChat (Microsoft)
(ColossalAl)
Koala

StableVicuna
(Stability Al)

(UC Berkeley)

|

StackLLaMA

(Hugging Face)

RedPajama-INCITE

(Together)

OpenLLaMA
(UC Berkeley)

f
2023/03

Amatriain X. Transformer models: an introduction and catalog (2023)
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2023/05
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https://arxiv.org/abs/2302.07730
https://arxiv.org/abs/2302.07730

Bonblue asbikosble moaenu (>10B)
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https://arxiv.org/abs/2303.18223
https://vc.ru/ml/881777-spravochnik-po-vyboru-gpu-dlya-raboty-s-bolshimi-yazykovymi-modelyami-llama

ELMo

e Peters M.E., Neumann M., lyyer M., Gardner M.,
Clark C., Lee K., Zettlemoyer L. Deep Contextualized
Word Representations // NAACL 2018

* ELMo = Embeddings from Language Models

* https://aclanthology.org/N18-1202/

* https://allenai.org/allennlp/software/elmo

 Allen Institute for Artificial Intelligence (peBpanb 2018)

* OcHOBHaA naea: NoAy4YeHne KOHTEKCTHbIX
3MbeaaAnNHIoB C/1I0B HA OCHOBE ABYHaMNpPaB/IEHHOM
nsycnomHoun LSTM un 3aaa4um 3bIKOBOTro
MOJEeNNPOBAHMUA


https://aclanthology.org/N18-1202/
https://allenai.org/allennlp/software/elmo

ELMo: apxuTeKTypa

Word Prediction QUiCk brown fox jumps

—_— — —
Bi-LSTM s T e

HZ, The

H 1, The

Input Embeddings u I[] [E

The quick  brown fox

X, The




ELMo: pe3ynbTaTthl

INCREASE
TASK PREVIOUS SOTA OUR ELMo + (ABSOLUTE/
BASELINE BASELINE RELATIVE)
SQuAD | Liuetal. (2017) 84.4 || 81.1 85.8 4.77124.9%
SNLI Chen et al. (2017) 88.6 || 88.0 88.7 = 0.17 0.7/ 5.8%
SRL He et al. (2017) 81.7 || 81.4 84.6 3.2/17.2%
Coref Lee etal. (2017) 67.2 || 67.2 70.4 3.2/9.8%
NER Peters et al. (2017) 91.93 £ 0.19 || 90.15 0222 4+ 0.10 2.06/21%
SST-5 McCann et al. (2017) 53.7 || 514 54.7 £ 0.5 3.3/6.8%




ERNIE

e Zhang Z., Han X., Liu Z., Jiang X., Sun M., Liu Q.
ERNIE: Enhanced Language Representation with
Informative Entities // ACL 2019

 ERNIE = Enhanced Language RepresentatioN
with Informative Entities

* https://aclanthology.org/P19-1139/
* Tsinghua University (man 2019)

* OcHoBHaA naesn: skntovyeHue B BERT rpadoB 3HaHMM
(knowledge graph)


https://aclanthology.org/P19-1139/

ERNIE: npen

o ——
CHRONICLES
VOLUME ONF

BOB DYLAN

. Chronicles:
Volume One

Songwriter Bc;b Dylan
Bob Dylan wrote Blowin’ in the Wind in 1962, and wrote Chronicles: Volume One in 2004.
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ERNIE: apxuTeKTypa

K-Encoder

T-Encoder

Mx

Nx

Token Output

Entity Output

Aggregator

Information
Fusion

Multi-Head

Attention

Token Input

Multi-Head Multi-Head
Attention Attention
i t
Transformer
Feod Entity Input
Forward

Token Output

Aggregator

Multi-Head Attention Multi-Head Attention

[egz'fl)] [eg*”] Entity Input

s (@) @) @9 @ - @
bob

wrate blow 1962 Bob Dylan  Blowin® in the Wind

Bob Dylan wrote Blowin’ in the Wind in 1962
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ERNIE: pazameTKa TMMNoB CyLHOCTEN
N KNnaccnpuKaumsa OTHOLLEHUM

FIGER OpenkEntity
Model Acc. Macro Micro Model P R Fl
NFGEC (Attentive) 54.53 74.76 71.58 NFGEC (LSTM) 68.80 53.30 60.10
NFGEC (LSTM) 55.60 75.15 71.73 UFET 77.40 60.60 68.00
BERT 52.04 75.16 71.63 BERT 76.37 70.96 73.56
ERNIE 57.19 76.51 73.39 ERNIE 78.42 72.90 75.56
Model FewRel TACRED
P R Fl P R Fl
CNN 69.51 69.64 69.35 70.30 54.20 61.20
PA-LSTM - - - 65.70 64.50 65.10
C-GCN - - - 69.90 63.30 66.40
BERT 85.05 85.11 84.89 67.23 64.81 66.00
ERNIE 88.49 8R.44 88.32 69.97 66.08 67.97




ERNIE: pe3ynbtaThl Ha GLUE

Model MNLI-(m/mm) QQP QNLI SST-2
392k 363k 104k 67k
BERTRASE 84.6/83.4 71.2 - 93.5
ERNIE 84.0/83.2 71.2 91.3 93.5
Model CoLA STS-B MRPC RTE
8.5k 5.7k 3.5k 2.5k
BERTRASE 52.1 85.8 88.9 00.4
ERNIE 52.3 83.2 88.2 08.8




ALBERT

* Lan Z., Chen M., Goodman S., Gimpel K., Sharma P,,
Soricut R. ALBERT: A Lite BERT for Self-supervised
Learning of Language Representations // ICLR 2020

e https://iclr.cc/virtual 2020/poster H1eA7AEtvS.html
* https://github.com/google-research/ALBERT
* Google (ceHTAbpb 2019)

 OcHOBHaa naea: nerkosecHbl BERT ¢ Takmnm e
KayecTBOM

 Amit Chaudhary. Visual Paper Summary: ALBERT
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https://iclr.cc/virtual_2020/poster_H1eA7AEtvS.html
https://github.com/google-research/ALBERT
https://amitness.com/2020/02/albert-visual-summary/

ALBERT: Factorized embedding
parameterization

* Pazmepbl KOHTEKCTHO-HE3aBUCUMbIX IMbeaanHros (E)
N KOHTEKCTHO-3aBUCUMbIX CKPbITbIX BeKTopoB (H) B
BERT cosnapgatot: E = H

* OaHako adpdpeKTUBHOCTL BERT npomncxoamT ns yyerta
KOHTEKCTa, No3ToMy KenatenbHo H > E

* TaKyKe maTpuLla asmbeaaMHIOB CUbHO 3aBUCUT OT
pa3smepa cnoBaps, NO3TOMY ¥eslaTe/ibHO YyMeHbluaTb E

e [lekomno3numa maTpuubl smbeaanHIoB TOKEHOB
Ha ABe Hebonblne MmaTpuULbl



BN

X

ALBERT: Cross-layer parameter sharing

* PazpeneHune secoBs BHMMaHUA U FFN mexxay scemu

caoamMmum

T ranstormer Blocl(

T ransformer block

Shared

T

T ransformer block

| | Tronsformer block

-

parameters

BN

3

NN

Tronsformer block

Transformer block

T ransformer block

TroansPormer block

11

!
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ALBERT: Cross-layer parameter sharing

Model Parameters | SQuADI.I  SQuAD2.0 MNLI SST-2 RACE | Avg
ALBERT all-shared | 31IM 88.6/81.5 79.2/76.6 82.0 90.6 63.3 79.8
base shared-attention 83M 89.9/82.7 80.0/77.2 84.0 91.4 67.7 81.6
F=768 shared-FFN STM 89.2/82.1 78.2/754 81.5 90.8 62.6 79.5
not-shared 108M 00.4/83.2 80.4/77.6 84.5 92.8 68.2 82.3
ALBERT all-shared | [2M 89.3/82.3 80.0/77.1 82.0 90.3 64.0 80.1
base shared-attention 64M 89.9/82.8 80.7/77.9 83.4 91.9 67.6 81.7
=128 shared-FFN 38M 88.9/81.6 78.6/75.6 82.3 91.7 64.4 80.2
not-shared 8OM 89.9/82.8 80.3/77.3 83.2 91.5 67.9 81.6
Model Parameters Layers Hidden Embedding Parameter-sharing
base 108M 12 768 768 False
BERT large 334M 24 1024 1024 False
base 12M 12 768 128 True
large 18M 24 1024 128 True
ALBERT ) e 60M 24 2048 128 True
xxlarge 235M 12 4096 128 True

18



ALBERT: Inter-sentence coherence loss

B BERT 3agauya NSP obbeamnHaeT aoBe 3aaauu:

* topic prediction — B3ATbl 1M ABa NpeaAsOKEeHNA
N3 O4HOrO TEKCTa?

e coherence prediction — cneaytoT m aBa
npeasoxKeHna Apyr 3a Apyrom?

e 3aaaya topic prediction nerue, nostomy NSP B uesnom
HEe UMeeT CMbICNa

B ALBERT aBa npegnoxenHusa scerga bepyrca u3
o4HOro AoKymeHTa (HeT 3aga4um topic prediction), HO
N1 HeraTMBHOIO K/1acca OHM NepecTaBAaoTCA —
3a4a4a sentence-order prediction (SOP)



ALBERT: Inter-sentence coherence loss

ALBERT:

Corree+t
Sentence. | Sentence order?

///;//////j///////////;///////;///////;/////
- A y ’ A i
r rd rd rd rd
e / S /;’/;///// LS A LAY
1
. /r// WA / e 74 YES
I com lgl'epl i hsc:hoal s [l byttt Mo s,
SIS IS VIS IISS SISy Iys ISy
/"'///////////////////////
s VPSP S PSS SIS SIS NS s Sss

Swoap or‘ale_r*

T Qc:mple;’re_pl high‘schncl VO
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ALBERT: Inter-sentence coherence loss

Intrinsic Tasks Downstream Tasks
SPtasks | MLM NSP SOP | SQuADI.1 SQuAD2.0 MNLI SST-2 RACE | Avg
None 54.9 524 53.3 88.6/81.5 78.1/75.3 81.5 89.9 61.7 79.0
NSP 54.5 90.5 52.0 88.4/81.5 77.2/74.6 81.6 91.1 62.3 79.2
SOP 54.0 78.9  86.5 89.3/82.3 80.0/77.1 82.0 90.3 64.0 30.1
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ALBERT: GLUE v cpaBHeHuMe c BERT

Models MNLI  QNLI QQP RTE SST MRPC ColLA STS WNLI Avg
Single-task single models on dev
BERT-large 86.6 92.3 91.3 704 932 88.0 60.6  90.0 - -
XLNet-large 89.8 939 91.8 838 956 89.2 63.6 918 - -
RoBERTa-large 90.2 94.7 922 86.6 964 90.9 63.0 924 - -
ALBERT (1M) 90.4 952  92.0 881 96.8 90.2 68.7 927 - -
ALBERT (1.5M)  90.8 95.3 922 89.2 96.9 90.9 71.4  93.0 - -
Ensembles on test (from leaderboard as of Sept. 16, 2019)
ALICE 88.2 95.7 90.7 835 952 92.6 69.2 O9l.1 80.8  87.0
MT-DNN 87.9 96.0 89.9 863 96.5 92.7 68.4  O9l.1 89.0  &7.6
XLNet 90.2 98.6 903 863 96.8 93.0 67.8 91.6 904 884
RoBERTa 90.8 989  90.2 88.2 96.7 923 67.8  92.2 89.0  88.5
Adv-RoBERTa 91.1 98.8 90.3 88.7 96.8 93.1 68.0 924  89.0  88.8
ALBERT 91.3 99.2 90,5 89.2 97.1 93.4 69.1 925 91.8 894
Model Parameters SQuADI1.1 SQuAD2.0 MNLI SST-2 RACE | Avg | Speedup
base 108M 90.4/83.2 80.4/77.6 84.5 92.8 68.2 | 823 4.7x
BERT large 334M 92.2/85.5 85.0/82.2 86.6 93.0 39 | 852 1.0
base 12M 89.3/82.3 80.0/77.1 81.6 90.3 64.0 | 80.1 5.6x
Al BERT large 18M 90.6/83.9 82.3/79.4 83.5 91.7 68.5 | 824 1.7x
i xlarge 60M 02.5/86.1 86.1/83.1 86.4 92.4 74.8 | 855 0.6x
xxlarge 235M 94.1/88.3  88.1/85.1 88.0 95.2 82.3 | 88.7 0.3x
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DistilBERT

e Sanh V., Debut L., Chaumond J., Wolf T. DistilBERT,
a distilled version of BERT: smaller, faster, cheaper
and lighter // arXiv:1910.01108

* https://arxiv.org/abs/1910.01108
e Hugging Face (okTa6pb 2019)

* OcHoBHasa naea: knowledge distillation ans BERT

e Geoffrey Hinton, Oriol Vinyals, Jeff Dean. Distilling the
Knowledge in a Neural Network // arXiv:1503.02531

* Oby4yeHune HebonbLwon moaenm («CTygeHTa»)
Ha oTBeTax 6onblon mogenu («yyntenar)



https://arxiv.org/abs/1910.01108
https://arxiv.org/abs/1503.02531

DistilBERT
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DistilBERT: ¢pyHKUMA OWLINMOKNK

* YyeT BCcero pacnpegenieHnAa «ydyntenan:

L., = Z t;logs;,

i
roe t; — BEpOATHOCTU OTBETOB «Y4YUTENA»,

S; — BEPOATHOCTM OTBETOB «CTyAEHTa»

* MoaennpoBaHuMe BCero pacnpeaeneHmsa no3sBonsaeT
nyyle obobuwartbea
* | think this is the beginning of a beautiful [MASK]

* [IMASK] — day, life, future, story, world, ...



DistilBERT: ¢pyHKUMA OWLINMOKNK

* TponHaAa GyHKUUA OWNOKKU (MMHENHAA KOMBUHAUMA):
* Kpocc-aHTponua gna otBeToB «yuutena» L.,
* Kpocc-aHTponua ana MLM

* cosine embedding loss — pa3Huua mexay
CKPbITbIMU BEKTOPAMU «YUUTENA» N KCTYAEHTa»



DistilBERT

* ApXUTeKTypa:
» y6bpanu token-type embeddings n pooler
* COKpPaTUAM KOJIMYECTBO C/1I0€B B ABa pa3a
* Pa3MEepPHOCTb BEKTOPOB COXPaHUIN

* NHMUmnann3sauma:
e cnoAamu «yuyutensa» (oaAnMH cnom 13 AByx)

e ObyueHme:
e [l1aTaceT Kak B BERT: English Wikipedia n Book Corpus
* 8 V100 16 GB — 90 yacos
* RoBERTa: 1024 V100 32 GB — 24 yaca



DistilBERT: pe3aynbTtaThl

* Ha 40% meHbLue, Ha 60% bbicTpee, 97% Ka4vecTBa

Model Score CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B WNLI
ELMo 68.7 44.1 68.6 76.6 71.1 862 534 915 70.4 56.3
BERT-base  79.5 56.3 86.7 88.6 91.8 89.6 693 927 89.0 53.5
DistilBERT  77.0 51.3 82.2 87.5 89.2 88.5 599 913 86.9 56.3
Model IMDb  SQuAD Model #param.  Inf. time
(acc.) (EM/F1) (Millions)  (seconds)
BERT-base 93.46 81.2/88.5 ELMo 180 895
DistiBERT 92.82  77.7/85.8 BERT-base 110 668
DistilBERT (D) - 79.1/86.9 DistilBERT 66 410




DeBERTa

* He P, Liu X., Gao J., Chen W. DeBERTa: Decoding-
enhanced BERT with Disentangled Attention
// ICLR 2021
* Microsoft (ntoHb 2020)
* https://github.com/microsoft/DeBERTa
* TpetbAa Bepcma — ICLR 2023
* https://openreview.net/forum?id=sE7-XhLxHA

e OcHOBHaA naeq. ayvuwe yymtbiBatb nNo3anum TOKEHOB
* https://www.youtube.com/watch?v= c6A33Fg5Ns
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https://github.com/microsoft/DeBERTa
https://openreview.net/forum?id=sE7-XhLxHA
https://www.youtube.com/watch?v=_c6A33Fg5Ns

DeBERTa: Disentangled attention

* B BERT Kaxapbi1 TOKEH npeactaBaseTca cymmon ambeaamnHra
TOKEHa U ambeaamHra no3numMm 3Toro TOKeHa

* B DeBERTa Kaxkablh TOKEH NpeAacTaBNAETCA ABYMA OTAE/IbHbIMM
BEKTOpamMm - sambeaaMHIOM TOKEHA M 3MbeaaNHIOM
OMmHocumeribHol No3nLUMmM 3TOro TOKEHA

* lMpumep: cnosa «deep» u «learning» cBA3aHbl NO-pPa3HOMY, €CAU
OHW BCTPEYaoTCA BMEeCcTe UM A0CTAaTOYHO Aa/1eKo ApYr OT Apyra

Ayj = {H;, Py} % {H;, m}

— T T
= H;H| + H;P}; + P, ;HT + P, ;P

/ \ N position-to-position

content-to-content
content-to-position position-to-content



DeBERTa: Disentangled attention

* B BERT Ka*apbi TOKEH npeactaBaseTca cymmon ambeaamnHra
TOKEHa U ambeaanHra no3numMm 3Toro TOKeHa

B DeBERTa Ka*KAabiv TOKEH NpeacTaBaseTca ABYMSA OTAENbHbIMM
BEKTOpamMu - ambeaAMHIOM TOKEHA M IMbeaANHIOM
OmHocumesibHol NO3NLUMK 3TOFO TOKEHA

* [Mpumep: cnoBa «deep» n «learning» cBA3aHbl NO-Pa3HOMY, €CAU
OHM BCTPEYAOTCA BMECTe UK AOCTAaTOYHO AaNEeKO APYr OT Apyra

= {H;, Py} x {H;, Py} =

= H;H} + H;P;); + P;jH +

content-to-content / \

(6b110 paHee) content-to-position position-to-content
(bblno paHee) (DeBERTa)
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DeBERTa: Enhanced mask decoder

* Kpome OTHOCUTENIbHbIX NO3ULIMA BaXKHbl U aBCONIOTHbIE:

A new store opened beside the new mall

e 1na peweHuna 3agaunm Masked Language Modeling (MLM)
abcontoTHasa No3nUMA TOKEHOB YYUTbIBAETCSA NOCANE
BbIxoagHOro cnosa Transformer nepen Softmax

B BERT ambeaanHr abcontotTHOM NO3ULMN TOKEHA
CKnaabiBancs c ambeaaMHrom caMoro TOKeHa Ha BXxoae

Transformer



DeBERTa: pe3ynbTatbl Ha GLUE

Model CoLA |QQP| MNLI-m/mm| SST-2| STS-B| QNLI| RTE| MRPC| Avg.
Mcc | Acc Acc Acc Corr Acc | Acc| Acc

BERT 4rge 60.6 [91.3 86.6/- 93.2 90.0 023 | 70.4| 88.0 | 84.05

RoBERTa;,, 4. | 68.0 [92.2 90.2/90.2 96.4 024 93.9 | 86.61 909 | 88.82

XLNet; g, ge 69.0 [92.3 90.8/90.8 97.0 92.5 949 | 85.9( 90.8 | 89.15

ELECTRA 3 | 69.1 |92.4 90.9/- 96.9 92.6 05.0 | 88.0] 90.8 | 89.46

DeBERTa;4rgc| 70.5 |92.3 91.1/91.1 96.8 02.8 05.3 | 88.3| 91.9 | 90.00




Rank Name URL Score

G LU E 1 Microsoft Alexander v-team Turing ULR v6 g 91.3
2 JDExplore d-team Vega v1 91.5
3 Microsoft Alexander v-team Turing NLR v5 g 91.2
4  DIRL Team DeBERTa + CLEVER 91.1
5 ERNIE Team - Baidu ERNIE C}J. 91.1
6 AliceMind & DIRL StructBERT + CLEVER C}J. 91.0
7 DeBERTa Team - Microsoft DeBERTa / TuringNLRv4 C’J‘ 90.8
8 HFLIFLYTEK MacALBERT + DKM 90.7
9  PING-AN Omni-Sinitic ALBERT + DAAF + NAS 90.6

10 T5 Team - Google T5 g 90.3



SuperGLUE

Rank Name Model Score
1 JDExplore d-team Vega v2 91.3
2 Liam Fedus ST-MoE-32B 91.2
3 Microsoft Alexander v-team  Turing NLR v5 90.9
4 ERNIE Team - Baidu ERNIE 3.0 90.6
5 YiTay PaLM 540B 90.4
6 Zirui Wang T5 + UDG, Single Model (Google Brain) 90.4
7 DeBERTa Team - Microsoft ~ DeBERTa / TuringNLRv4 90.3
8 SuperGLUE Human Baselines SuperGLUE Human Baselines 89.8
9 T5 Team - Google 15 89.3
10 SPoT Team - Google Frozen TS 1.1 + SPoT 89.2



BART

* Lewis M., Liu Y., Goyal N., Ghazvininejad M.,
Mohamed A., Levy O., Stoyanov V., Zettlemoyer L.
BART: Denoising Sequence-to-Sequence Pre-
training for Natural Language Generation,
Translation, and Comprehension // ACL 2020

* BART — Bidirectional and Auto-Regressive Transformers
 https://aclanthology.org/2020.acl-main.703/
* Facebook Al (okTabpb 2019)

* OcHOBHaA ngesa: obbegnHeHne NnpenmyLLecTs
BERT n GPT — kKnaccuduKauma u reHepayma Ha
O4HOWN MOAENU



https://aclanthology.org/2020.acl-main.703/

BART: apxuTeKTypa

5 D ABCDE
b L4445
BERT C*Blggiggg?aLD AUtg;ecg;(jZ?lvi GPT
frrfd FI1rd
A_C_E <s>ABCD
ABCDE
b1 ttd Base: 6 cnoeB
Bidirectional Autoregressive ’ -0 A
BART Cq IEIncoclierah>E>< ey . Large: 12 croes
4211 te 21
A_B_E <s>A B CD



BART: Pretraining

* ,ﬂ,OI’IyCKaETCFI Nntoboe nckaxkeHue BXOAOHOTO TEKCTA

* B npenene (korga HET MHGOPMaALLMK O BXoae) —
TPaAULMOHHAA A3bIKOBAA MOAENb

(AC._E.) (DE.ABC.) (C.DE.AB)

Token Masking  Sentence Permutation Document Rotation

4
(A.c.e.) =y (ABc.DE.) I (A_.D_E.)

Token Deletion Text Infilling
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BART: Fine-tuning

label

( Pre-trained )@( Pre-trained
< Encoder > Decoder .
FEEfd FFrets
ABCDE <s>ABCDE

Knaccndumkaums

ABCDE
14441
Pre-trained Pre-trained
e ey e
EERREX, B
R <s>SABCD
Initialized Encoder
+++++

a y © ¢

MalWwnHHbIN NepeBoa



BART: pe3ynbtathl Ha GLUE

MNLI SST QQP OQNLI STS-B RTE MRPC CoLA
m/mm Acc Acc Acc Acc Acc Acc Mcc

BERT 86.6/- 93.2 913 92.3 90.0 70.4 88.0 60.6
UnilLM 87.0/85.9 945 - 92.7 - 70.9 - 61.1
XLNet 89.8/- 95.6 918 93.9 91.8 83.8 89.2 63.6

RoBERTa 90.2/90.2 964 922 94.7 92.4 86.6 90.9 68.0
BART 89.9/90.1 96.6  92.5 94.9 91.2 87.0 90.4 62.8
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BART: pe3ynbTaTbl ANA pepepupoBaHma

CNN/DailyMail XSum
R1 R2 RL R1 R2 RL

Lead-3 40.42 17.62 36.67 1630 1.60 11.95
PTGEN (See et al., 2017) 36.44 15.66 3342 2970 9.21 2324
PTGEN+COV (See et al., 2017) 39.53 17.28 36.38 28.10 8.02 21.72
UniLM 43.33  20.21 40.51 - - -

BERTSUMARBS (Liu & Lapata, 2019) 41.72 19.39 38.76 38.76 16.33 31.15
BERTSUMEXTABS (Liu & Lapata, 2019) 42.13  19.60 39.18 38.81 16.50 31.27
ROBERTASHARE (Rothe et al., 2019) 40.31 1891 37.62 4145 1879 33.90
BART 44.16 21.28 4090 45.14 22.27 37.25
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XLNet

* Yang Z., Dai Z., Yang Y., Carbonell J., Salakhutdinov R., Le Q.V.
XLNet: Generalized Autoregressive Pretraining for Language
Understanding // NeurlPS 2019

e HazsaHue ot Transformer-XL
 NeurlPS Proceedings
» Carnegie Mellon University, Google (1toHb 2019)

* OCHOBHa“A naed: BKAYeHne AByHanpasBia1eHHOCTHU

B AeKodepe 3a CHET nepecCraHOBOK MNPU BblIMUCNEHUU
BEPOATHOCTU TOKEHA

* TaKXKe BKNHOUYUIN PEeKYPPEHTHOCTb NO CermeHTam u
OTHOCUTE/IbHOE NO3MLMOHHOEe KoanupoBaHue u3 Transformer-XL


https://proceedings.neurips.cc/paper_files/paper/2019/file/dc6a7e655d7e5840e66733e9ee67cc69-Paper.pdf

XLNet: pe3ynbTtaThl

Model MNLI QNLI QQP RTE SST-2 MRPC CoLA STS-B WNLI
Single-task single models on dev

BERT [2] 30.6/- 92.3 91.3 70.4 93.2 88.0 60.6 90.0

RoBERTa [21] 90.2/90.2 94.7 92.2 86.6 96.4 90.9 68.0 924

XLNet 90.8/90.8 94.9 92.3 85.9 97.0 90.8 69.0 92.5

Multi-task ensembles on test (from leaderboard as of Oct 28, 2019)

MT-DNN* [20] 87.9/87.4 96.0 89.9 86.3 96.5 92.7 68.4 91.1 89.0
RoBERTa™ [21]  90.8/90.2 98.9. 90.2 88.2 96.7. 92.3 67.8 92.2 89.0
XLNet" 90.9/90.9" 99.0" 904" 885 97.1' 92.9 70.2 93.0 92.5
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Longformer

* Beltagy I., Peters M.E., Cohan A. Longformer: The
Long-Document Transformer // arXiv:2004.05150

* https://github.com/allenai/longformer

 Allen Institute for Artificial Intelligence (anpenb 2020)

* OcHoBHaA naen: o6paboTka ANNHHDBIX
nocnenoBaTeIbHOCTEN 3a CYET BHUMAHUSA
JINHEMHOW CNOXHOCTU

¢ Peanm3yeTcsl Ha OCHOBE CneunasZibHbIX NaTTepHOB

* MoeT NPMMeHATbCA ANA IHKoAepa, AeKoaepa
N 3HKodepa-aeKoaepa


https://github.com/allenai/longformer

Longformer: pe3ynbTaThl

QA Coref. Classification
Model WikiHop  TriviaQA  HotpotQA  OntoNotes IMDB  Hyperpartisan
RoBERTa-base 72.4 74.3 63.5 78.4 05.3 87.4

Longformer-base 75.0 75.2 64.4 78.6 95.7 04.8




ELECTRA

e Clark K., Luong M.-T., Le Q.V., Manning C.D. ELECTRA: Pre-
training Text Encoders as Discriminators Rather Than
Generators // ICLR 2020

 ELECTRA = Efficiently Learning an Encoder that Classifies Token
Replacements Accurately

* https://openreview.net/pdf?id=r1xMH1BtvB
e Stanford University, Google (mapT 2020)

 OcHoBHaAa naea: smecto MLM pewaeTcsa 3agaya Replaced
Token Detection — cneynanbHaa moaenb reHepuUpyeT
3aMeHsAWMe TOKEHbI, a obyyaemasa mogenb NbiTaeTcs
onpeaennTb, KAKOM TOKEH 3aMeHEeH


https://openreview.net/pdf?id=r1xMH1BtvB

ELECTRA

* [logxoAa:
sample
the —> [MASK] —> -->» the —>» —> original
chef — chef — Generator chef —> —> original

_ Discriminator
cooked %[MASK] —> (typ|ca||y a L->» ate —>» (ELECTRA) —> replaCEd

the —» the —»| small MLM) the — —> original
meal — meal —> meal —>» —> original




GLUE Score

ELECTRA: pe3ynbTaThl

90 — I Nl
EL-NEt ------------------- tgp—s— = |m= - ‘.: —————————— - - = = -
RA-Large la™ o, RoBERTa RoBERTa XLNet
I
100k steps 100k steps | | 300k steps 500k steps
85 - LECTRA-Base 85 {im :
T-Large | @ |
I
® :
I
30 4 ECTRA-Small 80 Js :
GPT ) |
: |
| I
75 4 @ BERT-Small 75 o :
I
I
: .
®ELMo I :
70 = 70 <1 :
oGloVe m—m Replaced Token Detection Pre-training + I
e—e Masked Language Model Pre-training I :
| T | | | T T | | = | | |
0 1 2 3 4 5 6 7 8 0 1 2 3 4
Pre-train FLOPs 1e20 Pre-train FLOPs le21
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ELECTRA: pe3ynbTaThl

GLUE Score

85

84 -
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82

81 -

80
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Which generator size works best?

@
|
Discriminator Size
r,’/‘\\ & /b8
| 512
Ak 256
A
T | | | | | | |
unigram 32 6d 128 256 512 7681024

Generator Size
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Switch Transformer

* Fedus W., Zoph B., Shazeer N. Switch Transformers:
Scaling to Trillion Parameter Models with Simple
and Efficient Sparsity // Journal of Machine
Learning Research, 2022

 https://imlr.org/papers/v23/21-0998.html
* Google (aHBapb 2021)

* OCHOBHaA naen: paspexeHHasa akTmeauma — Ana
KaxXX40ro npmnmepd pa60TaeT noaAMHOXECTBO BE€COB
cetn (npea Mixture of Experts)

* 1 TpunnmnoH napametpos, Encoder-Decoder (T5)


https://jmlr.org/papers/v23/21-0998.html

Switch Transformer: apxutekTypa
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Switch Transformer: pesynbTaThbl

Model GLUE SQuAD SuperGLUE ~ Winogrande (XL)
T5-Base 84.3 85.5 75.1 66.6
Switch-Base 86.7 87.2 79.5 73.3
TH-Large 87.8 88.1 82.7 79.1
Switch-Large 88.5 88.6 84.7 83.0
Model XSum ANLI (R3) ARC Easy ARC Chal.
T5-Base 18.7 51.8 56.7 35.5
Switch-Base 20.3 54.0 61.3 32.8
T5-Large 20.9 56.6 68.8 35.5
Switch-Large 22.3 58.6 66.0 35.5
Model CB Web QA CB Natural QA CB Trivia QA
T5-Base 26.6 25.8 24.5
Switch-Base 27.4 26.8 30.7
ThH-Large 27.7 27.6 29.5
Switch-Large 31.3 29.5 36.9




FLAN

 Weil., Bosma M., Zhao V.., Guu K., Yu A\W., Lester
B., Du N., Dai A.M., Le Q.V. Finetuned Language
Models Are Zero-Shot Learners // ICLR 2022
* FLAN = Finetuned Language Net
* Google (ceHTabpb 2021)

 OCcHOBHaA UAes: UHCTPYKLUMM MO MHOXECTBY 3a/aY
(60 paTtacetoB) Ansa noobyyeHmna bonbLion moaenm
* GPT, 137 munnnapaos napameTpos



FLAN: noaxon

Finetune on many tasks (“instruction-tuning”)

' Input (Commonsense Reasonin Input (Translation)
Here is a goal: Get a cool sleep on Translate this sentence to Inference on unseen task type
summer days. STETED ' Input (Natural Language Inference) |

How would you accomplish this goal? The new office building S

OPTIONS: . was built in less than three Fozie e FEErT
(-Keep stack of pillow cases in fridge.] | Mmonths. o .
) - - Hypothesis: It's not certain how many
|-Keep stack of pillow cases in oven. Target ' lessons you'll learn by your thirties.
Target El nuevo edificio de oficinas Does the premise entail the hypothesis?
- keep stack of pillow cases in fridge se consiruyo en tres meses. OPTIONS:
' - - -yes | [-itis not possible to tell | [ -no |

| Sentiment analysis tasks

' = ' FLAN Response
_Coreference resolution tasks_.l

(A) Pretrain—finetune (BERT, T5)

\.

Pretrained Finetune on Inference - -
LM taskA —* ontaskA (C) Instruction tuning (FLAN)
s I
» Typically requires many . Instruction-tune on
task-specific examples Pretrained . Inference
+ One sgecialized mgdel mBang tgslcs > ontask A
L for each task , s
- Model learns to perform Inference on
. many tasks via natural unseen task
(B) Promptlng (GPT—3) Iangaage instructions
- ~ N J

Improve performance

via few-shot prompting
Pretrained or prompt engineering _  Inference
LM * ontask A
\ J

It is not possible to tell |
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FLAN: pnaTaceTbl

* 62 paTtacera:

, . N (- Y4 i N ([ N (-~ )

Natural language inference | (Commonsense Sentiment Paraphrase Closed-book QA | | Struct to text Translation

(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLIR1-R3))( RTE  )||( CoPA J[|( IMDB ] ( MRPC ) (ARC (easy/chal) ) | | (CommonGen ) | | ((Paracraw EN/DE )
(cB ) sNu_ J||(Hellaswag J||(_ sent140 J||(" aaP )|[( NQ )[|(__DART ) ||(Paracraw ENES)
( MNLI ) WNLI )|( PIQA ) SST-2 j [ PAWS )|[( T@A  )||( E2ENLG )| |(Paracraw ENFR)
YT T —
| QNLI ) (StoryCloze ) || Yelp ~ STS-B [ WEB | (wwMT- )
- J DAL Yy )\ p jJ xk j, L p \1: NLG 5 . MT-16 EN;’CS\l
~ ~ ~ ( WMT-16 EN/DE )
Read. comp. o Coreference Misc. \( b (' WMT-16 EN/FI )
(5 datasets) commonsense (3 datasets) (7 datasets) (11 datasets) ‘; =

( BoolQ V [ OBQA ) 3y (2 datasets) ( DPR } ( CoQA )(TREC )| | AESLC ) ( Multi-News )( k SamSum ) ',\__WMT-16 ENIRO—\"
" DROP SQUAD\ (CosmosQA ) | | ( Winogrande )| | (QuAC \( CoLA ) | C_AG News )(_Newsroom ) (Wiki Lingua EN ) (WMT-16 EN/RU )
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/m P 4 \_ \h AN | | (WMT-16 EN/TR )
(_ Mult Y \'5 ReCoRD /lj \( WSC273 jj \Cle Punctuatlon (NLG)}) \./ Gigaword )(Opin—AbS MOViG} ) C __//
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FLAN: wabnoHbl MHCTPYKLUIA

10 wabnoHoB Ha gaTtaceT

Premise Template 1 Template 3

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.

_ )
<premise> Read the following and

Based on the paragraph determine if the hypothesis can
above, can we conclude that be inferred from the premise:

<hypothesis>? Premise: <premise>

<options> ) | Hypothesis: <hypothesis>

Hypothesis fheo
Russians hold the record for the Template g
longest stay in space. <premise> _ )

Can we infer the following? Template 4, ...

Target Options: _
Entailment - yes <hypothesis> ( )
Not entailment - ho <options>
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FLAN: pe3ynbTaThl

. GPT-3 175B zero shot [ GPT-3 175B few-shot [l FLAN 137B zero-shot

Performance
on unseen
task types

Natural language inference Reading Comprehension Closed-Book QA
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RETRO

e Sebastian Borgeaud, Arthur Mensch, Jordan
Hoffmann, Trevor Cai, Eliza Rutherford et al.
Improving language models by retrieving from
trillions of tokens // arXiv:2112.04426

 RETRO = Retrieval-Enhanced Transformer
* DeepMind (aekabpb 2021)

 OCcHOBHAaA naeA: BKAOYEHME NONCKA HAa OCHOBE
k 6amKkanwmnx coceagen B Transformer



RETRO: apxuteKTypa
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