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b Tree evaluation fom value net ¢ Tree evaluation from rollouts.

80 20°0 ‘.Q

00-0;

2% Cge,

Percentage of simulations

Principal variation

0.3‘: 3

Image recognition

[Silver et al. (Google Deep Mind): Mastering the game of Go with
deep neural networks and tree search, Nature, 529, 484—489, 2016]

Large language model
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[Alammar: How C
Animations,
https://jalammal.gm TUULIU/ TTUW =B LO-WUITAD™
visualizations-animations/]

[Brown et al.

what is the fermat's little theorem

“Language Models are Few-Shot Learners”,

SuperGLUE Performance

—e— Zero-shat
== —#~ One-shot
—&— Few-shot (K=32)

Fermat's Little Theorem is a theorem in number theory that states that if “p° is a prime
number, then for any integer “a’, the number “a’ to the power of “p’ (*a"p") is congruent to
“a” modulo “p’. In other words, if "a” is not divisible by "p’, then "a”p” is congruent to "a’

modulo ‘p°. This theorem is named after Pierre de Fermat, who first stated it in 1640.

[ChatGPT. OpenAl2022]
NeurlPS2020]

Generative models (diffusion models)

[He, Gkioxari, Dollar, Girshick: Mask R-CNN, ICCV2017]

po(Xe—1]xe)
0z 00z ~Cp

[Ho, Jain, Abbeel: Denoising Diffusion Probabilistic Models. 2020]

Stable diffusion,

Jason Allen "Théatre D'opéra
Spatial“ generated by Midjourney. Colorado
State Fair’s fine art competition, 1st prize in

digital art category
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Role of mathematics :

1 81
Rm/ - §g;u/R — C—4Tpﬂ/
 Theory of Relative
» Riemannian geometry
« Quantum mechanics
> Functional analysis

physical phenomenon Mathematics
. . Several mathematicians/physicists
MaChlne Iearnlng join the ML community.
'S Prob. theory « Statistics
« Functional anal. + Optimization
0 - Wasserstein geom. * Numerical
8%8 ok « Diffusion equation analysis

O

Deep learning Mathematics
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[Imaizumi&Fukumizu, 2019]
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[Schmidt-Hieber, 2019] [Nakada&Imaizumi,
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?, jgggg’ mixed and anisotropic smoothness. ICLR2022.
K \ Spotlight]
R (B) RtT7—%

@T%QT & E@%Z?\—Q

==
- XE

[Ramsay,J., Hooker, Giles, & Gra r. (2009). Functional data analysis with R and MATLAB (Use R!). Dordrecht: 23

kil 'E’]?&/ RS ARy S B/ Kin ™ 2s+d
(s: EOBHDBOA X, d: ASDLRIT)
g RITD UL
F4Z DEM: BIEXITANICHE T D FREFE OFTIER
YR Ew&ﬁiﬁﬁzb\f‘%iﬂﬂﬁﬁ _ot ofa‘?ﬂ\fou%,%bh\é%%’).
« RITICHIFELABE WY Y K (BERTOIE)
o« BAAANNIC L B FHEDOIH

~ ° . 2~(&—'U) 2
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, oral]

(2% of all submissions)
dXt — —Xtdt -+ \/idBt Forward process

Backward process

Stable diffusion, 2022. dYt = (Y; + 2V log(pT_t(Y%))dt + \/EdBt
Y, ~ Xz,
BRRIATCYFVIIRE e

g_argmln—Z/ IEEXt|Xo sz[

seDNN N

s(Xy, t)— Viog py(Xy|wo,:)[|7] dt

TE I =
EE Let Y be the r.v. generated by the backward process w.r.t. §, then \

TR DB LX)
FHD $bw$v7%n%
Ep, (t=0E D3 BHFHE) 0

bt (1Z1X) == v 7 AEIHE [Yang & Barron, 1999; Niles-Weed &
\ Berthet, 2022].

(Estimator for W, distance requires some modification) /




Transformer® it E HEH

[Shokichi Takakura, Taiji Suzuki: Approximation and Estimation Ability of Transformers for Sequence-to-Sequence Functions
with Infinite Dimensional Input. ICML2023]

Transformer®4E

o N YILWL bk — 7‘/”%75\6%%7&‘
N— v EN
— JRICDHE L ?

c ANNIKIFLTCEER =7 %
BIRTE D,

o RITDIL N (a5 |

Self-attention

FNN

State-Space-Model& W > 7=FT L L WET L
PRESNTWLED, 2LaEbb—o >
ZHUEEIRTZ 2 HEBEIInE

> ATIDERRTTCHZIERF—X—DYNE L — .
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QHEN LA BT, MBS RER \\ /
(R£7 4y F)DELICHLET 3. 0 /\/\ /A >
I A S PAS D Sl N R e A D
> Neural Tangent Kernel [Nitanda &Suzuki, arXiv:1905.09870]
> Mean-field analysis ((E3935ERHT)

[Nitanda &Suzuki, arXiv:1712.05438.][Ba,Erdogdu,Suzuki, Wu, Zhang, ICLR2020]




M
fla) = -2 XM o (w] o)
NTK: Large scale initialization — features are (almost)

freezed.
‘\ NTK parameterization
| ‘.- 0.1 Ve S
211//)] St
i ‘—'—,3"'—’ .
: Optimization trajectory
T of first layer parameters
1 o1 __.| ina2-layer NN
e - B M _I_
f(z) = Zj:l ajg('wj )
0.
Trained
0 1 2 3

[Ba et al., 2022]

Mean field: Small scale initialization — features need to move

significantly. flz) = % ij\/il 'rja(ija:)
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| L) — an(w ' z)p(a, w)dadw

fOEEL & pD&EL

dt

dpy

-V (’Utpt)

Bt AT

B AR, Wasserstein A BLk
(MmN F, HEXR)

[Atsushi Nitanda and Taiji Suzuki: Stochastic Particle Gradient Descent for Infinite Ensembles. arXiv:1712.05438.]
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[Nitanda&Suzuki, 2017][Chizat&Bach, 2018][Mei, Montanari&Nguyen, 2018][Suzuki, 2020]



Fim 7 anVEAF
L(p) == F(p) + A2Ent(u)

[FERRAZ AR Remark GLDmiga
(IHRET 3) F(u) = [ L(z)du
p* = argmin L(u) = 2B () = L()
peP = dX; = —~VL(X;)dt + v/2)d B,

|

CYI5 T P a N VEIHSE: (RAESHILESIMLE €25 ICEE)

dXt — —V%W(Xt)dt -+ AV 2)\2dBt pe = Law(Xy)

Fokker-Planck 512 = :
Oty = V - [Mtvcwcg(—ﬁﬂ] + Ao Ay i

d
— L) = =31 I(pe||ppe) p“(:")“exp(_g S (‘”))

d (F|sher divergence)

T NFLE BRI S B Wassersteina il i TH B
(BHRBoL S EMMEDEE LY RFIGR)



# L X: McKean-VlasoviBig

« KIFRMEEIERDH 5 HERMD HE IEMcKean-Viasovi@iz & L
THIHMNTWS, (McKean, Kac, -, 6041t)
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Outline of research

Infinite particles / Continuous time Finite particle / Discrete time
(. ) 4 N\
Linear convergence of Double loop method:
mean field Langevin: »' e PDA [Nitanda, Wu, Suzuki: NeurlPS2021]
[Nitanda, Wu, Suzuki (AISTATS2022)] « P-SDCA [Oko, Suzuki, Wu, Nitanda:
[Chizat (TMLR2022)] ICLR2022]
~ / * Infinite-dim extension [Nishikawa, Suzuki,
\ Nitanda: NeurlPS2022] )
Difficult :
Propagation of chaos (McKean, Kac,..., 60s)
Finite particle / Continuous time /Finite particle / Discrete tim}
Uniform-in-time propagation of chaos: o )
: Single loop method:
« Super log-Sobolev ineq. Tirme - discretizati
[Suzuki, Nitanda, Wu (ICLR2023)] # ime-space discretization,
stochastic gradient

* Leave-one-out type

evaluation/Uniform-log-Sobolev
[Chen, Ren, Wang (arXiv2022)]

» Noisy gradient descent
for 2-layer NN

7\ ~/




Bt LR E

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

where Efvj] = V2EEs (x7) and = 5 300, 650
(FERrY2EC) (Z=FEEEEL © NALF)

[Suzuki, Nitanda, Wu (NeurlPS2023)]

T BEBULERENTVF)

~ 1 1 (n — B)\/n)\g
LN (i) — L(p*) S Aonka) + —— (0° + don + —
Uik) = £(u7) S exp(=Aenka) + 2= 07 4 Aol + 5 + =50
Time Space Stochastic
discr. discr. approx.

o —FRXIESoboleviNFEL, BXIESobolevAiZE
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Linear convergence of mean field Stochastic Gradient Langevin dynamics

- - > Analysis SVRG-GLD: Kinoshita, Suzuki
Langevin dynamics (NeurlPS2022)

> Nitanda, Wu, Suzuki (AISTATS2022) > Infinite dimensional SGLD: Muzellec et al.

‘ (COLT2022)

“Double loop” method with

convergence guarantee uperiority of DL with opt. guarantee
« PDA: Nitanda, Wu, Suzui > Infinite-dim GLD: Suzuki (NeurlPS2020),
Suzuki, Akiyama (ICLR2021)
l(DNglE)rcle;\SZC?fl) : > Teacher student: Akiyama, Suzuki (ICML2021,
e P- : Oko, Suzuki, Wu, ICLR2023)
Nlt.al’.'lda (_|C|_R2022_) - > Benefit of feature learning (k-parity problem):
¢ Infinite-dim extension: Nishikawa, Suzuki, Wu, Oko, Nitanda (NeurlPS2023)
Suzuki, Nitanda, Wu > Anisotropic regularization: Nitanda, Oko,
(NeurlPS2022) Suzuki, Wu (ICLR2024)

Uniform-in-time propagation of chaos:

> Super log-Sobolev inequality: Suzuki, Nitanda, Wu (ICLR2023)

Analysis of single loop method:

> Convergence analysis with finite particle/discrete time alg. : Suzuki,
Nitanda, Wu (NeurlPS2023)

‘ Extension

Extension to RL: Yamamoto et al. (2023), Minimax Problem: Kim et al. (ICLR2024)
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Amari, Ba, Grosse, Li, Nitanda, Suzuki, Wu, Xu: When Does Preconditioning Help or Hurt Generalization?

ICLR2021.
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under-paramet erized\ p

Test risk

“classical”
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“modern”

Risk

~

< Tramlng ris

interp®™la

Complex1ty of H

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

%F?E@FL%&i@ﬁ%%
Ak (P =1)
E,m’?@a,ﬂp > 1)
ENDHRW?

BEDESICIKEL TEDFELE

L h % fiZEH

FLWERE : —8BET

interpolating regime

ETLVDORT>T—2H4X
—E’ '_Llj—'] LTL\T:E)/)_L'TKT%)

ResNet1s two layer ReLU net
0.15 A H 0.6 - i .
L 0107 R - 0.4'\ i
2 i e !
o H o i
0.057 \ —— training error 0.21 —— training error
test error test error
0001 rrrrrrrrir 0.04, : ; ;
106 105 23 27 211 215
— #parﬁm #hidden units

[Neyshabur et al., ICLR2019]
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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

=75 Zaia((x,wi)) = \/—NCLTO'

(W' )

Ml DEETWEERTAIET, T—RICEIFHHEZERFSTE SN 7

HE IRKEGRAT v 7HAXZ2AWNIL, —BIOEHFTEREROH DFHHEDA

MEBHZENTE S,
— H— 3 JLAlignment, HEESFE.

Wit1 = Wi + 0V NVL(fan)

nd N - oDER%ZE 2, WEcE 1 BOEMREDOTFREREZTML THS.

> 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 7H A X TIIPEREW LR LCF
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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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



REFEERTOW L2 [(EET S

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 X ) ARSETEE L7 RENND FRIREE & AT,
FREE B f — £117, )] OUERL — kZEH

EE 81 (h—FIViE)

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

« EEZFDOFREREIZIATDORITITHRE L 2L,
« EWEERIIT—XDATRITTdE &£ HITIENT 5.
— ZNITEEIHHEEETI DEWIC L B,
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Neural Tangent Kernel D%

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

RKERDD,
Thm NTK (Neural Tangent Kernel) \
fr: TRIEHE DO DEBEDBEL — b

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

BWFE L — b

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

(29EN;95%s)
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—a—7ZI)xy N7 —7OEE/IZIENEREL
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EENREICES ) BERETE L — b 2K ATEE.
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NTKD X7 kb

— d=10
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1076

k-th eigenvalue
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7 e/ RPN S A Langeving) =2

[Kinoshita, Suzuki: Improved Convergence Rate of Stochastic Gradient Langevin Dynamics with Variance Reduction and its
Application to Optimization. 2022. arXiv:2203.16217]

—— Euler-Maruyama A ¥— L : ‘ ° 3E ﬁ HEL-1B
Vi = %ZL V [i(Xk) dv e ‘ I »
: A R/
Xpp1 = Xe = Vi + /21 /76
S 7 rl_'
i . FEERMDIBE + ﬁ\%ﬁ%ﬁd\
— S ##E/ESGLD 7k .
B4, — T fKL-d |vergencej @HXEE,
Xis1 = Xo — 1V + 20/ 7en -
e Ak Criterion < e LD 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(%) O (d)
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 - Ls/i;;;’zzdlfz )
Zou et al. (2019a) Smooth, Dissipative 2-Wass. O( +#—|— 1/2) eO(r+d)
Zou et al. (2021) Smooth, Dissipative, Warm-start - TV O 2 0@

Zou et al. (2019b) Smooth, Dissipative & 2 Wass. ‘ 152 )/

+4
SVRG-LD/SARAH-LD " dn1/2 N P
(B=m = vn) Smooth, Log-Sobolev (a) KL o(( + Lo ) |
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N Y anNVEIHEDO—ER
o SEHEINBEEXRNARE T 2 a NN BIHFOUNEREZENT (NeurlPS2022)
o« EERTHR T VY aNNVvEAHZFO 7T XL EWNEER (COLT2022)

PSR 7 v a /N EVHZFEOYREEN & NNFRBE{EANDIG
o« HERXTANZ 2 —F b1y b DODERRXRITGLDIC & 2 &L (NeurlPS2022)

e P2 —FI)xy b7 —27DGLDIZ L B EE/DINE (AISTATS2022)

e P2 —FIxy FT—27 DL WEELFE KFERNIOTERE FFiE

(ICLR2022)
o BRAFELOELERZEEYT (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 > Y 2NV BHE) #EBRRTTAFINN D HEFRRTTGLD IS & 5 HiEfk
Xiwr = X =NV I (Xi) + v/2n0/ 7k ERRTAS FIRRTAS
M
SAEICO() 2 A % (RIFIRT — & TH ) ! flx) = L rio({w;,x)
~ = — - — Sy el ’H)
— BEEGAREAVD U, = 130, fi(%) M £ rjo(w; ) M Z; R
P 7Y SR ENREI B g e € 2 (RRR £ b 2)
(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

- 4 OFER: RN IE+ 2B IE : : :
~ (( ﬁd) 2)2 2) \/—1..__._\ o HERPR TN FEHME (PDA) , HEREIKIFIOSEZRE T % (PSDCA) OmFEICH L
n—+ B

O T, ERRTANN—Y 3 v %RE,
o AEL—FICTERRTORS 2 aNvBhZE0BEZIEMR (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 £ 4@ 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
« EJE O 2 B BITII DEEES 6 T EMER % FH. At
» [TV IGR| DERIC LY CNNOEERR L Rl 6 R, + %’%ﬁﬁ@@ﬁa@;

A
Y

i

0.2

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

[Suzuki, Abe, Nishimura: Compression based bound for non-compressed network: unified ) AN
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]
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[Suzuki, Abe, Murata, Horiuchi, Ito, Wachi, Hirai, Yukishima, Nishimura:
Spectral-Pruning: Compressing deep neural network via spectral analysis, 2018]

« XEUHEBEZRD

. FRHICHADDEEEE R

— NBIF N A ZTOEENZEF]
(BEhEEAR L)

\'«" "\‘9"""(
LSRR

4B =)
RERIATRAS

\"s v
A, ’.‘b

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

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

— ResNet-50-1 7289% 9107% 2556M 7.75G
Original VGG[68.34%  88.44%  138.34M 30.94B | |Trnetao 5 00% 90.67%  16.0aM 485G
APoZ-2 70.15% 89.69% 51.24M 30.94B ThiNet-50 71.01 % 90.02%]| 12.38M 3.41G
ThiNet-Conv [69.80%  89.53%  131.44M  9.58B | [No5>04 12080 — 1003 2056
ThiNet-GAP |67.34%  87.92% 8.32M  9.34B | [ISpecResA 590% —OL56% 1238M 3450
Spec-Conv |70.418% 90.094% 131.44M 9.58B ResNet-50-2 75.21% — 92.21% — 25.56M 7.75G
Spec-GAP | 67.540% 88.270% (8.32MD 9.34B | [parseregwo/ ft | — - 481200 | 19.78M 5255
pE 2 ot f Spec-ResB wo/ ft| 6612% \86.6/% 20.60M 525G
AT/ Spec-ResB w/ ft |74.04% 491.77%| 20.69M 5.25G

HEF LY BVEE 94% D [ £ #ia

- (%5 1L T b REES S
(BEZHLY)




HHBMELL EDEBEZ DTV b (g 1079,
—fENLTzxy h 7= DA XELTES.

. ZTDIE, 7\77‘/7-§J S5FE (S) b LLIZImageNetERIZEET LA 774 >
Fa—=77F
I = — = = _ 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 * © ¢ () %4 6
S — — - — 3: Calculate eigenspectra Si.p7.
Esu = - E“z 4: Calculate intrinsic dimensionalities d;.5; 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] ;.
(e) Uy =7x7 conv. n I (g 1 (h) Hgy
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+ G 183+M 362 560 393 22.1 383 46.0
DetiaxNet Z2-59 (MACs) GN 494+ G 174+M 362 56.0 393 225 38.1 46.0
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1 Haplotype 1 ICAGATCGC \TGAATICGCATCTGT

. n T ) Haplotype 2 CAGATCGCTGAATGGATICCCATCAGT
min _ E f (W ) x) +A ,L b ( X) Haplotype 3 CGGATTGCTGCATGGATCCCATCAGT
. I i -
=1

& I o &L &
> & S g &

Xe Rp n £ ’ L Haplotype 4 G(:::;C T::AZ GCZ:T:ST | ‘ ‘ ‘
) R EAIE 7 L7 A RiEERyr  BEROT S
"EXKE ’UEE f EEDE \7 Fit L —ZERIY Total-VariationE8I1L
4 )) 7

RE I RBEHCEIIET a5 Fm D TREVNT — &fi#%Y

Hes i R &
BEMCTLEDOT —Za LA EbE W,

—EEMREKRECUE

Empirical Risk

RE e ZEMRT DX TOFEE
%@’7@5& FERR R E

n=10% L& AK1000/5D ==EL [

AT A VERIRERH A RFEHE(ICML2013, 207 = TBSVIC TR =)
-FERNR A A RFEHEIC L 5308 EZERE T R(ICML2014)

-7 2 Z7RIFRAML DG & IEE (#28EIBISMLFFRS)
-FEZR B DCETIE (Nitanda&Suzuki, AISTATS2017)
- BRI EHE/ N B E (Murata&Suzuki, NIPS2017; 20164EEEIBISMLEFR S E)

Machine Learning Summer School 2015

SIAM-Optimization 25 ERNREY, BREE O OERTE

n\/_log(l/e) oy (n++/nk)log(l/e

i JADMM
; SN = p— EEYE’]AD Wl(fme tuned)
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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 ]. 9
: A
2 N Ll
= ® =
¢? [ I
\_. engineers ——
- federated § anatysts p— 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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