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Al that learn like humans

Quickly adapt to learn new skills, throughout
their lives



Human Learning at
the age of 6 months.




Converged at the
age of 12 months




Transfer
skills

at the age
of 14
months




Fail because too slow to adapt

https://www.youtube.com/watch?v=Txobt WAFh80 6



https://www.youtube.com/watch?v=TxobtWAFh8o
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Quickly adapt to learn new skills, throughout
their lives



Thomas Moellenhoff

Robust Deep-Learning

» Sharpness-Aware Minimization (SAM)[1]
— Huge improvements over SGD/Adam
— Now used to train all sorts of models

— Improves test accuracy for trained neural networks (ResNets
[1,2,3], Vision-Transformers [4], Language Models [5], ...)

— Also improves robustness [3], calibration [2], interpretability [4],
transfer-learning [4], compressibility [5], federated learning [6]

* Why does it work, and how to improve it?
« SAM as an “optimal” relaxation of Bayes [7]

1. Foret et al. Sharpness-aware minimization for efficiently improving generalization. ICLR 2021.

2. Wu et al. Adversarial Weight Perturbation Helps Robust Generalization . NeurlPS 2020.

3. Zheng et al. Regularizing Neural Networks via Adversarial Model Perturbation . CVPR 2021.

4. Chen et al. When Vision Transformers Outperform ResNets without Pretraining or Strong Data
Augmentations. ICLR 2022.

5. Na et al. Train Flat, Then Compress: SAM Learns More Compressible Models. EMNLP 2022.

6. Qu et al. Generalized Federated Learning via Sharpness Aware Minimization. ICML 2022.

7. Moellenhoff and Khan, SAM as an optimal relaxation of Bayes, arXiv, 2022.




Flat Minima in DL

* Empirical [1] and theoretical [2] evidence suggest that
finding “flat minima” is desirable

— Several ways to bias the learning towards flatter
minima, e.g., in SGD via batch-size or learning rate

1. Jiang et al., Fantastic generalization measures and where to find them, ICLR 2020.
2. Dzuigate and Roy, Computing nonvacuous generalization bounds for deep (stochastic) neural
networks with many more parameters than training data, UAl 2017..



Flat Minima via Learning Rate in SGD

(By Thomas Moellenhoff)



Flat Minima via Adversarial Weight-

Perturbation

SAM:

sup £(6 + €)

lel<p
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See Section 1.2, Eq 2 in Khan and Rue, 2021

Flat minima via Bayesian Learning

min £(0) vs min K ) [0(0)] — H(q)

0 q€ TQ Entropy
[E/V(9|m,02)[f(9)] Gaussian approximation
sigma = 0.01 * First term“smooths” the loss
==Original lcss by weight perturbation

—Bayaslan loss

E ye10.00)l€(m + €)]

 Similar mechanism to SAM
by it is the “expected-loss”
instead of “max-loss”

« An advantage of Bayes is

e — S S that the second term can be

used to estimate ¢

1. Foret et al. Sharpness-Aware Minimization for Efficiently Improving Generalization, ICLR, 2021
2. Smith et al., On the Origin of Implicit Regularization in Stochastic Gradient Descent, ICLR, 2021
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SAM as an Optimal relaxation of Bayes

SAM: sup 4 ((9 + 6)
lel<p
w
A
Our work:
P Fenchel
Biconjugate
0
P\
Bayes:

[EGNA/(O,Gz)[f(e + 6)]
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SAM as a relaxation of Bayes
SAM (red star) upper bounds the Bayesian [Eq[f |
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Optimal relaxation: Fenchel Conjugate

SAM minimizes the best-concave upper bound to
E q[f ] wrt the mean, while keeping variance fixed.

variance = 0.000
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Legendre-Fenchel Transform

Nowcouvex

foveou 3

Fenchel conjugate Our bound is obtained in the 2D space
y of “expectation parameters” of
Jr0) = Sgg (v, u) = fw) Gaussians win mean @ and variance v
- _ 2
Fenchel biconjugate Expectation parameter u —/(va), w” + \T/)
FER) = sup (u, v) — F5() Mean Variance
<y fw) = Ego [-£(0)]

»'.’n k), «!

The bound in the previous slide is
in (w, v) parameterization



Relaxed Bayesian Objective

* The relaxed objective

L(qn) = Lramea(qe) = f7 (1) — Dy [9.(0)]|p(8)].

* This is a difference of convex objective, for which
there is a dual problem [1] Natural parameter

max f**(u) = g(u) = max [—f*(ﬂ)+g*(/1)]

* Inour case the dual problem can be rewritten in the
following form:

. - , . 1 T P
Erelaxed (M, 0;0°) = |sup £(m + €) — FHGHQ —||mH - — log(a 5,

— log Z

S

[1]John F Toland. Duality in Nonconvex Optimization . Journal of Mathematical Analysis and Applications, 1978. 17



Our Result: Relaxed Bayes is SAM!

5 P
Eretaxed (M., 0;8") = [sup £(m + €) — —||e|| —HmH - — log(a 8),

— log Z

o)
Esap(0;p,0) = [ sup f(9+€)] +5||9||2

llell<p

Theorem 2. Forevery (p, ), there exist (o,d") such that

- - . -,
aremin Eoam(0: p.0) = arg min &,epped(M, o; 0" ).
“oco (6;p,0) gmc@ reluzed (T, 0 0)

Essentially, for fixed variance, we can always
recover SAM’s solution by minimizing the relaxed-
bases objective with respect to the mean



Improving SAM

We can obtain the variance by optimizing the
relaxed Bayes objective. Below is the Fenchel
biconjugate where a covariance X is used
f™ ()= min sup €(m + €) - £ |E3"%‘c:||2 — + Egng, [l |2'%(9- m)||'“']
meRP beRY | ecrP 2 T ] 2

Covariance

We use the Bayesian learning rule (BLR) [1] to do
that, because it gives an Adam-Style objective

A (1=—a)A+a[Vi*(n) + Xl

| | |
Natural parameter  Natural gradient  Prior

[1] M. E. Khan, H. Rue. The Bayesian Learning Rule arXiv:2107.04562, 2021. 19



Bayesian-SAM

An Adam-style algorithm, derived using the BLR, where

“perturbation-size” is adjusted by using o’ (or s)
SAM with RMSprop SAM with BLR
g1 + V(6) g1 < V£(0), where § ~ N (m,o?)
€< P I €< p‘(ﬂ
g1
g« V(0 + €) g« V(0 + )
s (1 —p)s + pg* s (1—p)s+pVs|gi
0 0—a(/s+6)tg  mem—als+d) T Vel(h)
o2 (s + 5)_1

1. Foret et al. Sharpness-Aware Minimization for Efficiently Improving Generalization, ICLR, 2021
2. Moellenhoff and Khan, SAM as an optimal relaxation of Bayes, https://arxiv.org/abs/2210.01620, 2022 ;¢



Improving
“overconfident” SAM
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Results on Resnet-20 (200K params)

and ResNet-18 (11M params)

Model / Method Accaracy T NLL | ECE | AUROC 1

Datzset T ih.gher is bexter)  ilowerisbeter)  (Jower s better)  ‘hogher is better)

SGD 91.68¢.26) 0.28(9.008; 0.0397 gy 09159 goz)

ResNet-20-FRN ! SAM-SGD 92.29(0_39] C.Qs(o_m‘n; 0.0266.0 00%) 0 92:)(0 00ns)
CIFAR-10 Adam 8.9‘.97((,.37] (}.41(0_(—,91; 0.0610,, 003) 0] .‘XU((, 003)
SAM-Adam 91.570.21) 0.2€¢0.00a;  0.03290 0pz) 09189 001)
bSAM (ours) 92.16(¢.16) 0.23(0.003; 0.0057 0 0n2) 0.925(0 on1)

SGD 66.480.00p  1.20(0.007, 0.0524i0004) 08460 00g)

ResNet-20-FRN/ SAM-SGD 67.2T(022) 11900117 0.048Li0051y 08454 ooy
CITAR-1D0 Adam 61 .70((1_.37] 1.0(‘:(0-0.19: 0. 1582.0 00€) 0 825(() 0ns)
SAM-Adam 65340, 1230 0018800, 08170 0nc)
hSAM (OI“) 68.22(044) 1.1 0(0.013; 00258,0 003) 0857(0 00n4)

SGD 52.01(0.36) 198000 0.0330i0 002y 0.832(0.002)

RcsNet-20-FEN /! SAM-SGD 52.25(0_2(,‘1 1.97(0_013" 0.0155.(, %) 0 827(() 0nE)
TinyImageNet Adam 49.04 (¢ 35) 21404 024;  0.0502/4 g5, 08204 004
SAM-Adam 01.27(0.43) 2.02¢0.011; 0.0460 0 004) D 8250 004)
bSAM (Ul.l'b) 52.90(0.35) 1.94(0.0(91 0.0199|0 002) 0.881(0 on1)
ResNet.1g/ SGP 0476011 02Looos) 0.0304000)  0.926(0.000
CIFAR—IO SAM‘SGD .(:'-.).72((]_1,‘) C.lcl((,J',(,;) 0.0134:0.0.)1] 0.949((]_01)3)
bSAM (ours) 96-15((].08) 0.12(p.002) 0-004910.001] 0.954(0.0m )
R3SNCI-[8 / SGD Zﬁ.-r'l‘d((],ﬁﬁ') C-gg(l).(,(,-l') n,n.’")(;]l:(,_(,.',g] n.gﬁg(u'uu";)
CIFAR-:00 SAM-SGD ‘8-74((1. 19) c'7'(](l).(')()7) 0.0445 ¢ gp2) 0.88 {(0.003)
' bSAM (ours) 80-22(().23) 0. 70{1).(‘)4)&) 0-0311j0.un)3] 0-892(0.01’)3)



Bayesian SAM is less sensitive to
hyper-parameters

ResNet20-FRN / CIFAR-100
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The webpage is available at https://bayesduality.github.io/, and Twitter account @BayesDuality

The Bayes-Duality Project

Toward Al that learns adaptively, robustly, and continuously, like humans
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