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Flat Minima in Deep Learning

In many cases, L[ZZ?“
DL = Minimising a loss function [(8)
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Q) Which is better, 8, or 657?
A) We prefer 8, to 8 even though [(8,4) > 1(85)

Why? Because 68, is more robust.
Imagine some perturbation: 8, > 6',, 65 > 0’5 = 1(6',)) K 1(0'y)
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Let’s seek for a Flat Minimum

0,0, 6505
Flat min Sharp min

Flat minima = Robust models
= Resilient to data noise or model corruption
(often encountered in Al applications)

But, how?



Foret et al, 2021)

Sharpness-Aware Minimization (SAM)(

ldea of SAM:
Define a robust loss [X(60) as worst-case loss within a neighborhood of 8

1% ()

[%(6) = max 1(8 + €)
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Sharpness-aware minimization for efficiently improving generalization, Foret et al., ICLR 2021 4



SAM (Foretetal, 2021) js Efficient

Computing VI%(8) only amounts to evaluating two gradients!

VIR(9) ~ VI(O + €*)

i =

[%(6) = max 1(8 + €)

€EENg
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Neighborhood around 6
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Ng = {€: ||le|| = y} (Euclidean ball)
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But, SAM has an Issue

It’s about the Euclidean neighborhood in SAM:

(%(6) = gnl(e + €) Ny = {e: |lel| < y)

But the parameter space is usually not Euclidean!
* [(6) depends on 6 through p(y|x, 0), eg, 1(6) = E, ,[—logp(y|x,0)]
* The distance measure d(6,60") is Fisher information metric:

, 16— 8|
d(6,0") «

(foro~0) (0—6")"F(6)(6—06" « F(0) =E,4[V1ogp(y|x,0) Vlog p(y|x,0)7]

(Approximated by Diagonal Empirical Gradient-Magnitude)
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(Our Approach) Fisher SAM

|dea: Use Fisher-driven neighborhood instead of Euclidean

lFSAM (9 ) —

max [(0 + €)

eTF(O)e<y?

Vipsam (8) = VI(O + €7)

"

€r ~
FSAM
F(6)~171(0)

lsam (6) =

max [(6 + €)

2
|lel]”<y?

y\/Vl(H)F(H)‘lvl(H)
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o, 7O
SAM = V\vice)]]
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lllustration: 2D Toy Example

[(#) = —log (ale_El(Q)/ﬁf + age_EQ(g)/ﬁg), where

E;(0) = KL(p(a; 0)||N(25my, 57)), i = 1,2. p(x;0) = N(x; p, %)

Sharp minimum gsharp

(l(asharp) = 0.49) \
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Flat minimum @/!at

(I(rlat) = 0.51)

We want to land here!

Initial iterate



(Our) Fisher SAM
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(COmpetith) SAMForetetal, 2021)
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Results on Image Classification

 Compare generalisation performance of:

SGD = vanilla (non-robust) optimization
SAM (Foret et al. 2021) = robust optim w/ Euclidean-ball neighborhood
ASAM (Kwon et al. 2021) = robust optim w/ parameter-scaled neighborhood
FSAM = proposed Fisher SAM (Fisher info neighborhood)

(Datasets = CIFAR-10/100 / 8 different neural networks)

Table 1. Test accuracies on CIFAR-10 and CIFAR-100.

CIFAR-10 CIFAR-100
SGD SAM ASAM FSAM SGD SAM ASAM FSAM

DenseNet-121 91.83%013 92 44028 g9 70030 | 92,8117 || 71.26%0-1°  72.83%0.01 73 10%0-28 | 73,15=0-33
ResNet-20 02.91%0%-13 92 9g=0-16 g9 go+015 | 03 18011 || 68.24%"3* 68617720 grE8T0M | 69.04F0C
ResNet-56 05.37%10-06 95 50%0-14 g5 631007 | 05715008 || 75 52%0-2T 76 44%0-26 76391014 | 76 86016
VGG-19-BN 05.70F%-9%  096.11%"9? 095971010 | 06,1707 || 73.45%932  77.25%02 74 361019 | 77.86F"-22
ResNeXt-29-32x4d 79.36%019 82 632016 g9 411031 | 89.99+0-15
WRN-28-2 05.56%"22  96.28%" 1 06251007 | 06,5108 || 78 85+0-25 79 g7l go.17t014 | 8p.22+0-26
WRN-28-10 07.12%%-10  97.56%5-06 97631004 | 07.8050-07 || 83.47%%21 R85.60%°0° 85.20t01% | 85.60="-1!
PyramidNet-272 97.73+0:04  97.091F%02 9791001 | 97,0301 )| 83.46T"-02  85.10F%%  8505T0-1! | 86,9371
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Transfer Learning

* Setup

* From the vision transformer model (ViT-base) pretrained on ImageNet,
* We finetune the model on CIFAR-10 with different losses (SGD/SAM/FSAM)

e Results (test accuracy %)

“ SAM (Foret et al) | ASAM (Kwon et al) m

87.97 + 0.12 87.99 + 0.09 87.97 £ 0.08 88.39 + 0.13
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Robustness to Data Noise

* Injecting label noise (perturbing the loss)

* We inject label noise by randomly flipping class labels in training data
* Different noise levels: 20/40/60/80%

e Check which of SGD, SAM, ASAM, and FSAM is the most robust
e Backbones: ResNet-32 Datasets: CIFAR-10

Table 2. Test accuracies on CIFAR-10 with label noise.

Noise rate SGD SAM ASAM FSAM
0.2 87.97°°0%  03.12°92% 02,267 ] 93.037%1
0.4 83.60="-%%  90.54+%19 88479 1900.95=""
0.6 76.97=0%1  85.39+9°%  82.32=0°% | 85.76=" 2
0.8 66.327027 7431192 7056707 | 74.667°°




Robustness to Parameter Perturbation

* Setup

» After training models with SGD/SAM/FSAM,

we adversarially perturb the
learned model parameters to
see how test accuracy drop.

* Perturbation magnitude
varies (from weak to strong).

 Backbone =ResNet34,
Data = CIFAR-10

Test accuracy (%)
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Theoretical Justification

The following holds for any 68 w.p. atleast 1 — 6 over S

+ log =
- 6
Lellp(0+€)] < lpgan (0 —
/ \ n 1
Geometry-aware Generalisation Trammg
perturbation, error data dlm(H) Size of S

e~N(0,p?F~1(0))



Conclusion

* A novel sharpness-aware loss that respects the underlying (Fisher)
geometry of the parameter manifold

* Empirical evidence + theoretical bound on generalization error

* Possible future works
* Combined with natural gradient updates
e Distributed gradient update (related to Federated Learning)



Thank you!
Q&A



