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2019][Chen et al., 2019][Suzuki&Nitanda, 2019]
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[Satoshi Hayakawa and Taiji Suzuki: On the minimax optimality and superiority of deep neural network
learning over sparse parameter spaces. Neural Networks, 2020.]
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[Okumoto&Suzuki: Learnability of convolutional
,“\ IZE/AEAjJ neural networks for infinite dimensional input via

(@@g, :.7?, #EEE, mixed and anisotropic smoothness. ICLR2022.
K \ Spotlight]
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[Ramsay,J., Hooker, Giles, & Gra r. (2009). Functional data analysis with R and MATLAB (Use R!). Dordrecht: 23
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E[|f — fol12.py)) S 1 2@+ (logn) a ** max{(logn)*/4, (log n)*}
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[Kazusato Oko, Shunta Akiyama, Taiji Suzuki: Diffusion Models are Minimax Optimal Distribution Estimators. ICML2023]

dXt — —Xtdt -+ \/idBt Forward process

Backward process

Stable diffusion, 2022. dl/t — (ift + 2V log(pT_t(n))((l; _|_X\/§>dBt
BERRAATIYFVITHER t ~ ATt
§= iregDrlr\Illl\IHEZ/ EXt|X0_fE0 z[ (Xtv ) VIngt(Xf‘a:O z)” ]
EE Let Y be the r.v. generated by the backward process w.r.t. §, then \
Ep, TV(Y Xo)| Sn=Falog’(n), (s BEEKOESHE)
. __s41-6
Ep, W1 (Y,XO) <n~ 2+ (forany § > 0).

Ebnd (1F1F) === v J A [Yang & Barron, 1999; Niles-Weed &
\ Berthet, 2022].

(Estimator for W, distance requires some modification) /




Transformer D EIEH

[Shokichi Takakura, Taiji Suzuki: Approximation and Estimation Ability of Transformers for Sequence-to-Sequence Functions

with Infinite Dimensional Input. ICML2023]

TransformerD &

o MY ILWL R —7 VgD L EEL
fN—72 2 HEN
— JRICDHE L ?

c ANIHKEFLTEER -7 %
BIRTE D,

— IR I DAL LN % [B] 36

Self-attention

FNN
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> Neural Tangent Kernel [Nitanda &Suzuki, arXiv:1905.09870]
> Mean-field analysis ((E3935ERHT)

[Nitanda &Suzuki, arXiv:1712.05438.][Ba,Erdogdu,Suzuki, Wu, Zhang, ICLR2020]
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[Nitanda&Suzuki, 2017][Chizat&Bach, 2018][Mei, Montanari&Nguyen, 2018][Suzuki, 2020]
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[Nitanda, Wu, Suzuki: Particle Dual Averaging: Optimization of Mean Field Neural Networks with Global Convergence Rate Analysis.
NeurlPS2021]

[Oko, Suzuki, Nitanda, Wu: Particle Stochastic Dual Coordinate Ascent: Exponential convergent algorithm for mean field neural network
optimization. ICLR2022]

[Nitanda, Wu, Suzuki: Convex Analysj-s of the Mean Field Langevin Dynamics. AISTATS2022]
. 2
min  — e(EQN,, e ()], y) AR [0]
1=1

vP(O©) N “
=t - L2-ERI{L
Prob meas. 28 OO LBIELREE

hg: IS7 X—R0D=2—A Y
i.e., ho(x) = ro(w'z) for § = (r,w)

B bOE—IFAL%ZMA S : B3 BEEZED, RELLPT LS.

n

) 1

rprobensity 1 2 l (Eq[he(wi)],y@-) + ME[[|0]°] + A2Eq[log ()]

%%F:i?g)‘érfgigﬁft%@% IEFATE 3 Ki\-zdllf/%f:r;l ]avc(ica)ilg\glgr)l\ %iils)tzibution_
B X — BERR:
> EAMIZEREXR TTERE. e FIFZRWEE>TH/ILOFLL
> HAFHED Gl 3| o N W, e WS anNvEIHEETY Y
> McKean-VlasoviBiE# B S A

EEEL LY, e BRATFT Y JTENEATL— 3
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RLF RS F3 &
(Particle Dual Averaging; PDA)
[Nitanda, Wu, Suzuki: NeurlPS2021]

qﬁﬁmggthAwuﬁwmmﬁmm
ﬁﬁéﬁﬁﬂ%ﬁfﬁMUm%ﬁﬂ\)
ﬁwl' Eoq7™(0)] (BFHELL §OI3EAR I DE)
y(t)a),i'&mkﬂﬂﬁzlzi’lﬂﬁlfd)}b —ILZzRAW5
[, Bonals O]+ daEqlox(a) )
L & 0) x exp(—30(0)/ 1)

—> ZONHEHLSIFUTOARS v 2NV EHF

HEHEWTY 7Y v/ alkE:

_dby = -V(3(0)/A2)dt + V2d&.

B Mt@k _ 9;@71 - nvg(t) /)\2 n \/_gkfl
SRR :

1. ML —F L") - L(g") < O(1/8)

2. AL — 77 = O (P exp(8/X2)/(MA2)) (GLDIZ & 2)
>&it: 07y 77— F T+5.
> HDZIBERF—L—FiE{bFiEx

BHREIFEOND.

R FHERAYDON BEAZ 7%

(Particle Stochastic Dual Coordinate Ascent; P-SDCA)
[Oko, Suzuki, Wu, Nitanda: ICLR2022]

FRiIRE
HllIlP (p) = Zf (/ ) + )\1f”9|| p(6)do + )\zf (0) log(p(8))do
by Fencheldﬂﬂﬁmfﬁ

;R;(‘j- Fﬂﬁ}%ﬁ £ (g) = iléﬁ{?Lg — b (u)}
1 n
B ;211@2 D(g) =~ ;ff (9i) + A2 log (fq[g] (H)dﬁ)

tﬁtqmwrwm{—i(%gymmm+mwﬁ)}

« WHEBORERE 7> X LISERL,
< OREIRICE L TRaETL,

—HESRRION IR £ FE

STEERN
BAFF v v TepZZERT DDICBELRNMINL—TH :

1 nC
tend =2 (n+ — log -
A2 €p

> B F—K—TOUEE & IERK
> YT ILY A n~DUTE % B




(2) —EN—7

dX, = —v‘”’“‘f) Ddt + /2X2d By
(B RIBEER L) ‘
Xy =X = vl + V2008,

where Efvj] = V2EEs (x7) and = 5 300, 650
(FERrYBJED) (ZZFEIBEEL © NKLT)

T BEBULERENTVF)

N Y 1 1 — B
SO (1) — L") < exp(—Aanka) + —— (n2 VR G )VW)

Qg N B(n—1)
Time Space Stochastic
discr. discr. approx.

o —FRXIESoboleviNFEL, BXIESobolevAiEE
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Amari, Ba, Grosse, Li, Nitanda, Suzuki, Wu, Xu: When Does Preconditioning Help or Hurt Generalization?

ICLR2021.
\ Z. X = L ~ 5 ;
B 75 V) < s . —
Lo EEER L wLvae: cmwy T2 MDRT>ToFYAR

[ under—parameterized\ b

Test risk

“classical”

Risk

."2'.... PR

\\ﬁmmy

interp™ia

Complex1ty of H

\_
da(t
PO — _pvLw)
(BIALIE(T = B fCK)

%F?E@FL%&i@ﬁ%%
° /_J@ /f( >

° 5,”\/7%%@ 2_1)
ENHRWN?

BEDESICKEL TEDFEIPR

L h % fiZEH

epfparameterized

“modern”
interpolating regime

0.05 0.29  —— training error
test error
0.00 1 e e e . 0.0 . B o e e o e
106 108 23 27 211 215
_____ #param #hidden units

—E’ ﬁjjbfh\f:é)/ﬂ'fb—a—%)

e
ResNet18 two layer ReLU net

..........................

. 0.10 7R = 0.4 !
o o i
£ £ :
(] i ] 1
—— training error
test error

[Neyshabur et al., ICLR2019]

FEBRICE TGS ON SO T RIZRZE
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1. U7 R .
ARAEEN—FR L,
2 /\“/f TZ .GD interpolation coefficient NGD
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A)fgE% & Kernel alighment

[Jimmy Ba, Murat A. Erdogdu, Taiji Suzuki, Zhichao Wang, Denny Wu, Greg Yang: High-

dimensional Asymptotics of Feature Learning: How One Gradient Step Improves the
Representation. NeurlPS2022.]

1

Ml AL TWZEHRTEHIET, 7T RICEIRHHEZESETE SN ?
HE IRELBRATy 7V AXEHWNIE, —BIOEFTERDH DFHHEDTH

MEBHZENTE S,
— H— 3 JLAlignment, HEESFE.

Wit1 = Wi + 0V NVL(fan)

=75 Zaia((x,wi)) — \/—NCLTO'

(W' )

nd N - oDER% % 2, WEcE 1 BIOEREOFRREZTTML TH5.

> n=VN: KEBRRTYTHAXEZBWDR L, TVXL
FEETILICE B ) v PEIFEEERT 3,

> n=1 FENLEIT Y 7Y A4 X TIIEBRERD 7 >~
LY v RSz @& LR WA EREW (LB,

> n=0):/NEBRT Y 7TH A X TIIVEREWERLCF
AFEZE (NTK-regime), BHFEEDOHEL L.

prediction risk

initialized CK =
v n=0(1)
] n=(—)(\ﬁ)
- IPsaf" 12

2

103

sample size n
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= e e g Sy o T HFB LRVBADRA
5 - o o o. . (S >4 LFFHE)
O 1 -e— n=0(1) @4
o _
n=0(~N)
(02| == IPsaf I
| m— 0(d/n) ~ _ \
] RERRATYVIHAX:

107 0(d/n) TR
sample size n
HBE—BID (C K DEMRBRDTHERE.
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Neural Tangent Kernel D¥E:H

Nitanda&Suzuki: Fast Convergence Rates of Averaged Stochastic Gradient Descent under
Neural Tangent Kernel Regime, ICLR2021 (oral). Outstanding paper award.

R RD B,
hm NTK (Neural Tangent Kernel) \
fr: TRIEFTtE D DEFEOBREL —

!—L\
" __2rp
Ellfr - £°13,) < e + O 5557)

BWFE L — b

k FEIEM - 0o TOICINER T 218 (O(A/NT) LY EW) Y,

(29EN;90%s)

= BB 7

f/
|

—a—7ZI)xy N7 —7OEE/IZIENEREL

— BEBEOLEWRy hT7—2715&Y T -1E< 7R3,
MEENmBEICE Y REAHTE L — b 2 ZER A8,
v b7 =T BB DEIKREEDDRARYT FILHFEER

NTKDO X7 kb

— d=10

1073

1076

k-th eigenvalue

109

0 3000 10000

BRIKR S H =4I
MESIND,

Z D&, =RERS
DIRLICHES NS,
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Suzuki: Generalization bound of globally optimal non-convex neural network training:
Transportation map estimation by infinite dimensional Langevin dynamics. NeurlPS2020 (spotlight).

A
Xor = X =1 (VEGK) + SVIXulf ) + /2360

/E(Wk’)dﬁ(’“)(w’“)_/E(W)dﬂoo(w)Sexp( Arkn) + X?nl/z—ﬁ

Gaussian noise

Gradient descent

o« NIA—=RHEREDH > THKEHFERZICUNEKRT 5 Z & %8R
« FEZFEHEERTORWZEREL, h—FRIVEZRTORWZEITS
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Suzuki&Akiyama: Benefit of deep learning with non-convex noisy gradient descent: Provable excess risk
bound and superiority to kernel methods. network training: Transportation map estimation by infinite
dimensional Langevin dynamics. ICLR2021 (spotlight).

RIN—20/ 4 XH Y ARETEE LIOFENNO T RIS E % T,
FREE B f — £117, )] OUERL — kZEH

EE W8H (h—FIViE)

L n—(143)7 L‘fn_(L+Eﬁ%E)l
(y: j()L,l/n (d: jt)L,l/\/ﬁ

« EEZFDOFREREIZIATDORITITHRE L 2L,
« EWEERIIT—XDATRITTdE &£ HITIENT 5.
— ZNITEEIHHEEETI DEWIC L B,

RENGRECDRIED V) TIEREZE % LA
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[Kinoshita, Suzuki: Improved Convergence Rate of Stochastic Gradient Langevin Dynamics with Variance Reduction and its

Application to Optimization. 2022. arXiv:2203.16217]
3Fﬂhﬂ§1_1t

— Euler-Maruyama A ¥— L4

Vi = %ZL V [i(Xk) dv ) e ‘ I »
: A e/
Xpp1 = Xe = Vi + /21 /76
7 H (]
i MER) D) Bl + éj\ﬁﬂl%{ﬁd\
— S/ EISGLD 7k X
B4, — T fKL-d |vergencej @HXEE,
Kews = X~ Vi + VI Criterion < € £ %25 FETD
Method Major Assumptions Criterion™ Gradient Complexity™**
Dalalyan (2017a) Smooth, Log-concave (M) 2-Wass. O (¢ -poly(M,L))
Xu et al. (2018) Smooth, Dissipative Weak conv. \6(%‘1) o)
Vempala et al. (2019) Smooth, Log-Sobolev () KL O(2-dy?L?a™?)
Zou et al. (2018) Smooth, Log-concave (M) 2-Wass, é(n—l— “32/4 + LB/?;;//;jlﬂ)
Zou et al. (2019a) Smooth, Dissipative 2-Wass. O( +#—|— 1/2) 0 (r+d)
Zou et al. (2021) O 2 60

Smooth, Dissipative, Warm-start 14-_ TV

Zou et al. (2019b) Smooth, Dissipative f 2-Wass. ‘ 152 )/
M1
SVRG-LD/SARAH-LD Smooth, Log-Sobolev («) KL O(( -|—‘”"1/2 2L2a_2) |

(B=m=+Vn)
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N Y anNVEIHEDO—ER
o SEHEINBEEXRNARE T Y a NN EIHFOUNEREZENT (NeurlPS2022)
o« EERTHR T VY aNNVvEAHZFO 7T XL EWNEER (COLT2022)

PSR 7 v a /N EVHZFEOYREEN & NNFRBE{EANDIG
o« HERXITANZ 2 —F b1y b DERRXRITGLDIC & 2 &E (NeurlPS2022)

e P2 —FI)xy b7 —27DGLDIZ L BEBLDOINE (AISTATS2022)

e P2 —FIxy FT—27 DL WEELFE KFERNIOTERE FFiE

(ICLR2022)
- BRAFEUOELERERNT (ICLR2023)
Yuri Kinoshita, Taiji Suzuki: Improved Convergence Rate of Stochastic Gradient Naoki Nishikawa, Taiji Suzuki, Atsushi Nitanda, Denny Wu: Two-layer neural network on infinite
Langevin Dynamics with Variance Reduction and its Application to Optimization. dimensional data: global optimization guarantee in the mean-field regime. NeurlPS2022.
NeurlPS2022.
(AET > 2 2NV BHE) #EBRRTTASINN D HERRTTGLD I & 3 Rk
Xiwr = X =NV I (Xi) + v/2n0/ 7k ERRTAS FIRRTAS
M
FEICO() 1A% (RIFIRT — & TH ) ! flx) = L rio({w;,x)
~ = — - — Sy el ’H)
— BEENAREA S T =1 T, fi(X) M £ 130 (w; 2) M Z; SR
Y2 7Y v I OBE ISR ” Wy, x € 3 (RIRIT £ L ~L b 2278)
(LEUBIRERE T /L & 4 EE)
NEFEE
- Vempala&Wibisono (2019): JFRERM AR 4 .
S (T, or2 o - TREB+EREK
0 (Edfy L a ) - Wealfl\/lorseiﬂ%%l

- B4 DRER: RN DE -+ E I '
N (( ﬁd) 272 2) \/—1..__._\ o FERMRIF R FIIME (PDA) , HERKRI FIOEZRE T (PSDCA) OmFEICH L
n -+ B

O T, ERRTANN—Y 3 v %RE,
o ANEL—FICTERRITORS 2 aNvBhZE0EBE%IEMR (Suzuki et al. COLT2022)
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[EfaBY/Ny v F

[[EfE] TEBRy F7—71F

$o 2
/IA\\ Layer  Original Our b(ilnd

1 1,728 1,013

.I.I.I.I.I. L 4 147,456 84,499
R IRk 6 589,824 270,216
.’i‘I.I.I‘i\. 9 1,179,648 50,768
12 2,359,296 4,583

RIRERTRIK 15 2359206 3856
QEmEQKMD X i\

0.9

0.8

ol TTOYA R
« PEJE O 2 B BITII DEEES 6 T EMER % 7. At
» [TV IGER] DERIC LY CNNOEERR L R 6 R, o %’%ﬁﬁ@@ﬁa@;

A
Y

i

0.2

W(f) < W(f) .
SN hin R g I
+0 L Eznl. log(n) + L1486 A [ T log(n)?’

[Suzuki, Abe, Nishimura: Compression based bound for non-compressed network: unified ) RN
generalization error analysis of large compressible deep neural network, ICLR2020, spotlight]

[Suzuki: Fast generalization error bound of deep learning from a kernel perspective. AISTATS2018]
[Li, Sun, Liu, Suzuki and Huang: Understanding of Generalization in Deep Learning via Tensor

Methods. AISTATS2020] 2
[Suzuki et al.: Spectral pruning: Compressing deep neural networks via spectral analysis and its () Bound comparison (b) Generalization bound
generalization error. JCAI-PRICAI 2020]




——— }b* ‘/ I~ 7 9 d)i,\
[Suzuki, Abe, Murata, Horiuchi, Ito, Wachi, Hirai, Yukishima, Nishimura:
Spectral-Pruning: Compressing deep neural network via spectral analysis, 2018]

« XEUHBEEZ RS

. FRICHADDEEEE R

— NI N A A TOEENZEF]
(BEEhEEA Y)

\'«" "\‘9"""(
LSRR

4L 22
REREATRIS

\"s v
A, ’.‘b

VGG-1631 v b7 — 27 O E#a ResNet-50% v b7 — 2 O L&

Model Top-1 Top-5  # Param. FLOPs | [Model [Top-T __ Top-5 # Param. FLOPs |

— ResNet-50-1 7289% 9107% 2556M 7.75G
Original VGG[68.34%  88.44%  138.34M 30.94B | |Trnera0 04 % 9067%  16.9aM 4830
APoZ-2 70.15% 89.69% 51.24M 30.94B ThiNet-50 i71.01 % 90.02%]| 12.38M 3.41G
ThiNet-Conv [69.80%  89.53%  131.44M 9.58B | [No5->04 2080 — 1003 2036
ThiNet-GAP |67.34%  87.92% 8.32M  9.34B | [ISpecResA > 00% 0L 6% T2 38N 3450
Spec-Conv |70.418% 90.094% 131.44M 9.58B 5esNet-50-2 p 75.21% gi.gl/vo fg?gm g;gg
_ parse-reg wo/ ft — 2% : .

Spec-GAP |67.540% 88.270% 8.32M) 9.34B Sparee-res w/ ft . (90.800 1078M 505G
pE 2 ot f Spec-ResB wo/ ft|6612% \86.6/% 20.60M 525G
AT/ Spec-ResB w/ ft |74.04% N91.77% 20.69M 5.25G

HEF LY BVEE 94% D [ £ #ia

o HEDICEMRL THRESEDT
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HHBMELL EDEBEZ LTV b (g 1079,
—fENLTzxy h 7= DA XELTES.

. ZTDIE, 7\77‘/7-§J S5FE (S) b LLIZImageNetERIZEET LA 774 >
Fa—=77F
1 == — = — : L
= = = = Network size determination alg.
Em - E preTn ? — Em I: Set initial weights.
- = = " 2: Train the whole network to find
v, ' ' 5 0" = argmin L£(0).
(@ %6a o * © ¢ () g 6
S — — - — 3: Calculate eigenspectra Si.p7.
Esu = - E“z 4: Calculate intrinsic dimensionalities d;.y; by
= = = = di.ar = len(Siar > T).
- grrrmdlill— By vy B G 5: Determine new widths Of.,, by adjusting d.;.
25 otencckbock B = =to 6: Find the largest w such that c¢(w - O].,,) < C.
i mia o : : R 7. return w - O] ;.
(¢) gy  mm7xTconv. T 2 1 () gy
Backbone Normalization Classification COCO (2x schedule)
MACs #params AP AP50 AP75 APS APM APL
ResNet-50 [35] SyncBN 38G — 345 552 377 204 36.7 445
ResNet-50* GN 409G 255M 355 556 385 213 375 453
ResiaxNet §3-50 (MACs) GN 406G 18.6 M 354 554 38,6 215 373 452
ResiaxNet Z1-50 (MACs) GN 405G 21.7M 35,5 555 38.6 214 37.3 46.0
ResiaxNet Z3-50 (MACs) GN 407G 220M 354 556 384 21.3 37.8 455
ResiaxNet Z3-50 (params)* GN 492G 247M 358 559 389 21.8 38.0 456
DetNet-59 [35] SyncBN 48+ G — 363 56.5 393 220 384 46.9
DetNet-597 GN 500+4G 183+M 362 560 393 221 383 46.0
DetiaxNet Z2-59 (MACs) GN 494+ G 174+M 362 56.0 393 225 38.1 46.0
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Federated learning DFEZERRE 1L

@
- :
aduin . [1] Advances and Open Problems in
¢ - — Federated Learning, Kariouzet al.,
L N mode
T NSl 0 /" server testlng . 2 O 1 9
: A
2 N Ll
= ® =
¢? [ I
\_. engineers ——
- federated § anatysts — rest et
learning model 1 [Murata, Suzuki: Bias-Variance Reduced Local
deployment SGD for Less Heterogeneous Federated

° CO mmu nicatio ncom p | eXity: Learning. arXiv:2102.03198]

1 1 1 {4 Worse than naive
» Local SGD: Be T BP&2 T VBe3/2 T £3/2 - minibatch SGD!
B: minibatch size, P: number of workers, ;: heterogeneity of workers

 Qur proposal: Bias-Variance Reduced Local SGD method

Communication Complexity Communication Assumptions
CompIeX|ty (B - »)

Minibatch SGD 2, 3 and stochastic
— + ) gradient variance < ¢?
PBs4 13
BVR-L-SGD L \/_L n {, 1,2,3
+ > -I- -I- )
VBe2 BPs BP £

If {, = o(L), BVR-L-SGD surpasses minibatchSGD!
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