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TL;DR

We investigate the benefit of Cutout and CutMix for
learning “features” from data, and show
ERM < Cutout < CutMix in extracting rare features
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A popular approach for identifying the mechanism of feature learning
IS through the assumption of feature-noise data distribution.

Initially proposed by [Allen-Zhu & Li (2023)], first arXived in 2020,
the framework has been widely adopted, helping us understand

‘Vanilla training vs ensemble vs knowledge distillation (ziico-znw & i (2023);
‘Benign overfitting in 2-layer CNNS (cao et a1 (2022); kou et a1. (20231

*GD vs Adam vs momentum GD (7o et a1, (20238); setassi & 1 (2022))

*Vanilla training vS MIXUP (zou et a1. (20235); chidambaram et al. (2023);

-and many more...
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Data Distribution

We now define our feature-noise data distribution (X, y) ~ <.

Label y € {£1} is sampled uniformly at random, and
data point X = (x1, ..., x") consists of P "patches" of three different kinds:

X € R9XP One Feature Patch

1 2 3 4 5) (P) . :
x( o x@ xG x@® oy X One Dominant Noise Patch

. P-2 Patches
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Feature Patch. For each given label y € {£1}, oooxT A 2 X X
there are K feature vectors {V, ; } ek .
which occur with conditional probabilities {p; } k-

There are three kinds of features, with different levels of rarity (small p, means rare)
-Common % - C [K], with frequency p, = O(1) fork € & -

-Rare % , C [K], with frequency p, = O(pgr) = o(1) for k € F

-Extremely Rare %  C [K], with frequency p, = O(pr) = o(py) fork € F

Given the choice of y, choose V from {V, ; },<(x) With probability {py } ek @nd
position p™ &€ | P] uniformly at random, set x(P*) =

K
Here, {V, ;}c(+1) ek i Orthonormal, p; > p, > ... > pg, and Zk_lpk = 1.
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Dominant Noise Patch.
Sample patch index p # p*. Set

where au is "feature noise" and &) ~ N(0, 0§A).
The feature noise is drawn u ~ Unif{v_, ;,V_; | } to model "confusing" features.

Patch. The remaining P — 2 patches p € [P]\{p*, p} are filled with
independent and identically distributed Gaussian noise x'?) = &) ~ N(0, GSA).

Here, A =1 — Z VS’kVIk and o4 > o.
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X)) = > ¢ (<W1,X(P)>) -y ¢ ((w_l,x@)))

pE[P] PE|[P]

If fiw(X) > 0, predict y = + 1, and vice versa.

The activation function @ is a smoothed leaky ReLU activation, defined as

1 —
Z_( pr 7> 7
2
_ 1 —
Pz z<0

where 0 < ﬁ < 1l and r > 0. Graph of ¢ for f = 0.02, r = 0.2
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Assumptions...

Key to the proofs + main limitation of this data distribution:

We focus on high-dimensional patch vectors (i.e., require large enough d)
to use near-orthogonality of isotropic Gaussian vectors.

A set of assumptions on the problem parameters needs to be placed;
example configuration of parameters that works is:

T = @(d—O.Z)’,r — @(d_0°2),

1
B B B 0.4 _ —0.02 _
P—S,C—Z,n—@(d )7a_@(d )’ﬁ_polylog(d)

o4 = O (d—0.305) O}, = O (d—0.375) PR = O (d—O.l) PE = O (d—0.195) n = @(d—l)
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Assumption B.1. The following conditions hold.

Al

A2

A3.

A4.
AS.

AG.

AT.

AS8.

. (The number of patches) P = ©(1) and P > 8.

. (Overparameterized regime): n = o (ozﬁa;labd% / polylog(d)).

(Sufficient feature data): For all k£ € [K|, pxn = w (n% log d).

(Common feature vs dominant noise): For all k € K¢, pr = O(1) and o3d = o(8n).

(Rare feature vs noise): For all k € Kg, p = ©(pr) wWith prn = o (a*c3d/polylog(d)) and
opd = o(Bprn).

(Extremely rare feature vs background noise) For all k € Kg,pr = O(pg) with pgn =
o (a?aid/polylog(d)).

(Strength of feature noise) o = o (n~!Bo3d/polylog(d)).

ooo3d,r = o (a/polylog(d)),n = o (rogzd_l/polylog(d))
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Training Data: {(X;, ¥, };ciu 9

We define ERM loss as

1
Zerm(W) = " Z ¢ (Vifw(X)),

1€|n]

where £( - ) is the logistic loss £(z) = log(1 + exp(—2)).
We consider GD on ERM loss L ry(W) with learning rate 7.
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P
Augmented Data: Foreachi € [n]and € & <[C]) BB I
(P
X, Tp &€
X g= (Xf%,... (P)) where fz%_ { : p & o
0 otherwise

We define Cutout loss as

1
gCutout(W) = ; Z _%”N@c—gf(yifW(Xi,%)) -

1€|n]

We consider GD on Cutout loss £’ u( W) With learning rate 7.

P
We fix | < C < P/2. D is a uniform distribution on <[C] )
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Training Procedure 3: CutMix

Augmented Data: Foreachi,j € [n]and & C [P]. J J
(p)
x” ftped
Aijs = (X(l) X\ ) where x\P) = l r .
l]CS) L], 0579 ¢ oo l]CSj l]cSj X](p) Otherwise

We define CutMix loss as

Z CutMlx(W)

] | & y < | | S| p X
n2 S~D ¢ p (ylfW( i,j,CS’)) + — P (y]fw( i,,j,§)) :
1,J€[n]

We consider GD on CutMix loss £ - nvix( W) with learning rate 7.

| P]
9 ¢ is a distribution such that: 1. uniformly choose size s € {0,1,..., P}and 2. uniformly choose & from < .
)
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Main Results - ERM

Theorem 3.1 (Vanilla Training)

Let W pe iterates of ERM training. Then with high probability, there exists
Itryv such that any T' € [Tgry, 7] satisfies the following:

1. (Perfectly fits training set): For all i € [n], y; fiwr(X,) > 0.

2. (Random guess on new data with rare and extremely rare features):

1
PoxoalfweX) >0l 1=— 3 p,
keEFK UK

Here, 7% is any large enough (polynomial in d) admissible training iterations
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Theorem 3.2 (Cutout Training)

Let W pe iterates of Cutout training. Then with high probability, there
exists Tryione SUCh that any T' € [T our 1] satisfies the following:

1. (Perfectly fits augmented data): For all i € [n] & < (“Z ]), yifwr(X; ) > 0.

2. (Perfectly fits original training data): For all i € [n], y, fiva (X)) > O.

3. (Random guess on new data with extremely rare features):

1
Poxyealifwn(X) > 012 1=— 3" p,
keH
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Main Results - CutMix

Theorem 3.3 (CutMix Training)

Let W pe iterates of CutMix training. Then with high probability, there
exists some 1" € [0,7T%*] that satisfies the following:

1. (Near Convergence): HVW‘SZCutMiX (W(T))H ~ ()

2. (Perfectly fits original training data): For all i € [n], y, fiva(X.) > O.

3. (Almost perfectly classifies test data): Py, o [yfwn(X) > 0] = 1.



Main Results - Summary

Training Method

\ Rarity Common Rare SUCINEWAREE

ERM (Vanilla
Training)

Cutout
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Proof Overview

There are two ways for the model to “fit” training data B

1. It could extract the feature vector Vik

- The model will generalize to test examples having the same feature v

“Benign overfitting”
2. It could memorize the noise fi(p) in the data point

- Feature vector will not be learned because loss gradient already ~ ()
» Memorized noises are (near-)orthogonal to patches in test examples

* The model will make random guesses on test examples having

features that it failed to learn “Harmful overfitting”
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Consider ERM with the case a = 0.
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(WD, e0) w0y (W, €2 = Lo g (X)) ((wff% 5,@)) £
n

Here, WS,k denotes the set of data with feature vector v
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Vi AW V) = v (W Vi)
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The main factor for the speed of learning features and noises
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Consider ERM with the case a = 0.

<W(t+1) v, > y, <W(t), Vsk>

‘ (yij(t)(Xj))¢,(<W§t)’ Vsk )

The main factor for the speed of learning features and noises
are number of feature occurrence and

N <W§t+l), 5i<p>> <W(t) 5<p>> _ _Lw(yl Frva(X)) <<W§z>, §i<p>>) £

Common features > dominant noise > rare features>> background noise>>> extremely rare feature
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Proof Overview - ERM and Cutout

Consider ERM with the case a = 0.

(WD v ) = 3 (WOv) =5 Y £ O ((wEv) )

]E%

The main factor for the speed of learning features and noises
are number of feature occurrence and

yl-<w§t+”, 5i<p>> < (0 5<p>> _—f’(yl Fwo (X))’ < (0 é:(ﬁ) £ ’

B Cutout
Common features > dominant noise >{ rare features>> background noise>> extremely rare feature

Here, 7' | denotes the set of data with feature vector v,
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Proof Overview - CutMix

For CutMix, the evolution of inner products is no longer monotone!
Instead, we characterize the global minimum of CutMix loss.

Surprisingly, at the global minimum the model has "even" outputs for
all patches (features and noise) regardless of the frequency and strength.

DRI

We prove the convergence to a global minimum based on descent lemma.



Experimental Results in Our Setting
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Summary

* Cutout enables learning rare features that cannot be learned through
vanilla training, by mitigating noise memorization.
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* Cutout enables learning rare features that cannot be learned through
vanilla training, by mitigating noise memorization.

e CutMix can learn all rare features that Cutout cannot learn,
by learning all features and noise vectors evenly regardless of the rarity

and strength.

 Future direction: Remove the high-dimensional requirement d? Extension
to other techniques?
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