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Îïòèìèçàöèîííûå çàäà÷è îáó÷åíèÿ ïðåäñêàçàòåëüíûõ ìîäåëåé

Îáó÷àþùàÿ âûáîðêà: Xm = (xi , yi )
m
i=1, îáúåêòû xi ∈ R

n
, îòâåòû yi

Çàäà÷à ðåãðåññèè: Y = R

a(x ,w) � ìîäåëü ðåãðåññèè ñ âåêòîðîì ïàðàìåòðîâ w

Q(w ;Xm) =

m∑

i=1

(
a(xi ,w)− yi

)2
→ min

w

Çàäà÷à êëàññè�èêàöèè ñ äâóìÿ êëàññàìè: Y = {−1,+1}
sign a(x ,w) � ìîäåëü êëàññè�èêàöèè ñ âåêòîðîì ïàðàìåòðîâ w

L (M) � íåâîçðàñòàþùàÿ �óíêöèÿ îòñòóïà (margin), íàïðèìåð,

L (M) = ln(1 + e−M), (1−M)+, e−M
,

1
1+eM

, è äð.

Q(w ;Xm) =

m∑

i=1

L
(
a(xi ,w)yi
︸ ︷︷ ︸

Mi (w)

)
→ min

w
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Ïåðñåïòðîí � ìàòåìàòè÷åñêàÿ ìîäåëü íåéðîíà

Ëèíåéíàÿ ìîäåëü êëàññè�èêàöèè [ÌàêÊàëëîê è Ïèòòñ, 1943℄:

a(x ,w) = σ
(
〈w , x〉

)
= σ

(
n∑

j=1
wj fj(x)− w0

)

σ(z) � �óíêöèÿ àêòèâàöèè (íàïðèìåð, sign èëè th)
wj � âåñîâûå êîý��èöèåíòû ñèíàïòè÷åñêèõ ñâÿçåé

w0 � ïîðîã àêòèâàöèè

w , x ∈ R
n+1

, åñëè ââåñòè êîíñòàíòíûé ïðèçíàê f0(x) ≡ −1

?>=<89:;x1

?>=<89:;x2

· · ·

?>=<89:;xn

∑
σ ?>=<89:;a

w1
❖❖

❖❖
❖

''❖
❖❖

❖❖

w2
❩❩❩❩❩

--❩❩❩❩

...

wn♦♦♦♦♦

77♦♦♦♦♦

//

76540123−1

w0

NN
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Àëãîðèòì ñòîõàñòè÷åñêîãî ãðàäèåíòà SG (Sto
hasti
 Gradient)

Âõîä: âûáîðêà Xm
, òåìï îáó÷åíèÿ h, òåìï çàáûâàíèÿ λ;

Âûõîä: âåêòîð âåñîâ w ;

èíèöèàëèçèðîâàòü âåñà wj , j = 0, . . . , n;
èíèöèàëèçèðîâàòü îöåíêó �óíêöèîíàëà:

Q̄ := 1
m

∑m
i=1 Li (w);

ïîâòîðÿòü

âûáðàòü îáúåêò xi èç Xm
ñëó÷àéíûì îáðàçîì;

âû÷èñëèòü ïîòåðþ: εi := Li (w);
ñäåëàòü ãðàäèåíòíûé øàã: w := w − hL ′

i (w);
îöåíèòü �óíêöèîíàë: Q̄ := λεi + (1− λ)Q̄;

ïîêà çíà÷åíèå Q̄ è/èëè âåñà w íå ñîéäóòñÿ;

Äëÿ ìíîãîñëîéíûõ ñåòåé L ′

i (w) âû÷èñëÿåòñÿ Ba
k Propagation

Robbins, H., Monro S. A sto
hasti
 approximation method. 1951.
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Ìåòîä èíåðöèè (momentum)

Ýêñïîíåíöèàëüíîå ñêîëüçÿùåå ñðåäíåå

ãðàäèåíòà ïî ≈ 1
1−γ

ïîñëåäíèì èòåðàöèÿì

[Á.Ò.Ïîëÿê, 1964℄:

v := γv + (1−γ)L ′

i (w)

w := w − ηv

NAG (Nesterov's a

elerated gradient) �

ñòîõàñòè÷åñêèé ãðàäèåíò ñ èíåðöèåé

[Þ.Å.Íåñòåðîâ, 1983℄:

v := γv + (1−γ)L ′

i (w − ηγv)

w := w − ηv
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Ôóíêöèè àêòèâàöèè

Ôóíêöèè σ(y) = 1
1+e−y è th(y) = ey−e−y

ey+e−y ìîãóò ïðèâîäèòü

ê çàòóõàíèþ ãðàäèåíòîâ èëè ¾ïàðàëè÷ó ñåòè¿

Ôóíêöèÿ ïîëîæèòåëüíîé ñðåçêè (Re
ti�ed Linear Unit, ReLU)

ReLU(y) = max{0, y}; PReLU(y) = max{0, y}+ αmin{0, y}
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Ìíîãîñëîéíûé ïåðñåïòðîí (MultiLayer Per
eptron, MLP)

1965: ïåðâûå ìíîãîñëîéíûå (ãëóáîêèå) íåéðîííûå ñåòè

2012: ñâ¼ðòî÷íàÿ ñåòü äëÿ êëàññè�èêàöèè èçîáðàæåíèé AlexNet

Àðõèòåêòóðà ñåòè � ñòðóêòóðà ñëî¼â è ñâÿçåé ìåæäó íèìè,

ïîçâîëÿþùàÿ íàäåëÿòü MLP íóæíûìè ñâîéñòâàìè

�ëóáîêèå íåéðîííûå ñåòè (Deep Neural Network, DNN)

ïîçâîëÿþò ïðèíèìàòü íà âõîäå è ãåíåðèðîâàòü íà âûõîäå

ñëîæíî ñòðóêòóðèðîâàííûå äàííûå

Èâ�àõíåíêî À. �., Ëàïà Â. �. Êèáåðíåòè÷åñêèå ïðåäñêàçûâàþùèå óñòðîéñòâà. 1965.

Krizhevsky A. et al. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012.
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Ïîëíîñâÿçíàÿ ìíîãîñëîéíàÿ íåéðîííàÿ ñåòü ñ L ñëîÿìè

x = x0 =
(
x0j
)
n
j=0 � âåêòîð ïðèçíàêîâ íà âõîäå ñåòè, H0 = n

x l

h = σl

h

(
H

l−1∑

k=0

w l

khx
l−1
k

)

, σl

h � �óíêöèè àêòèâàöèè l -ãî ñëîÿ

x l =
(
x l

h

)
H

l

h=1 � âåêòîð íà âûõîäå l-ãî ñëîÿ, x l

0 = −1

H
l

� ÷èñëî íåéðîíîâ â l-ì ñëîå, l = 1, . . . , L

W l = (w l

kh) � ìàòðèöà âåñîâ l-ãî ñëîÿ, ðàçìåðà (H
l−1 + 1)×H

l

a(x ,w) = xL � âûõîäíîé âåêòîð ñåòè, îáû÷íî HL = 1
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Îáîñíîâàíèå DNN. �ëóáèíà âàæíåå øèðèíû

An
LH � ñåìåéñòâî ïîëíîñâÿçíûõ ìíîãîñëîéíûõ ñåòåé a(x ,w):

n ïðèçíàêîâ, L ñëî¼â, H íåéðîíîâ â êàæäîì ñëîå, x ∈ R
n
,

�óíêöèè àêòèâàöèè êóñî÷íî-ëèíåéíûå: ReLU, hard-tanh è ò.ï.

Ìåðà ðàçíîîáðàçèÿ ñåìåéñòâà An
LH � ìàêñèìàëüíîå ÷èñëî

ó÷àñòêîâ ëèíåéíîñòè a(x ,w) � âûïóêëûõ ìíîãîãðàííèêîâ â R
n
.

Ïðèìåð. Ó÷àñòêè ëèíåéíîñòè, n = 2, L = 3, H = 4:

Òåîðåìà. �àçíîîáðàçèå ñåìåéñòâà An
LH ðàñò¼ò êàê O(HnL).

M.Raghu et al. On the Expressive Power of Deep Neural Networks, 2016.
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�àññìîòðèì t-é øàã SGD: L (xiw) → min
w
, xi ,w ∈ R

n
, i ≡ i(t):

w t+1 := w t − η xiL
′(xiw

t)

Ïðèìåð èçáûòî÷íîé ïàðàìåòðèçàöèè: L (xiw1v) → min
w1,v

, v ∈ R:

w t+1
1 := w t

1 − η xiv
t
L

′(xiw
t
1v

t)

v t+1 := v t − η (xiw
t
1)L

′(xiw
t
1v

t)

�åêóððåíòíàÿ �îðìóëà äëÿ w t = w t
1v

t
:

w t+1 := w t+1
1 v t+1 = w t − ηtxiL

′(xiw
t)−

t−1∑

τ=1

ηt,τxi(τ)L
′(xi(τ)w

τ )

Ýòî (íåîæèäàííî!) ìåòîä Momentum ñ àäàïòèâíûì øàãîì ηt

è àäàïòèâíûìè êîý��èöèåíòàìè ñãëàæèâàíèÿ ηt,τ .

Sanjeev Arora, Nadav Cohen, Elad Hazan. On the Optimization of Deep Networks:

Impli
it A

eleration by Overparameterization. 2018
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ResNet: ïðîðûâ 2015 ãîäà â êëàññè�èêàöèè èçîáðàæåíèé

Ñòàðò â 2009. ×åëîâå÷åñêèé óðîâåíü îøèáîê 5% ïðîéäåí â 2015

Ñâ¼ðòî÷íàÿ ñåòü AlexNet:

+ ReLU + Dropout

+ 60M ïàðàìåòðîâ

+ àóãìåíòàöèÿ âûáîðêè

+ ïîäáîð ðàçìåðîâ ñëî¼â

+ GPU

Krizhevsky A. et al. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012.
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ResNet: îñòàòî÷íàÿ íåéðîííàÿ ñåòü (Residual NN)

Ñêâîçíàÿ ñâÿçü (skip 
onne
tion) ñëîÿ l

ñ ïðåäøåñòâóþùèì ñëîåì l − d :

x
l

= σ(Wx
l−1) + x

l−d

Ñëîé l âûó÷èâàåò íå íîâîå âåêòîðíîå

ïðåäñòàâëåíèå x
l

, à åãî ïðèðàùåíèå x
l

− x
l−d

Ïðèðàùåíèÿ áîëåå óñòîé÷èâû ⇒ óëó÷øàåòñÿ ñõîäèìîñòü

Ïîÿâëÿåòñÿ âîçìîæíîñòü óâåëè÷èâàòü ÷èñëî ñëî¼â

Îáîáùåíèå � Highway Networks:

x
l

= σ(Wx
l−1) τ(W

′x
l−1)

︸ ︷︷ ︸

transform gate

+ x
l−d

(
1− τ(W ′x

l−1)
)

︸ ︷︷ ︸


arry gate

Kaiming He, Xiangyu Zhang, Shaoqing Ren, Jian Sun. Deep Residual Learning for

Image Re
ognition. 2015

R.K.Srivastava, K.Gre�, J.S
hmidhuber. Highway Networks. 2015
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

�ðàäèåíòíûå ìåòîäû îáó÷åíèÿ

�ëóáîêèå íåéðîííûå ñåòè

Àïïðîêñèìàöèîííàÿ ñïîñîáíîñòü íåéðîííûõ ñåòåé

ResNet: âèçóàëèçàöèÿ îïòèìèçàöèîííîãî êðèòåðèÿ

Ñêâîçíûå ñâÿçè (skip 
onne
tion) óïðîùàþò îïòèìèçèðóåìûé

êðèòåðèé, óñòðàíÿÿ ëîêàëüíûå ýêñòðåìóìû è ñåäëîâûå òî÷êè:

Hao Li et al. Visualizing the Loss Lands
ape of Neural Nets. 2018
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Àïïðîêñèìàöèîííàÿ ñïîñîáíîñòü íåéðîííûõ ñåòåé

Ëþáóþ ëè �óíêöèþ ìîæíî ïðåäñòàâèòü íåéðîñåòüþ?

Ëþáàÿ áóëåâà �óíêöèÿ ïðåäñòàâèìà â âèäå ÄÍÔ,

ñëåäîâàòåëüíî, â âèäå äâóõñëîéíîé ñåòè. À íåïðåðûâíàÿ?

�åøåíèå òðèíàäöàòîé (èç 23) ïðîáëåì �èëüáåðòà (1900):

Òåîðåìà [Êîëìîãîðîâ, Àðíîëüä, 1957℄

Ëþáàÿ íåïðåðûâíàÿ �óíêöèÿ n àðãóìåíòîâ íà åäèíè÷íîì êóáå

[0, 1]n ïðåäñòàâèìà â âèäå ñóïåðïîçèöèè íåïðåðûâíûõ �óíêöèé

îäíîãî àðãóìåíòà è îïåðàöèè ñëîæåíèÿ:

f (x1, . . . , xn) =

2n+1∑

k=1

Φk

( n∑

j=1

ϕjk(xj)

)

,

ãäå Φk , ϕjk � íåïðåðûâíûå �óíêöèè, è ϕjk íå çàâèñÿò îò f .

À.Í.Êîëìîãîðîâ. Î ïðåäñòàâëåíèè íåïðåðûâíûõ �óíêöèé íåñêîëüêèõ ïåðåìåííûõ

ñóïåðïîçèöèÿìè íåïðåðûâíûõ �óíêöèé ìåíüøåãî ÷èñëà ïåðåìåííûõ. 1956.

Â.È.Àðíîëüä. Î �óíêöèè òðåõ ïåðåìåííûõ. 1957.
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�ðàäèåíòíûå ìåòîäû îáó÷åíèÿ

�ëóáîêèå íåéðîííûå ñåòè

Àïïðîêñèìàöèîííàÿ ñïîñîáíîñòü íåéðîííûõ ñåòåé

Äâóõñëîéíûå ñåòè � àïïðîêñèìàòîðû íåïðåðûâíûõ �óíêöèé

Ôóíêöèÿ σ(z) � ñèãìîèäà, åñëè lim
z→−∞

σ(z) = 0 è lim
z→+∞

σ(z) = 1.

Òåîðåìà Öûáåíêî (1989)

Åñëè σ(z) � íåïðåðûâíàÿ ñèãìîèäà, òî äëÿ ëþáîé íåïðåðûâíîé

íà [0, 1]n �óíêöèè f (x) ñóùåñòâóþò òàêèå çíà÷åíèÿ ïàðàìåòðîâ

H, αh ∈ R, wh ∈ R
n
, w0 ∈ R, ÷òî äâóõñëîéíàÿ ñåòü

a(x) =
H∑

h=1

αhσ
(
〈x ,wh〉 − w0

)

ðàâíîìåðíî ïðèáëèæàåò f (x) ñ ëþáîé òî÷íîñòüþ ε:
∣
∣a(x)− f (x)

∣
∣ < ε, äëÿ âñåõ x ∈ [0, 1]n.

George Cybenko. Approximation by Superpositions of a Sigmoidal fun
tion.

Mathemati
s of Control, Signals, and Systems. 1989.
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ
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Àïïðîêñèìàöèîííàÿ ñïîñîáíîñòü íåéðîííûõ ñåòåé

Èìååò ëè òåîðåìà (TKA) îòíîøåíèå ê íåéðîñåòÿì?

Âðîäå äà:

äâóõñëîéíàÿ ñóïåðïîçèöèÿ ñ ñóììîé

èìåþòñÿ óíèâåðñàëüíûå àïïðîêñèìàöèîííûå ñâîéñòâà

Íà ñàìîì äåëå � íåò:

ýòî òî÷íîå ïðåäñòàâëåíèå; íàì äîñòàòî÷íî àïïðîêñèìàöèè

�óíêöèè Φk , ϕjk íå ãëàäêèå è ñëîæíî óñòðîåíû

íåò âîçìîæíîñòè �èêñèðîâàòü èõ êàê �óíêöèè àêòèâàöèè

íåò îïòèìèçàöèîííîé ïðîöåäóðû äëÿ èõ îáó÷åíèÿ

íåò âåñîâûõ êîý��èöèåíòîâ W äëÿ îáó÷åíèÿ

íåò ïîñòàíîâêè îïòèìèçàöèîííîé çàäà÷è îáó÷åíèÿ

÷èñëî ñëî¼â 2 è ÷èñëî íåéðîíîâ [2n + 1, n] �èêñèðîâàíû

íåò âîçìîæíîñòè ìåíÿòü àðõèòåêòóðó, äåëàòü ñåòü ãëóáîêîé

Ziming Liu, Yixuan Wang, Sa
hin Vaidya, Fabian Ruehle, James Halverson, Marin

Solja�
i�
, Thomas Y. Hou, Max Tegmark. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Íåêîòîðûå áàçîâûå ñâåäåíèÿ î íåéðîííûõ ñåòÿõ

Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

Àðõèòåêòóðà è îïòèìèçàöèÿ

Òî÷íîñòü àïïðîêñèìàöèè è ñõîäèìîñòü

Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ïðåîäîëåíèå îãðàíè÷åíèé TKA: àðõèòåêòóðà KAN

ïðîèçâîëüíàÿ àðõèòåêòóðà: ëþáàÿ ãëóáèíà L, øèðèíà H
l

îáó÷àåìûå �óíêöèè àêòèâàöèè � îäíîìåðíûå ñïëàéíû

îáó÷åíèå: îïòèìèçàöèÿ LBFGS, ðåãóëÿðèçàöèÿ, Ba
kProp

x l

h =
H

l−1∑

k=1

φl

kh(x
l−1
k ) � âåêòîð íà âûõîäå l-ãî ñëîÿ, l = 1, . . . , L

φl

kh(x) = wbb(x) + wss(x) � �óíêöèÿ îäíîé ïåðåìåííîé

b(x) = x
1+e−x � ñãëàæåííûé ReLU, àíàëîã ñêâîçíîé ñâÿçè

s(x) =
∑

i

ciBi (x) � îäíîìåðíûé ñïëàéí ïî áàçèñó {Bi}

wb, ws � èçáûòî÷íàÿ ïàðàìåòðèçàöèÿ

Òàêèì îáðàçîì, KAN � ýòî MLP ñ óäâîåííûì ÷èñëîì ñëî¼â

è áàçèñíûìè �óíêöèÿìè ñïëàéíîâ â êà÷åñòâå àêòèâàöèé

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)
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Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ïðåîäîëåíèå îãðàíè÷åíèé TKA: îïòèìèçàöèÿ KAN

B-ñïëàéí �èêñèðîâàííîé ñòåïåíè k (îáû÷íî k = 3)

ïî ñåòêå èç G + 2k + 1 òî÷åê {t−k , . . . , t0, . . . , tG , . . . , tG+k}

áàçèñíàÿ �óíêöèÿ Bi(x) = 0 âíå îòðåçêà [ti−k , . . . , ti+1]

ïîñòåïåííîå óâåëè÷åíèå G , îïðåäåëÿþùåãî ÷èñëî òî÷åê

�àçðåæèâàþùàÿ ðåãóëÿðèçàöèÿ µ1L1 + µ2Entropy → min

L1 =
L∑

l=1

H
l∑

h=1

1

H
l−1

H
l−1∑

k=1

|φl

kh|

Entropy = −
L∑

l=1

H
l∑

h=1

H
l−1∑

k=1

|φl

kh|

|Φl |
log

|φl

kh|

|Φl |
, Φl =

H
l∑

h=1

H
l−1∑

k=1

|φl

kh|

Èíèöèàëèçàöèÿ: ws = 1, wb: Xavier, ci ∼ N (0, σ2), σ = 0.1

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ïîñòåïåííîå óâåëè÷åíèå ÷èñëà òî÷åê â ñåòêå ñïëàéíà

�ðàíóëèðîâàíèå ñåòêè G1 = 5 → G2 = 10 óâåëè÷èâàåò ÷èñëî

ïàðàìåòðîâ ci âî âñåõ îäíîìåðíûõ Â-ñïëàéíàõ ñåòè:

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ïðèìåð: ñèíòåòè÷åñêàÿ �óíêöèÿ f (x , y) = exp
(
sin(πx) + y2

)

Âûáîð îïòèìàëüíîãî ðàçìåðà ñåòêè G = 50 äëÿ KAN[2,5,1℄

Ïðè êàæäîì óâåëè÷åíèè ðàçìåðà ñåòêè RMSE ïàäàåò ñêà÷êîì

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ïðèìåð: ñèíòåòè÷åñêàÿ �óíêöèÿ f (x , y) = exp
(
sin(πx) + y2

)

Àðõèòåêòóðà KAN[2,1,1℄ ëó÷øå ïîäõîäèò äëÿ äàííîé �óíêöèè

Ëó÷øèé RMSE äîñòèãàåòñÿ ïðè óìåíüøåíèè H1 è óâåëè÷åíèè G

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ïðèìåð: ñèíòåòè÷åñêàÿ �óíêöèÿ f (x , y) = exp
(
sin(πx) + y2

)

Ñêîðîñòü óáûâàíèÿ test-RMSE â ëó÷øåì ñëó÷àå O(G−4)
(äîñòèãàåòñÿ äëÿ ìåäèàíû, à íå äëÿ ñðåäíåãî èç-çà ðåäêèõ

áîëüøèõ îøèáîê, ñâÿçàííûõ ñ êðàåâûìè ý��åêòàìè)

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Àðõèòåêòóðà è îïòèìèçàöèÿ
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Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ïðèìåð: ñèíòåòè÷åñêàÿ �óíêöèÿ f (x , y) = exp
(
sin(πx) + y2

)

Çàâèñèìîñòü âðåìåíè îáó÷åíèÿ îò ðàçìåðà ñåòêè G

Ïðè óäà÷íîì âûáîðå àðõèòåêòóðû ñåòè ïîä çàäà÷ó

óâåëè÷åíèå G ìîæåò ñîêðàùàòü âðåìÿ îáó÷åíèÿ

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

Àðõèòåêòóðà è îïòèìèçàöèÿ

Òî÷íîñòü àïïðîêñèìàöèè è ñõîäèìîñòü

Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ñêîðîñòü ñõîäèìîñòè (s
aling law) ïðè èäåàëüíîé àðõèòåêòóðå

×èñëî ïàðàìåòðîâ KAN N = O(H2LG )

Òåîðåòè÷åñêàÿ ñêîðîñòü ñõîäèìîñòè äëÿ KAN èç òåîðèè

îäíîìåðíûõ ñïëàéíîâ: RMSE = O(G−k−1)

Òåîðåòè÷åñêèå îöåíêè äëÿ MLP: O(N−α), ãäå α ïîðÿäêà 1

Ýêñïåðèìåíò íà 5 ñèíòåòè÷åñêèõ �óíêöèÿõ:

1800 èòåðàöèé LBFGS, G = {3, 5, 10, 20, 50, 100, 200, 500, 1000}

MLP ñõîäèòñÿ ìåäëåííåå, áûñòðåå âûõîäèò íà ïëàòî

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

Àðõèòåêòóðà è îïòèìèçàöèÿ

Òî÷íîñòü àïïðîêñèìàöèè è ñõîäèìîñòü

Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ýòàïû îïòèìèçàöèè àðõèòåêòóðû KAN ïîä çàäà÷ó

1

ðåãóëÿðèçàöèÿ L1 + Entropy, ïðèâîäÿùàÿ

ê ðàçðåæèâàíèþ �óíêöèé àêòèâàöèè φl

kh

2

îòñå÷åíèå (pruning) i -ãî óçëà â l-ì ñëîå ïî óñëîâèþ

max
k

|φl−1
ki | < θ, max

k
|φl+1

ik | < θ, θ = 0.01

3

âèçóàëèçàöèÿ âñåõ �óíêöèé àêòèâàöèè φl

kh(x
l−1
k )

4

ñèìâîëüíàÿ ðåãðåññèÿ (symboli
 regression)

� çàìåíà íåêîòîðûõ �óíêöèé àêòèâàöèè

ïîäõîäÿùèìè �èêñèðîâàííûìè �óíêöèÿìè f (·):

φl

kh(x
l−1
k ) → c f

(
ax l−1

k +b
)
+ d

a, b, c , d � îáó÷àåìûå ïàðàìåòðû ñäâèãà/ìàñøòàáèðîâàíèÿ

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

Àðõèòåêòóðà è îïòèìèçàöèÿ

Òî÷íîñòü àïïðîêñèìàöèè è ñõîäèìîñòü

Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Îïòèìèçàöèÿ àðõèòåêòóðû. Ïðèìåð: f (x , y) = exp
(
sin(πx) + y2

)

ðàçðåæèâàíèå → óïðîùåíèå → âèçóàëèçàöèÿ → ñèìâîëèçàöèÿ

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

Àðõèòåêòóðà è îïòèìèçàöèÿ

Òî÷íîñòü àïïðîêñèìàöèè è ñõîäèìîñòü

Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ýêñïåðèìåíòû ïî àïïðîêñèìàöèè ñïåöèàëüíûõ �óíêöèé

KAN òî÷íåå àïïðîêñèìèðóåò ñïåöèàëüíûå �óíêöèè, ÷åì MLP

KAN íàõîäèò ñòðóêòóðó ñóïåðïîçèöèè, áëèçêóþ ê èäåàëüíîé

Ïðè èñïîëüçîâàíèè ñèìâîëèçàöèè, KAN íàõîäèò �îðìóëû

�èçè÷åñêèõ çàêîíîâ 
 èíòåðïðåòèðóåìîé ñòðóêòóðîé (ñì. äàëåå)

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

Àðõèòåêòóðà è îïòèìèçàöèÿ

Òî÷íîñòü àïïðîêñèìàöèè è ñõîäèìîñòü

Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Ýêñïåðèìåíòû ñ �èçè÷åñêèìè �îðìóëàìè (Feynman dataset)

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

Àðõèòåêòóðà è îïòèìèçàöèÿ

Òî÷íîñòü àïïðîêñèìàöèè è ñõîäèìîñòü

Èíòåðïðåòèðóåìîñòü è ðó÷íîé ðåæèì

Âûâîäû: äîñòîèíñòâà è íåäîñòàòêè KAN

Äîñòîèíñòâà

ñëîæíîñòü ìåíüøå, ÷åì ó MLP

ñõîäèìîñòü áûñòðåå, ÷åì ó MLP

èíòåðïðåòèðóåìîñòü ëó÷øå, ÷åì ó MLP

âîçìîæíîñòü óïðàâëÿòü ïðîöåññîì ïîñòðîåíèÿ ìîäåëè

äîñòîéíàÿ àëüòåðíàòèâà ñèìâîëüíîé ðåãðåññèè

Íåäîñòàòêè

îáó÷åíèå ×10 ìåäëåííåå MLP ñ òåì æå ÷èñëîì âåñîâ

÷óâñòâèòåëüíîñòü ê øóìó â äàííûõ

(ïîêà) íå õâàòàåò àëüòåðíàòèâíûõ ðåàëèçàöèé

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30

Yuntian Hou et al. A 
omprehensive survey on Kolmogorov Arnold Networks. 2024/07/13

Haoran Shen et al. Redu
ed E�e
tiveness of Kolmogorov�Arnold Networks on

Fun
tions with Noise. 2024/07/20
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

�àçâèòèå è îáîáùåíèÿ

Ïðèìåíåíèÿ

Ìè�îëîãèÿ

�àçâèòèå è îáîáùåíèÿ

äðóãèå âèäû ñïëàéíîâ

(âåéâëåòû, �óðüå, ïîëèíîìû, ðàäèàëüíûå, ÿäðà è äð.)

îïòèìèçàöèÿ òî÷åê äëÿ ïîñòðîåíèÿ ñïëàéíîâ

ðàçíûå óçëû ìîãëè áû èñïîëüçîâàòü îáùèé ñïëàéí

àäàïòàöèÿ ðåãóëÿðèçàöèè, dropout, ïàêåòíîé íîðìèðîâêè

Ziming Liu et al. KAN: Kolmogorov�Arnold Networks. 2024/04/30

Yuntian Hou et al. A 
omprehensive survey on Kolmogorov Arnold Networks. 2024/07/13

J.Cheon. Improving Computational E�
ien
y in Convolutional Kolmogorov-Arnold

Networks // Neural Computing and Appli
ations, 2024, 37(1), 15�30.

Qi Qiu et al. ReLU-KAN: New Kolmogorov-Arnold Networks that Only Need Matrix

Addition, Dot Multipli
ation, and ReLU. 2024/06/04

S.S.Sidharth et al. Chebyshev Polynomial-Based Kolmogorov�Arnold Networks: An

E�
ient Ar
hite
ture for Nonlinear Fun
tion Approximation. 2024/06/14

Hoang-Thang Ta. BSRBF-KAN: A Combination of B-Splines and Radial Basis

Fun
tions in Kolmogorov-Arnold Networks. 2024/06/21
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

�àçâèòèå è îáîáùåíèÿ

Ïðèìåíåíèÿ

Ìè�îëîãèÿ

Ïðèìåíåíèÿ

ðåøåíèå äè��. óðàâíåíèé â ÷àñòíûõ ïðîèçâîäíûõ

ìíîãîçàäà÷íîå îáó÷åíèå (
ontinual multitask learning) áåç

êàòàñòðî�è÷åñêîãî çàáûâàíèÿ ðàíåå âûó÷åííûõ çàäà÷

� áëàãîäàðÿ ëîêàëüíîñòè ñïëàéíîâ

âûâîä ìîäåëåé �èçè÷åñêèõ ÿâëåíèé ïî äàííûì

âûâîä ìîäåëåé â âèäå íåÿâíûõ �îðìóë f (x1, . . . , xn) = 0

àíàëèç âðåìåííûõ ðÿäîâ

àíàëèç äàííûõ íà ãðà�å, ãðà�îâûå íåéðîííûå ñåòè

ñâ¼ðòî÷íûå íåéðîííûå ñåòè äëÿ àíàëèçà èçîáðàæåíèé

àíàëèç ãèïåð-ñïåêòðàëüíûõ èçîáðàæåíèé

Yuntian Hou et al. A 
omprehensive survey on Kolmogorov Arnold Networks. 2024/07/13

A.Va
a-Rubio et al. Kolmogorov-Arnold Networks in Quantum Ar
hite
ture Sear
h

and Satellite Tra�
 Predi
tion. 2024.
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Ñåòü Êîëìîãîðîâà�Àðíîëüäà (KAN)

�àçâèòèå, îáîáùåíèÿ, ïðèìåíåíèÿ, ìè�îëîãèÿ

�àçâèòèå è îáîáùåíèÿ

Ïðèìåíåíèÿ

Ìè�îëîãèÿ

Íàðîæäàþùàÿñÿ ìè�îëîãèÿ

KAN âîò-âîò ïîõîðîíÿò MLP

íåò: õîòÿ ïîòåñíèòü êîå-ãäå ìîãóò (íî ýòî íå òî÷íî)

KAN ýòî íå MLP

íåò: KAN ýòî âàðèàíò MLP ñ óäâîåííûì ÷èñëîì ñëî¼â

â KAN íåò âåñîâ, îáó÷àþòñÿ �óíêöèè àêòèâàöèè

íåò: îáó÷àåìûå âåñà íàõîäÿòñÿ âíóòðè ýòèõ �óíêöèé

â óçëàõ KAN íàõîäÿòñÿ êëàññè÷åñêèå ñïëàéíû

íåò: êëàññè÷åñêèé ñïëàéí ñòðîèòñÿ ïî âûáîðêå (xi , yi ),
â KAN ñïëàéíû ïî îòäåëüíîñòè íå àïïðîêñèìèðóþò yi

ñèìâîëüíàÿ ðåãðåññèÿ íå ïîçâîëÿåò âûáèðàòü ñòðóêòóðû

íåò: åñòü ìåòîäû SR ñ ïîëó-àâòîìàòè÷åñêèì óïðàâëåíèåì

R.G.Ney
hev et al. Optimal spanning tree re
onstru
tion in symboli
 regression. 2024.

M.Potanin et al. Additive regularization s
hedule for neural ar
hite
ture sear
h. 2024.

G.I.Rudoy, V.V.Strijov. Algorithms for indu
tive generation of superpositions for

approximation of experimental data. 2013
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