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Supplementary material: Improving Generalization by Controlling Label-Noise Information in
Neural Network Weights

Algorithm 1 LIMIT: limiting label information memorization in training.
Our implementation is available at https://github.com/hrayrhar/limit-label-memorization.

Input: Training dataset {(z(?), y(")}7_,.
Input: Gradient norm regularization coefficient 8. {\ is set to 1}
Initialize classifier f(y | z,w) and gradient predictor gy (- | X, g<¢).
fort =1..T do
Fetch the next batch (x4, y;) and compute the predicted logits ay.
Compute the cross-entropy gradient, g~ < s(a;) — y:.
if sampling of gradients is enabled then
gt ~ 4o (- | X, 9<1).
else
gt < ¢ {the mean of predicted gradient}
end if
Starting with g;, backpropagate to compute the gradient with respect to w.
Update w;_1 to w;.
Update ¢ using the gradient of the following loss: — log ¢ (F | X, g<¢) + 8]/ 4]/3-
end for

A. Proofs

This section presents the proofs and some remarks that were not included in the main text due to space constraints.

A.1. Proof of Thm. 2.1

Theorem A.1. (Thm. 2.1 restated) Consider a dataset S = (x,y) of n i.i.d. samples, x = {z(}?_ andy = {y®}7_,,
where the domain of labels is a finite set, ), with || > 2. Let A(w | S) be any training algorithm, producing weights for
possibly stochastic classifier f(y | z,w). Let 7(*) denote the prediction of the classifier on i-th example and e() = 1{g(*) #
v} be a random variable corresponding to predicting y(*) incorrectly. Then, the following holds

E

log (Y| — 1)

Zn:"’(i)] s Hiy1x) = Iwiy | x) = 3, HeW)

i=1

Proof. For each example we consider the following Markov chain:

) (1) )
o [ )

In this setup Fano’s inequality gives a lower bound for the error probability:
H(eW) +P(e” = 1)log (IV] = 1) > H(y™ | 21, w), (13)

which can be written as:

, H(y® | 2, w) — H(e®)
Ple® =1) > ’
(=12 = -1
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Summing this inequality for: = 1,...,n we get
G n @) | 20 ) — H(e®
(e < 1y Zhos (00 10,0~ 16)
i=1 log (|Y] - 1)
Sy (HyW | x,w) — H(e™))

- log (]¥] - 1)

o H(y | x,w) = 30, H(e®)

B log (|¥[ - 1)

The correctness of the last step follows from the fact that total correlation is always non-negative (Cover & Thomas, 2006):

S HYY | x,w) - Hy | x,w) = TC(y | x,w) > 0

i=1

Finally, using the fact that H(y | x,w) = H(y | x) — I(w;y | x), we get that the desired result:

E

"ol Hy %)~ Iy | x) = X0 H(e®)
(l) =1
2 ]Z log (V] = 1) ' (14)

A.2. Proof of Prop. 3.1

Proposition A.1. (Prop. 3.1 restated) If g; = 11, +¢;, where ¢, ~ N'(0, 621 ) is an independent noise and E [pf p1¢] < L2,
then the following inequality holds:

Ly | % 9<0) < 3o 1+ 2
g,y yg<t =35 3 dag .

Proof. Given that €; and p,; are independent, let us bound the expected L2 norm of g;:

E g7 9] = E [(e + o) (e + pt)]
=E [etTet] +E [,utTpt]
<do} + L*.
Among all random variables Z with E[Z7 Z] < C the Gaussian distribution Y ~ N (0, %I d) has the largest entropy, given

by H(Y) = 21log (%) Therefore,

2re(do? + L2
(o < L1og <7T<Ud+>> |

With this we can upper bound the I(g:;y | X, g<¢) as follows:

I(gt;y | X7g<t) = H(gt | X, 9<t) - H(gt | XaY7g<t)

= H(g: | x,9<t) — H(er)
d 2me(do? + L?) d )

< 3 log (; —3 log (27T€O'q) (15)
d L?

= glog (1 + da%)
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Layer type = Parameters

Conv 32 filters, 4 X 4 kernels, stride 2, padding 1, batch normalization, ReLU
Conv 32 filters, 4 x 4 kernels, stride 2, padding 1, batch normalization, ReLU
Conv 64 filters, 3 X 3 kernels, stride 2, padding 0, batch normalization, ReLU
Conv 256 filters, 3 x 3 kernels, stride 1, padding 0, batch normalization, ReLU
FC 128 units, ReLU

FC 10 units, linear activation

Table 3: The architecture of MNIST classifiers.

Note that the proof will work for arbitrary ¢, that has zero mean and independent components, where the L2 norm of each
component is bounded by 03. This holds because in such cases H (e;) < g log(27rea§) (as Gaussians have highest entropy
for fixed L2 norm) and the transition of (15) remains correct. Therefore, the same result holds when ¢; is sampled from a
product of univariate zero-mean Laplace distributions with scale parameter o,/ /2 (which makes the second moment equal
to o).

A similar result has been derived by Pensia et al. (2018) (lemma 5) to bound I (wy; (x4, y¢) | we—1).

B. Experimental Details

In this section we describe the details of experiments and implementations.

Classifier architectures. The architecture of classifiers used in MNIST experiments is presented in Table 3. The ResNet-
34 used in CIFAR-10 and CIFAR-100 experiments differs from the standard ResNet-34 architecture (which is used for
224 x 224 images) in two ways: (a) the first convolutional layer has 3x3 kernels and stride 1 and (b) the max pooling layer
after it is skipped. The architecture of ResNet-50 used in the Clothing1M experiment follows the original (He et al., 2016).

Hyperparameter search. The CE, MAE, and FW baselines have no hyperparameters. For the DMI, we tuned the learning
rate by setting the best value from the following list: {1073,1074,1075,106}. The soft regularization approach of (11)
has two hyperparameters: A and 8. We select A from [0.001, 0.01,0.03,0.1] and § from [0.0,0.01,0.1,1.0,10.0]. The
objective of LIMIT instances has two terms: AH,, , and 3| 11¢||3. Consequently, we need only one hyperparameter instead
of two. We choose to set A = 1 and select S from [0.0,0.1,0.3,1.0,3.0,10.0, 30.0, 100.0]. When sampling is enabled,
we select o4 from [0.01,0.03,0.1,0.3]. In MNIST and CIFAR experiments, we trained all models for 400 epochs and
terminated the training early when the best validation accuracy was not improved in the last 100 epochs. All models for
Clothing IM were trained for 30 epochs.

C. Additional Results

Effectiveness of gradient norm penalty. In the main text we discussed that the proposed approach may overfit if the
gradient predictor ¢4 (- | X, g<¢) overfits and proposed to penalize the L2 norm of predicted gradients as a simply remedy for
this issue. To demonstrate the effectiveness of this regularization, we present the training and testing accuracy curves of
LIMIT with varying values of 3 in Fig. AO. We see that increasing /3 decreases overfitting on the training set and usually
results in better generalization.

Detecting incorrect samples. In the proposed approach, the auxiliary network ¢ should not be able to distinguish correct
and incorrect samples, unless it overfits. In fact, Fig. A1 shows that if we look at the norm of predicted gradients, examples
with correct and incorrect labels are indistinguishable in easy cases (MNIST with 80% uniform noise and CIFAR-10 with
40% uniform noise) and have large overlap in harder cases (CIFAR-10 with 40% pair noise and CIFAR-100 with 40%
uniform noise). Therefore, we hypothesize that the auxiliary network learns to utilize incorrect samples effectively by
predicting “correct” gradients. This also hints that the distance between the predicted and cross-entropy gradients might
be useful for detecting samples with incorrect or confusing labels. Fig. A2 confirms this intuition, demonstrating that this
distance separates correct and incorrect samples perfectly in easy cases (MNIST with 80% uniform noise and CIFAR-10
with 40% uniform noise) and separates them well in harder cases (CIFAR-10 with 40% pair noise and CIFAR-100 with 40%
uniform noise). If we interpret this distance as a score for classifying correctness of a label, we get 91.1% ROC AUC score
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Figure AQ: Training and testing accuracies of “LIMITg — S” and “LIMIT — S” instances with varying values of 5 on
MNIST with 80% uniform label noise. The curves are smoothed for better presentation.
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Figure A1: Histograms of the norm of predicted gradients for examples with correct and incorrect labels. The gradient
predictions are done using the best instances of LIMIT.

in the hardest case: CIFAR-10 with 40% pair noise, and more than 99% score in the easier cases.Motivated by this results,
we use this analysis to detect samples with incorrect or confusing labels in the original MNIST, CIFAR-10, and Clothing]M
datasets. We present a few incorrect/confusing labels for each class in Figures A3 and A4.

Quantitative results. Tables 4, 5, 6, and 7 present test accuracy comparisons on multiple corrupted versions of MNIST and
CIFAR-10. The presented error bars are standard deviations. In case of MNIST, we compute them over 5 training/validation
splits. In the case of CIFAR-10, due to high computational cost, we have only one run for each model and dataset pair. The
standard deviations are computed by resampling the corresponding test sets 1000 times with replacement.
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Figure A2: Histograms of the distance between predicted and actual gradient for examples with correct and incorrect labels.
The gradient predictions are done using the best instances of LIMIT.

Method p=0.0 p=0.5
n=10° n=10* All n =103 n=10* All

CE 9434+05 984+02 992+00 71.8+43 93.1+06 97.2+02
CE + GN 8905+08 954405 97.1+05 705435 923+07 97.4+0.5
CE +LN 90.0+05 953+06 967+07 668+13 920+15 97.6+0.1
MAE 946+05 983+02 99.1+01 756+50 957405 98.1+0.1
FW 93.6+0.6 984+0.1 992+01 643+91 91.6+20 97.3+03
DMI 945+05 985+0.1 992+00 798+29 957403 983+0.1

Softreg. (11) 95.7+0.2 984+0.1 992+0.0 764+24 957+00 982=£0.1
LIMITg+S 956+£03 98.6+01 993+0.0 828+46 97.0+0.1 98.7+0.1
LIMIT; +S 948+£03 98.6+02 993+00 887+38 97601 98.9+0.0
LIMITg - S 95.7+02 987+01 993+01 833+23 97.1+02 98.6=£0.1
LIMIT, - S 95.0+02 987+01 993+01 882+29 97.7+01 99.0+0.1

Table 4: Test accuracy comparison on multiple versions of MNIST corrupted with uniform label noise.

Method p=0.8 p=10.89
n =103 n=10* All n=10° n=10* All

CE 270+38 699+26 872+10 103+16 134+33 132418
CE + GN 259+46 5194105 853+83 104+45 102433 11.1+04
CE +LN 302+48 53.1+64 745+19.1 119+39 88454 14.1+43
MAE 251+33 746+27 932+1.1 109+14 121+39 17.6=+8.1
FW 190+41 612+50 89.1+21 87+28 114+14 123+18
DMI 303+51 790+15 888+09 105+12 141+51 125+15

Softreg. (11) 28.8+22 67.0+£1.9 89.3+06 103+16 105+08 12.7£2.6
LIMITg +S 359+63 80.6=*28 934+05 10010 143+£54 13.1+43
LIMIT, +S 356+32 933+03 976 +03 101+£0.7 125+21 283+8.1
LIMITg - S 371 +54 820+£15 94.7+£ 0.6 99+10 126+03 160+£59
LIMIT, - S 359+43 939+0.8 977+02 11.1+£07 11.8+1.0 28.6+4.0

Table 5: Test accuracy comparison on multiple versions of MNIST corrupted with uniform label noise.
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Method p=20.0 p=0.2 p=04 p=20.6 p=0.8

CE 927403 8524+04 81.0+04 69.0+0.5 388=+0.5
MAE 8444+04 854+£04 646+05 1544+04 120£03
FW 9294+03 8624+03 8144+04 697+05 344105
DMI 93.0+03 883+03 850+£03 725+04 389405
LIMIT¢g 93.5+0.2 90.7+03 866+03 737+04 387+0.5
LIMIT, 93.1+03 915+03 882+£03 757+04 358405
LIMITg +init. 933+03 924+03 903+03 819+04 44.1+0.5
LIMIT, +init. 93.3+0.2 922+03 902+03 829+04 443105

Table 6: Test accuracy comparison on CIFAR-10, corrupted with uniform label noise.

bootstrapping the test set 1000 times.

The error bars are computed by

Method p=20.0 p=0.1 p=20.2 p=20.3 p=04

CE 927+03 900+03 881+£03 872+03 81.8+04
MAE 844+04 886+03 832+£04 721+£04 61.14+05
FW 929+03 90.1+03 88.0+£03 868+03 846403
DMI 93.0+03 9144+03 906=£03 904+03 89.6+03
LIMITg 935+02 928+03 913+£03 892+03 86.0+0.3
LIMIT, 93.1+03 9194+03 91.1£03 888+03 842404
LIMITg +init. 93.3+03 933+03 929+03 90.8+03 883+0.3
LIMIT, +init. 93.3+0.2 93.0+02 923+03 91.1+03 90.0+0.3

Table 7: Test accuracy comparison on CIFAR-10, corrupted with pair noise, described in Sec. 4.2. The error bars are

computed by bootstrapping the test set 1000 times.
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Figure A3: Most confusing 8 labels per class in the MNIST (on the left) and CIFAR-10 (on the right) datasets, according to

the distance between predicted and cross-entropy gradients. The gradient predictions are done using the best instances of
LIMIT.
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Figure A4: Most confusing 16 labels per class in the Clothing1M dataset, according to the distance between predicted and
cross-entropy gradients. The gradient predictions are done using the best instance of LIMIT.




