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Ìîòèâàöèÿ

Âíèìàíèå â íåêîòîðîé ñòåïåíè ìîòèâèðóåòñÿ òåì, êàê
ìû îáðàùàåì âèçóàëüíîå âíèìàíèå íà ðàçëè÷íûå
îáëàñòè èçîáðàæåíèÿ èëè ñîïîñòàâëÿåì ñëîâà â îäíîì
ïðåäëîæåíèè

https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html
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Ìîòèâàöèÿ

Âíèìàíèå ÷åëîâåêà ôîêóñèðóåòñÿ íà îïðåäåëåííîé

îáëàñòè ñ �áîëüøèì ðàçðåøåíèåì� (âçãëÿä íà îñòðîå óõî â

æåëòîé ðàìêå), âîñïðèíèìàÿ îêðóæàþùåå èçîáðàæåíèå â

�ìàëûì ðàçðåøåíèè� (ñíåæíûé ôîí è îäåæäà), à çàòåì

îòðåãóëèðóåò ôîêóñ èëè ñäåëàåò âûâîä ñîîòâåòñòâóþùèì

îáðàçîì.

Ïðè èìåþùåìñÿ íåáîëüøîì ó÷àñòêå èçîáðàæåíèÿ,

îñòàëüíûå ÷àñòè äàþò ïîäñêàçêè, ÷òî òàì äîëæíî

èçîáðàæàòüñÿ. Îæèäàåì óâèäåòü çàîñòðåííîå óõî â æåëòîé

ðàìêå, ïîòîìó ÷òî ìû âèäåëè íîñ ñîáàêè, äðóãîå îñòðîå

óõî ñïðàâà è ãëàçà Ñèáû (â êðàñíûõ ðàìêàõ).

Òåì íå ìåíåå, ñâèòåð è îäåÿëî â íèæíåé ÷àñòè íå áóäóò

òàê ïîëåçíû, êàê ýòè ÷åðòû ñîáàêè.
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Ìîòèâàöèÿ

Êîãäà ìû âèäèì ¾åäÿò¿, ìû îæèäàåì, ÷òî î÷åíü
ñêîðî âñòðåòèìñÿ ñî ñëîâîì ¾åäà¿.

Öâåòîì âûäåëåíû ñëîâà îïèñûâàþùèå åäó, íî,
âåðîÿòíî, íå òàê, êàê ¾åäà¿ íàïðÿìóþ.
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Ìîòèâàöèÿ

Attention ìîæíî èíòåðïðåòèðîâàòü êàê âåêòîð âåñîâ
âàæíîñòè (attention vector)

×òîáû ïðåäñêàçàòü èëè ñäåëàòü âûâîä îá îäíîì
ýëåìåíòå, òàêîì êàê ïèêñåëü â èçîáðàæåíèè èëè ñëîâî
â ïðåäëîæåíèè, îöåíèâàåì, èñïîëüçóÿ ýòîò âåêòîð,
íàñêîëüêî ñèëüíî îí ñîîòíîñèòñÿ (êîððåëèðóåò) ñ
äðóãèìè ýëåìåíòàìè
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Attention is all you need

NLP: A. Vaswani et al. Attention is all you need // Advances

in neural information processing systems, 2017

Computer vision:

Vision Transformer (ViT): A. Dosovitskiy et al. in An
Image is Worth 16x16 Words: Transformers for Image
Recognition at Scale // arXiv:2010.11929, 2020
Performer: K. Choromanski et al. Rethinking Attention
with Performers // arXiv:2009.14794, 2020

Audio: Reformer: H.R. Ihm et al. Reformer-TTS: Neural

Speech Synthesis with Reformer Network // Proceedings of

Interspeech, 2012�2016. 2020.

L. Madaan et al. Treeformer: Dense Gradient Trees for

E�cient Attention Computation // arXiv:2208.0901, 2022

etc. etc.
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Attention âåçäå

T. Lin et al. A Survey of Transformers // arXiv:2106.04554
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Ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà (1)

Îáó÷àþùàÿ âûáîðêà: n ïðèìåðîâ
{(x1, y1), (x2, y2), ..., (xn, yn)}, xi = (xi1, ..., xim) ∈ Rm,
yi ∈ R
Ðåãðåññèîííàÿ ìîäåëü f : Rm → R, ïðîãíîçèðóåò
ïðåäñêàçàíèå y = f (x) äëÿ íîâîãî ïðèìåðà x

Ñàìàÿ ïðîñòàÿ îöåíêà:

ỹ = f (x) =
1

n

n∑
i=1

yi
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Ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà (2)

ỹ = f (x) =
1

n

n∑
i=1

yi
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Äðóãîå ïðîñòîå ðåøåíèå ñ k áëèæ.ñîñåäÿìè

ỹ = f (x) = k−1
∑k

i=1yi : k áëèæàéøèõ òî÷åê ê x

k áëèæàéøèõ ïðèìåðîâ ê x èìåþò âåñà 1/k , äðóãèå
ïðèìåðû èìåþò íóëåâûå âåñà: k ïðèìåðîâ áîëåå âàæíû,

òàê êàê îíè áëèæå ê x
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Îáîáùåíèå: ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà

E.A. Nadaraya. On estimating regression. Theory of Probability & Its

Applications, 9(1):141�142, 1964

G.S. Watson. Smooth regression analysis. Sankhya: The Indian Journal

of Statistics, Series A, 359�372, 1964

ỹ = f (x) =
n∑

i=1

α(x, xi) · yi

α(x, xi) - âåñ âíèìàíèÿ (attention weight)
õàðàêòåðèçóåò íàñêîëüêî ïðèìåð xi áëèçîê ê x (ïî
ðàññòîÿíèþ)

Äëÿ îöåíêè f (x), ìåòêè yi èç äàòàñåòà âçâåøèâàþòñÿ
â ñîîòâåòñòâèè ñ òåì, íàñêîëüêî âåêòîð ïðèçíàêîâ xi
áëèçîê ê x

Áëèæå xi ê x, áîëüøå âåñ yi
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Ñìûñë âåñîâ òî÷åê

Âåêòîð x2 áëèæå ê x0, ÷åì ê x1

Ñëåäîâàòåëüíî, âåñ x2 äîëæåí áûòü áîëüøå, ÷åì âåñ
x1
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Ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà

ỹ = f (x) =
n∑

i=1

α(x, xi) · yi

α(x, xi): âåñ âíèìàíÿ (attention weight)
õàðàêòåðèçóåò êàê áëèçêî ïðèìåð xi ê x (ïî
ðàññòîÿíèþ)

ßäðî K (x, xi) - ìåðà áëèçîñòè

α(x, xi) =
K (x, xi)∑n
j=1 K (x, xj)

Ýëåìåíòû âíèìàíèÿ: x - query, xi - keys, yi - values

Âåñà âñåõ ïàð (xi , yi) - ðàñïðåäåëåíèå âåðîÿòíîñòåé:
îíè íåîòðèöàòåëüíûå è â ñóììå ðàâíû 1
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Âåñà âíèìàíèÿ è ãàóññîâî ÿäðî (1)

Ãàóññîâî ÿäðî:

K (x, xi) = exp
(
−‖x− xi‖2 /σ

)
Âåñ âíèìàíèÿ:

α(x, xi) =
K (x, xi)∑n
j=1 K (x, xj)

= softmax

(
−‖x− xi‖2 /σ

)
Ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà:

f (x) =
n∑

i=1

α(x, xi)·yi =
n∑

i=1

softmax

(
−‖x− xi‖2 /σ

)
yi
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Âåñà âíèìàíèÿ è ãàóññîâî ÿäðî (2)

Ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà:

f (x) =
n∑

i=1

α(x, xi)·yi =
n∑

i=1

softmax

(
−‖x− xi‖2 /σ

)
yi

Ïðåäïîëàãàÿ, ÷òî keys è query íîðìàëèçîâàíû
(‖x‖2 = ‖xi‖2 = 1), òîãäà

‖x− xi‖22 = 2(1− xTxi),

f (x) =
n∑

i=1

softmax

(
xTxi
σ

)
yi .
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Íåïàðàìåòðè÷åñêàÿ ìîäåëü âíèìàíèÿ

Åñëè σ çàäàíî, íàïðèìåð 1, òî ïîëó÷àåì
íåïàðàìåòðè÷åñêóþ ìîäåëü âíèìàíèÿ
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Ðåãðåññèÿ ñ îáó÷àåìûì ïàðàìåòðîì (1)

Ïóñòü σ - ïàðàìåòð îáó÷åíèÿ

ỹ = f (x) =
n∑

i=1

softmax

(
−‖x− xi‖2 /σ

)
yi

Îáó÷åíèå - ñòàíäàðòíàÿ ôóíêöèÿ ïîòåðü L2:

n∑
k=1

(yk − f (xk))2 → min
σ

èëè

n∑
k=1

(
yk −

n∑
i=1

softmax

(
−‖xk − xi‖2 /σ

)
yi

)2

→ min
σ
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Ðåãðåññèÿ ñ îáó÷àåìûì ïàðàìåòðîì (2)

Áîëüøå îáó÷àåìûõ ïàðàìåòðîâ, ëó÷øå ïðåäñêàçàíèå ìîäåëè ñ

âíèìàíèåì, íî ïðè óñëîâèè äîñòàòî÷íîãî ÷èñëà îáó÷àþùèõ

äàííûõ.
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Ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà (èòîã)

ßäåðíàÿ ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà � ïðèìåð
ìàøèííîãî îáó÷åíèÿ ñ ìåõàíèçìîì âíèìàíèÿ

Ìîäåëü âíèìàíèÿ â ñîîòâåòñòâèè ñ ðåãðåññèåé
Íàäàðàÿ-Âàòñîíà - ñðåäíåâçâåøåííîå çíà÷åíèå ìåòîê
îáó÷àþùåé âûáîðêè

Âåñ âíèìàíèÿ ïðèñâàèâàåòñÿ ïðèìåðó (value, yi) íà
îñíîâå çàïðîñà (query, x) è êëþ÷à (key, xi), ñâÿçàííîãî
ñ ïðèìåðîì

Ìîäåëü âíèìàíèÿ ìîæåò áûòü íåïàðàìåòðè÷åñêîé èëè
ïàðàìåòðè÷åñêîé
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Ìîäåëü âíèìàíèÿ â áîëåå îáùåì âèäå

a(x, xi ;σ) = exp
(
−‖x− xi‖2 /2σ

)
- ñêîðèíãîâàÿ

ôóíêöèÿ âíèìàíèÿ (ôóíêöèÿ îöåíêè)
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Ìîäåëü âíèìàíèÿ â áîëåå îáùåì âèäå

Èìåþòñÿ âåêòîð query q ∈ Rq, ïàðû âåêòîðîâ key-value
(k1, v1), ..., (kn, vn), ki ∈ Rk , vi ∈ Rv ,

Ìîäåëü âíèìàíèÿ (ïóëèíã âíèìàíèÿ) f :

f (q, (k1, v1), ..., (kn, vn)) =
n∑

i=1

α(q, ki)vi ∈ Rv

ãäå

α(q, ki) = softmax (a(q, ki)) =
exp (a(q, ki))∑n
j=1 exp (a(q, kj))

∈ R

Âûáîð ñêîðèíãîâîé ôóíêöèè a îïðåäåëÿåò âèä
ìîäåëè âíèìàíèÿ.



Attention RF-attention NLP Transformer

Additive attention (Bahdanau et al.)

Ñêîðèíãîâàÿ ôóíêöèÿ a:

a(q, k) = wT
v tanh (Wqq + Wkk) ∈ R

ãäå Wq ∈ Rh×q, Wk ∈ Rh×k , wv ∈ Rh - ïàðàìåòðû
îáó÷åíèÿ

çàïðîñ è êëþ÷ (query è key) êîíêàòåíèðóþòñÿ è
ïåðåäàþòñÿ â íåéðîííóþ ñåòü ñ îäíèì ñêðûòûì
ñëîåì, êîëè÷åñòâî ñêðûòûõ íåéðîíîâ êîòîðîãî ðàâíî
ãèïåðïàðàìåòðó h.
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Scaled Dot-Product attention (Thang Luong et al.)

Áîëåå ýôôåêòèâíàÿ ñ âû÷èñëèòåëüíîé òî÷êè çðåíèÿ
ñêîðèíãîâàÿ ôóíêöèÿ - ñêàëÿðíîå ïðîèçâåäåíèå.

Íî îïåðàöèÿ ñêàëÿðíîãî ïðîèçâåäåíèÿ òðåáóåò, ÷òîáû
è çàïðîñ, è êëþ÷ èìåëè îäèíàêîâóþ äëèíó âåêòîðà,
ñêàæåì, d .

Ïðåäïîëîæèì, ÷òî âñå ýëåìåíòû çàïðîñà è êëþ÷à
ÿâëÿþòñÿ íåçàâèñèìûìè ñëó÷àéíûìè âåëè÷èíàìè ñ
íóëåâûì ñðåäíèì è åäèíè÷íîé äèñïåðñèåé, òîãäà
ñêàëÿðíîå ïðîèçâåäåíèå îáîèõ âåêòîðîâ èìååò íóëåâîå
ñðåäíåå çíà÷åíèå è äèñïåðñèþ d .
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Scaled Dot-Product attention

×òîáû ãàðàíòèðîâàòü, ÷òî äèñïåðñèÿ ñêàëÿðíîãî
ïðîèçâåäåíèÿ ïî-ïðåæíåìó îñòàåòñÿ åäèíèöåé
íåçàâèñèìî îò äëèíû âåêòîðà, ìàñøòàáèðîâàííàÿ
ñêîðèíãîâàÿ ôóíêöèÿ èìååò âèä:

α(q, k) = qTk/
√
d

Scaled Dot-Product attention äëÿ n çàïðîñîâ:

softmax

(
QKT

√
d

)
V ∈ Rn×n,Q ∈ Rn×d ,K ∈ Rm×d ,V ∈ Rm×v

ãäå Q = Q0Wq ∈ Rn×n, K = K0Wk ∈ Rm×d ,
V = V0Wv ∈ Rm×v
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Ìîäåëè âíèìàíèÿ

Ìîæíî âû÷èñëèòü ðåçóëüòàò ìîäåëè âíèìàíèÿ êàê
ñðåäíåâçâåøåííîå çíà÷åíèå, ãäå ðàçíûå âàðèàíòû
ñêîðèíãîâûõ ôóíêöèé ïðèâîäÿò ê ðàçíîìó ïîâåäåíèþ
ìîäåëè âíèìàíèÿ.

Êîãäà çàïðîñû è êëþ÷è ÿâëÿþòñÿ âåêòîðàìè ðàçíîé
äëèíû, ìîæíî èñïîëüçîâàòü ôóíêöèþ Additive
attention.

Êîãäà çàïðîñû è êëþ÷è îäèíàêîâû,
ìàñøòàáèðîâàííàÿ ñêîðèíãîâàÿ ôóíêöèÿ ñêàëÿðíîãî
ïðîèçâåäåíèÿ áîëåå ýôôåêòèâíà â âû÷èñëèòåëüíîì
îòíîøåíèè.
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Ìîäåëü âíèìàíèÿ äëÿ âðåìåííîãî ðÿäà

Ìîäåëü âíèìàíèÿ îáúåäèíÿåò âðåìåííûå
õàðàêòåðèñòèêè ñ èñïîëüçîâàíèåì äèíàìè÷åñêè
ãåíåðèðóåìûõ âåñîâ, ïîçâîëÿÿ íàïðÿìóþ
ôîêóñèðîâàòüñÿ íà âàæíûõ âðåìåííûõ ìîìåíòàõ
âðåìåíè â ïðîøëîì, äàæå åñëè îíè î÷åíü äàëåêè â
ñêîëüçÿùåì îêíå.

Ìîäåëü âíèìàíèÿ èìååò âèä:

~ht =
k∑
τ=0

α (t, τ)ht−τ

ãäå ht−τ - ïðîìåæóòî÷íûé âåêòîð ïðèçíàêîâ,
α (t, τ) ∈ [0, 1] - âåñ âíèìàíèÿ äëÿ t − τ ìîìåíòà

âðåìåíè, ~ht - âûõîäíîé âåêòîð
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Self-attention - ïðåäâàðèòåëüíî

�Self-attention is an attention relating di�erent positions
of a single sequence in order to compute a representation
of the sequence.� (A. Vaswani et al. Attention is All You

Need)

Öåëü â NLP: Îí èçìåíÿåò ñòàíäàðòíóþ ñòðóêòóðó
LSTM, çàìåíÿÿ ÿ÷åéêó ïàìÿòè ñåòüþ ïàìÿòè. Ýòî
ñâÿçàíî ñ òåì, ÷òî ñåòè ïàìÿòè èìåþò íàáîð
key-âåêòîðîâ è íàáîð value-âåêòîðîâ, òîãäà êàê LSTM
ïîääåðæèâàþò ñêðûòûé âåêòîð è âåêòîð ïàìÿòè.
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Self-attention

Äàíà ïîñëåäîâàòåëüíîñòü òîêåíîâ x1, ..., xn, ãäå
xi ∈ Rd . Åå self-attention - ïîñëåäîâàòåëüíîñòü òàêîé
æå äëèíû x∗1, ..., x

∗
n, ãäå

x∗i = f (xi , (xi , xi), ..., (xn, xn)) ∈ Rd

Self-attention êàê non-local means denoising:

x∗i =
∑n

i=1α(x, xi)xi =
∑n

i=1softmax

(
−‖x− xi‖2

τ

)
xi

qi = ki = vi = yi : query=keys=values
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Non-local means denoising

Self-attention êàê ìåòîä ñãëàæèâàíèÿ (non-local
means denoising):

x∗ =
n∑

i=1

α(x, xi)xi =
n∑

i=1

softmax

(
−‖x− xi‖2

σ

)
xi

Óäàëåíèå øóìà ïóòåì âû÷èñëåíèÿ ñðåäíåé
èíòåíñèâíîñòè êàæäîãî ïèêñåëà ïî ñîñåäíèì ïèêñåëàì
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Multi-head attention (ìíîãîìåðíîå âíèìàíèå)

Ïóñòü σ - ãèïåðïàðàìåòð

f (x) =
∑n

i=1softmax

(
−‖x− xi‖2 /σ

)
yi

Âîçüìåì σ1, σ2, ..., σs âìåñòî σ è ïîëó÷èì
f1(x), f2(x), ..., fs(x)

Ìîæíî êîíêàòåíèðîâàòü f1(x), f2(x), ..., fs(x) èëè
óñðåäíèòü
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RF-based attention

Attention è ñëó÷àéíûé ëåñ
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Data
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Random forest
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Ñëó÷àéíûé ëåñ è âíèìàíèå (èäåè)

Ïðåäñòàâèòü äåðåâüÿ êàê keys è values â òåðìèíàõ
ðåãðåññèè Íàäàðàÿ-Óîòñîíà, ò.å. àäàïòèðîâàòü
ðåãðåññèþ Íàäàðàÿ-Óîòñîíà ê ëåñó

Íàçíà÷èòü îáó÷àåìûå (ïàðàìåòðè÷åñêèå) âåñà
âíèìàíèÿ êàæäîìó äåðåâó, òàê ÷òîáû îíè çàâèñåëè îò
êàæäîãî ïðèìåðà è îò äåðåâà, à òàêæå ó÷èëèñü íà âñåõ
ïðèìåðàõ.

Ïðåäëîæèòü ñïîñîá ñâÿçè âåñîâ âíèìàíèÿ ñ
äåðåâüÿìè è îáó÷àþùèìè (òåñòîâûìè) ïðèìåðàìè
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Ïåðâàÿ èäåÿ

Íàçíà÷èòü âåñà êàæäîìó ïðåäñêàçàíèþ êàæäîãî
äåðåâà ỹk = fk(x) èñïîëüçóÿ âíèìàíèå

Êàê? Àíàëèçèðóÿ ëèñòüÿ! Êàæäûé ëèñò
õàðàêòåðèçóåòñÿ ñðåäíèì âåêòîðîì ïî âñåì ïðèìåðàì,
êîòîðûå ïîïàëè â ëèñò

Ðàññòîÿíèå ìåæäó x è ñðåäíèì âåêòîðîì ïîêàçûâàåò,
íàñêîëüêî x ñîãëàñóåòñÿ ñ äåðåâîì
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Query, keys, values



Attention RF-attention NLP Transformer

Îáó÷åíèå ïàðàìåòðîâ âåñà âíèìàíèÿ

Ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà ñ query x, keys Ak(x),
values Bk(x) = ỹk :

ỹ =
∑T

k=1α (x,Ak(x),w) · ỹk

α (x,Ak(x),w) - âåñ âíèìàíèÿ ñ îáó÷àåìûìè
ïàðàìåòðàìè w

wopt = arg min
w∈W

n∑
s=1

L (ỹs , ys ,w)

= arg min
w∈W

n∑
s=1

(
ys −

T∑
k=1

α (xs ,Ak(xs),w) · ỹk

)2
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Èëëþñòðàöèÿ ïðîöåññà îáó÷åíèÿ
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Self-attention (ñàìîâíèìàíèå)

Âîçâðàùàåìñÿ ê Í-Ó ðåãðåññèè

ỹ =
∑T

k=1α (x,Ak(x),w) · ỹk(x)

Ðàññìîòðèì îïåðàöèþ ñàìîâíèìàíèÿ äëÿ ỹk(x) ñ
îáó÷àåìûìè ïàðàìåòðàìè v = (v1, ..., vT ):

y ∗k (x) =
∑T

i=1β (ỹk , ỹi , v) · ỹi(x)

Îòñþäà

ỹ =
∑T

i=1α (x,Ai(x),w) ·
∑T

k=1β (ỹi , ỹk , v) · ỹk(x)
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Multi-head self-attention (ìíîãîìåðíîå

ñàìîâíèìàíèå)

Ñàìîâíèìàíèå ñàìîâíèìàíèÿ:

ỹ =
T∑
i=1

T∑
k(1)=1

T∑
k(2)=1

· · ·
T∑

k(t)=1

α (x,Ai(x),w)

× β1
(
ỹi , ỹk(1), v

(1)
)
× β2

(
ỹk(1), ỹk(2), v

(2)
)
· ··

× βt
(
ỹk(t−1), ỹk(t), v

(t)
)
· ỹk(t)
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NLP

Attention è NLP
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Ìàòåðèàëû ïî NLP è òðàíñôîðìåðàì ÿâëÿåòñÿ

êîìïèëÿöèåé è çàèìñòâîâàíèåì ìàòåðèàëîâ èç

çàìå÷àòåëüíîãî êóðñà è ïðåçåíòàöèè Ê.Â. Âîðîíöîâà.
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×òî íå òàê ñ ìîäåëüþ Seq2Seq

Ìîäåëü seq2seq ðàçðàáîòàíà äëÿ NLP

seq2seq ïðåîáðàçóåò âõîäíóþ ïîñëåäîâàòåëüíîñòü
(èñòî÷íèê) â íîâóþ (öåëü), è îáå ïîñëåäîâàòåëüíîñòè
ìîãóò èìåòü ïðîèçâîëüíóþ äëèíó

Ïðèìåðû - ìàøèííûé ïåðåâîä, ãåíåðàöèÿ äèàëîãîâûõ
âîïðîñîâ è îòâåòîâ è ò.ä.

seq2seq èìååò àðõèòåêòóðó êîäåð-äåêîäåð:

Êîäåð îáðàáàòûâàåò âõîäíóþ ïîñëåäîâàòåëüíîñòü è
ñæèìàåò èíôîðìàöèþ â êîíòåêñòíûé âåêòîð
(embedding) ôèêñèðîâàííîé äëèíû
Äåêîäåð èíèöèàëèçèðóåòñÿ êîíòåêñòíûì âåêòîðîì,
÷òîáû âûäàòü ïðåîáðàçîâàííûé âûâîä

Kîäåð è äåêîäåð ÿâëÿþòñÿ ÐÍÍ, èñïîëüçóåò LSTM
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×òî íå òàê ñ ìîäåëüþ Seq2Seq

Íåäîñòàòîê - íåâîçìîæíîñòü çàïîìèíàíèÿ äëèííûõ
ïðåäëîæåíèé, îí çàáûâàåò ïåðâóþ ÷àñòü, êîãäà
çàâåðøàåò îáðàáîòêó âñåãî ââîäà

Attention ïûòàåòñÿ ðåøèòü ýòó ïðîáëåìó
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Çà÷åì Attention

Attention áûë ñîçäàí, ÷òîáû ïîìî÷ü çàïîìíèòü
äëèííûå èñõîäíûå ïðåäëîæåíèÿ â ìàøèííîì ïåðåâîäå
(NMT)

Âìåñòî ñîçäàíèÿ îäíîãî âåêòîðà êîíòåêñòà èç
ïîñëåäíåãî ñêðûòîãî ñîñòîÿíèÿ êîäåðà, èäåÿ -
ñîçäàíèå shortcuts ìåæäó âåêòîðîì êîíòåêñòà è âñåì
èñõîäíûì ââîäîì

Âåñ ýòèõ shortcuts íàñòðàèâàåòñÿ äëÿ êàæäîãî
ýëåìåíòà âûâîäà
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Attention äëÿ ïåðåâîäà

Õîòÿ êîíòåêñòíûé âåêòîð èìååò äîñòóï êî âñåé
âõîäíîé ïîñëåäîâàòåëüíîñòè, íåîáõîäèìî
áåñïîêîèòüñÿ î çàáûâàíèè

Âûðàâíèâàíèå ìåæäó èñòî÷íèêîì è öåëüþ îáó÷àåòñÿ
è êîíòðîëèðóåòñÿ êîíòåêñòíûì âåêòîðîì

Êîíòåêñòíûé âåêòîð èñïîëüçóåò òðè ôðàãìåíòà
èíôîðìàöèè:

1 êîäåð ñêðûòûõ ñîñòîÿíèé
2 äåêîäåð ñêðûòûõ ñîñòîÿíèé
3 âûðàâíèâàíèå ìåæäó èñòî÷íèêîì è öåëüþ
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Attention äëÿ ïî÷òè ïåðåâîäà
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RNN

xt - âõîäíîé âåêòîð â ìîìåíò t = 1, ...,T

ht - âåêòîð ñêðûòîãî ñîñòîÿíèÿ â ìîìåíò t

yt - âûõîäíîé âåêòîð

ht = σh(Uxt + Wht−1); yt = σy (Vht)
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RNN (îáó÷åíèå)

xt - âõîäíîé âåêòîð â ìîìåíò t = 1, ...,T

ht - âåêòîð ñêðûòîãî ñîñòîÿíèÿ â ìîìåíò t

yt - âûõîäíîé âåêòîð

ht = σh(Uxt + Wht−1); yt = σy (Vht)

Îáó÷åíèå RNN:
∑T

t=0 Lt(U ,V ,W )→ minU,V ,W

äëèíû âõîäíîãî è âûõîäíîãî ñèãíàëà äîëæíû ñîâïàäàòü,

íåâîçìîæíî çàãàäûâàíèå âïåðåä
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RNN: Seq2Seq (áîëåå ôîðìàëüíî)

X = (x1, . . . , xn) - âõîäíàÿ ïîñëåäîâàòåëüíîñòü
Y = (y1, . . . , ym) - âûõîäíàÿ ïîñëåäîâàòåëüíîñòü
c ≡ hn êîäèðóåò âñþ èíôîðìàöèþ ïðî X äëÿ ñèíòåçà Y
hi = fin(xi , hi−1); h

′
t = fout(h

′
t−1, yt−1, c); yt = fy(h

′
t , yt−1)
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RNN: Seq2Seq (áîëåå ôîðìàëüíî)

hn ëó÷øå ïîìíèò êîíåö ïîñëåäîâàòåëüíîñòè, ÷åì íà÷àëî

÷åì áîëüøå n, òåì òðóäíåå óïàêîâàòü èíôîðìàöèþ â c

ïðèäåòñÿ êîíòðîëèðîâàòü çàòóõàíèå ãðàäèåíòà

RNN òðóäíî ðàñïàðàëëåëèâàòü
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Attention è RNN

ìîæíî îòêàçàòüñÿ îò ðåêóððåíòíîñòè êàê ïî hi , òàê è
ïî h

′
t

ìîæíî ââîäèòü îáó÷àåìûå ïàðàìåòðû â a è c
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Attention - èíòåðïðåòèðóåìîñòü

Ïðè îáðàáîòêå êîíêðåòíîé ïîñëåäîâàòåëüíîñòè X
âèçóàëèçàöèÿ ìàòðèöû αti ïîêàçûâàåò, íà êàêèå ñëîâà xi
ìîäåëü îáðàùàåò âíèìàíèå, ãåíåðèðóÿ ñëîâî ïåðåâîäà yt
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Ôóíêöèè ñõîäñòâà (1)

a(h, h′) = hTh′ - ñêàëÿðíîå ïðîèçâåäåíèå

a(h, h′) = exp
(
hTh′

)
- norm ïðåâðàùàåòñÿ â SoftMax

a(h, h′) = hTWh′ - ñ ìàòðèöåé îáó÷àåìûõ ïàðàìåòðîâ
W

a(h, h′) = wTth (Uh + Vh′) - àääèòèâíîå âíèìàíèå ñ
w ,U ,V
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Ôóíêöèè ñõîäñòâà (2)

Ëèíåéíîå ïðåîáðàçîâàíèå âåêòîðîâ query, key, value:

a(hi , h
′
t−1) = (Wkhi)

T (Wqh
′
t−1
)
/
√
d ;

αti = SoftMaxia
(
hi , h

′
t−1
)
; ct =

∑
i αtiWvhi

Wq,d×dim(h′), Wk,d×dim(h), Wv ,d×dim(h) - ìàòðèöû âåñîâ

ëèíåéíûõ íåéðîíîâ (îáó÷àåìûå ëèíåéíûå ïðåîáðàçîâàíèÿ

â ïðîñòðàíñòâî ðàçìåðíîñòì d); ÷àñòî Wk =Wv äëÿ

ïðîñòîòû
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Attention - âåñà âíèìàíèÿ - 2

q - âåêòîð-çàïðîñ, äëÿ êîòîðîãî âû÷èñëÿåòñÿ êîíòåêñò

K = (k1, ..., kn) - âåêòîðû-êëþ÷è, ñðàâíèâàåìûå ñ
çàïðîñîì

V = (vi , ..., vn) - âåêòîðû-çíà÷åíèÿ, îáðàçóþùèå
êîíòåêñò

a(ki , q) - îöåíêà ñõîäñòâà êëþ÷à ki çàïðîñó q

c - èñêîìûé âåêòîð êîíòåêñòà, ðåëåâàíòíûé çàïðîñó
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Attention - âåñà âíèìàíèÿ -2

Ìîäåëü âíèìàíèÿ - ýòî 3-õ-ñëîéíàÿ ñåòü,
âû÷èñëÿþùàÿ âûïóêëóþ êîìáèíàöèþ çíà÷åíèé vi ,
ðåëåâàíòíûõ çàïðîñó q

c = Attn(q,K ,V ) =
∑
i

viSoftMaxia(ki , q)

ct = Attn(Wqh
′
t−1,WkH ,WvH) - ïðèìåð ñ ïðåä.

ñëàéäà, H = (h1, ..., hn) - âõîäíûå âåêòîðû, h′t−1 -
âûõîäíîé

Ñàìîâíèìàíèå (self-attention):
ct = Attn(Wqhi ,WkH ,WvH) - ÷àñòíûé ñëó÷àé, êîãäà
hi ∈ H
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Ìíîãîìåðíîå âíèìàíèå (multi-head attention)

Èäåÿ: J ðàçíûõ ìîäåëåé âíèìàíèÿ ñîâìåñòíî îáó÷àþòñÿ
âûäåëÿòü ðàçëè÷íûå àñïåêòû èíôîðìàöèè (÷àñòè ðå÷è,
ñèíòàêñèñ, è ò.ä.):

c j = Attn(W j
qq,W

j
kH ,W

j
vH), j = 1, ..., J

Âàðèàíòû àãðåãèðîâàíèÿ âûõîäíîãî âåêòîðà:

c = J−1
∑J

j=1 c
j - óñðåäíåíèå

c = [c1, ..., cJ ] - êîíêàòåíàöèÿ
c = [c1, ..., cJ ]W - âîçâðàò ê íóæíîé ðàçì-òè
Ðåãóëÿðèçàöèÿ: ÷òîáû àñïåêòû âíèìàíèÿ áûëè
ìàêñèìàëüíî ðàçëè÷íû, ñòðîêè J × n ìàòðèö A,
αji = SoftMaxia(W j

khi ,W
j
qq) äåêîððåëèðóþòñÿ

(αTj αj → 1): ∥∥AAT − I
∥∥2 → min

{W j
k ,W

j
q}
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Èåðàðõè÷åñêîå âíèìàíèå (hierarchical attention -

1)

Âëîæåííàÿ ñòðóêòóðà: ñëîâà ∈ ïðåäëîæåíèÿ ∈
äîêóìåíòû
xit - ñëîâà t = 1, ...,Ti â ïðåäëîæåíèÿõ i = 1, ..., L
Ñåòü ïåðâîãî (íèæíåãî) óðîâíÿ, îáó÷åíèå ýìáåäèíãîâ
si :
hit = BidirGRU(W0xit) - GRU äëÿ âåêòîðèçàöèè ñëîâ
hit = th(W1hit + b1) - îáó÷àåìîå ïðåîáðàçîâàíèå Key
si =

∑
t hitSoftMaxt(u

T
it q1) - ýìáåäèíã ïðåäëîæåíèÿ, Query

q1
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Èåðàðõè÷åñêîå âíèìàíèå (hierarchical attention -

2)

Ñåòü âòîðîãî (âåðõíåãî) óðîâíÿ, îáó÷åíèå ýìáåäèíãîâ
v :
hi = BidirGRU(si) - GRU äëÿ âåêòîðèçàöèè ïðåäëîæåíèé
ui = th(W2hi + b2) - îáó÷àåìîå ïðåîáðàçîâàíèå Key
v =

∑
i hiSoftMaxt(u

T
i q2) - ýìáåäèíã ïðåäëîæåíèÿ, Query

q2
Ìàêñèìèçàöèÿ ïðàâäîïîäîáèÿ äëÿ êëàññèôèêàöèè
äîêóìåíòîâ:∑

d

∑
y ln (SoftMaxy (Wyv + by ))→ max
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Transformer

Transformer
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Self-attention (1)
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Self-attention (2)
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Self-attention (3-1)
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Self-attention (3-2)
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Self-attention (4)
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Self-attention (5)
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Self-attention (6)
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Self-attention (7)
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Self-attention (8)
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Self-attention (9)
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Self-attention (10)
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Self-attention (11)
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Self-attention (12)
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Òðàíñôîðìåð äëÿ ìàøèííîãî ïåðåâîäà

Òðàíñôîðìåð - ýòî íåéðîñåòåâàÿ àðõèòåêòóðà íà îñíîâå
ìîäåëåé âíèìàíèÿ è ïîëíîñâÿçàííûõ ñëîåâ, áåç RNN
Ñõåìà ïðåîáðàçîâàíèé äàííûõ â ìàøèííîì ïåðåâîäå:

S = (w1, ...,wn)- ñëîâà ïðåäëîæåíèÿ íà âõîäíîì ÿçûêå

↓ îáó÷àåìàÿ èëè ïðåäîáó÷åííàÿ âåêòîðèçàöèÿ ñëîâ

X = (x1, ..., xn)- ýìáåäèíãè ñëîâ âõîäíîãî ïðåäëîæåíèÿ

↓ òðàíñôîðìåð-êîäèðîâùèê
Z = (z1, ..., zn)- êîíòåêñòíûå ýìáåäèíãè ñëîâ

↓ òðàíñôîðìåð-äåêîäèðîâùèê
Y = (y1, ..., ym)- ýìáåäèíãè ñëîâ âûõîäíîãî ïðåäëîæåíèÿ

↓ ãåíåðàöèÿ ñëîâ èç ïîñòðîåííîé ÿçûêîâîé ìîäåëè

S̃ = (w̃1, ..., w̃m)- ñëîâà ïðåäëîæåíèÿ íà âûõîäíîì ÿçûêå
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Àðõèòåêòóðà òðàíñôîðìåðà - êîäèðîâùèêà (1)
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Àðõèòåêòóðà òðàíñôîðìåðà - êîäèðîâùèêà (2)

1 Äîáàâëÿþòñÿ ïîçèöèîííûå âåêòîðû pi : hi = xi + pi ,
H = (h1, ..., hn)

2 Ìíîãîìåðíîå ñàìîâíèìàíèå: hji =
Attn(W j

qhi ,W
j
kH ,W

j
vH)

3 Êîíêàòåíàöèÿ: h
′
i = MHj(h

j
i ) ≡

[
h1i , ..., h

J
i

]
4 Ñêâîçíàÿ ñâÿçü + íîðìèðîâêà óðîâíÿ: h

′′
i =

LN(h
′
i + hi ;µ1, σ1)

5 Ïîëíîñâÿçíàÿ 2õ-ñëîéíàÿ ñåòü FFN:
h′′′i = W2ReLU(W1h

′′
i + b1) + b2

6 Ñêâîçíàÿ ñâÿçü + íîðìèðîâêà óðîâíÿ: zi =
LN(h′′′i + h′′i ;µ2, σ2)
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Çàìå÷àíèÿ - 1

âû÷èñëåíèÿ ïàðàëëåëüíû ïî ýëåìåíòàì
ïîñëåäîâàòåëüíîñòè (x1, ..., xn)→ (z1, ..., zn), ÷òî áûëî
íåâîçìîæíî â RNN

N = 6 áëîêîâ hi → �→ zi ñîåäèíÿþòñÿ
ïîñëåäîâàòåëüíî

âîçìîæíî èñïîëüçîâàíèå ïðåäîáó÷åííûõ ýìáåäèíãîâ
xi
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Çàìå÷àíèÿ - 2

âîçìîæíî îáó÷åíèå ýìáåäèíãîâ xi ∈ Rd ñëîâ wi ∈ V :
xi = uwi

èëè â ìàòðè÷íîé çàïèñè Xd×n = U · Bd×|V |×n,
ãäå

V - ñëîâàðü ñëîâ âõîäíûõ ïîñëåäîâàòåëüíîñòåé,
U - ìàòðèöà îáó÷àåìûõ âåêòîðíûõ ïðåäñò-íèé ñëîâ,
bvi = [wi = v ] - ìàòðèöà one-hot êîäèðîâàíèÿ

íîðìèðîâêà óðîâíÿ (Layer Normalization), x , µ, σ ∈ Rd :

LNs(x ;µ, σ) = σs
xs − x̄

σx
+ µs , s = 1, ..., d ,

x̄ = 1
d

∑
s xs , σ

2
x = 1

d

∑
s(xs − x̄)2 - ñðåäíåå è äèñ-ÿ x
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Ïîçèöèîííîå êîäèðîâàíèå (1)

Êàê ó÷èòûâàòü ïîðÿäîê ñëîâ âî âõîäÿùåì
ïðåäëîæåíèè?

Ïîçèöèîííàÿ èíôîðìàöèÿ êîäèðóåòñÿ âåêòîðàìè, ïî
îäíîìó íà êàæäóþ àáñîëþòíóþ ïîçèöèþ â
îáðàáàòûâàåìîì êîíòåêñòå

Âåêòîð ïîçèöèè ïðèáàâëÿåòñÿ ê ñìûñëîâîìó âåêòîðó
òîêåíà (ýìáåääèíãó) íà âõîäå ìîäåëè, ïîñëå ÷åãî
ðåçóëüòàò ïîäà¼òñÿ â îñíîâíóþ ÷àñòü íåéðîñåòè
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Ïîçèöèîííîå êîäèðîâàíèå (2)

Ñëîâî (ýìáåääèíã) xj ∈ Rd : xpj = xj + p̂j
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Ïîçèöèîííîå êîäèðîâàíèå (3)

Ñôîðìèðîâàòü âåêòîð p̂t ∈ Rd
x äëÿ ïîçèöèè t ìîæíî

ðàçíûìè ñïîñîáàìè:

Ó÷èòü òàêèå âåêòîðû âìåñòå ñ îñòàëüíûìè ÷àñòÿìè
ñåòè: ýòî óâåëè÷èâàåò ÷èñëî ïàðàìåòðîâ; ìîäåëü íå
ìîæåò îáðàáàòûâàòü ïîñëåäîâàòåëüíîñòè ñ äëèíîé,
áîëüøåé å¼ êîíòåêñòà íà îáó÷åíèè
Èñïîëüçîâàíèå ñèíóñîèäàëüíûõ
(òðèãîíîìåòðè÷åñêèõ) âåêòîðîâ. Ýëåìåíòû p̂it âåêòîðà
îïðåäåëÿþòñÿ ôîðìóëîé:

p̂it =

{
sin(wkt), i = 2k
cos(wkt) i = 2k + 1

, wk =
1

100002k/dx

k - íîìåð âõîæäåíèÿ p̂it
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Ïîçèöèîííîå êîäèðîâàíèå (4)

Èäåÿ ïîçèöèîííîãî êîäèðîâàíèÿ ñîñòîèò â òîì, ÷òîáû
ðàçëè÷àòü ðàçíûå ïîçèöèè ñ ïîìîùüþ íåïðåðûâíûõ
ñèñòåì.

Çäåñü èñïîëüçóåì ôóíêöèè ñèíóñà è êîñèíóñà ñ
ðàçíûìè ÷àñòîòàìè.
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Ïîçèöèîííîå êîäèðîâàíèå (5)

Îòíîñèòåëüíûå ìåòîäû - êîäèðóåòñÿ íå îäèíî÷íûé
èíäåêñ, à ïàðà ïîçèöèé íà ðàçíûõ ðàññòîÿíèÿõ äðóã îò
äðóãà. Îòíîñèòåëüíîå êîäèðîâàíèå ïðîèçâîäèòñÿ íå
ïóò¼ì ñëîæåíèÿ âåêòîðîâ íà âõîäå, à ÷åðåç
ìîäèôèêàöèþ ïîäñ÷¼òà âíèìàíèÿ.

Ïðåäëàãàåòñÿ äëÿ êàæäîãî ðàññòîÿíèÿ i − j îáó÷àòü
äâà âåêòîðà aKij , a

V
ij ∈ Rd

z è èñïîëüçîâàòü èõ â
îáíîâë¼ííûõ ôîðìóëàõ ïîäñ÷¼òà self-attention:

eij =

(
xiW

Q
) (

xjW
K + aKij

)T
√
dz

, zi =
n∑

j=1

αij

(
xijW

V + aVij
)
.

Èíôîðìàöèÿ î ïîçèöèè âêëàäûâàåòñÿ â âåêòîðû
êëþ÷åé è çíà÷åíèé
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Àðõèòåêòóðà òðàíñôîðìåðà - äåêîäèðîâùèêà (1)
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Àðõèòåêòóðà òðàíñôîðìåðà - äåêîäèðîâùèêà (2)

Àâòîðåãðåññèîííûé ñèíòåç ïîñëåäîâàòåëüíîñòè:
y0 = 〈BOS〉 - ýìáåäèíã ñèìâîëà íà÷àëà

1 Ìàñêèðîâàíèå �äàííûõ èç áóäóùåãî� ht = yt−1 + pt ,
Ht = (h1, ..., ht)

2 Ìíîãîìåðíîå ñàìîâíèìàíèå:
hji = LN ◦MHj ◦ Attn(W j

qht ,W
j
kHt ,W

j
vHt)

3 Ìíîãîìåðíîå âíèìàíèå íà êîäèðîâêó Z :
h

′′
i = LN ◦MHj ◦ Attn(W̃ j

qh
′
t , W̃

j
kZ , W̃

j
vZ )

4 Ïîëíîñâÿçíàÿ 2õ-ñëîéíàÿ ñåòü: yt = LN ◦ FFN(h′′t )

5 Ëèíåéíûé ïðåäñêàçàòåëüíûé ñëîé:
p(w̃ |t) = SofMax(Wvyt + bv )

Ãåíåðàöèÿ w̃t = arg maxw̃ p(w̃ |t) ïîêà w̃t 6= 〈EOS〉
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Êðèòåðèè îáó÷åíèÿ è âàëèäàöèè äëÿ

ìàøèííîãî ïåðåâîäà - 1

Êðèòåðèé äëÿ îáó÷åíèÿ ïàðàìåòðîâ íåéðîííîé ñåòè W ïî
îáó÷àþùåé âûáîðêå ïðåäëîæåíèé S ñ ïåðåâîäîì S̃ :∑

(S ,S̃)

∑
w̃t∈S̃

ln p (w̃ |t, S ,W )→ max
W
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Êðèòåðèè îáó÷åíèÿ è âàëèäàöèè äëÿ

ìàøèííîãî ïåðåâîäà - 2

Êðèòåðèè îöåíèâàíèÿ ìîäåëåé (íåäèôôåðåíöèðóåìûå) ïî
âûáîðêå ïàð ïðåäëîæåíèé �ïåðåâîä S , ýòàëîí S0�:

BiLingual Evaluation Understudy:

BLEU = min

(
1,

∑
len(S)∑
len(S0)

)

×mean(S,S0)

(
4∏

n=1

#n-ãðàìì èç S , âõîäÿùèõ â S0
#n-ãðàìì â S

) 1
4

Word Error Rate:

WER = mean(S,S0)

(
4∏

n=1

#âñòàâîê+#óäàëåíèé+#çàìåí

len(S)

)
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BERT (Bidirectional Encoder Representations from

Transformer)

Òðàíñôîðìåð BERT - ýòî êîäèðîâùèê áåç äåêîäèðîâùèêà,
ïðåäîáó÷àåìûé äëÿ ðåøåíèÿ øèðîêîãî êëàññà çàäà÷ NLP
Ñõåìà ïðåîáðàçîâàíèé äàííûõ:

S = (w1, ...,wn) - òîêåíû ïðåäëîæåíèÿ íà âõîäíîì
ÿçûêå
↓ îáó÷åíèå ýìáåäèíãîâ âìåñòå ñ òðàíñôîðìåðîì

X = (x1, ..., xn) - ýìáåäèíãè òîêåíîâ âõîäíîãî
ïðåäëîæåíèÿ
↓ òðàíñôîðìåð êîäèðîâùèêà

Z = (z1, ..., zn) - òðàíñôîðìèðîâàííûå ýìáåäèíãè
↓ äîîáó÷åíèå íà êîíêðåòíóþ çàäà÷ó

Y - âûõîäíîé òåêñò/ðàçìåòêà/êëàññèôèêàöèÿ è ò.ä.
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Êðèòåðèè MLM (masked language modeling) äëÿ

îáó÷åíèÿ BERT

Êðèòåðèé ìàñêèðîâàííîãî ÿçûêîâîãî ìîäåëèðîâàíèÿ MLM
ñòðîèòñÿ àâòîìàòè÷åñêè ïî òåêñòàì (self-supervised
learning) ∑

S

∑
i∈M(S)

ln p (wi |i , S ,W )→ max
W
,

ãäå M(S) - ïîäìíîæåñòâî ìàñêèðîâàííûõ òîêåíîâ èç S ,

p (w |i , S ,W ) = SoftMaxw∈V (Wzzi(S ,WT ) + bz)

- ÿçûêîâàÿ ìîäåëü, ïðåäñêàçûâþùàÿ i -ûé òîêåí
ïðåäëîæåíèÿ S ; zi(S ,WT ) - êîíòåêñòíûé ýìáåäèíã i -ãî
òîêåíà ïðåäëîæåíèÿ S íà âûõîäå Òðàíñôîðìåðà ñ
ïàðàìåòðàìè WT ; W - âñå ïàðàìåòðû Òðàíñôîðìåðà è
ÿçûêîâîé ìîäåëè.
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Êðèòåðèè NSP (next sentence prediction) äëÿ

îáó÷åíèÿ BERT

Êðèòåðèé ïðåäñêàçàíèÿ ñâÿçè ìåæäó ïðåäëîæåíèÿìè NSP
ñòðîèòñÿ àâòîìàòè÷åñêè ïî òåêñòàì (self-supervised
learning): ∑

(S,S ′)

ln p (ySS ′ |S , S ′,W )→ max
W

ãäå ySS ′ = [çà S ñëåäóåò S ′] - êëàññèôèêàöèÿ ïàðû
ïðåäëîæåíèé,

p (ySS ′|S , S ′,W ) = SoftMaxy∈{0,1}(Wy th (Wzz0(S , S ′,WT ) + bs)+by )

- âåðîÿòíîñòíàÿ ìîäåëü áèíàðíîé êëàññèôèêàöèè ïàð
(S , S ′); z0(S , S ′,WT ) - êîíòåêñòíûé ýìáåäèíã òîêåíà 〈CLS〉
äëÿ ïàðû ïðåäëîæåíèé, çàïèñàííîé â âèäå 〈CLS〉 S 〈SEP〉
S ′ 〈SEP〉
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Çàìå÷àíèÿ ïî òðàíñôîðìåðàì

Fine-tuning: äëÿ äîîáó÷åíèÿ íà çàäà÷å çàäàåòñÿ
ìîäåëü f (Z (S ,WT ),Wf ), âûáîðêà {S} è êðèòåðèé
L(S , f )→ max

Multi-task learning: äëÿ äîîáó÷åíèÿ íà íàáîðå çàäà÷
{t} çàäàþòñÿ ìîäåëè f(Z (S ,WT ),Wt), âûáîðêè {S}t è
ñóììà êðèòåðèåâ

∑
t λt

∑
S Lt(S , ft)→ max

GLUE, SuperGLUE, Russian SuperGLUE - íàáîðû
òåêñòîâûõ çàäà÷ íà ïîíèìàíèå åñòåñòâåííîãî ÿçûêà

Òðàíñôîðìåðû îáû÷íî ñòðîÿòñÿ íå íà ñëîâàõ, à íà
òîêåíàõ, ïîëó÷àåìûõ BPE (Byte-Pair Encoding) èëè
WordPiece

BERTBASE, GPT1: N = 12, d = 768, J = 8 âåñîâ 65M

BERTLARGE: N = 24, d = 1024, J = 16 âåñîâ 340M
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Åùå çàìå÷åíèÿ

Ìîäåëè âíèìàíèÿ ñíà÷àëà âñòðàèâàëèñü â RNN èëè
CNN, íî îêàçàëîñü, ÷òî îíè ñàìîäîñòàòî÷íû

Ìîäåëü âíèìàíèÿ ðàáîòàåì òî÷íåå è áûñòðåå RNN

Ëåãêî ïðåäîáó÷àåòñÿ è èñïîëüçóåòñÿ äëÿ ìíîãèõ çàäà÷

Ëåãêî îáîáùàåòñÿ íà òåêñòû, ãðàôû, èçîáðàæåíèÿ

Äîêàçàíî, ÷òî ìîäåëü âíèìàíèÿ multi-head
self-attention (MHSA) ýêâèâàëåíòíà ñâåðòî÷íîé ñåòè
[Cordonnier, 2020 On the relationship between
self-attention and convolutional layers]

Ìîäåëü âíèìàíèÿ ëåæèò â îñíîâå òðàíñôîðìåðà
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ViT

Îáùàÿ ñòðóêòóðà VIT ñîñòîèò èç øàãîâ:

Ðàçäåëåíèå èçîáðàæåíèÿ íà ôðàãìåíòû (ôèêñèðîâàííûõ

ðàçìåðîâ).

Âûðàâíèâàíèå ôðàãìåíòîâ èçîáðàæåíèÿ.

Ñîçäàíèå ëèíåéíûõ ýìáåääèíãîâ ìåíüøåé ðàçìåðíîñòè èç

ýòèõ ôðàãìåíòîâ.

Âêëþ÷åíèå ïîçèöèîííûõ ýìáåääèíãîâ.

Ïîäà÷à ïîñëåäîâàòåëüíîñòè íà âõîä êîäåðà òðàíñôîðìåðà.

Îáó÷åíèå ViT íà ðàçìå÷åííûõ èçîáðàæåíèÿõ.

Òî÷íàÿ íàñòðîéêà äëÿ êëàññèôèêàöèè èçîáðàæåíèé.
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ViT
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Tabular data (1)

Gorishniy, Y., Rubachev, I., Khrulkov, V. and Babenko, A., 2021. Revisiting deep learning models for

tabular data. Advances in Neural Information Processing Systems, 34, pp.18932-18943.
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Tabular data (2)
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Tabular data (3)

Ìîäóëü tokenizer ïðåîáðàçóåò âõîäíûå îáúåêòû x â
ýìáåääèíãè T ∈ Rk×d

Ýìáåääèíãè äëÿ ïðèçíàêà xj âû÷èñëÿåòñÿ êàê:

Tj = bj + fj(xj) ∈ Rd , fj : Xj → Rd

bj ñìåùåíèå j-ãî ïðèçíàêà, f
(num)
j ðåàëèçóåòñÿ êàê

ïîýëåìåíòíîå óìíîæåíèå ñ W
(num)
j

f
(cat)
j ðåàëèçóåòñÿ êàê òàáëèöà W

(cat)
j ∈ RSj×d äëÿ

êàòåãîðèàëüíûõ ïðèçíàêîâ

Â öåëîì

T
(num)
j = b

(num)
j + x

(num)
j ·W (num)

j ∈ Rd

T
(cat)
j = b

(cat)
j + eTj W

(cat)
j ∈ Rd

T = stack

[
T

(num)
1 , . . . , T

(num)

k(num) , T
(cat)
1 , . . . , T

(cat)

k(cat)

]
∈ Rk×d

eTj - one-hot âåêòîð äëÿ êàòåãîðèàëüíîãî ïðèçíàêà
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Tabular data (4)

Pre-processing äëÿ ðåãðåñèè:

ynew =
yold − mean(ytrain))

std(ytrain)

Transformer. Ýìáåääèíã [CLS] òîêåíà (èëè �òîêåí
êëàññèôèêàöèè�, èëè �classi�cation token�, èëè �output
token�) äîáàâëÿåòñÿ ê T .

L ñëîåâ òðàíñôîðìåðà F1, . . . , FL:

T0 = stack([CLS ],T ), Ti = Fi(Ti−1)

Prediction. Ïîñëåäíåå ïðåäñòàâëåíèå CLS òîêåíà
èñïîëüçóåòñÿ äëÿ ïðåäñêàçàíèÿ:

ŷ = Linear(ReLU(LayerNorm(T
[CLS]
L )))
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Âîïðîñû

?
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