ELLLE O TPAHCDOPMEPAX

Ceprent HUKONEeHKO

CNeéry — CaHkr-Metepbypr
31 oKkTAGPA 2024 T.

Random facts:

-+ 31 0KTA6PSA BO BCEM MUpe — X3MNOYMH, HOYb HakaHyHe [JHs BCex CBATbIX, @ B Poccnn — [leHb
paboTHmkoB CN30 u Tiopem; 31 okTAbps 1963 roga 6binn co3aaHbl nepsble C30 B CCCP

- «31 okta6pa» (Club Deportivo 31 de Octubre) — 6onuBncKnn yT6ONBHbBINA KNY6 13 fla
Maca; 31 okTA6pA 1952 . B BONMBUM HALMOHANU3MPOBANY FOPHOPYAHYIO MPOMbILWAEHHOCTD,
a 31 oKTA6PA 1954 . Tam OTKPbINCA Cbe3f MepBoro HauMoHaNbHOro KOHrpecca TPYASLIMXCS

- 31 0kTA6pA 1517 1. MapTuH /ioTep npubun K ABepwu Lepkeu B ButteHbepre 95 Te3ncos

+ 31 0KTA6ps 1811 1. 6bI1 OTKPLIT LlapckocenbCkuni NuLen; Cpean nepsbix BOCMUTAHHUKOB
6bINN He TONbKO MMYLWKWH ¢ TOPUAKOBbLIM, HO 1, HANPKMeEP, NONSAPHBIN KCCNef0BaTeNb U
aamupan ®énop MaTIoLWKKH, TBepCckon ry6epHaTop Anekcanap bakyHWH U poCCUnCKuMii
nocnaHHuk B bpasmnuu, Noptyranuu n Hupepnanaax Cepren /ToMmoHOCOB

- 31 0KTA6ps 1905 . 6biNa NpoBO3rnaleHa MapkoBckas pecnybnka, KpecTbsiHCKoe
camoynpaeneHune B MapKoBCKOW BOMOCTH BONOKONAMCKOro ye3a MOCKOBCKOMN ry6epHuy;
Kasaku NpeKkpaTuau CyulecTBOBaHNe pecrnybamnki Tonbko B nioHe 1906 roaa

-+ 31 0KTA6psa 2000 I. 66171 OCTAHOBEH NOCNEAHMIN KOMMNbOTEP, PA6OTaBLWMIA MO yNpaBneHnem
onepaunoHHon cuctembl Multics, nepBbIi BbIMYCK KOTOPOW CcOCToANCA B 1965 roay



EWE O TPAHCOOPMEPE



TRANSFORMER

+ Mbl 3yyanu nepeBo Ha PEKYPPEHTHbIX CETAX U AOWN 4O
apxuTekTypbl Google NMT

- Ho B 2017 roay 0Ka3anocb, YTO BCE MOXET ObITb eLlé MpoLLe U
NHTEpEeCHee

- Google: «Attention is all you need» (Vaswani et al., 2017)

- OcHOBHaa uaes - self-attention; okasbiBaeTca O4eHb
NNOAOTBOPHOW ANA BCEBO3MOXHbIX S€q2seq 3aaay

- [naBHaa MoTUBaLMA — NONPO6OBATb BCE-TaKW YUTU OT
KOAMPOBAHWS BEKTOPOM MOCTOSAHHOW A/UHbI



TRANSFORMER

- O6blas cxema:
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TRANSFORMER

- CyTb, KaK 1 paHble, - encoder-decoder:
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TRANSFORMER

- B kaxgom cnoe - cnow self-attention, a notom feedforward layer,
KOTOPbIV HE3ABUCUMO MPUMEHSAETCS K KaXA0W no3nuum Bxoga. Y
flekoaepa ellg ecTb attention mexay HUMK:
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TRANSFORMER

- CnoBa, ecTecTBeHHO, NpeacTaBnatoTca Bektopamu, B feedforward
cnoe BCE napannenbHo:
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SELF-ATTENTION

- Y1066l NOHATL CaMoBHUMaHMe (self-attention), HAUHEM C
nHhopmaLroHHoro nowucka (information retrieval)
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SELF-ATTENTION

- 3anpochbl ¥ AOKYMEHTbI OTOHPAXKAKTCA B OAHO U TO e
NaTeHTHOE NPOCTPAHCTBO (HO Pa3HbIMU KOAUPOBLIMKAMK — 3TO
MOTYT 6bITb BOOB6LLE 06BEKTbI PA3HON MPUPOLbI)

- 3anpoc uaeT yepes query encoder

- [JoKyMeHTbI (Ha MNMCTPALMN 3TO KAPTUHKI) — Yepes Apyron
encoder, HO B TO e NPOCTPAHCTBO

-+ YT06bl HANTK CaMble peneBaHTHble JOKYMEHTbI, Mbl ULLEM
H6AMKaMLWNX coceaent B NaTeEHTHOM MPOCTPAHCTBE Cpeau
[IOKYMEHTOB; YaCTO MpeAnonaratoT, YTo MaTeHTHOe
NPOCTPAHCTBO NMMHENHO, U PAaCCTOAHME TaM — 3TO NPOCTO
ckanapHoe npousseneHne dist(q,d) = Enc,(¢)"Ency(d).



SELF-ATTENTION

- B caMOBHMMaHMUK 3Ta UHTYULMA UCNOMb3YeTCa OUeHb
abctpakTHo. Cnow mofyyYaeT Ha BXod NOCNef0oBaTenbHOCTb
BEKTOPOB X;, X, ..., X7, T.€. MaTpny X € R,

- 3anpochl, KoUK 1 AOKYMEHTbI 6epyTCa U3 Camux x;:

- YMHOXas X, HA MaTpuuy BecoB W%, Mbl Monydaem BeKTOp
3anpoca q, = W®x,; 06paTute BHUMAHUE, YTO PA3MEPHOCTb ¢
BEKTOPOB 3arnpocos, q; € R7, MOxXeT oTnuathest (06bIUHO MeHbLUE)
OT BXOLQHOW pa3mepHocTu d, x; € R%;

- YMHOXas x, Ha MaTpuuy Becos WX, Mbl nonyyaem BekTopbl
knoveld k, = WKx,. ana i =1,..., L; NOCKOMIbKY Mbl XOTUM, UTOObI
3anpOoChl ¥ KTKYM HAXOAUTUCH B OJHOM NTATEHTHOM MPOCTPAHCTBE,
KMtouy MMetoT Ty Ke pa3MepHOCTb, 4To 1 3anpockl, k; € RY, Takum
obpaszom WV € R7*¢:

- TpeTbs maTpuua BecoB WV faét BekTopbl 3HadeHul v, = WVx,
anai=1,...,L; 3T0 Te 0OKyMeHmbl, KOTOPble Mbl Byaem
«3BAEKATb» C MOMOLLbIO Ktouel k;; (hOpManbHO Mbl Meem
APYrYI0 Pa3MepHOCTb v AN 3HaUeHW, v, € R u WV € R¥4; Ha
npaKTKe 06bIYHO v = g. 4



SELF-ATTENTION

- 3aTeM Mbl BbIMOMHSAEM MOUCK, BbIYNCIAA OLEHKM BHUMAHUSA KaK
CKanapHble NPOU3BeAEHNST MeXy 3anpocamm U AOKYMeHTaMu

- Hopmannsyem qiij, AeNs Ha /g, N NONYy4YnTb OLEHKN Yepe3
softmax, uTo6bl MpeobpPa3oBaTh UX B BEPOATHOCTY:

1
;; = softmax (%quT) ,
J

rne K € R™*E — 370 Bce KMouun, 06beuHeHHble B MaTpuLy,
K=WwW~EKX.

- 3aTem nCcnonb3yem pesynbrat B KavecTBe KO3 uuneHTos ans
BbIMYKN0W KOMBUHALWW 3HAYeHUU \£F

1
z, = softmax —quT) V,
(ﬁ

rne V e R?™*L — 34avuenusa (values), V =WV X.



SELF-ATTENTION

- 06LWan CTPYKTypa cios camosHUMaHua (self-attention):

Layer S
[output 2=2ay, ’
J |




SELF-ATTENTION

- 1 310 BCA MHTYMLUUSA! Mbl MOXEM 06bEAVNHUTD BblUMCNEHWNA
KaXoro z; B OAHY POPMYyY B MAaTPUUHOM BUAE:

1
7 = softmax | — KT) V.
(\/EQ

- HO 3TO TONMbKO OAMH CNOCOH «CMOTPETb» Ha BXO4HbIE BEKTOPbI;
TO, UTO Mbl Ccenyac onpeaenunn, — 3To He NOMHbIV CNON
CaMOBHVMAHUS, a TONbKO 0fHa 20/108a (self-attention head)

* MOXHO pacnapannenuTb 3T1 BblUMCIeHNs BAONb H pasnnyHbix
ronoB, MCMoNb3ys pasHble MaTpuLibl Becos W, ... W,
WE WEnwWwY,...W}. 310 MHo2020/1080€ 8HUMAHUE
(multi-head attention)



SELF-ATTENTION

- Mocne H napannenbHbiX ro1I0B Mbl MOyYaem MaTpuLbl
BbIXOLOB Zy, Zo, ... , Zy PA3MEPHOCTU v X L, 06befiInHAEM UX BCe
B Zeoncar € REHY 11 nob6aBnsiem ewe ogHy maTpuuy Becos
WO e RHEv* y106bI OKaTb pe3ynbrat 06paTHO 40 HEOBXOAUMOM
Pa3MepHOCTH:
Z = (Zopeat WO) .

concat

- C nomolbio WP cnoit caMoOBHUMAHNSA MOXXET KOMBUHUPOBATD
nNpeacTaBNeHns, NONYYEHHbIe U3 Pa3NUYHbIX FO/TOB BHUMAHWS;
3TO TAKXe BaXKHbIN CMnocob A06ABUTb MTMOKOCTb U
BbIPA3UTENbHOCTb B apXUTEKTYPY.



SELF-ATTENTION

- MHOroronoBoe BHMMaHue:
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- JTO camast BaXKHas 4acTb, HO 3TO elLE He BCE. 4




- [lekogep BKNOUAET [1BA AOMNOMNHUTENbHbIX TWMaA COEB:
mackuposaHHoe camosHumaHue (masked self-attention) u
encoder-decoder attention

- MacKMpoBaHHOE BHUMAaHMe B OCHOBHOM 03HAuaeT, uTo,
NOCKOMbKY AeKogep paboTaeT aBTOKOPPEKTUBHO, OH HE [OMKeH
CMOTPETb Ha TOKEHbI, KOTOPbIe eLlé He Nopoann

[N 3TOro nNpolle BCero BBECTW BCKO NOCNeA0BaATeNbHOCTb U
3aMacknMpoBaTb GyayLive NO3uLMN BHYTPU CNOEB
CAMOBHVIMAHUS

- ®opManbHO 3TO O3HAYAEeT, UTO Mbl 33[JaEM apryMeHTbl softmax
Kak —oo A9 6yayLiMx TOKEHOB, YTO O3HA4aeT, YTo NX Beca
BHUMaHWA Bcerga 6yayT HyneBbiMu



- Encoder-decoder attention — 370 Bapuauma mexaHu3ma
CaMOBHMMaHUA, KOTOpas ONUPAETCS Ha Pe3ybTaThl
KOOAMPOBLLMKA

+ 3BYYUT C/TOXKHO... HO Ha CaMOM fief1e 3TO MOYTU TPUBMKANbHOE
n3meHeHune! Mbl MCNONb3yemM pasHble BEKTOPbI B KayecTse
BXOAHbIX JAHHbIX B TOM XX€& CAMOBHUMAHUK:

- AN CO34aHMs 3anpoCcoB NUCNOMb3yemM BEKTOPbI 13 nMpedblayLiero
CNod, TO eCTb Tekyllne NpenctaBneHna yxe I'IOpO)KLLéHHbIX
BbIXOAHbIX TOKEHOB;

© HO ONA «AOKYMEHTOB» B 3afaye «MouncCka», TO eCTb 413 BEKTOPOB
KNtoyen 1 3HaYeHW, Mbl UCMOMb3yeM BEKTOPbI U3 fekoaepa

- HedpopmanbHO 3TO 3HAUUT, UTO Mbl BbIMOMTHSAEM KMOUCK» Ha
BbIXO[le 3HKOZEepa C 3anpocamu, COCTOALLMMU U3 yxKe
MOPOX/AEHHbIX TOKEHOB

- ®opManbHO BCE Pa3MepPHOCTM XOPOLWO COBNAAAOT: B aprymeHTe
softmax ecTb L 31eMeHTOB A9 KaXXA0ro BEKTOPA, HO YNCI0
3anpocoB U1, C/1efoBaTeNbHO, YNCI0 BbIXOAOB COBMadaeT C
YMCNOM BXOA0B



TOKEHUN3ALMA

- Mbl ncnonbsyem snoxenus (embeddings), HO Kak Mbl Jenum
TEKCT Ha TOKEHbI?

- Byte-pair encoding: nHTepecHas uaes, OCHOBaHHas Ha
KoaMpoBaHuM XathdmaHa

- [laBanTe Ha4yHeMm C MOCTPOEeHUS CNoBaps:

{cat : 10, pet : 12, mat : 5,rat : 8, eats : 4}.

Original words: cat pet mat rat eats
Frequencies: 10 12 5 8 4
Characters: c a t p e m r s
Frequencies: 10 27 39 12 16 5 8 4
Pairs: ca at pe et ma ra ea ts
Frequencies: 10 27 12 12 5 8 4 4



TOKEHUN3ALMA

+ 3aTeM pasfesiuMm ero Ha CMMBOJIbl 1 MOoACUYMTaeM napbl
CMMBO/NOB:

{cat : 10, pet : 12, mat : 5,rat : 8, eats : 4},

{c:10,a:27,t:39,p:12,e:16,m : 5,7 : 8,5 : 4},

{ca:10,at : 27,pe : 12, et : 12,ma : 5,ra: 8,ea : 4,ts : 4}.

Original words: cat pet mat rat eats
Frequencies: 10 12 5 8 4
Characters: c a t p e m r s
Frequencies: 10 27 39 12 16 5 8 4
Pairs: ca at pe et ma ra ea ts
Frequencies: 10 27 12 12 5 8 4 4



TOKEHUN3ALMA

- Tenepb Bo3bMeM Hanbonee YacTyto napy («at») u nepekoanpyem
e€ B HOBbIN CMBON (Z), KOTOPbINA A06ABNAETCA B CIOBAPD:

{cZ :10,pet : 12,mZ : 5,77 : 8,eZs : 4},
{c:10,Z:27,t:12,p:12,e:16,m : 5,7 : 8,5 : 4},
{cZ :10,pe : 12,et : 12,mZ : 5,17 : 8, eZ : 4, 7Zs : 4}.

Original words: cat pet mat rat eats
Frequencies: 10 12 5 8 4
Characters: c a t p e m r s
Frequencies: 10 27 39 12 16 5 8 4
Pairs: ca at pe et ma ra ea ts
Frequencies: 10 27 12 12 5 8 4 4



TOKEHUN3ALMA

- Tenepb Mbl MOXeEM Bbl6paTb HOBYIO Hanbonee yacTyo napy — B
[JAHHOM Cfyyae pe nnu et — v 3aMeHNTb €€ Ha APYron HOBbIN

CUMBOJ, Hanpumep Y:

{cZ :10,pet : 12, mZ : 5,77 : 8,eZs : 4},
{c:10,Z:27,t:12,p:12,e:16,m : 5,7 : 8,5 : 4},
{cZ:10,pe:12,et : 12,mZ : 5,77 : 8,eZ : 4, Zs : 4}.

Original words:

Frequencies:

Characters:

Frequencies:

Pairs:

Frequencies:

cat
10

10

ca
10

27

at
27

pet

39

pe

rat

ea

eats




POSITIONAL ENCODINGS

- B TpaHcopmepe Kaxabli BXOAHOW TOKEH MOXET “NOCMOTPETL”
Ha N6ON ApYrov Hanpamyto, Yepes nboe YNCno Apyrux
TOKEHOB

-+ 370 60/bLIOE NPENUMYLLECTBO MO CpaBHeHMO C RNN!

-+ Ho 3T0 3HAUUT, UTO y HAC (PUKCMPOBAHHOE OrpaHUYEeHHOE
context window 1, rmaBHOe€, MOCKOMbKY Beca BHUMaHUs
MOKPbIBAOT BCE TOKEHbI pAaBHOMEPHO, Mbl mepsiem
rnocnedosamenbHocme: cnou self-attention “He 3HaeT”, uTo
HEKOTOpble TOKEeHbl CTOAT PAAOM, @ HEKOTOPblE Aaneko Apyr oT
Aapyra

- Hy)XHO KaK-To AaTb NOHATb TPAHCOpMepy, UTo Y
nocnefoBaTenbHOCT eCTb MOPSA0K, U 3TO enaeTcs yepes
positional encodings



POSITIONAL ENCODINGS

- Positional encodings are vectors added to the embedding that
reflect where in the sequence the current token is.

- How could we encode the position? We could have a number
that is increasing with the position but it is hard to get right:

- if we use an increasing sequence like 1,2, 3, ..., it will not
generalize to sequences longer than the usual length in the
training set, and the network’s behaviour would be much less well
defined for large values;

- if we use a given interval, say [0, 1], and break it down into the
necessary number of pieces, then the positional encoding would
have no idea how many words are actually there between two
tokens: the distance from 0 to § could be 1 token or 100.



POSITIONAL ENCODINGS

- So we use something like positional numbers (where each digit
forms a periodic function with different periods), but with
continuous periodic functions, sine waves:

pos

PE (pOS, 22) = sin (W

) , PE(pos,2i+ 1) = cos (%) ,

where pos is the token position, d is the embedding dimension.

Binary numbers Positional encodings
0000 1000 Ty ||II ;‘;"
0001 1001 5 ‘ o0
0010 1010 :§ | I 0.25
0011 1011 = 0.00
0100 1100 = 02
0101 1101 " o
0110 1110 2 i ‘
0 10 20 30 40 50 60

0111 1111 Embedding



PE3YNbTATbI

- B pe3synbraTe TpaHcopmep obydyaeT Beca TOro, Kak OfHW CoBa
"y4yacTBYtOT B 06paboTke” ApYrux Cnos:

Layer:| 5 4| Attention:| Input - Input 4

The_ The_
animal_ animal_
didn_ didn_
t t
cross_ Cross_
the_ the_
street_ street_
because_ because_
it_ Nt
was_ was_
too_ too_
tire tire
d d



PE3YNbTATDI

- boHyc ot self-attention — Bo-nepBbIX, BbIYNCAUTENbHbIN,
BO-BTOPbIX, COKpALLAET MNyTU MEXAY CNOBaMW, B-TPETbUX,
noTeHUManbHaa UHTEPNPETUPYemMoCTb:

Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, & is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer Sequential Maximum Path Length
Operations

Self-Attention O(n?-d) o(1) 0o(1)

Recurrent O(n-d?) O(n) O(n)

Convolutional O(k -n-d?) 0o(1) O(logk(n))

Self-Attention (restricted) O(r-n-d) 0(1) O(n/r)




PE3YNbTATDI

- PaboTaet nydlle, obyyaeTcs B CTO pa3 bbiCcTpee:

BLEU Training Cost (FLOPs)

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

ByteNet [15] 23.75
Deep-Att + PosUnk [32] 39.2 1.0- 1020
GNMT + RL [31] 24.6 39.92 2.3.101°  1.4.10%
ConvS2S [8] 25.16  40.46 9.6-10® 1.5.10%
MoE [26] 26.03 40.56 2.0-101° 1.2.10%
Deep-Att + PosUnk Ensemble [32] 40.4 8.0-10%
GNMT + RL Ensemble [31] 26.30 41.16 1.8-10° 1.1.10%
ConvS2S Ensemble [8] 2636  41.29 7.7-101°  1.2.102t
Transformer (base model) 27.3 38.1 3.3.10'8

Transformer (big) 28.4 41.0 2.3-10%




CEMENCTBO GPT

- Cnegytowui war — OpenAl GPT (Generative Pretrained
Transformer) (Radford et al., 2018)
- Ncnonb3yem Transformer B Takon nNocneaoBaTenbHOCTU:
* CHa4Yana o6yqaeM O6b|l4Hy}O A3bIKOBYIO MOJe/b

L(D) = Zlogp(ui | wi_ger e s 15 0);
i
+ MOTOM [06aBNAEM HOBbIA NUHEWHbIA CNOW ANS KaXA0W 3aaauu v
nenaem fine-tuning yxe c yuutenem:

L(C,D) =Y logp(y | x) + AL, (D).

(x,y)



CEMENCTBO GPT

- iges B TOM, 4TOObI nepencnonb3oBaTb OgHY MOoAesib Ha MHOTO
Pa3HbIX 3adau:

Classification | Start ‘ Text | Extract :|-| T |—>| Linear |
]

E', erNom | Entailment | Start ‘ Premise | Delim ‘H thesis |Ex(rac| ]—-l T |—-| Linearl

12x —

®
| Start ‘ Text 1 | Delim ‘ Text 2 I Extract [I—’l T
Similarity Linear |

Start ‘ Text 2 | Delim ‘ Text 1 |Exxracl [|-—| Ti

| Start ‘ Context | Delim ‘ Answer 1 |Exlrav:t [|"| Transformer H Linear

Muliiple Choice | stan | Context | peim | Answer2 | Exact }—{ T P+ Linear

[[stat | context [ peim | AnswerN [ Extract }.{ T F+{ Linear

- TlonyyaroT pe3ynbTaTbl FOpPasao nydllie, Yyem Obiny paHblie, cpasy
[NS HECKOMbKMX 3a4au.




BERT-CEMENCTBO

- (Devlin et al,, 2018): BERT - Bidirectional Encoder
Representations from Transformers

- DaKTMYeCcKn TOT xe Transformer, HO Tenepb ﬂByHaI’IpaBﬂeHHbII;I,
npn ycnosun n neBoro, n NpaBoro KOHTeEKCTa BO BCeX C/TOAX.

- T.e. Ta Xe A3blkoBad MOJesb, HO Tenepb pa60TaeT C KOHTeKCTOM
M cnesBa, N CnpaBsa.

- inn Tak He paboTaeTt? Yto aenatb?..



BERT-CEMENCTBO

- MpoCTO BMECTO 06bIYHON S3bIKOBOW MOAenn byaem
MaCKVMpOBaTb CyYyalHble CNOBa U NbITaTbCA UX NPeACcKa3biBaThb.

- A BTOpas 3agava Ang pretraining - npefckasandue cieayoLero
NpeanoxeHus.

NSP  MaskLM Mask LM \ /@/@@AD StartEnd Spam
> @«

b .
BERT
O
I I I I
Masked Sentence A ‘ Masked Sentence B Question ' Paragraph
Unlabeled Sentence Aand B Pair / Question Answer Pair
Pre-training Fine-Tuning



BERT-CEMENCTBO

- I BC@, B ocTanbHOM 06blUHbIV Transformer. OnaTb no6unn
Nyylne pesynbTathbl A4N19 BCEX 3aauY:

System MNLI(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE  Average
392k 363k 108k 67k 85k 57k 35k 25k -
Pre-OpenAl SOTA 80.6/80.1 661 823 932 350 810 860 617 74.0
BiLSTM+ELMo+Attn  76.4/76.1 648 798 904 360 733 849 568 710
OpenAl GPT 82.1/81.4 703 874 913 454 800 823 560 751
BERTpase 84.6/83.4 712 905 935 521 85.8 889 664 796
BERTLarGE 86.7/85.9 721 927 949 605 865 893 701 82.1

- Cenyac BERT - cTaHgapTHas ocHoBa Ans conversational models
1 BOObLLE Yero yrogHo B NLP.



BERT-CEMENCTBO

- Ewe BaxHble getanu o BERT:

- wordpiece embeddings: ncnonbayem 1KCMPOBAHHbIN CNOBAPb
noacnos pasmepom 30K, a cnosa Aennm Ha yacTu:
electrodynamics — electro#f #dy# #nami# #ics

* MOXHO HAWTW «rOMOBbI», KOTOPbIe CMOTPSAT MO-Pa3HOMY, AaOT
pa3Hbin attention:

Head 1-1 Head 3-1 Head 8-7 Head 11-6
Attends broadly Attends to next token Attends to [SEP] Attends to periods
found ,found found found found found
in, in in\in in in
taiwan /taiwan miwanslaiwan taiwan taiwan
[SEPj- X tSEP] [SEP].>tSEP] [SEP] iSEP]
the« G the the: ~the the / the
gsp: v ingsp ingsp ingsp wingspan wingspan
is¢ His is is is is
24 .24 24 T2 24 2
_GR - T - -
280/ 28 zsszs 28 \ 28
mm/ ‘mm mm mm mm \ mm
[SEP]/ [SEP] [SEP]>[SEP] serl/A(sep) [— [SEP]




BERT-CEMENCTBO

N paxe 6onee rpammatunyecku (Clark et al,, 2019):

Head 8-10
- Direct objects attend to their verbs
- 86.8% accuracy at the dobj relation

cts} [cts)

Ity It
declined, declined
to to
discuss| discuss
s\ its

diversified upgrading

Fidelity its: its
funds current current
y product. product
name line/ line
[SEP] [SEP] (SEP]

Head 8-11

- Noun modifiers (e.g., determiners) attend
to chen‘ noun

- 94.3% accuracy at the det relation
@s)

[cLs)
e

Head 7-6

- Possessive pranouns and apostrophes
attend to the head of the corresponding NP

- 80.5% aceuracy at the poss relation

many. many

employees, employees
[CON [cts] are. are
Noty Not working working
his{\ "~ his at, at
autograph autograph its its
; g giant giant
power-hitter powerhitter ~ Renton Renton
McGuire McGuire . .
s s Wash. Wash.
[SEP) [SEP] plant plant
[SEP] [SEP]

The
sl 1 asyear o 45-year-old
complicated complcated1omer\| rmer
o umge. | General, General
9uag Electric. Electric
in n
the the executive executive
huge huge
figures.\ figures
new- new p "
Jaw law will wil
o\ e NN
muddied- ) muddied . o 5 e
the. the
o the this this
o o time time
(sEP) (sEP) (5] (sep)
Head 4-10
- Passive verbs attend to the
verb they modi f’;

- 82.5% accuracy at the auxpass relation

panicky




BERT-CEMENCTBO

- Mpouecc obyyeHns: cHayana semi-supervised, noTom
fine-tuning

1 - Semi-supervised training on large amounts
of text (books, wikipedia..etc).

The model is trained on a certain task that enables it to grasp
patterns in language. By the end of the training process,

BERT has language-processing abilities capable of empowering
many models we later need to build and train in a supervised way.

Semi-supervised Learning Step

= o e mm e e m—

\
o o |

[
I Model:
I
I

BERT |

I Dataset:
WIKIPEDIA I
Dok gt
P Predict the masked word
Objective: (langauge modeling) I
\ —

2 - Supervised training on a specific task with a
labeled dataset.

Supervised Learning Step

T/ e N
Spam
, _>H
25% | Not Spam I
I

I Model: o o
I
(pre-trained
I in step #1) V BERT I

I Email message Class
Buy these pills Spam I
I Dataset: Win cash prizes Spam I

Dear Mr. Atreides, please find attached. .

\ 7



BERT-CEMENCTBO

- BERT-nogo6HbIX MOJenen yxe o4eHb MHOTO:

ELMo ULMFiT

GPT
Transformer Bidirectional LM
Larger model
More data
o

GPT-2 Defense Grover

+Knowledge Graph

Permutation LM

VideoBERT

MT-DNNgp
CBT
(leiNﬁa) VILBERT ERNIE (Baidu)
- ST g Vlsl;:zlngT BERT-wwm
pan! Neural entity link:
RoBERTa eurel cathy.lokes Unicoder-VL
KEGRBEEt LXMBERT

VL-BERT
By Xiaozhi Wang & Zhengyan Zhang @THUNLP
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BERT-CEMENCTBO

- ELMo: embeddings ¢ KOHTEKCTOM; BE€Ab Y CNOBA MHOIO CMbICNOB:

Hey ELMo, what's the embedding
of the word “stick”?

There are multiple possible
embeddings! Use it in a sentence.

Oh, okay. Here:
“Let's stick to improvisation in this
skit”

Oh in that case, the embedding is:
-0.02, -0.16, 0.12,-0.1 ....etc




BERT-CEMENCTBO

- ELMo 6€epeT NMHEeNHY KOMOUHALINI0 COCTOAHUN
AByHanpasneHHoro LSTM ¢ Becamu, 3aBUCALLUMY OT
KOHKPETHOW 3aaauu:

Embedding of “stick” in “Let’s stick to” - Step #2

1- Concatenate hidden layers Forward Language Model

— v ¢

Backward Language Model

I o
t t
. o ; I
2- Multiply each vector by — ‘ -«
a weight based on the task -w
—— 1
I K s — B
T T
stick stick
3- Sum the (now weighted)
vectors
o

ELMo embedding of “stick” for this task in this context



BERT-CEMENCTBO

- ERNIE (Zhang et al., 2019) cTpouT nannnanH NpeaodyyeHuns Ha
OCHOBE PasHbIX 3a4au, K KOTOPbIM MOXHO 1erko NOPOANTb
npumepsbl:

ERNIE 2.0 : A Continual Pre-training framework for Language Understanding
Application .
Text Similarity Question Answering Sentiment Analysis

Continual Pre-Training
Sequentially Sequentially

l—‘ Task N } 1 ------ 1 4 Task 2 1 Task 1 H E

Pre-training Tasks Construction Multi-Task Pre-training

P Taskt || Task2 | Tasks | e [TeskN | Protraining Task 1 J«| i
| ERNE I |
gy Model | Pre-training Task3 |+ | =

N [ — i
: Big Data Prior Knowledge i
: Pre-training Task N+ '




BERT-CEMENCTBO

- 3a4avn TMna HauTu B KOHTEKCTe UTO-TO, npeacKkasarb
KaNnTann3aumnto:

Word-aware Structure-aware Semantic-aware
Pre-training Task Pre-training Task Pre-training Task

_ Sentences Reordering Discourse Relation

Sentences Distance IR Relevance

1 1 1

Transformer Encoder

1 1 1 1 1 1 1 1 1 1 1 1 1
Token
s token1 token2 tokend [SEP) token1 token2 tokend [5EP) token1 token2 token3 [SEP)
embedding
+ + + + + + + + + + + + +
Sentence
A A A A A [ B B [ G G G ® embedding
+ + + + + + + + + + + + +
Position
0 1 2 3 4 5 3 7 8 9 1 u 12 embedding
+ + + + + + + + + + + + +
Task
3 3 3 3 3 3 3 3 3 3 3 Embedding



BERT-CEMENCTBO

- Ho He TonbKo, ewwé aobasnaem 3HaHusa n3 knowledge graph:

Chronicles:
Volume One

Songwriter Writer

Bob Dylan wrote Blowin’ in the Windin 1962, and wrote Chronicles: Volume One in 2004.

- B peanbHOCTM 3TO 3HAYMT, YTO MACKN NO-YMHOMY CTPOSATCS:

- Learned by BERT : [mask] Potter is a series [mask] fantasy novel [mask] by J. [mask] Rowli

- Learned by ERNIE : Harry Potter is a series of [mask] [mask] written by [mask] [mask] [mask}



BERT-CEMENCTBO

- XLNet (Yang et al,, 2019): BERT npeackasbiBaeT MAacKMPOBaHHbIe
cnoBa, a XLNet nbiTaeTca npeackasbiBaTb AaHHOE CIOBO CPasy
BO BCEX MepecTaHOBKax BXOAHOIO NMPeanoxeHns:

mem®

- .« @ @@ - -

mem® mem(®

mem©@ mem©

Factorization order: 1> 432 >3 Factorization order: 433> 152

- Ha camom ene CaMNANPYIOT Npu 06yYeHNM OWNH ClyYarHbINn
NnopsaoK, HO MapameTpbl OCTakTCS 0B LMK



BERT-CEMENCTBO

- Visual BERT (Li et al,, 2019) - Show, Attend, and Tell, Tonbko

yepes BERT:

T}
"

sssssss W Posestians I Sidovas

=
=

k) <o k)
Aperson hits aball with a tennis racket  [CLs] @ (MASK]  [SEP]



BERT-CEMENCTBO

- VideoBERT (Sun et al,, 2019) — gaBanTe K NpeanoxeHnam ewé
BUAECO MPUMTOXKMM:

. Season the steak with | | Carefully place the steak || Flip the steak to the
input text

Now let it rest and enjoy
salt and pepper. to the pan. other side.

the delicious steak.

\VideoBERT,
output video




BERT-CEMENCTBO

- B pe3ynbrate nonydyaetcs, Hanpumep, video captioning:

GT: add some chopped basil leaves into it GT: cut the top off of a french loaf
VideoBERT: chop the basil and add to the bowl VideoBERT: cut the bread into thin slices
S3D: cut the tomatoes into thin slices S3D: place the bread on the pan

s

7
.

GT: cut yu choy into diagonally medium pieces GT: remove the calamari and set it on paper towel
VideoBERT: chop the cabbage VideoBERT: fry the squid in the pan
S$3D: cut the roll into thin slices S$3D: add the noodles to the pot



BERT-CEMENCTBO

- Cnegytowasa HoBocTb — GPT-2 (Radford et al., 2019).

-+ 3T0 TOT e GPT no cytn, Ho:
- ropasfo 6onbluie pasmepom: 1.5B napametpos (y GPT 6bino 110M, v

BERT 340M);

- 0b6y4YeHHbIN Ha orpoMHoM aatacete: WebText — Bce CCbINKu €
Reddit c kapmow > 3, 40GB TekcTa;

- 6e3 Bcsikoro fine-tuning n Boo6lue 6e3 supervision, NpoBepPsNoCh
KauecTBo B zero-shot KoHTekcTe.



BERT-CEMENCTBO

- Pesynbrarthbl:

LAMBADA LAMBADA CBT-CN CBT-NE WikiText2 PTB enwik8 text8 WikiText103 IBW

(PPL) (ACC) (ACC) (ACC) (PPL) (PPL) (BPB) (BPC) (PPL) (PPL)
SOTA 99.8 59.23 85.7 82.3 39.14 46.54 0.99 1.08 183 21.8
117™M 35.13 45.99 87.65 834 2941 65.85 1.16 1.17 37.50 75.20
345M 15.60 55.48 9235 87.1 22.76 47.33 1.01 1.06 26.37 5572
762M 10.87 60.12 93.45 88.0 19.93 40.31 0.97 1.02 22.05 44.575
1542M 8.63 63.24 93.30 89.05 18.34 35.76 0.93 0.98 17.48 42.16

- KOHeuHo, ropasfo Xyxe cneumnannu3npoBaHHbIX Mogenen, Ho
paboTaeT NpAMO CaMo Mo cebe, M3 HeBOMNbLWOro KOHTEKCTA.

- https://www.reddit.com/user/GPT-2_Bot/

- https://openai.com/blog/better-language-models/
#samplel


https://www.reddit.com/user/GPT-2_Bot/
https://openai.com/blog/better-language-models/#sample1
https://openai.com/blog/better-language-models/#sample1

BERT-CEMENCTBO

- Bonpocobl (ecTb Ha BERT xopoluas mogens, Alberti et al., 2019):

Question Generated Answer Correct  Probability
‘Who wrote the book the origin of species? Charles Darwin v 83.4%
Who is the founder of the ubuntu project? Mark Shuttleworth v 82.0%
‘Who is the quarterback for the green bay packers? Aaron Rodgers v 81.1%
Panda is a national animal of which country? China v 76.8%
‘Who came up with the theory of relativity? Albert Einstein v 76.4%
When was the first star wars film released? 1977 v 71.4%
‘What is the most common blood type in sweden? A X 70.6%
‘Who is regarded as the founder of psychoanalysis? Sigmund Freud v 69.3%
‘Who took the first steps on the moon in 1969? Neil Armstrong v 66.8%
‘Who is the largest supermarket chain in the uk? Tesco v 65.3%
‘What is the meaning of shalom in english? peace v 64.0%
‘Who was the author of the art of war? Sun Tzu v 59.6%
Largest state in the us by land mass? California X 59.2%
Green algae is an example of which type of reproduction? parthenogenesis X 56.5%
Vikram samvat calender is official in which country? India v 55.6%
‘Who is mostly responsible for writing the declaration of independence? Thomas Jefferson v 53.3%
‘What us state forms the western boundary of montana? Montana X 52.3%
‘Who plays ser davos in game of thrones? Peter Dinklage X 52.1%
‘Who appoints the chair of the federal reserve system? Janet Yellen X 51.5%
State the process that divides one nucleus into two genetically identical nuclei? ~ mitosis v 50.7%
‘Who won the most mvp awards in the nba? Michael Jordan X 50.2%
‘What river is associated with the city of rome? the Tiber v 48.6%
‘Who is the first president to be impeached? Andrew Johnson v 48.3%
‘Who is the head of the department of homeland security 20177 John Kelly v 47.0%
‘What is the name given to the common currency to the european union? Euro v 46.8%
‘What was the emperor name in star wars? Palpatine v 46.5%
Do you have to have a gun permit to shoot at a range? No v 46.4%
‘Who proposed evolution in 1859 as the basis of biological development? Charles Darwin v 45.7%
Nuclear power plant that blew up in russia? Chernobyl v 45.7%
‘Who played john connor in the original terminator? Arnold Schwarzenegger X 45.2%




VISION TRANSFORMERS




VISUAL BERT

- Images are not sequences, right? Well...
- Visual BERT: let's model captions and images jointly

- Use a fixed pretrained object detection system such as Faster
R-CNN, cut the objects out, embed them into vectors via CNNs
and special positional embeddings, and feed into a single
Transformer with the caption

Objective 2
o

5 5 - 5
A person hits a ball with a tennis racket [cLs]  a [MASK] [SEP] g}):,i D



VISUAL BERT

- Pretraining: masked language modeling + sentence-image
prediction (distinguish whether a given caption matches the
image)

- Sample attention heads show how words from the caption
actually do attend to the corresponding objects

.o “ man
a | wearing

04
white

shirt
walking .

sidewalk
along
side
other

dest

pedestrians 0
]

Layer3 Layer 4 Layer 5 Layer 6 Layer 10 Layer 11
W Man W shint Sidewalk Pedestrians W Sidewalk”




VISUAL TRANSFORMER (VIT)

Vision Transformer (ViT)

MLP

Transformer Encoder

Transformer Encoder

\
m,m.m@@a@a@a@a@m@a

mbedding Linear Projection of Flattened Patches

SEE L [T T 71
R T
CL

Embedded
Patches

- The most successful Transformer-based architecture for images:
Vision Transformer (ViT; Dosovitsky et al., 2020)

- ViT is again a straighforward modification of BERT, but now there
is no text at the input, only image-based tokens

13



VISUAL TRANSFORMER (VIT)

Vision Transformer (ViT) Transformer Encoder

Transformer Encoder

|
P > @@@@@@“é

" Busleamale
P Pt [ Linear Projecnon of Flattened Patches

TS [ T
§=;—>lllﬂllﬁﬁ!

- The input image is cut into small patches: an H x W image with
C channels x € RF*WxC phecomes a sequence of patches
X, € RN*P?xC where N = HW /P2 is the number of P x P
patches that fit

13



VISUAL TRANSFORMER (VIT)

Vision Transformer (ViT) Transformer Encoder

Transformer Encoder

|
ws-dgdddiidld

ass] embedding Linear Projection of Flattened Patches

SEE L
gE;—»HIIWIIWFH

Multi-Head
Attention

- Patches are turned into embeddings via a simple linear
projection, and then the sequence is fed into a Transformer
encoder just like BERT

- Pretraining: masked patch modeling just like BERT, replacing
half of the input embeddings with the same learnable [mask]
embedding

13



VISUAL TRANSFORMER (VIT)

Vision Transformer (ViT) Transformer Encoder

Transformer Encoder

|
ws&m:u@@é@é@ﬁii@ﬁ

[class] embedding Linear Projection of Flattened Patches

SN I I O B
¥=;—»HIIMIIWE!

- ViT uses positional encodings to add information about the
sequence; interestingly, it is the same positional encoding as in
the original Transformer even though the geometry is 2D now

- Dosovitsky et al. experimented with 2D encodings, and it did not
make any difference

13



SWIN TRANSFORMERS

- Swin Transformer (Liu et al, 2021; shifted windows): similar to
VIT but in a hierarchical fashion

segmentation ) )
classification  detection ... class1£1catlon
T
L=
/4 e > 16x 16x
Y i
7
IL 72 8% 16x
LB .
LT s [t [ 4% i 16x
a7 —F S
WA

(a) Swin Transformer (ours) (b) ViT

14



SWIN TRANSFORMERS

- It processes image patches on several scales, computing
self-attention across patches in a convolutional-like architecture

- The windows shift between self-attention layers, providing
connections between parts of the image

Layer | Layer 1+1
’:E\.‘ ;
o T A local window to
perform self-attention

¥~ lﬁ] o Rt A patch

14



SWIN TRANSFORMERS

- The architecture itself goes on reducing the geometry, like
classical CNN backbones:

'
H W Ho W !
16X 15 X4C X3 x8C |
1
1

Stage 4

Swin

Block Block

Patch Merging
Patch Merging

\
'
'
'
'
'
'
1
'
'
'
'
'

B
= 5
g ]
£ 3

2
| BN
=) =
= =
£ g
5
& £

a

(a) Architecture (b) Two Successive Swin Transformer Blocks

- Swin can scale up to larger input resolutions and can be used
for dense recognition tasks such as image segmentation

14



SWIN TRANSFORMERS

- A later iteration, Swin Transformer v2 (Liu et al., 2022), scaled the
Swin Transformer up to 3 billion parameters and allowed for
training with images up to 1536 x 1536 pixels, further improving
state of the art in image processing problems across the board

X1
A
I (N>
| MLP
| Layer Norm
I D
| >
| B | we I | wk | | wY ||<— Attention
| wed L | T
-z __ ST
g - g
I N
| | Layer Norm
| | MLP
v2 | | D
| "
| | we I | wk | | wY “ Layer Norm
 [Ax.8y — 1 |«
etz 14

Xi-1



PERCEIVER

- DeepMind's Perceiver (Jaegle et al, 2021a) is a general-purpose
architecture that can process numerous different modalities

Weights optionally shared between repeats

CL]
Logits

Latent
Transformer
Cross
Attention

i=
» .9
22
&5
Sz
<<

Latent array
(NxD)

(MxC)

Byte array

- The main idea is to avoid the quadratic bottleneck of
self-attention by using lower-dimensional latent units

- It's quadratic in the number of queries, so we use a small vector
of latents for queries and add large byte arrays for K and V

15



PERCEIVER

- Trained on images, point clouds, audio, and video, with no
modality-specific encoders and no change to the architecture!

ResNet-50 (He et al., 2016) 77.6 ResNet-50 (FF) 735 | 394 49
ViT-B-16 (Dosovitskiy et al., 2021) | 77.9 ViT-B-16 (FF) 76.7 | 61.7 256
ResNet-50 (FF) 73.5 Transformer (64x64) (FF) | 57.0 | 57.0 4,096
ViT-B-16 (FF) 76.7 Perceiver:

Transformer (64x64, FF) 57.0 (FF) 78.0 | 78.0 50,176
Perceiver (FF) 78.0 (Learned pos.) 709 | 70.9 50,176

15



PERCEIVER

- Attention maps go down to individual pixels:

%
A“s
El




PERCEIVER

- Perceiver 10 (Jaegle et al., 2021b), the next version that
concentrates on high-dimensional outputs as well

- Can process even more various structured data: multi-task
language understanding, dense visual tasks like optical flow,
hybrid dense/sparse multimodal tasks such as
video+audio+class autoencoding, and tasks with symbolic
outputs like StarCraft Il

15



PERCEIVER

- Perceiver |0 architecture:

Input
Process xL o
array M_F“"“" Fm————=- | o = oo
T, K v | Tk y | | == CED w8 EEEED
_I \ 1 1 Attention
1 \ 1 1 scores
D 1 Q c 1 Q c | e m e
Latent 1 2 ! 1 2 1 !
S RLp o
! % I X 7 I array
1 ! 1 g ! E
_______ 1 _——-——— e = 1
Output NN Encode : | DnEEm
query o [THT > [EEEEE o
array Il b - O™

- The actual output queries are constructed automatically by
combining a set of vectors that describe properties of the
current output such as position coordinates

15



CLIP AND BLIP




MULTIMODAL LATENT SPACES

- We have a lot of data freely available on the Web.

- How do we use text paired with images to get a good
multimodal latent space?

- The authors of CLIP reported that their first instinct was to train
an image CNN and a text Transformer to predict a caption of an
image.

- But that didn’'t work: predicting the exact caption is very hard
(basically hopeless), and it's not really what we need in this
model, we just need good multimodal embeddings.



CLIP

- Contrastive pretraining: to get a multimodal latent space, let us
model attractive and repulsive forces in the joint latent space

for matching texts and images
My black and white A dog running

cat smiling politely ero— like the wind
N
Latent \\\
|
7% space )

N -
\ -

< —

L




CLIP

- CLIP (Radford et al., 2021; OpenAl) stands for Contrastive
Language-Image Pre-training
- They used image-text pairs that were just scraped off the

Internet:
1. Contrastive pre-training

pepper the Text
aussie pup — Encoder 1 1 1 1
T, T I Ty

— 1 T, I;T, ITg I Ty
- 1 LT B LT | Ly

T il

y Image

‘? e G T3l T30 RN T

b‘
. 1, IyT, IyT, IyTs - Iyly



CLIP

- And then one can do zero-shot classification by converting class
labels into simple queries:

2. Create dataset classifier from label text

a photo of Text
a{object}. Encoder

3. Use for zero-shot prediction

Image
. = Encoder - 5 L LT LT LRM
aphoto of
adog.



CLIP

- The image encoder was ViT (Vision Transformer) (Dosovitsky et
al., 2020)

Vision Transformer (ViT) Transformer Encoder

‘ Transformer Encoder ’
Patch + Position
Embedding > . @5 “ é
* Extra learnable
[class] embedding Lmear Pro_]ectlon of Flattened Patches

SHE ] 11
mmu—»llm Taka
s




CLIP

- CLIP became a popular source of joint embeddings; e.g., DALL-E 2
does its magic in CLIP's latent space:

—_— CLIP objective
“a corgi
playing a
flame |
throwing , =
trumpet” ] 6/6%6 S —
rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr L 0 0O
—0+0+0O—
O O O
prior



CLIP

- The main use of CLIP has been for enabling text-image retrieval
and generative Al models:

A white dog is running

Query: towards the camera

. Latent
space
\




BLIP (Li et al., 2022) stands for Bootstrapping Language-Image
Pre-training; they generate synthetic captions and filter them

Real data ‘ That's my Fl
y Fluffy!
‘ Look at him go! (g)

A black and whlte cat
jumplng for a ball

T,: “the current castle was
built in 1180, replacing a 9th
century wooden castle”

Jauondeo
oljeWoNY

- T,,: “in front of a house
door in Reichenfels,
Austria”

Tyy: “from bridge
near my house”

Ts: “a flock of birds
flying over a lake at
sunset”

- T,: “a large building with a lot

. “a potted plant sitting
of windows on it”

on top of a pile of rocks”

“blue sky bakery in .
@ - loe(a
“chocolate cake
with cream frosting
|| and chocolate °(::| ||
sprinkles on top” 19




- Training structure:

Model Pretraining Dataset Bootstrapping

Filtering

5 b

Filter

(0

(Imag
Text Encoder)

) To data

I,: web images
Iy:h
images

ITC&ITM finetuneﬁ

Multimodal Mixture of
Encoder-Decoder

D = {(hy, Ty)} + {(hy, T}
U T}

T,y web texts

T, filtered web texts
Ty: synthetic texts

Ts: filtered synthetic

LM finetune @

Captioner

é{)

e T, 't:::rslan-annotated
Text Decoder) Captioning nt hum:

19



BLIP

- Three different encoders and a decoder: ITC — image-text
contrastive loss (match image and text representations), ITM -
image-text matching loss (distinguish positive and negative
pairs), LM - language modeling (write captions autoregressively)

Feed Forward Feed Forward

Feed Forward

>

Cross Attention Cross Attention
Self Attention

Image Bi Self-Att Bi Self-Att Causal Self-Att
Encoder

Image-grounded Image-grounded

Text
a' Encoder “eLs]+ ()" Text encoder “[Encode] +( )" Text decoder “[Decode] +( )"
il *

“a little girl holding a kitten next to a blue fence”

19



Cnacn60 3a BHMMaHue!
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