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Introduction

Background of Flat Minima

% Training of Deep Learning Model
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Introduction

Background of Flat Minima

% Generalization Gap
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Introduction

Background of Flat Minima

% Deep Learning Model
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Introduction

Background of Flat Minima

< Flat Minima for generalization performance
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Introduction

< Flat Minima Optimizer for generalization performance

o DRES SEESHY| Q0] |oss2| Flat MinimaS &= A2 R E Qe M5 gkAtof 7|0
o [2tA, 2 MOILIoM = CHEX QI Flat Minima Optimizer 2702t #IX|02 M-8 A0S of2fet 20| A0
1.

Averaging weights leads to wider optima and better generalization (UAI, 2018)
> DHE JIEX| HESHE Sl Flat minimaE XS 20 bt He 2y

= X O— o O

2. Sharpness-aware minimization for efficiently improving generalization (ICLR, 2021)

> Loss2| SharpnessE 12{ot & gt=E Sl Flat MinimaE 322N L8t &5 2y

= X O—

3. When Do Flat Minima Optimizers Work? (NeurlPS, 2022)
> LChtot #ilX|0r3 M-8 QA0 E K& S WASAM &2 K| ot

[@ 3N —

Data Mining
o.:.o Quality Analytics



Averaging weights
leads to wider optima and better generalization

Data Min
o.:.oO\ Ity/\ Iyt -8-



&N

Methods

1. Stochastic Weight Averaging

< Averaging weights leads to wider optima and better generalization!'!

N EE—II 7|.EX| J.L=I

»  Computational cost2| 5717} 42| gi11, H&0| |2

Averaging Weights Leads to Wider Optima and Better Generalization

Pavel Izmailov*!  Dmitrii Podoprikhin*2:*  Timur Garipov**®  Dmitry Vetrov2®  Andrew Gordon Wilson!
'Cornell University, “Higher School of Economics, *Samsung-HSE Laboratory,

4Samsung Al Center in Moscow, ®Lomonosov Moscow State University

Abstract

Deep neural networks are typically trained by
optimizing a loss function with an SGD vari-
ant, in conjunction with a decaying learning
rate, until convergence. We show that simple
averaging of multiple points along the trajec-
tory of SGD, with a cyclical or constant learn-
ing rate, leads to better generalization than
conventional training. We also show that this
Stochastic Weight Averaging (SWA) procedure
finds much flatter solutions than SGD, and ap-
proximates the recent Fast Geometric Ensem-
bling (FGE) approach with a single model.
Using SWA we achieve notable improvement
in test accuracy over conventional SGD train-
ing on a range of state-of-the-art residual net-
works, PyramidNets, DenseNets, and Shake-
Shake networks on CIFAR-10, CIFAR-100,
and ImageNet. In short, SWA is extremely
easy to implement, improves generalization,
and has almost no computational overhead.
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we see that the weights of the networks ensembled by
FGE are on the periphery of the most desirable solu-
tions. This observation suggests it is promising to aver-
age these points in weight space, and use a network with
these averaged weights, instead of forming an ensemble
by averaging the outputs of networks in model space. Al-
though the general idea of maintaining a running aver-
age of weights traversed by SGD dates back to Ruppert
[1988], this procedure is not typically used to train neural
networks. It is sometimes applied as an exponentially de-
caying running average in combination with a decaying
learning rate (where it is called an exponential moving
average), which smooths the trajectory of conventional
SGD but does not perform very differently. However, we
show that an equally weighted average of the points tra-
versed by SGD with a cyclical or high constant learning
rate, which we refer to as Stochasric Weight Averaging
(SWA), has many surprising and promising features for
training deep neural networks, leading to a better under-
standing of the geometry of their loss surfaces. Indeed,
SWA with cyclical or constant learning rates can be used
as a drop-in replacement for standard SGD training of
multilayer networks — but with improved generalization
and essentially no overhead. In particular:
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Methods

1. Stochastic Weight Averaging

% Observation from Stochastic Gradient Descent (SGD)
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1. Stochastic Weight Averaging

% Observation from Stochastic Gradient Descent (SGD)
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[2] Garipov, T, Izmailov, P, Podoprikhin, D, Vetrov, D. P, & Wilson, A. G. (2018). Loss surfaces, mode connectivity, and fast ensembling of dnns. Advances in neural information processing systems, 31.

60

100

11

23

5

>5

-11-



Methods

1. Stochastic Weight Averaging

< Related Work: Fast Geometric Ensembling (FGE)?
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1. Stochastic Weight Averaging

% Stochastic Weight Averaging (SWA)
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1. Stochastic Weight Averaging

% Stochastic Weight Averaging (SWA)
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1. Stochastic Weight Averaging

% Stochastic Weight Averaging (SWA)
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1. Stochastic Weight Averaging

%+ Pseudo-code for Stochastic Weight Averaging (SWA) algorithm
« SWA= €78 F7|0iCt ZEO|| 7IFX[ & +5 Eddts YAz o5

« FtEl= H=22| 8 AL St A §iS

Algorithm 1 Stochastic Weight Averaging
Reauire: WSWA * Tmodels T W
quire: > WSWA < .
weights w, LR bounds a4, as, M models -+ 1 ’
cycle length ¢ (for constant learning rate ¢ = 1), num-
ber of iterations n
Ensure: wswa
w 4 w {Initialize weights with w}
WSWA < W
for: < 1.2,....ndo
a < «(i) {Calculate LR for the iteration}
w +— w — aVL;(w) {Stochastic gradient update }
if mod (z,c) = 0 then
Nmodels < 2/c {Number of models}
WSWA % {Update average}
end 1I
end for
{Compute BatchNorm statistics for wgws weights}
Epoch

Learning Rate

75% training

Update BN

Average
DNN weights
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1. Stochastic Weight Averaging

% Stochastic Weight Averaging (SWA) Result

« S Fatet Z20tE A El=X| =HQl5k| flet &

—
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gal
o

wswa (t,d) = wswa +t - d,
wscp(t,d) = wsgp + t - d,
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1. Stochastic Weight Averaging

% Stochastic Weight Averaging (SWA) Result

« S Fatet 205 A Tf=X| =] flet Hy T

« SWAZ| & HEO0| 2 |ossBEH 37} 27| IHE20]| FlatSt minima

wswa (t,d) = wswa +t - d,
wsgp(t, d) = wsgp +t - d,

Test error (%)

20 Lg : — SGD

Distance

Data Mining
o.:.o Quality Analytics

Train loss

10

20

Distance

60

-18-



Methods

1. Stochastic Weight Averaging

% Stochastic Weight Averaging (SWA) Result
« CIFAR-10/1000{| A SGDELI =2 ds=2 EO0|H, M

s

ATQ FGE ELM e =2 ds2 EY

Table 1: Accuracies (%) of SWA, SGD and FGE methods on CIFAR-100 and CIFAR-10 datasets for different training
budgets. Accuracies for the FGE ensemble are from Garipov et al. [2018].

SWA

DNN (Budget) SGD FGE (1 Budget) 1 Budget 1.25 Budgets 1.5 Budgets
CIFAR-100

VGG-16 (200) 72.55 £ 0.10 74.26 7391 £0.12 7417 £0.15 7427 +£0.25

ResNet-164 (150) 78.49 £ 0.36 79.84 7977 £ 0.17 80.18£0.23 80.35x0.16

WRN-28-10 (200) 80.82 £ 0.23 82.27 81.46 = 0.23 &81.91 £0.27 82.15 4+ 0.27

PyramidNet-272 (300) 83.41 +0.21 — - 83.93 £0.18  84.16 = 0.15
CIFAR-10

VGG-16 (200) 03.25 +0.16 93.52 93.59 £ 0.16  93.70 £0.22  93.64 = 0.18

ResNet-164 (150) 05.28 £ 0.10 95.45 95.56 £0.11  95.77 £ 0.04 95.83 = 0.03

WRN-28-10 (200) 96.18 = 0.11 96.36 96.45 +0.11  96.64 £0.08 96.79 = 0.05

ShakeShake-2x64d (1800)  96.93 = 0.10 - — 97.16 £0.10  97.12 = 0.06

Data Mining
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1. Stochastic Weight Averaging

% Stochastic Weight Averaging (SWA) Result
« ImageNet dataO| M= SGDELCH =2 852 EY

Table 2: Top-1 accuracies (%) on ImageNet for SWA and
SGD with different architectures.

SWA

DNN SGD 5 epochs 10 epochs

ResNet-50 76.15 76.83 =0.01 76.97 £0.05
ResNet-152 78.31 78.82x+0.01 78.94=+0.07
DenseNet-161  77.65 78.26 £0.09 78.44 £ 0.06

Data Mining
o.:.o Quality Analytics

-20-



Methods

1. Stochastic Weight Averaging

% Stochastic Weight Averaging (SWA) Result
ol
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2. Sharpness-Aware Minimization

%+ Sharpness-aware minimization for efficiently improving generalizationl®!

* Loss2| Sharpnessg 112{5}0 Flat Minimag &

SHARPNESS-AWARE MINIMIZATION FOR EFFICIENTLY

IMPROVING GENERALIZATION

Pierre Foret *
Google Research
pierre.pforet@gmail.com

Behnam Neyshabur
Blueshift, Alphabet

neyshabur@google.com

Ariel Kleiner
Google Research
akleiner@gmail.com

ABSTRACT

Hossein Mobahi
Google Research
hmobahi@google.com

In today’s heavily overparameterized models, the value of the training loss pro-
vides few guarantees on model generalization ability. Indeed, optimizing only
the training loss value, as is commonly done, can easily lead to suboptimal
model quality. Motivated by prior work connecting the geometry of the loss
landscape and generalization, we introduce a novel, effective procedure for in-
stead simultaneously minimizing loss value and loss sharpness. In particular,
our procedure, Sharpness-Aware Minimization (SAM), seeks parameters that lie
in neighborhoods having uniformly low loss; this formulation results in a min-
max optimization problem on which gradient descent can be performed effi-
ciently. We present empirical results showing that SAM improves model gen-
eralization across a variety of benchmark datasets (e.g., CIFAR-{10, 100}, Ima-
geNet, finetuning tasks) and models, yielding novel state-of-the-art performance
for several. Additionally, we find that SAM natively provides robustness to la-
bel noise on par with that provided by state-of-the-art procedures that specifi-
cally target learning with noisy labels. We open source our code at https=:
//github.com/google-research/sam.
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[3] Foret, P, Kleiner, A, Mobahi, H, & Neyshabur, B. (2020). Sharpness-aware minimization for efficiently improving generalization. arXiv preprint arxiv:201001412.
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% Sharpness-aware minimization (SAM)

SAMZ training loss Zf2~2} &A|0]| loss| sharpness

B~

UAE BHELE 3
g S 243 She

TIPSO M loss landscape?t 7|E2] S

ResNet + SGD ResNet + SAM

Data Mining
o.:.o Quality Analytics



&N

Methods

2. Sharpness-Aware Minimization

% Sharpness-aware minimization (SAM) problem
 Training set loss: Ly(w) £ %2?=1l(w,xi, Vi)

»  Population loss: Ly(w) £ Eyy-p[lw,x,)] = Lo(W)E ZAE &

Sl Generalization

=
«  SAM< loss2| sharpness& 112{5}0{ Flat MinimaS &= S SEZ &

Training Function

Flat M-inima
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Sharp Minima

-25-



&N

Methods
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% Sharpness-aware minimization (SAM) problem

«  PAC (probably approximately correct) Bayesian generalization bound& &3} loss sharpnessE 1125}

PAC Bayesian generalization bound: L,(w) < max Ly(w + €) + h(llwll5/p?)
€ll<p

Data Mining
Quality Analytics
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2. Sharpness-Aware Minimization

% Sharpness-aware minimization (SAM) problem

«  PAC (probably approximately correct) Bayesian generalization bound& &3} loss sharpnessE 1125}

PAC Bayesian generalization bound:

Lp(w) < max Ls(w +€) + h(llwll3/p
ell<p

Lp(w) < [“rg”a% Ls(w + €) — Ls(w)] + Ls(w) + h(llwll3/p?)

Data Mining
o.:.o Quality Analytics
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2. Sharpness-Aware Minimization

% Sharpness-aware minimization (SAM) problem

*  PAC (probably approximately correct) Bayesian generalization boundZ &3} loss sharpness& 112{5t= 40| 7t

PAC Bayesian generalization bound: L,(w) < IIrn”ax L.(w+¢€) + h(llwll5/p?)
ellsp

Lp(w) < [“rg”a% Ls(w + €) — Ls(w)]|+ Ls(w) + h(llwll3/p?)

Model Sharpness

Data Mining
o.:.o Quality Analytics
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% Sharpness-aware minimization (SAM) objective

Data Mining
Quality Analytics

Lp(w) < |max L,(w + €)
llell=p

min LM (w) + 2wl ,

Weight Decay

— Ls(W)] + Ls(w) + h(llwll3/p?)

\

Weight Decay

[ —

where L3AM(w) 2

max Lg(w + €)
llellp=p
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% Sharpness-aware minimization (SAM) objective

Lp(w) < [max Lyw + €) — Ls(w)] + Ls(w) + h(llwll3/p*)
Weight Decay

min L3AM(w) + Alw|l3,  where L3*M(w) £ max Ls(w + €)
w ellp<p

Weight Decay

min L3AM(w) + A|lwll3 - V,L34M(w) =V, max Ls(w + €)
w ellp<p

Approximation 28

4etE oz HEs 0|g HMo| oS
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% Sharpness-aware minimization (SAM) objective

Lp(w) < [max Lyw + €) — Ls(w)] + Ls(w) + h(llwll3/p*)
Weight Decay

min L3AM(w) + Alw|l3,  where L3*M(w) £ max Ls(w + €)
w ellp<p

Weight Decay

min LEAM(W) + /IHW”% - VWLgAM(W) = Vy
w

max Ls(w + €)
lellp=<p

Approximation 28

4etE oz HEs 0|g HMo| oS

First-order Taylor expansion & -&: argmax L (w + €) ~ argmax L,(w) + €TV, L;(w) = argmax e’ V,,L,(w)
lellp=p lellp<p lEll<p

Data Mining
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% Sharpness-aware minimization (SAM) objective

First-order Taylor expansion ®-&: argmax L (w + €) ~ argmax L,(w) + €7V, L,(w) = argmax e’ V,,L¢(w)
llellp=p lellp<p llellp=p

+
Q|-

Dual norm problem ®&: argmaxe’V, L,(w) = ||pV,,L;(W)|

p* = lpVwLs(W)llq,
lellp=p

S |-

Data Mining
Quality Analytics
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% Sharpness-aware minimization (SAM) objective

First-order Taylor expansion ®-&: argmax L (w + €) ~ argmax L,(w) + €7V, L,(w) = argmax e’ V,,L¢(w)
llellp=p llellp=p llellp<p

Dual norm problem ®&: argmaxe’V, L,(w) = ||pV,,L;(W)|

p* = lpVwLs(W)llq,
lellp=p

S |-
Q|-

|VWLS(W)|q_1

1
(I Ls W1 D)P

» €E(w) = psign(V,,L;(w))
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% Sharpness-aware minimization (SAM) objective

First-order Taylor expansion ®-&: argmax L (w + €) ~ argmax L,(w) + €7V, L,(w) = argmax e’ V,,L¢(w)

lell,<p lell,<p lell,<p
Dual norm problem H&: argmax eTV,,L(w) = [[pV,, Ls(W)ll+ = IV L (W)l %+ 2 =1
lell,<p
. . |V Ls(w)[971
E(W) = pSlgn(vas(W)) A 1
(IVwLsWIIZ)P
y d(w + éw)) dé(w)
L3AM = L ~V,L 3 = V., L =V,L +—2V, L
VwLs (w) Vi ||£I|l|2§p s(w +@ Vi S(W+E(W)) dw w s(W) |W+€(w) w S(W) wrE(w) dw w s(W) wre(w)
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% Sharpness-aware minimization (SAM) objective

First-order Taylor expansion ®-&: argmax L (w + €) ~ argmax L,(w) + €7V, L,(w) = argmax e’ V,,L¢(w)
llellp=p llellp=p llellp<p

Dual norm problem H&: argmaxe™V,,L;(w) = [lpVy, LsW)ll,+ = lpVy Ls(W) I, %+ é =1
llell,<p
X , [V Ls(w)|17t
é(w) = psign(V,,Ls(w)) —=— 1
(IVwLsWIIZ)P
d(w + éw)) dé(w)
SAM — L ~V L 2 — V.. L =V.,L V., L
V,L3Mw) =V, ||?|l|3§p sw+e€) =V, Li(w+éw)) I wLs(w) |W+é(w) wLs(w) |W+g(w) N, Vw s(w) wre(w)

Hessian M| A

" computation cost Z4&

Final objective function: V,,L3*Y(w) = V,,Ls(W) |y +e(w)

Data Mining
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< Pseudo-code for Sharpness-aware minimization (SAM) algorithm

Input: Training set S £ U {(a., y.)}. Loss function
I:Wx X x )Y — K., Batch size b, Step size 7 > 0,
Neighborhood size p > 0.

Output: Model trained with SAM

Initialize weights wp, £ = 0;

while not converged do

Sample batch B = {(x1, y1),...(xs, ys) }:

Compute gradient V., L g(w) of the batch’s training loss;

Compute €(w) per equation 2;

Compute gradient approximation for the SAM objective

(equation 3): g = V. L (1) ey

Update weights: w1 = wyi — ng;

t=t+1:

end
refurn w,

Algorithm 1: SAM algorithm

Data Mining
Quality Analytics
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Figure 2: Schematic of the SAM param-
eter update.
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% Sharpness-aware minimization (SAM) Result
SGDELC} CIFAR-10/1000| CHSHA] ZHEH =

Data Mining

Quality Analytics

X gote

SEof 2tA Bl
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2ds2 2
|_
_

4HHE (model-agnostic)

CIFAR-10 CIFAR-100

Model Augmentation SAM SGD SAM SGD

WRN-28-10 (200 epochs) Basic 27101 3.540.1 165102 188402
WRN-28-10 (200 epochs) Cutout 23101 26401 149,02 16940,
WRN-28-10 (200 epochs) AA 2101 23401 136102 158403
WRN-28-10 (1800 epochs) | Basic 24401 3.540.1 163102 191401
WRN-28-10 (1800 epochs) | Cutout 21401 27401 140401 174401
WRN-28-10 (1800 epochs) | AA .60 22401 | 128402 161402
Shake-Shake (26 2x96d) Basic 23101 2. 7401 151401 17.0401
Shake-Shake (26 2x96d) Cutout 201201 23401 142102 1574102
Shake-Shake (26 2x96d) AA | 1.9, 51 128,01 141.g0
PyramidNet Basic 27101 40401 146104 197403
PyramidNet Cutout 19101 25401 126102 164401
PyramidNet AA L.bipq 1.940.1 116101 14.6401
PyramidNet+ShakeDrop Basic 21101 2.5401 13.3102 145101
PyramidNet+ShakeDrop Cutout | 1.9 0.1 1L3401 11.8402
PymmidNeHS hake D[‘Op AA 1 .4:|: <0.1 1 .G:I: <0.1 10.3 +0.1 l[}.ﬁi[}_ 1

Table 1: Results for SAM on state-of-the-art models on CIFAR-{10, 100} (WRN = WideResNet:

AA = AutoAugment; SGD is the standard non-SAM procedure used to train these models).
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% Sharpness-aware minimization (SAM) Result
* ImageNet HIX|Or3 H[O[E{0f| CHHAM = 7HE =2 de= E

&N

Data Mining

Quality Analytics

SAM Standard Training (No SAM)
Model Epoch Top-1 Top-5 Top-1 : Top-3
ResNet-50 100 225101 6.28.10.08 229401 6.62 1011
200 214101 582100z | 223401 6.37+0.04
400 20.910.1 5.5110.03 | 223401 6.40+0.06
ResNet-101 100 20-3:&[}.1 5.12:|:D.i]3 21.2:&[}_1 El.ﬁﬁ:l:[}_[}ﬁ
200 194101 4.7610.03 | 209101 5.66 +0.04
400 1901 001 4654005 | 223401 6.41 +0.06
ResNet-152 100 1924 001 4.6945004 | 2044200 5.3910.06
200 18.540.1 4.37+0.03 203102 5.39+0.07
400 18441001 4351004 | 2091200 5.8440.07

Table 2: Test error rates for ResNets trained on ImageNet, with and without SAM.
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% Sharpness-aware minimization (SAM) Result
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Train error rate

Figure 4: Training and test error for the first
and second order version of the algorithm.

S Mot 2

step

dé(w)
SAM _
VwLs (W) = VyLg (W) | . + VWLS( ) | 2
w+é(w) dw w+é(w)
order 1.01
— second -
1—— first E% 0.81
metric r Nm I
| i 1
1—— train_error_rate j«'],’lﬁ'!‘,-"_,-}ﬁ'ﬂl \ ?:':. 0.6 LJ'
—-— test_error rate %), ) "‘.I,.‘w £2 0.4 A
"\'-.':‘Fllpﬁ . h"-."'-_._ ) |"l"H-"ll..L Hg-% I| k I|II
'I.nl II-_J‘ S AT = U 2 d "l.l'lll |
| =i L order h J
wﬁ:ﬂ:“}"?’m 8 — second i Ilh'ﬁ
M 0.0 — first Y
10000 20000 30000 40000 0 10000 20000 30000 40000

step

Figure 5: Cosine similarity between the first and
second order updates.
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SWARl SAM BHHH=ZE = AT|SI D

=S A5 2efot WASAM &

o

[

 —
T

 Cheret

L—

HX|0p3 X

2 A2

When Do Flat Minima Optimizers Work?

Data Mining
Quality Analytics

Linging Liu*
Centre for Artificial Intelligence
University College London

Jean Kaddour”
Centre for Artificial Intelligence
University College London

Matt J. Kusner
Centre for Artificial Intelligence
University College London

Ricardo Silva
Department of Statistical Science
University College London

Abstract

Recently, flat-minima optimizers, which seek to find parameters in low-loss neigh-
borhoods, have been shown to improve a neural network’s generalization perfor-
mance over stochastic and adaptive gradient-based optimizers. Two methods have
received significant attention due to their scalability: 1. Stochastic Weight Aver-
aging (SWA), and 2. Sharpness-Aware Minimization (SAM). However, there has
been limited investigation into their properties and no systematic benchmarking of
them across different domains. We fill this gap here by comparing the loss surfaces
of the models trained with each method and through broad benchmarking across
computer vision, natural language processing, and graph representation learning
tasks. We discover several surprising findings from these results, which we hope
will help researchers further improve deep learning optimizers, and practitioners
identify the right optimizer for their problem.
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[4] Kaddour, J, Liu, L, Sitva, R, 8 Kusner, M. J. (2022). When do flat minima optimizers work?. Advances in Neural Information Processing Systems, 35, 16577-16595.
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% Stochastic Weight Averaging (SWA) & Sharpness-aware minimization (SAM)
o SWA: D& 7[=X| WHASIE E8| Flat minimaS 202N bt M5 kA

()
«  SAM: Loss2| SharpnessE 12{ot 2MT+E S| Flat MinmaE 522N Lot M5 2Fat
p

o

0Ok

Algorithm 1 Stochastic Weight Averaging Algorithm 2 Sharpness-Aware Minimization [22]

Input: Loss function £, training budget in  Input: Loss function £, training budget in
number of iterations b, training dataset D ;= number of iterations b, training dataset D :=
U, {x;}, mini-batch size |B|, averaging start U ;{a;}, mini-batch si . neighborhood
epoch FE, averaging frequency v, (scheduled) radius p, (scheduled) learning rate 7, initial

learning rate 7, initial weights 6. weights ;.
for k+— 1,....bdo for k+—1.....bdo
Sample a mini-batch BB from D Sample a mini-batch B from D
Compute gradient g < V.L (6;) Compute  worst-case  perturbation
Update parameters 6; 1 < 6; — ng e p VL(B)
if k > E and mod(k, ) = 0 then IVL(8)||2
NV = (5™ 1+ 670 /(14 1) Compute gradient g < VL (6;M+-€)
end if Update parameters 632} < 674M — g
end for end for
return QSWA return Q‘SAM
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<+ How do minima found by SWA and SAM differ?

- 7 YEE0 thet Crefot deds TSt Xojd=

e
x0T

L_ == . NS L_ L = o
Obs.1: Oy a2l Oyr = &Lt basin0f| &2 + Ogywa= Flat minimaE &3
SWA SAM
Loss Accuracy/F1 Loss Accuracy/F1
%: 40 g It i |'I I"., Vi _,‘»\" -
g :; e _d__.___/- s - \\-H\-’/' \‘-./'l :- 1-,{. I‘,-"
g: “::.\’_KM_/_./ s B * . N 1 \/ A o -
fé". I {a:] 3 {'Er" L) (c:] B '.,"r {d-:
= ] i i i3 10 s M o I; = L iE s TE 1% s MEIE e Ts
‘E > h\x'“" —.— _.z""’/; 1 e Bt \\‘V /| o ' J;l‘*}‘ :’i-' * ‘:“K
- (e) |, | | “\r—*"“»-g/él i Ny
; : . s . 5 Lz VEI . B 1
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<+ How do minima found by SWA and SAM differ?
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SWA

Loss _ Accuracy/F1
2. /N Train loss
E. N P 19
L':.-: e 1 e ) Test loss
é”'"'\’—&.w—r'é) ot NS Nl Y S @l Train Accuracy
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1 . ¥
O(ax) =(1—a)f + ab'’ {6,0'} « {Oswa,ONnF} {Osam, Onr} non-flat baseline (+), SWA (+), SAM (x)
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<+ How do minima found by SWA and SAM differ?
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SWA SAM
Loss _ Accuracy/F1 Loss Accuracy/F1

Ef / | | I /* T t - Train loss
E i R P 1 \. - \\_%\ / ‘\ - LRIE r-’" 1{ Ilp' x..l.\
:_:: I 1 - it Y e v T P I ) Test loss
5: i \,_KM_/_.é) o oo 'r/ Vo {d" """"" Train Accuracy
= ] s i3 T s “Frs = 7 0z T .=. B R Ts
. ].ﬂ — =t \J . Ao ] e Test Accuracy
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< What happens if we average SAM iterates

*  Ogya 2Lt sharp?t minimaE &= 05,y = B2t 5H0] Yitet Hs 2
Obs.3: Osam Osyya ECF sharpPt minimaE 2& « L0541 (0.1)) ~ 2+ L(Bs4p(—0.1)) / L(Osy4(0.1)) ~ L(Ogyy4(—0.1))
- Weight-Averaged Sharpness-Aware Minimization (WASAM)

WRN on CIFAR100
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(o

FH H|™(CV) Supervised Classification2t Self-Supervised LearningOi| A =2

_ O
ds= E%

Table 2: CV test results: Supervised Classification (SC), and Self-Supervised Learning (SSL) tasks.

Task Model Baseline SWA SAM WASAM
WRN-28-10 96.7810.03 —[J.[)5:(),|}1 + D.3—1:O.|JE} + l:}‘25:|1.()5
SC: PN-272 96.73:‘:0_14 + |:).22:t|j_|. 1 + 0.—12:()_”{; + U,—'l]_:t()_(|2
CIFARI0  ViT-B-16 08.95:0.02 —0.04:00s +0.072001 +0.10x0.01
Mixer-B-16 96.65+0.03 +0.0240.03 +0.19:005 +0.22, 90
WRN-28-10 SO'QB:HJ.IQ + 1'62:|:|1.('F.5 + 1"82:@1.1 1 + 2'24:|:0.l 1
SC: PN-272 80.86i0_12 + 1.-88:‘:”_(,1 + 2.33:‘:”.()3 + 2.60:‘:0_(@
CIFART00 ViT-B-16 92.77:‘:0_07 —[].12:()||}5 + 0.19:()_”9 + 0,132‘:()_(“—
Mixer-B-16 83.7710‘08 + l:).—l-"_-}j:”_(m; + 0. -32:':”. 15 + D,QTio_ 12
MoCo 89.251—&07 —[].[)3:&10 —[].Qai()_[u} _(:'-lTiEJ.]l}
SSL- Sll]lCLR 88-661[],08 —U.Da:(].ug + 0.05:()_”; —(:l.l3i0_[|g;
CIF‘AR]U SimSiam . 89.86-_|-[|.22 + 0.12:{)2[; + 0.07:{).10 + 0.11:[).1{]
BarlowTwins 86.341.&24 —[]UU:L) 10 + 0.09:”15 + 0.1‘—1:[]1}5
BYOL 90.3210‘14 + O.TC':{LIJFJ + 0.1—1:‘:”.[)3 + l:).21:|j.[)'|7
SwaV 87.28i0,05 + 0.09:{).()3 + 0.07:{).12 + lj.{]z:”.()r_;
MoCo 81.74i0‘18 + |:).Di_':t|]_[|j + l:).glj:ulggg + 1.—10:[).1{]
SSL: Sll]lCLR 83.2840.22 +0.9540.25 + 0.1840.24 +1.07+p.13
II'[]Elf;ENE!HE! SimSiam 81-77:|:0,14 + 0.2'0:{].37 + 0.33:{).33 + 0.18:[).3{3
© BarlowTwins 7749:!:0136 + l:).?l:}i”_[r_; + 0.47:{).27 + 0.662[1.57
BYOL 84.16:‘:0‘14 + O-TG:D.(:IH + 0. 15:|:|J-'25J + D‘:‘_’)].:”. 10
SwaV 88.16i0‘31 + 1.0'—1:{];7 + 'j‘{)gjﬂj. 10 + 1.03:[).(}9
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< Lot Hixjof30jx2e] 45 H|w

« Nature Language Processing (NLP)2t Graph Representation Learning (GRLOIME &2 ds2 E

Figure 4: (a) NLP test results: Open-Domain Question Answering and Natural Language Understand-
ing (GLUE) including paraphrase, sentiment analysis, and textual entailment. (b) GRL test results:
Node Property Prediction (NPP), Graph Property Prediction (GPP), Link Property Prediction (LPP).

Task Model Baseline SWA SAM WASAM Task Model Baseline SWA SAM WASAM
NQ FiD 4935,0414 —020.033 +0.33.010 +0.48,99; BIPP:( SAGE TT7.7T9:018 —0.17Ti022 —0.02.033 —011i01s
— - : roteins 5.42. 0.114 —0.14 10,05 —0.08 10.07
TriviaQA  FiD 67.Td41p20 +0404024 +0.89%pp3 +0.92. 010 DGCN 85.42:017 +0.11i008 0.14+0.05 U8+0.07
- NPP: SAGE 78.92 +0.39.4 10 +0.13 008 +0.57_0.0:
COLA  RoBERTa 604lip22 +0.09i00s +1.57:120 + 1415114 Products DGCN 7388 002 +0Ad o1 +0.08.c00 +0.5310 08
SST RoBERTa 94954013 —0.30002- —0.2345040 +0.191014 GPP- GCN 16.04 4 09 +0.73.011 + 036,008 +093.018
MRPC RoBERTa =014 0.57 + (.08, 0.49 +0.73. 0.43 + 0.81, 0.38 Code2 GIN 15-?3:[].11 + 0,83 0.11 + 0.574 0.08 + 1.10.p.00

+

STSB RoBERTa ‘Jﬂ.clﬂi[}_[]g +0.00 g 05 +0.38 5.1~ +0.35 516 GPP: GIN 28101011 +0.404p.18 —0.3310.14 +0.3310.186
Molpch 5.65.10.1; 90, —0.13.0
QQP RoBERTa gl.gﬁi[}_[]}— +0.01 F0.06 +0.08. 0.07 +0.06 0.08 s DGCN 20'6):[]'13 +1.90 020 0.13 15 -1 i
e - LPP: CP 84061000 +0.0T10.01 0.001p.03 + 0.08.p.02

: F o O r ; N = A J3 .
MNLI RoBERTa éf.Jli[]_[]g +(.08 F0.11 +”-'}'i-0.[}2 +U.-i.).||__|_j BIOkg COITIP].EK 8'—1.9-‘-1:[]_()1 +014. 901 —0.02-0.01 +0.12. 002
QNLI RoBERTa gzlgﬁi[}'[]ﬁ —0.08+0.11 +0.09; . +0.114 0.06 LPP GCN ?9.52:[].41 —0.05 .52 +1.324 0.06 + 1.50:0.153
RTE RoBERTa 3”-09:[:[]_23 —0.23 1020 +0.70.10.85 —0.4640.12 Citation2 SAGE 81.95:[]_()2 +1.15. 002 —0.31 Ln07 + 0.8610.04

(a) (b)
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1. GIO|E{0|| [}2LA] Flat-minima &%t 20| A& Xto] 'L
2. B X0 2l Flatminima £ &3t 240l & Xto] LA
3. NLPO|M= SAMO| SWAHL} 52 d55 20|H, SWAE ‘ds Aot ’QI0] &|7| = &
4. GRLO|M&= SWAZSAMEL 22 458
5. Transformer 7|8t2| ZE(ViT, T5)0| M= SWAZ} Hs X5te| |10 &
6. Self Supervised Learning®i| A= SWA2t SAM 25 &5 7140 =F0| &
7. YT TaskO| A= Non-flat Z|H 2t 7| &0 09| =2 ds= EH
8. SAM/SWA= g5 7Id E2 X2 45 KMot 22 HS
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% Generalization performance0f|A| Flat Minima2| 5873

- HYE 2= S = ol 20A Ltz §50] &2 local minimas & 0| S22

|

-

FlatSt minimaS = YHES HEYU2EM &2 itet §5 24 7Is

—
.

Averaging weights leads to wider optima and better generalization (UAI, 2018)
> DHE JIEX| HESHE Sl Flat minimaE #2220 bt He 2y

= X O— o O

2. Sharpness-aware minimization for efficiently improving generalization (ICLR, 2021)

= X O—

> Loss@| SharpnessE 112fot 2Xgt=F Sl Flat Minimas 222N Y8t ds gt

3. When Do Flat Minima Optimizers Work? (NeurlPS, 2022)
> LChot #ilX|0r3 M-8 QIALO|E K| S WASAM &2 K| ot

(@3N —

«* Flat Minima Optimizer2 Ctfet =A< Ytte} ds ek 2t o= THErE
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