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Ìåòîä ãëàâíûõ êîìïîíåíò (Prin
ipal Component Analysis, PCA)

Äàíî: âûáîðêà îáúåêòîâ {xi}
ℓ
i=1,

f1(x), . . . , fn(x) � ÷èñëîâûå ïðèçíàêè îáúåêòîâ

Íàéòè:

g1(x), . . . , gm(x) � íîâûå ÷èñëîâûå ïðèçíàêè, m 6 n, è

ëèíåéíóþ ðåêîíñòðóêöèþ ñòàðûõ ïðèçíàêîâ fj(x) ïî íîâûì:

f̂j(x) =
m
∑

t=1

gt(x)ujt , j = 1, . . . , n, ∀x ∈ X ,

Êðèòåðèé: òî÷íîñòü ðåêîíñòðóêöèè fj íà îáó÷àþùåé âûáîðêå:

Q =

ℓ
∑

i=1

n
∑

j=1

(

f̂j(xi )− fj(xi)
)2

→ min
{gt (xi )},{ujt}

Ýòî îáó÷åíèå áåç ó÷èòåëÿ è ëèíåéíûé àâòîêîäèðîâùèê.

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physte
h.edu) ÂâÌÎ: îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ 3 / 39



Ìàòðè÷íûå ðàçëîæåíèÿ

Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòîâ è ãðà�îâ

Òðàíñ�îðìåðû è áîëüøèå ÿçûêîâûå ìîäåëè

Ìåòîä ãëàâíûõ êîìïîíåíò

�åêîìåíäàòåëüíûå ñèñòåìû

Íåîòðèöàòåëüíîå ìàòðè÷íîå ðàçëîæåíèå

Çàäà÷à íèçêîðàíãîâîãî ìàòðè÷íîãî ðàçëîæåíèÿ

Ìàòðèöû ¾îáúåêòû�ïðèçíàêè¿, ñòàðàÿ è íîâàÿ:

F
ℓ×n

=





f1(x1) . . . fn(x1)
. . . . . . . . .

f1(xℓ) . . . fn(xℓ)



 ; G
ℓ×m

=





g1(x1) . . . gm(x1)
. . . . . . . . .

g1(xℓ) . . . gm(xℓ)



 .

Ìàòðèöà ëèíåéíîãî ïðåîáðàçîâàíèÿ íîâûõ ïðèçíàêîâ â ñòàðûå:

U
n×m

=





u11 . . . u1m
. . . . . . . . .

un1 . . . unm



 ; F̂ = GUT
õîòèì

≈ F .

Êðèòåðèé â ìàòðè÷íîì âèäå � èùåì îäíîâðåìåííî G è U :

Q(G ,U) =
ℓ

∑

i=1

n
∑

j=1

(

f̂j(xi )− fj(xi)
)2

=
∥

∥GUT − F
∥

∥

2
→ min

G ,U
,
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Îñíîâíàÿ òåîðåìà ìåòîäà ãëàâíûõ êîìïîíåíò

Òåîðåìà

Åñëè m 6 rkF , òî ìèíèìóì

∥

∥GUT − F
∥

∥

2
äîñòèãàåòñÿ, êîãäà

ñòîëáöû U � ýòî ñ.â. ìàòðèöû F TF , ñîîòâåòñòâóþùèå

m ìàêñèìàëüíûì ñ.ç. λ1, . . . , λm, è G = FU , ïðè ýòîì:

1

ìàòðèöà U îðòîíîðìèðîâàíà: UTU = Im;

2

ìàòðèöà G îðòîãîíàëüíà: G TG = Λ = diag(λ1, . . . , λm);

3 UΛ = F TFU ; GΛ = FF TG ;

4 Q =
∥

∥GUT − F
∥

∥

2
= ‖F‖2 − trΛ = λm+1 + · · · + λn.

Ïðè m=n ðàçëîæåíèå F = GUT
ÿâëÿåòñÿ òî÷íûì (Q = 0)

è ñîâïàäàåò ñ ñèíãóëÿðíûì ðàçëîæåíèåì F = (GΛ− 1
2 ) · Λ

1
2 · UT

Âîïðîñ: êàê äîêàçûâàòü ýòó òåîðåìó, êàêèå åñòü èäåè?

Èñïîëüçîâàíî òîæäåñòâî: ‖F‖2 = tr(FTF ) = λ1 + · · ·+ λn
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Ý��åêòèâíàÿ ðàçìåðíîñòü âûáîðêè

Óïîðÿäî÷èì ñ.ç. F TF ïî óáûâàíèþ: λ1 > . . . > λn > 0.

Ý��åêòèâíàÿ ðàçìåðíîñòü âûáîðêè � íàèìåíüøåå öåëîå m,

ïðè êîòîðîì îòíîñèòåëüíàÿ ïîãðåøíîñòü äîñòàòî÷íî ìàëà:

Em =
‖GUT − F‖2

‖F‖2
=

λm+1 + · · · + λn

λ1 + · · · + λn

6 ε.

Êðèòåðèé ¾êðóòîãî ñêëîíà¿: íàõîäèì m: Em−1 ≫ Em:

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

-0.1

0

0.1

0.2

0.3

0.4

m-1 m m+1

λ

Âîïðîñ: ÷òî â òàêîì ñëó÷àå ìîæíî ñêàçàòü î ïðèçíàêàõ (fj)
n
j=1?
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Äàíî: ìàòðèöà F = (fij)ℓ×n, (i , j) ∈ Ω ⊆ {1, . . . , ℓ} × {1, . . . , n}

Íàéòè: ìàòðèöû G = (git)ℓ×m è UT = (utj )m×n

Êðèòåðèé:

∥

∥F − GUT
∥

∥

2

Ω
=

∑

(i ,j)∈Ω

(

fij −
∑

t

gitutj

)2
→ min

G ,U

Êëàññè÷åñêèé SVD ñòàíîâèòñÿ íåïðèìåíèì, êîãäà

äàííûå ðàçðåæåííûå: |Ω| < ℓn, ÷àñòî |Ω| ≪ ℓn

�óíêöèÿ ïîòåðü íåêâàäðàòè÷íàÿ

ìàòðè÷íîå ðàçëîæåíèå íåîòðèöàòåëüíîå: git > 0, utj > 0
èëè ñòîõàñòè÷åñêîå:

∑

t

git = 1,
∑

t

utj = 1, git > 0, utj > 0

Ñèòóàöèè ïðèìåíåíèÿ:

ñíèæåíèå ðàçìåðíîñòè âåêòîðà ïðèçíàêîâ, m ≪ n

âûÿâëåíèå ëàòåíòíîé âíóòðåííåé ñòðóêòóðû äàííûõ

âîññòàíîâëåíèå ïðîïóùåííûõ çíà÷åíèé (missing values)
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Ìîäåëü ëàòåíòíûõ �àêòîðîâ (LFM, Latent Fa
tor Model)

Â ðåêîìåíäàòåëüíûõ ñèñòåìàõ:

fij � âûáîð (ïîêóïêà, ëàéê, ðåéòèíã) êëèåíòîì i òîâàðà j

gi = (git)t � ëàòåíòíûé âåêòîð èíòåðåñîâ (embedding) êëèåíòà i

uj = (utj )t � ëàòåíòíûé âåêòîð èíòåðåñîâ (embedding) òîâàðà j

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà:

âûáèðàåì (i , j) ∈ Ω â ñëó÷àéíîì ïîðÿäêå;

ãðàäèåíòíûé øàã äëÿ çàäà÷è ε2ij → min
gi ,uj

, ãäå εij = fij −
∑

t

gitutj :

git := git + ηεijutj , t = 1, . . . ,m

utj := utj + ηεijgit , t = 1, . . . ,m

Â1: êàê ïîâëèÿåò ðåãóëÿðèçàöèÿ ε2ij + λ‖gi‖
2 + µ‖uj‖

2 → min
gi ,uj

?

Â2: êàê ââåñòè îãðàíè÷åíèÿ git>0, utj >0?

Ta
�aks G., Pil�aszy I., N�emeth B., Tikk D. S
alable 
ollaborative �ltering approa
hes

for large re
ommendation systems // JMLR, 2009, No. 10, Pp. 623�656.
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Åù¼ ïðèìåðû çàäà÷ íåîòðèöàòåëüíîãî ìàòðè÷íîãî ðàçëîæåíèÿ

�àçäåëåíèå ñìåñè âåùåñòâ â æèäêîñòíîé õðîìàòîãðà�èè

f (t, λ) =
∑

i ci (t)si (λ)

äàíî: f (t, λ) � êîíöåíòðàöèÿ íà âûõîäå ÓÔ-äåòåêòîðà

íàéòè: ci (t) � õðîìàòîãðàììà i -ãî âåùåñòâà, t � âðåìÿ

si (λ) � ñïåêòð i -ãî âåùåñòâà, λ � äëèíà âîëíû

Ëàòåíòíûé ñåìàíòè÷åñêèé àíàëèç òåêñòîâîé êîëëåêöèè

(âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå)

fwd =
∑

t φwtθtd

äàíî: fwd = p(w |d) � ÷àñòîòà ñëîâà w â äîêóìåíòå d

íàéòè: φwt = p(w |t) � ðàñïðåäåëåíèå ñëîâ w â òåìå t

θtd = p(t|d) � ðàñïðåäåëåíèå òåì t â äîêóìåíòå d

Â: ïðèâåäèòå åù¼ ïðèìåðû ïàðíî-ñåïàðàáåëüíûõ �óíêöèé.
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�ðà�îâûå ðàçëîæåíèÿ

Äèñòðèáóòèâíàÿ ãèïîòåçà è âèäû ñåìàíòè÷åñêîé áëèçîñòè ñëîâ

Ñìûñë ñëîâà åñòü ìíîæåñòâî âñåõ êîíòåêñòîâ åãî óïîòðåáëåíèÿ

Words that o

ur in the same 
ontexts tend to have similar

meanings [Harris, 1954℄.

You shall know a word by the 
ompany it keeps [Firth, 1957℄.

Ñèíòàãìàòè÷åñêàÿ áëèçîñòü ñëîâ:

ñî÷åòàåìîñòü ñëîâ â îäíîì êîíòåêñòå

(çäàíèå�ñòðîèòåëü, êðàí�âîäà, �óíêöèÿ�òî÷êà)

Ïàðàäèãìàòè÷åñêàÿ áëèçîñòü ñëîâ:

âçàèìîçàìåíÿåìîñòü ñëîâ â îäíîì êîíòåêñòå

(çäàíèå�äîì, êðàí�ñìåñèòåëü, �óíêöèÿ�îòîáðàæåíèå)

Z.Harris. Distributional stru
ture. 1954.

J.R.Firth. A synopsis of linguisti
 theory 1930-1955. Oxford, 1957.

P.Turney, P.Pantel. From frequen
y to meaning: ve
tor spa
e models of semanti
s. 2010.
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Îáó÷åíèå âåêòîðíûõ ïðåäñòàâëåíèé ñëîâ (word2ve
)

Äàíî: {w1, . . . ,wn} � òåêñò, ïîñëåäîâàòåëüíîñòü ñëîâ (òîêåíîâ)

Ci = {. . . ,wi , . . . } � êîíòåêñò ñëîâà wi , íàïðèìåð, ±k ñëîâ

Íàéòè: âåêòîðû uw (embedding), êîäèðóþùèå ñìûñë ñëîâ w

Êðèòåðèé: log-loss äëÿ áèíàðíîé êëàññè�èêàöèè ïàð ñëîâ:

n
∑

i=1

∑

w∈Ci

(

log p(+1|w ,wi ) + log p(−1|w̄ ,wi )
)

→ max
U,V

p(y |w ,wi ) = σ
(

y〈uw , vwi
〉) � ìîäåëü êëàññè�èêàöèè, y = ±1;

y = +1, åñëè w íàõîäèòñÿ â êîíòåêñòå ñëîâà wi ;

y = −1, åñëè w íå íàõîäèòñÿ â êîíòåêñòå ñëîâà wi ;

w̄ ñýìïëèðóåòñÿ èç p(w)3/4 (skip-gram negative sampling, SGNS)

Â: êàêîé ñìûñë ââîäèòü äâà âåêòîðà vw , uw?

T.Mikolov et al. E�
ient estimation of word representations in ve
tor spa
e, 2013.
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Ñâÿçü word2ve
 ñ ìàòðè÷íûìè ðàçëîæåíèÿìè

d � ðàçìåðíîñòü âåêòîðîâ ñëîâ vw è uw ñëîâàðÿ W

V = (vw )W×d � ìàòðèöà ïðåäñêàçûâàþùèõ âåêòîðîâ ñëîâ

U = (uw )W×d � ìàòðèöà ïðåäñêàçûâàåìûõ âåêòîðîâ ñëîâ

SGNS ñòðîèò ìàòðè÷íîå ðàçëîæåíèå P ≈ UV T
ìàòðèöû

Shifted PMI (Point-wise Mutual Information):

Pab = ln
nabn

nanb
− ln k ,

nab � ÷àñòîòà ïàðû ñëîâ a, b â îêíå ±k ñëîâ,

na, nb � ÷èñëî ïàð ñ ó÷àñòèåì ñëîâà a è b ñîîòâåòñòâåííî,

n � ÷èñëî âñåõ ïàð ñëîâ â êîëëåêöèè.

Â êà÷åñòâå ýâðèñòèêè èñïîëüçóþò òàêæå Shifted Positive PMI:

P+
ab =

(

ln
nabn

nanb
− ln k

)

+
.

O.Levy, Y.Goldberg. Neural word embedding as impli
it matrix fa
torization. 2014.
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�ðà�îâûå ðàçëîæåíèÿ

Ïðîâåðêà íà çàäà÷àõ ñåìàíòè÷åñêîé áëèçîñòè è àíàëîãèè ñëîâ

Çàäà÷à ñåìàíòè÷åñêîé áëèçîñòè ñëîâ:

ïî âûáîðêå ïàð ñëîâ (a, b) îöåíèâàåòñÿ êîððåëÿöèÿ Ñïèðìåíà

ìåæäó cos(va, vb) è ýêñïåðòíûìè îöåíêàìè áëèçîñòè ñëîâ

Çàäà÷à ñåìàíòè÷åñêîé àíàëîãèè ñëîâ:

ïî òð¼ì ñëîâàì óãàäàòü ÷åòâ¼ðòîå
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�ðà�îâûå ðàçëîæåíèÿ

Ìîäåëü âåêòîðíûõ ïðåäñòàâëåíèé FastText

Èäåÿ: âåêòîðíîå ïðåäñòàâëåíèå ñëîâà w îïðåäåëÿåòñÿ

êàê ñóììà âåêòîðîâ âñåõ åãî áóêâåííûõ n-ãðàìì G (w):

uw =
∑

g∈G(w)

ug

Â Skip-gram âìåñòî âåêòîðîâ ñëîâ uw îáó÷àþòñÿ âåêòîðû ug

Ïðèìåð: G (äàðìîëþá) = {<äà, àðì, ðìî, ìîë, îëþ, ëþá, þá>}

Ïðåèìóùåñòâà:

Ýòî ðåøàåò ïðîáëåìû íîâûõ ñëîâ è ñëîâ ñ îïå÷àòêàìè

Ïîäõîäèò äëÿ îáðàáîòêè òåêñòîâ ñîöèàëüíûõ ìåäèà

Ñëîâàðü 2- è 3-ãðàìì ìíîãî ìåíüøå ñëîâàðÿ ñëîâ

Ñóùåñòâóåò ìíîãî ïðåäîáó÷åííûõ ìîäåëåé

Bojanowski et al. Enri
hing word ve
tors with subword information. 2016.
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�ðà�îâûå ðàçëîæåíèÿ

Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé äëÿ òåêñòîâ è ãðà�îâ

word2ve
: ýìáåäèíãè (âåêòîðíûå ïðåäñòàâëåíèÿ) ñëîâ

T.Mikolov et al. E�
ient estimation of word representations in ve
tor spa
e. 2013.

paragraph2ve
: ýìáåäèíãè �ðàãìåíòîâ èëè äîêóìåíòîâ

Q.Le, T.Mikolov. Distributed representations of senten
es and do
uments. 2014.

sent2ve
: ýìáåäèíãè ïðåäëîæåíèé

M.Pagliardini et al. Unsupervised learning of senten
e embeddings using 
ompositional n-gram features. 2017.

FastText: ýìáåäèíãè ñèìâîëüíûõ n-ãðàìì
https://github.
om/fa
ebookresear
h/fastText

node2ve
: ýìáåäèíãè âåðøèí ãðà�à

A.Grover, J.Leskove
. Node2ve
: s
alable feature learning for networks. 2016.

graph2ve
: áîëåå îáùèå ýìáåäèíãè íà ãðà�àõ

A.Narayanan et al. Graph2ve
: learning distributed representations of graphs. 2017.

StarSpa
e: ýìáåäèíãè ÷åãî óãîäíî îò Fa
ebook AI Resear
h

L.Wu, A.Fis
h, S.Chopra, K.Adams, A.B.J.Weston. StarSpa
e: embed all the things! 2018.

BERT: ýìáåäèíãè �ðàç è ïðåäëîæåíèé îò Google AI Language

J.Devlin et al. BERT: pre-training of deep bidire
tional transformers for language understanding. 2018.

GPT-3: ýìáåäèíãè, ïðåäîáó÷åííûå ïî 570Gb òåêñòîâ îò OpenAI

T.Â.Brown et al. Language Models are Few-Shot Learners. 2020.
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�ðà�îâûå ðàçëîæåíèÿ

Ìíîãîìåðíîå øêàëèðîâàíèå (multidimensional s
aling, MDS)

Äàíî: (i , j) ∈ E � âûáîðêà ð¼áåð ãðà�à 〈V ,E 〉,
Rij � ðàññòîÿíèÿ ìåæäó âåðøèíàìè ðåáðà (i , j).
Íàïðèìåð, â IsoMAP Rij � äëèíà êðàò÷àéøåãî ïóòè ïî ãðà�ó.

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí zi ∈ R
d
, òàê, ÷òîáû

áëèçêèå (ïî ãðà�ó) âåðøèíû èìåëè áëèçêèå âåêòîðû.

Êðèòåðèé ñòðåññà (stress):

∑

(i ,j)∈E

w(Rij)
(

ρ(zi , zj)− Rij

)2
→ min

Z
, Z ∈ R

V×d ,

ãäå ρ(zi , zj) = ‖zi − zj‖ � îáû÷íî åâêëèäîâî ðàññòîÿíèå,

Îáû÷íî ðåøàåòñÿ ìåòîäîì ñòîõàñòè÷åñêîãî ãðàäèåíòà (SG).

Âîïðîñ: êàê ëó÷øå çàäàâàòü âåñà w(Rij) = 1? Rij?
1
Rij
?

I.Chami et al. Ma
hine learning on graphs: a model and 
omprehensive taxonomy. 2020.
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�ðà�îâûå ðàçëîæåíèÿ

Ìíîãîìåðíîå øêàëèðîâàíèå äëÿ âèçóàëèçàöèè äàííûõ

Ïðè d = 2 îñóùåñòâëÿåòñÿ ïðîåêöèÿ âûáîðêè íà ïëîñêîñòü

Èñïîëüçóåòñÿ äëÿ âèçóàëèçàöèè êëàñòåðíûõ ñòðóêòóð

Ôîðìó îáëàêà òî÷åê ìîæíî íàñòðàèâàòü âåñàìè è ìåòðèêîé

Íåäîñòàòîê � èñêàæåíèÿ íåèçáåæíû

Íàèáîëåå ïîïóëÿðíàÿ ðàçíîâèäíîñòü ìåòîäà � t-SNE

Laurens van der Maaten, Geo�rey Hinton. Visualizing data using t-SNE. 2008
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Ìíîãîìåðíîå øêàëèðîâàíèå

�ðà�îâûå ðàçëîæåíèÿ

�ðà�îâûå ðàçëîæåíèÿ (graph fa
torization)

Äàíî: (i , j) ∈ E � âûáîðêà ð¼áåð ãðà�à 〈V ,E 〉,
Sij � áëèçîñòü ìåæäó âåðøèíàìè ðåáðà (i , j).
Íàïðèìåð, Sij = [(i , j) ∈ E ] � ìàòðèöà ñìåæíîñòè âåðøèí.

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí, òàê, ÷òîáû

áëèçêèå (ïî ãðà�ó) âåðøèíû èìåëè áëèçêèå âåêòîðû.

Êðèòåðèé äëÿ íåîðèåíòèðîâàííîãî ãðà�à (S ñèììåòðè÷íà):

∥

∥S − ZZ T
∥

∥

E
=

∑

(i ,j)∈E

(

〈zi , zj〉 − Sij
)2

→ min
Z

, Z ∈ R
V×d

Êðèòåðèé äëÿ îðèåíòèðîâàííîãî ãðà�à (S íåñèììåòðè÷íà):

∥

∥S − ΦΘT
∥

∥

E
=

∑

(i ,j)∈E

(

〈φi , θj〉 − Sij
)2

→ min
Φ,Θ

, Φ,Θ ∈ R
V×d

Îáû÷íî ðåøàåòñÿ ìåòîäîì ñòîõàñòè÷åñêîãî ãðàäèåíòà (SG).

I.Chami et al. Ma
hine learning on graphs: a model and 
omprehensive taxonomy. 2020.
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Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Ìíîãîìåðíîå øêàëèðîâàíèå

�ðà�îâûå ðàçëîæåíèÿ

Âåêòîðíûå ïðåäñòàâëåíèÿ ãðà�îâ êàê àâòîêîäèðîâùèêè

�àññìîòðåííûå âûøå ìåòîäû âåêòîðíûõ ïðåäñòàâëåíèé ãðà�îâ

ñóòü àâòîêîäèðîâùèêè äëÿ ðåêîíñòðóêöèè äàííûõ î ð¼áðàõ:

word2ve
: [wj ∈ Ci ] → exp〈uj , vi 〉

ìíîãîìåðíîå øêàëèðîâàíèå: Rij → ‖zi − zj‖

SNE: P(i ÿâëÿåòñÿ ñîñåäîì j) → RDF (‖zi − zj‖)

ãðà�îâûå ðàçëîæåíèÿ: Sij → 〈zi , zj〉 èëè Sij → 〈φi , θj 〉

Âõîä êîäèðîâùèêà:

Wij � äàííûå î ðåáðå ãðà�à (i , j)

Âûõîä êîäèðîâùèêà:

âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí zi

Âûõîä äåêîäèðîâùèêà:

àïïðîêñèìàöèÿ Ŵij , âû÷èñëÿåìàÿ ïî (zi , zj)

I.Chami et al. Ma
hine learning on graphs: a model and 
omprehensive taxonomy. 2020.
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�ðà�îâûå ðàçëîæåíèÿ

GraphEDM: îáîáù¼ííûé àâòîêîäèðîâùèê íà ãðà�àõ

Graph En
oder De
oder Model � îáîáùàåò áîëåå 30 ìîäåëåé:

W ∈ R
V×V

� âõîäíûå äàííûå î ð¼áðàõ

X ∈ R
V×n

� âõîäíûå äàííûå î âåðøèíàõ, ïðèçíàêîâûå îïèñàíèÿ

Z ∈ R
V×d

� âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí ãðà�à

DEC(Z ; ΘD) � äåêîäåð, ðåêîíñòðóèðóþùèé äàííûå î ð¼áðàõ

DEC(Z ; ΘS) � äåêîäåð, ðåøàþùèé supervised-çàäà÷ó

yS � (semi-)supervised äàííûå î âåðøèíàõ èëè ð¼áðàõ

L � �óíêöèè ïîòåðü

I.Chami et al. Ma
hine learning on graphs: a model and 
omprehensive taxonomy. 2020.
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Òðàíñ�îðìåðû è áîëüøèå ÿçûêîâûå ìîäåëè

Ìîäåëü âíèìàíèÿ

Òðàíñ�îðìåð

Áîëüøèå ÿçûêîâûå ìîäåëè

Ýâîëþöèÿ ïîäõîäîâ ìàøèííîãî îáó÷åíèÿ â àíàëèçå òåêñòîâ

Äåêîìïîçèöèÿ çàäà÷ ïî óðîâíÿì ïèðàìèäû NLP

ìîð�îëîãè÷åñêèé àíàëèç, ëåììàòèçàöèÿ, îïå÷àòêè

ñèíòàêñè÷åñêèé àíàëèç, âûäåëåíèå òåðìèíîâ, NER

ñåìàíòè÷åñêèé àíàëèç, âûäåëåíèå �àêòîâ, òåì

Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé (ýìáåäèíãîâ)

ñëîâ íà îñíîâå ìàòðè÷íûõ ðàçëîæåíèé

ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè:

word2ve
 [Mikolov, 2013℄, FastText [Bojanowski, 2016℄

òåìàòè÷åñêèå ìîäåëè LDA [Blei, 2003℄, ARTM [2014℄

Íåéðîñåòåâûå ìîäåëè ëîêàëüíûõ êîíòåêñòîâ

ðåêóððåíòíûå íåéðîííûå ñåòè

ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû:

BERT [2018℄, GPT-3 [2020℄, GPT-4 [2023℄
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Òðàíñ�îðìåðû è áîëüøèå ÿçûêîâûå ìîäåëè

Ìîäåëü âíèìàíèÿ

Òðàíñ�îðìåð

Áîëüøèå ÿçûêîâûå ìîäåëè

Òðàñ�îðìåð äëÿ ìàøèííîãî ïåðåâîäà

Òðàñ�îðìåð (transformer) � ýòî íåéðîñåòåâàÿ àðõèòåêòóðà äëÿ

òðàíñ�îðìàöèè âåêòîðîâ ñëîâ â êîíòåêñòíî-çàâèñèìûå

Ñõåìà ïðåîáðàçîâàíèé äàííûõ â ìàøèííîì ïåðåâîäå:

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

↓ îáó÷àåìàÿ èëè ïðåä-îáó÷åííàÿ âåêòîðèçàöèÿ ñëîâ

X = (x1, . . . , xn) � âåêòîðû ñëîâ âõîäíîãî ïðåäëîæåíèÿ

↓ òðàíñ�îðìåð-êîäèðîâùèê

Z = (z1, . . . , zn) � êîíòåêñòíî-çàâèñèìûå âåêòîðû ñëîâ

↓ òðàíñ�îðìåð-äåêîäèðîâùèê, ïîõîæ íà êîäèðîâùèêà

Y = (y1, . . . , ym) � âåêòîðû ñëîâ âûõîäíîãî ïðåäëîæåíèÿ

↓ ãåíåðàöèÿ ñëîâ èç ïîñòðîåííîé ÿçûêîâîé ìîäåëè

S̃ = (w̃1, . . . , w̃m) � ñëîâà ïðåäëîæåíèÿ íà âûõîäíîì ÿçûêå

Vaswani et al. (Google) Attention is all you need. 2017.
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Ìîäåëè âíèìàíèÿ äëÿ ìàøèííîãî ïåðåâîäà

X = (x1, . . . , xn) � âåêòîðû ñëîâ âõîäíîãî ïðåäëîæåíèÿ

Y = (y1, . . . , ym) � âåêòîðû ñëîâ âûõîäíîãî ïðåäëîæåíèÿ

Ìîäåëü âíèìàíèÿ îöåíèâàåò ìàòðèöó ñåìàíòè÷åñêîãî

ñõîäñòâà Ati = a(xi , yt) � íàñêîëüêî âõîäíîå ñëîâî xi âàæíî

(òðåáóåò âíèìàíèÿ) äëÿ îáðàáîòêè âûõîäíîãî ñëîâà yt

Bahdanau et al. Neural ma
hine translation by jointly learning to align and translate. 2015.

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physte
h.edu) ÂâÌÎ: îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ 23 / 39



Ìàòðè÷íûå ðàçëîæåíèÿ

Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòîâ è ãðà�îâ

Òðàíñ�îðìåðû è áîëüøèå ÿçûêîâûå ìîäåëè

Ìîäåëü âíèìàíèÿ

Òðàíñ�îðìåð

Áîëüøèå ÿçûêîâûå ìîäåëè

Ìîäåëü âíèìàíèÿ Query�Key�Value

q � âåêòîð-çàïðîñ äëÿ òðàíñ�îðìàöèè â âåêòîð-êîíòåêñò z

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

X = (x1, . . . , xn) � âåêòîðû-çíà÷åíèÿ, îáðàçóþùèå êîíòåêñò

Ìîäåëü âíèìàíèÿ � òð¼õñëîéíàÿ ñåòü, âû÷èñëÿþùàÿ z êàê

âûïóêëóþ êîìáèíàöèþ âåêòîðîâ xi , ðåëåâàíòíûõ çàïðîñó q:

z = Attn(q,K ,X ) =
∑

i

xi SoftMaxi a(ki , q),

ãäå a(k , q) � îöåíêà ðåëåâàíòíîñòè êëþ÷à k çàïðîñó q,

íàïðèìåð a(k , q) = kTq èëè kTWq ñ ìàòðèöåé ïàðàìåòðîâ W

Ìîäåëü âíóòðåííåãî âíèìàíèÿ (ñàìîâíèìàíèÿ, self-attention):

zi = Attn(Wqxi ,WkX ,WvX )

òðàíñ�îðìèðóåò âõîäíóþ ïîñëåäîâàòåëüíîñòü X = (x1, . . . , xn)
â âûõîäíóþ ïîñëåäîâàòåëüíîñòü âåêòîðîâ êîíòåêñòà (z1, . . . , zn)
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Àðõèòåêòóðà òðàíñ�îðìåðà-êîäèðîâùèêà

1. Äîáàâëÿþòñÿ ïîçèöèîííûå âåêòîðû pi :

hi = xi + pi , H = (h1, . . . , hn) d = dim xi , pi , hi = 512
dimH = 512×n

2. Ìíîãîìåðíîå ñàìîâíèìàíèå: j = 1, . . . , J = 8

h
j
i = Attn(W j

qhi ,W
j
kH,W

j
vH) dim h

j
i
= 64

dimW j
q,W

j
k
,W j

v = 64×512

3. Êîíêàòåíàöèÿ (multi-head attention):

h′i = MHj(h
j
i ) ≡

[

h1i · · · h
J
i

]

dim h′i = 512

4. Ñêâîçíàÿ ñâÿçü + íîðìèðîâêà óðîâíÿ:

h′′i = LN(h′i + hi ;µ1, σ1) dim h′′i , µ1, σ1 = 512

5. Ïîëíîñâÿçíàÿ 2õ-ñëîéíàÿ ñåòü FFN:

h′′′i = W2 ReLU(W1h
′′
i + b1) + b2 dimW1 = 2048×512

dimW2 = 512×2048

6. Ñêâîçíàÿ ñâÿçü + íîðìèðîâêà óðîâíÿ:

zi = LN(h′′′i + h′′i ;µ2, σ2) dim zi , µ2, σ2 = 512
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Íåñêîëüêî äîïîëíåíèé è çàìå÷àíèé

N = 6 áëîêîâ hi →�→ zi ñîåäèíÿþòñÿ ïîñëåäîâàòåëüíî

ýìáåäèíãè ñëîâ xi ∈ R
d
� îáó÷àåìûå èëè ïðåä-îáó÷åííûå

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

LNs(x ;µ, σ) = σs
xs − x̄

σx
+ µs , s = 1, . . . , d ,

x̄ = 1
d

∑

s

xs è σ2
x = 1

d

∑

s

(xs − x̄)2 � ñðåäíåå è äèñïåðñèÿ x

Ïîçèöèè ñëîâ i êîäèðóþòñÿ âåêòîðàìè pi , i = 1, . . . , n;
÷åì áîëüøå |i − j |, òåì áîëüøå ‖pi − pj‖, n íå îãðàíè÷åíî:

pis = sin(i 10−8 s
d ), pi ,s+ d

2
= cos(i 10−8 s

d ), s = 1, . . . , d2
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Àðõèòåêòóðà òðàíñ�îðìåðà äåêîäèðîâùèêà

Àâòîðåãðåññèîííûé ñèíòåç ïîñëåäîâàòåëüíîñòè:

y0 = 〈BOS〉 � âåêòîð ñèìâîëà íà÷àëà;

äëÿ âñåõ t = 1, 2, . . . :

1. Ìàñêèðîâàíèå ¾äàííûõ èç áóäóùåãî¿:

ht = yt−1 + pt ; Ht = (h1, . . . , ht)

2. Ìíîãîìåðíîå ñàìîâíèìàíèå:

h′t = LN ◦MHj ◦ Attn(W
j
qht ,W

j
kHt ,W

j
vHt)

3. Ìíîãîìåðíîå âíèìàíèå íà êîäèðîâêó Z :

h′′t = LN ◦MHj ◦ Attn(W̃
j
qh

′

t , W̃
j
kZ , W̃

j
vZ )

4. Äâóõñëîéíàÿ ïîëíîñâÿçíàÿ ñåòü:

yt = LN ◦ FFN(h′′t )

5. Ëèíåéíûé ïðåäñêàçûâàþùèé ñëîé:

p(w̃ |t) = SoftMaxw̃ (Wyyt + by )

ãåíåðàöèÿ w̃t = argmax
w̃

p(w̃ |t) ïîêà w̃t 6= 〈EOS〉

Vaswani et al. (Google) Attention is all you need. 2017.
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Êðèòåðèè îáó÷åíèÿ è âàëèäàöèè äëÿ ìàøèííîãî ïåðåâîäà

Êðèòåðèé äëÿ îáó÷åíèÿ ïàðàìåòðîâ íåéðîííîé ñåòè W

ïî îáó÷àþùåé âûáîðêå ïðåäëîæåíèé S ñ ïåðåâîäîì S̃ :
∑

(S,S̃)

∑

w̃t∈S̃

ln p(w̃t |t,S ,W ) → max
W

Êðèòåðèé îöåíèâàíèÿ ìîäåëåé (íåäè��åðåíöèðóåìûå)

ïî âûáîðêå ïàð ïðåäëîæåíèé ¾ïåðåâîä S , ýòàëîí S0¿:

BiLingual Evaluation Understudy:

BLEU = min
(

1, Σlen(S)
Σlen(S0)

)

mean(S0,S)

( 4
∏

n=1

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

)
1
4

Word Error Rate:

WER = mean(S0,S)

(

#âñòàâîê + #óäàëåíèé + #çàìåí

len(S)

)

Vaswani et al. (Google) Attention is all you need. 2017.
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BERT (Bidire
tional En
oder Representations from Transformers)

Òðàíñ�îðìåð BERT � ýòî êîäèðîâùèê áåç äåêîäèðîâùèêà,

ïðåäîáó÷àåìûé íà áîëüøîé òåêñòîâîé êîëëåêöèè äëÿ ðåøåíèÿ

øèðîêîãî êëàññà çàäà÷ àâòîìàòè÷åñêîé îáðàáîòêè òåêñòà

Ñõåìà ïðåîáðàçîâàíèÿ äàííûõ â çàäà÷àõ NLP:

S = (w1, . . . ,wn) � òîêåíû ïðåäëîæåíèÿ âõîäíîãî òåêñòà

↓ îáó÷åíèå ýìáåäèíãîâ âìåñòå ñ òðàíñ�îðìåðîì

X = (x1, . . . , xn) � ýìáåäèíãè òîêåíîâ âõîäíîãî ïðåäëîæåíèÿ

↓ òðàíñ�îðìåð êîäèðîâùèêà

Z = (z1, . . . , zn) � òðàíñ�îðìèðîâàííûå ýìáåäèíãè

↓ äîîáó÷åíèå íà êîíêðåòíóþ çàäà÷ó

Y � âûõîäíîé òåêñò / ðàçìåòêà / êëàññè�èêàöèÿ è ò.ï.

Ja
ob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova (Google AI Language)

BERT: pre-training of deep bidire
tional transformers for language understanding. 2019.
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Êðèòåðèé 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 ) = SoftMax
w∈V

(Wzzi(S ,WT ) + bz)

� ÿçûêîâàÿ ìîäåëü, ïðåäñêàçûâàþùàÿ i -é òîêåí ïðåäëîæåíèÿ S ;

zi(S ,WT ) � êîíòåêñòíûé ýìáåäèíã i -ãî òîêåíà ïðåäëîæåíèÿ S

íà âûõîäå òðàíñ�îðìåðà-êîäèðîâùèêà ñ ïàðàìåòðàìè WT ;

W = (WT ,Wz , bz) � âñå ïàðàìåòðû ÿçûêîâîé ìîäåëè

Ja
ob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova (Google AI Language)

BERT: pre-training of deep bidire
tional transformers for language understanding. 2019.
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Êðèòåðèé NSP (next senten
e predi
tion) 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 ′] � êëàññè�èêàöèÿ ïàðû ïðåäëîæåíèé,

p(y |S ,S ′,W ) = SoftMax
y∈{0,1}

(

Wy th(Wsz0(S ,S
′,WT ) + bs) + by

)

� âåðîÿòíîñòíàÿ ìîäåëü áèíàðíîé êëàññè�èêàöèè ïàð (S ,S ′),
z0(S ,S

′,WT ) � êîíòåêñòíûé ýìáåäèíã òîêåíà 〈CLS〉 äëÿ ïàðû

ïðåäëîæåíèé, çàïèñàííîé â âèäå 〈CLS〉 S 〈SEP〉 S ′ 〈SEP〉

Ja
ob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova (Google AI Language)

BERT: pre-training of deep bidire
tional transformers for language understanding. 2019.
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Åù¼ íåñêîëüêî çàìå÷àíèé ïðî òðàíñ�îðìåðû

Fine-tuning: äëÿ äîîáó÷åíèÿ íà çàäà÷å çàäà¼òñÿ 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 ft(Z (S ,WT ),Wt), âûáîðêè {S}t è
ñóììà êðèòåðèåâ

∑

t λt

∑

S Lt(S , ft) → max

GLUE, SuperGLUE, Russian SuperGLUE, MERA, SLAVA �

íàáîðû òåñòîâûõ çàäà÷ íà ïîíèìàíèå è ãåíåðàöèþ ÿçûêà

Òðàíñ�îðìåðû îáû÷íî ñòðîÿòñÿ íå íà ñëîâàõ, à íà òîêåíàõ,

ïîëó÷àåìûõ BPE (Byte-Pair En
oding) èëè WordPie
e

Ïåðâûé òðàíñ�îðìåð: N = 6, d = 512, J = 8, âåñîâ 65M

BERT

BASE

, GPT1: N = 12, d = 768, J = 12, âåñîâ 110M

BERT

LARGE

: N = 24, d = 1024, J = 16, âåñîâ 340M
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ChatGPT è GPT-4: ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Íîâûå ñïîñîáíîñòè ìîäåëè, íå çàêëàäûâàâøèåñÿ ïðè îáó÷åíèè:

îáúÿñíÿòü ñâîè îòâåòû, ïåðå�ðàçèðîâàòü

ðå�åðèðîâàòü, ãåíåðèðîâàòü ïëàíû, ñöåíàðèè, øàáëîíû

ïåðåâîäèòü íà äðóãèå ÿçûêè, ñòðîèòü àíàëîãèè,

ìåíÿòü òîíàëüíîñòü, ñòèëü, ãëóáèíó èçëîæåíèÿ

ãåíåðèðîâàòü ïðîãðàììíûé êîä íà ðàçëè÷íûõ ÿçûêàõ

ðåøàòü íåêîòîðûå ëîãè÷åñêèå è ìàòåìàòè÷åñêèå çàäà÷è

èñêàòü è èñïðàâëÿòü ñîáñòâåííûå îøèáêè ïî ïîäñêàçêå
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Ìàòðè÷íûå ðàçëîæåíèÿ

Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòîâ è ãðà�îâ

Òðàíñ�îðìåðû è áîëüøèå ÿçûêîâûå ìîäåëè

Ìîäåëü âíèìàíèÿ

Òðàíñ�îðìåð

Áîëüøèå ÿçûêîâûå ìîäåëè

Ýìåðäæåíòíîñòü � ïîÿâëåíèå êà÷åñòâåííî íîâûõ ñïîñîáíîñòåé

GPT-2: 14/Feb/2019, êîíòåêñò 768 ñëîâ (1,5 ñòðàíèöû)

1,5 ìëðä. ïàðàìåòðîâ, êîðïóñ 10 ìëðä. òîêåíîâ (40Gb)

ñïîñîáíîñòü íàïèñàòü ýññå, êîòîðîå êîíêóðñíîå æþðè

íå ñìîãëî îòëè÷èòü îò íàïèñàííîãî ÷åëîâåêîì
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Áîëüøèå ÿçûêîâûå ìîäåëè

Ýìåðäæåíòíîñòü � ïîÿâëåíèå êà÷åñòâåííî íîâûõ ñïîñîáíîñòåé

GPT-3: 11/Jun/2020, êîíòåêñò 1536 ñëîâ (3 ñòðàíèöû)

175 ìëðä. ïàðàìåòðîâ, êîðïóñ 500 ìëðä. òîêåíîâ

ñïîñîáíîñòü äåëàòü ïåðåâîä íà äðóãèå ÿçûêè,

ðåøàòü ëîãè÷åñêèå è ìàòåìàòè÷åñêèå çàäà÷è,

ãåíåðèðîâàòü ïðîãðàììíûé êîä ïî îïèñàíèþ
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Ýìåðäæåíòíîñòü � ïîÿâëåíèå êà÷åñòâåííî íîâûõ ñïîñîáíîñòåé

GPT-4: 14/Mar/2023, êîíòåêñò 24 000 ñëîâ (48 ñòðàíèö)

>1 òðë. ïàðàìåòðîâ, êîðïóñ >1Tb

ñïîñîáíîñòü îïèñûâàòü è àíàëèçèðîâàòü èçîáðàæåíèÿ,

ðåàãèðîâàòü íà ïîäñêàçêè âðîäå ¾Let's think step by step¿,

ðåøàòü êà÷åñòâåííûå �èçè÷åñêèå çàäà÷è ïî êàðòèíêå
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Òðàíñ�îðìåðû: ðàçìåð èìååò çíà÷åíèå

�îñò ÷èñëà ïàðàìåòðîâ

áîëüøèõ ÿçûêîâûõ

ìîäåëåé

Îöåíèâàíèå ìîäåëåé òðåáóåò ìíîãîêðèòåðèàëüíîãî ïîäõîäà �

áåí÷ìàðêîâ äëÿ èçìåðåíèÿ ðàçëè÷íûõ àñïåêòîâ êà÷åñòâà LLM

íà ðàçëè÷íûõ çàäà÷àõ NLU èç ðàçëè÷íûõ îáëàñòåé.
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Ïðîìïòèíã � íîâîå ïðîãðàììèðîâàíèå

Çàäàòü ðîëè: ¾Òû ó÷åíèê 11 êëàññà, îòëè÷íèê,. . . ¿

Çàäàòü êîíòåêñò: ¾. . . ïèøåøü ñî÷èíåíèå Å�Ý ïî ðóññêîìó ÿçûêó. . . ¿

Çàäàòü âõîäíûå äàííûå: ¾. . . ïî òåêñòó À. Êóïðèíà ¾. . . ¿. . . ¿

Äàòü èíñòðóêöèþ:

¾. . . Ñ�îðìóëèðóé îäíó èç ïðîáëåì, ïîñòàâëåííûõ àâòîðîì òåêñòà.

Ïðîêîììåíòèðóé ïðîáëåìó. Âêëþ÷è â êîììåíòàðèé äâà ïðèìåðà-

èëëþñòðàöèè èç ïðî÷èòàííîãî òåêñòà, êîòîðûå âàæíû äëÿ ïîíèìàíèÿ

ïðîáëåìû (èçáåãàé ÷ðåçìåðíîãî öèòèðîâàíèÿ). Ïîÿñíè çíà÷åíèå êàæäîãî

ïðèìåðà è óêàæè ñìûñëîâóþ ñâÿçü ìåæäó íèìè. Ñ�îðìóëèðóé ïîçèöèþ

àâòîðà (ðàññêàç÷èêà). Âûðàçè ñâî¼ îòíîøåíèå ê ïîçèöèè àâòîðà ïî

ïðîáëåìå èñõîäíîãî òåêñòà (ñîãëàñèå èëè íåñîãëàñèå) è îáîñíóé åãî. . . ¿

Îïèñàòü îãðàíè÷åíèÿ: ¾. . . îáú¼ì ñî÷èíåíèÿ � íå ìåíåå 150 ñëîâ. . . ¿

Çàäàòü �îðìàò âûâîäà: ¾. . . ïðîçîé, ñòèõàìè, ñåìèñòîïíûì ÿìáîì. . . ¿

Çàäàòü ïðèìåð(û) ïðàâèëüíîãî âûïîëíåíèÿ çàäàíèÿ

Äåìîíñòðàöèîííûé âàðèàíò Å�Ý 2020. �óññêèé ÿçûê, 11 êëàññ. ÔÈÏÈ, 2020.
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�åçþìå

Îáó÷àåìàÿ âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ

äàííûõ � îäíà èç âàæíåéøèõ êîíöåïöèé ML/DL

Ïðåäñòàâëåíèå òåêñòà â âèäå ãðà�à (ñèñòåìû ëîêàëüíûõ

êîíòåêñòîâ ñëîâ) ñîõðàíÿåò èí�îðìàöèþ î ñìûñëå òåêñòà

Ýìáåäèíãè ãðà�îâ îáîáùàþò ìíîãèå çàäà÷è âåêòîðèçàöèè

òåêñòîâ, äèñêðåòíûõ ñèãíàëîâ, èçîáðàæåíèé è äð.

Äîêàçàíî, ÷òî ìîäåëü âíèìàíèÿ multi-head self-attention

(MHSA) ýêâèâàëåíòíà ñâ¼ðòî÷íîé ñåòè [Cordonnier, 2020℄

Open problems

Âîçìîæíî ëè óïðîñòèòü àðõèòåêòóðó Òðàíñ�îðìåðà,

ñèëüíî ñîêðàòèâ ÷èñëî ïàðàìåòðîâ áåç ïîòåðè êà÷åñòâà?

Îáùàÿ òåîðèÿ ïðîìïòèíãà äîëæíà áûòü ëèíãâèñòè÷åñêîé,

êîììóíèêàòèâíîé. Íî å¼ ïîêà íåò.

Vaswani et al. Attention is all you need. 2017.

Xipeng Qiu et al. Pre-trained models for natural language pro
essing: A survey. 2020.

Cordonnier et al. În the relationship between self-attention and 
onvolutional layers. 2020
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