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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
,“\ IAE neural networks for infinite dimensional input via

( %g 1:]77—’ E WSEEE, mixed and anisotropic smoothness. ICLR2022.
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[R yJ Hooker, Giles, & Gra r. (2009). Functional data analysis with R and MATLAB (Use R!). Dordrecht: 28
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> Neural Tangent Kernel
> Mean-field analysis (

[Nitanda &Suzuki, arXiv:1905.09870]
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[Nitanda &Suzuki, arXiv:1712.05438.][Ba,Erdogdu,Suzuki, Wu, Zhang, ICLR2020]
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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 Analysls of the Mean Field Langevin Dynamics. AISTATS2022]
min Ze(Eew[hmn vi) + AE[0]?

v:P(©
-1EH
Prob meas. 058 S A IR TS L2-1ERIE

ho: 185 A—ROD=2—AY
i.e., ho(z) = ro(w'z) for § = (r,w)
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(Particle Dual Averaging; PDA)
[Nitanda, Wu, Suzuki: NeurlPS2021]
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(Particle Stochastic Dual Coordinate Ascent; P-SDCA)
[Oko, Suzuki, Wu, Nitanda: ICLR2022]
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Amari, Ba, Grosse, Li, Nitanda, Suzuki, Wu, Xu: When Does Preconditioning Help or Hurt Generalization?
ICLR2021.
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R 5 N — AT ETLDRT>T—RY M4 X
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- ~N — @ LTWTHNLT S
under-parameterized epfparameterized _ResNet18 TWo Tayer RerUner |
Test risk /| 0151 A e=——
'Mw “classical” “modern” . 0.101 Y . 0.4 TOse0e
.Q?: regime interpolating regime % 005 =% LI g
« ) —— training error 0.21 —— training error
.. e »— test error —— test error
\_ ~ o Training rlj:- 0.001 001, e prrey
= . _interpdia 108 108 23 27 211 s
—_——— — ——————————3 #param #hidden units

Complexity of H
[Neyshabur et al., ICLR2019]
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Neural Tangent Kernel D3

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

Xyt = (www%W&mm),/&

/Z(Wk)dﬂ(k)(Wk) —/E(W)dwoo(W) < exp (—ALkn) + X?UUQ_“

Gaussian noise

Gradient descent

o NIA—RHERED > THAREHREREICUINRT % T & %A
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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).
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[Kinoshita, Suzuki: Improved Convergence Rate of Stochastic Gradient Langevin Dynamics with Variance Reduction and its

FERE1L

Application to Optimization. 2022. arXiv:2203.16217]

—— Euler-Maruyama A ¥— L4

Vi =+ > Vfi(Xp)
= Xi — Vi + V20 /ver
. FEERMDBE + D EUHE/N

-
. H]L*ﬁ(SoboIevT DS
T [KL-divergence| DIV,

i) V4

Xit1

— S EUE/NEISGLD

~ 1
Vi = Ef; (V15 (Xp) = Vi, (X)) + VE(X )
R 53 B/
Xiy1 =X = Vi + 210/ e
AR - [ Criterion < € £ %25 FETD
Method Major Assumptions Criterion™ Gradient Complexity™**
Dalalyan (2017a) Smooth, Log-concave (M) 2-Wass. é(“—g-poly(M,L))
Xu et al. (2018) Smooth, Dissipative Weak conv. \ O (d)
Vempala et al. (2019) Smooth, Log-Sobolev () KL o(z.d 2L2a_2)
Zou et al. (2018) Smooth, Log-concave (M) 2-Wass, O(n—l—“ 2 LB/?;;//;jlﬂ)
2-Wass. O( +Ts/4+ 1/2) O (v +d)

Zou et al. (2019a)
Zou et al. (2021)

Zou et al. (2019Db)

Smooth, Dissipative

Smooth, Dissipative, Warm-start 14-_ TV

% 2-Wass.
k.l

Smooth, Dissipative

é‘ (n+—2222), NiX=R
Ll 7
dnl/z) 2L2a_2)

SVRG-LD/SARAH-LD
(B=m =+n)

Smooth, Log-Sobolev («) KL

O ((n+
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H A4 X

/l‘\\ Layer  Original Our bound

1 1,728 1,013

.I.I.I.I.I. L 4 147,456 84,499
R J£ & 6 580,824 270,216
9 1,179,648 50,768

A & # 12 2,359,296 4,583
RIRIRFTRIK 15 2,359,296 3,886

K I

0.9

o TOYAR
« FREE O a3 BT DB/ E S 1 T LifE=R % . N
o [TUYNGR] DOERICK Y CNNOFEH 7 5Fl 3 K37, o RBEHE Eaﬁg
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it

0.2

U(f) < U(f)

0.0

—L H 1-?—% W 0 50 100 150 200 750
o (LEZ‘Z“lm'&log(nO .......... 148 (Ze | M) TATRO—172a; ' log(n)?
n

[Suzuki, Abe, Nishimura: Compression based bound for non-compressed network: unified , - s \

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]

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




—a—JIRxYy N7 —7DES
[Suzuki, Abe, Murata, Horiuchi, Ito, Wachi, Hirai, Yukishima, Nishimura:
Spectral-Pruning: Compressing deep neural network via spectral analysis, 2018]
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VGG-1631 v b7 — 27 O E#a ResNet-504% v k7 — 2 O£

Model Top-1 Top-5  # Param. FLOPs | [Model [Top-1 _ Top-5 # Param. FLOPs |

— ResNet-50-1 7289% 91.07% 25.56M 7.75G
Original VGG[68.34%  88.44%  138.34M 30.94B | |Trnera0 04 % 9067%  16.9aM 4830
APo0Z-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 | [No504 2080 180 5056
ThiNet-GAP [67.34%  87.92% 8.32M  9.34B | [ISpec ResA 7300% —O1B6% | 12.38M 3450
Spec-Conv |70.418% 90.094% 131.44M 9.58B 5esNet—50-2 y 75.21% gi.gl/"o %g?gm gggg
_ parse-reg wo/ ft — 2% : .

Spec-GAP |[67.540% 88.270% 8.32M)> 9.34B Sparee-ros w/ ft - (90.800 1078M 525G
TET O f Spec-ResB wo/ ft|66.12% \86.67% 20.60M 5.25G
AT/ Spec-ResB w/ ft |74.04% 491.77%| 20.69M 5.25G
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HHRMBEULDOEBEZ DTV b g, 10
—fENLT=2y bT—0 DA XELTES.
- Tk, 7\77 % 7-35 5FE (S) b LLIZImageNetERIZEETILE T 74 >

Fa—=7
I = = = — _ L
— = = = Network size determination alg.
= e 8 SR e 2: Train the whole network to find
T T T g 0* = argmin £(0).
C (b) © f () e 0
S — — — — 3: Calculate eigenspectra S1.,;.
?‘“2 = = Em 4: Calculate intrinsic dimensionalities d;.,; by
Ezss E E E3zo di:n = len(SLM > T)
= e = Tawme T Tomae = 5: Determine new widths O7.,, by adjusting d ..
B9 necktock B = =ieo 6: Find the largest w such that ¢(w - Of.,,) < .
B macon ] : 2 7: return w - O,
(e oo m7x7conv. () ¥ @ ¥ (h) Tes LM
Backbone Normalization Classification COCO (2x schedule)
MACs #params AP AP5y AP;; APy APy, APp
ResNet-50 [35] SyncBN 38G — 345 552 3777 204 36.7 44.5
ResNet-50* GN 409G 255M 35,5 55.6 385 213 37.5 453
ResiaxNet S3-50 (MACs) GN 406G 186M 354 554 38.6 215 373 452
ResiaxNet Z1-50 (MACs) GN 405G 21.7M 35,5 555 38.6 214 373 46.0
ResiaxNet Z3-50 (MACs) GN 407G 220M 354 55.6 384 213 37.8 455
ResiaxNet Z3-50 (params)* GN 492G 247M 358 559 389 218 38.0 45.6
DetNet-59 [35] SyncBN 48+ G — 363 56.5 393 220 384 46.9
DetNet-591 GN 500+G 183+M 362 56.0 393 22.1 383 46.0

DetiaxNet Z2-59 (MACs) GN 494+ G 174+M 362 56.0 39.3 225 38.1 46.0
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n =107 b &RAR1000FD =&l [

AT A VEIERNA B A REHEICML2013, 20Tz = T5TSVT TR =5
-FERZ B A RFEHEIC £ DI EEZRE T %= (ICML2014)
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-7 2 7RIFRAMEADISE & IEEE (E28mIBISMLFARS)
EE%E’]DC?rﬁ (Nitanda&Suzuki. AISTATS2017)
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Federated learning DFEZERRE 1L

adin . [1] Advances and Open Problems in
— Federated Learning, Kariouzet al.,
Ll 2019

model
eeeeee testing

. . —
[t x
engineers ——
federated P S
learnin . e .
9 model el [Murata, Suzuki: Bias-Variance Reduced Local
deployment SGD for Less Heterogeneous Federated

« Communication complexity: Learning. arXiv:2102.03198]

1 1 1 {4 Worse than naive
» Local SGD: Be T BP&2 T VBe3/? 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 3
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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