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Supplementary Material

A. Discussion on the mutual information

The mutual information terms Z (B, B) and Z(Y', B) can be
expressed using entropy terms, #(+), as follows:

I(B, B) = H(B) — H(B|B),
Z(Y,B) = #(B) — H(B|Y).

Eg>

(A1)

From these,
I(B,B) - Z(Y,B) = —H(B|B) + H(B|Y). (A.2)

In this work, we train a bias classification head C,,x on top
of the encoder &, as specified in Sec. 3.4. If Cyyx perfectly
captures the bias encoded in the output of &, i.e., bias clas-
sification accuracy ~ 100%, then H(B|B) ~ 0. Since
the conditional entropy is non-negative, from Eq. (A.2) we
have:

I(B,B)=ZI(Y,B)+ H(B|Y) > Z(Y,B). (A3)

As a result, Z(B, B) remains an upper bound of Z(Y, B),
as long as the encoder output contains enough information
about the bias B for the classifier C,yy to leverage. This also
motivates periodic updates of the classifier Cyyx to preserve
the dependence between B and B.

Our setting might be viewed from another perspec-
tive. If we assume that our bias classifier Cyx is (nearly)
perfect, which implies H(B|B) ~ 0, then we can re-
place B with B in our definition of a biased model in
Sec. 3.1. The model can then be considered biased if
Z(Y, B) > Z(Y, B). In fact, if the mutual information be-
tween the predicted Y and B is large, while the latter is a
perfect prediction of the true B, it is suggested that the clas-
sifier C effectively predicts Y from the bias, and minimiz-
ing 7 ()A/, B) would help us to reduce the reliance on bias
B. Considering (under the assumption of perfect Cyyy) that
I(B, B) = (B, B) = H(B), we can derive the following
statement:

(A.4)

Thus, minimizing Z(B, B) is aligned with the goal of min-
imizing Z(Y, B).

Regarding theoretical guarantees, in Eq. (5), Z(B, B) is
implicitly assumed to be an upper-bound to Z(Y', B). This
condition is true when #(B|B) = 0, for which it is suffi-
cient that C,y is a perfect classifier (B = B), as discussed
above; the last condition, however, cannot be always en-
sured.

B. Reweighting of the cross-entropy loss

We assume that a model that has been trained by traditional
empirical risk minimization (ERM) is susceptible to bias
when there is a significant prevalence of bias-aligned sam-
ples in the training data [11, 27, 30]. We consider a dataset
with C' target classes y € ) and C bias classes b € B,
where each y is strongly correlated with one b. We denote
by b, the bias class correlated with the target class y. To ac-
count for bias during training, we modify the cross-entropy
loss function Lcg (7, y) by upweighting the bias-conflicting
group.

Let p be the proportion of bias-aligned samples in the
training set Dy,i,. We assume that the bias-conflicting
samples in Dy, are uniformly distributed across the pairs
{(y,b) - y € Y,b € B,b # by} —as is the case in the Bi-
asedMNIST [1] and Corrupted-CIFAR10 [7] datasets. In-
spired by reweighting based on the inverse frequency of the

groups [11, 27], we assign weight Il = %‘ to bias-aligned
samples, and r+ = 1’“% for bias-conflicting samples, where
P

El and k- are constant factors w.r.t. p. Let r; denote the
weight assigned to the j-th sample. To find k!l and &+, we
impose two constraints:

@) Zlﬁ"f‘“l 7j = |Diain| (normalization), which can be
rewritten as

r”plptrainl + Tl(l - p)|Dtrain| = |Dtrain|

= rlptrt(1-p) =1 = Kkl +rt =1
(B.1)
(i) If the dataset is unbiased, all samples should receive
the same weight, i.e.: p = % — rl =L, from where
we write

LA — kt=(C -1kl B.2
= = — . .
16 =11/ (©-1) ®2)
From Equations (B.1) and (B.2), we obtain El = é and
kL= 7051. Hence: rll = Cip and rt = c%__lp).

Choice of weights for the datasets considered. In Bi-
asedMNIST and Corrupted-CIFAR10, we have C' = 10,
therefore: rll = ﬁ and rt = m.

In the training set of CelebA [18], we observe an
imbalance in terms of distribution of the target class
(BlondHair) [8, 24]. In effect, most samples are labeled
as dark-haired. For that reason, while reweighting the loss,
we wish to take into consideration not only the spurious
correlation between the gender and the hair color, but also
the aforementioned class imbalance. Let cg denote the pro-

portion of blond-haired samples in the training set. Let pp



represent the proportion of women inside the blond-haired
group, and let pp be the proportion of women inside the
dark-haired group. Following the idea of loss reweighting
based on inverse-frequency of the groups [11, 27], we de-
note by

Dk
(1—pp) (1—cs) ’
wD _ kP
r ~ pp(1—cp)’ B3
MB EMB (B.3)
T T T
WB
PWB _ & 7
PB CB

the weights assigned for samples identified as dark-haired
men, dark-haired women, blond-haired men, and blond-
haired women, respectively, where kMD WD MB g5 | WB
are constant factors with respect to pp, pg and cg.

Similarly to the reasoning that led to Equations (B.1) and
(B.2), we set the following constraints for CelebA:

@) Z‘JZ‘{' 7j = | Dyain|, which is equivalent to

™P(1 — pp) (1 —cg) +7"Ppp (1 — cp)+
+rMB(1 — pg)eg +rVBpp g =1 (B.4)
— kMD+kWD+kMB +I€WB =1.
(i) pp = 5 = P = VP which in turn can be
rewritten (from Eq. (B.3)) as
]CMD _ kWD — k,MD _ kWD.
(1-3)(1—cs) 3(1—cp)
(B.5)
(iii) pg =3 = r™® =rVB which (from Eq. (B.3))
is equivalent to

kMB kWB
=1 — KM=k (B.6)

(1 — 3 CB bl CB
(lV) CB = % — TMD(]_ — PD) (1 — %) + TWDPD (]. —
Ly = MB(1 - L4 rWBpg L (ie., if the traini -
5) = pB) 5 +7"°pB 5 (i.e., if the training set con
tains the same amount of dark-haired and blond-haired sam-
ples, then the total weight assigned to the dark-hair group
should be the same as the total weight of the blond-haired
group). The second member of the implication is equivalent

to

r™P(1 — pp) +rVPpp = rMP(1 — pp) + VB pp
e EMD 4 WD _ LMB 4 L.WB (B.7)
Solving the system defined by Equations B.4, B.5, B.6

and B.7 leads to kMP = WP = [MB = [WB — 1. Finally,
by substituting these constants in Eq. (B.3), we obtain

FMD _ 1

4(1-pp) (1—cs)’
TWD _ 1

T 4pp(l—cp)”’
(1=cs) (B.8)

FMB _ 1

4(1—pB)CB ?
TWB _ 1

"~ 4ppce’

In Multi-Color MNIST [17], each image is associated
with two bias labels: the left color b, € By, and the right
color bg € Bg, with |BL| = |Br| = C. We assume that each
bias label is individually correlated with the target label as
before, in the single-bias case. Let pp. and pgr denote the
proportion of bias-aligned samples w.r.t. by, and bg, respec-
tively. We follow [21] and assign the weights

rhll = 1
PLPR’
L — 1
r =
pL (1—pr) ’
(1=px) (B.9)
Pl — 1
(I—pL) pr
rLl — 1
(I1—pL) (1=pr) ’

to the samples in the groups (aligned, aligned), (aligned,
conflicting), (conflicting, aligned), and (conflicting, con-
flicting), respectively, where the first position of the pair in-
dicates whether the group is bias-aligned w.r.t. the label by,
and the second position indicates whether it is bias-aligned
w.r.t. br.

In CivilComments, the data is divided into four groups,
according to the pairs (y,b), and the loss reweighting is
analogous to the one applied to CelebA.

C. Description of the datasets

We present here an extended description of the datasets em-
ployed for the experiments.

BiasedMNIST. Proposed by Bahng er al. [1], it con-
sists of a synthetic dataset built upon the classic MNIST
dataset [15] by adding to the background of each image a
color which is correlated with the target label in the follow-
ing manner. Each digity € Y = {0,1,2,...,9} is associ-
ated with a unique predominant background color b, € B,
where |B| = 10, according to a “one-to-one” relation: for
each image labeled as digit y, the background is colored
with b, with probability p € [0, 1], and with a random color
b € B\{b,} with probability 1 — p. Hence, the higher p,
the stronger is the correlation between digits and colors. As
commonly done in the literature for model debiasing, we
build the training set Dy, With large p, while the unbiased
test set Dy is built with p = 0.1. Fig. C.1 shows some
samples from the BiasedMNIST dataset.
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Figure C.1. Samples from the BiasedMNIST dataset [1]. In the
first row, bias-aligned images; in the second row, bias-conflicting
images.

CelebA. This real-world dataset, built by Liu et al. [18],



is composed of 202 599 face images, each described with
40 binary attributes. In CelebA, there exists a spurious re-
lation between the perceived “gender” and the “hair color”
attribute, with the majority of individuals with blond hair
being labeled as women, and only a small percentage as
men. In our experiments, we consider the BlondHair at-
tribute as our target, with the attribute Male as the bias,
similarly to [22, 27, 30]. In Fig. C.2, we show samples cor-
responding to the four different combinations of the binary
attributes BlondHair and Male.
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Figure C.2. Samples from the CelebA dataset [18].

Corrupted-CIFAR10. Developed by Hendrycks and
Dietterich [7], this dataset is synthesized from the origi-
nal CIFARI10 data [14], by applying to each image a cor-
ruption (e.g., brightness, contrast, fog, etc.), and the type
of corruption is correlated with the corresponding object
class. In Fig. C.3, we show samples from each class in
the dataset. As in BiasedMNIST, we denote by p the pro-
portion of bias-aligned samples in a set, and we consider
p € {0.95,0.98,0.99,0.995} for the training set, while the
test data is unbiased (p = 0.1). For each image, the target
label y is the object class, while the bias b is the corruption
that has been applied.
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Figure C.3. Samples from the Corrupted-CIFAR10 dataset [7]. We
show two images belonging to each class.

Multi-Color MNIST. When more than one bias is
present, model debiasing becomes particularly challeng-
ing, as mitigating the reliance on one attribute may in-
crease the dependency on another [11]. To evaluate our
method in such challenging cases, we employ Multi-Color
MNIST [17], another dataset synthesized from MNIST. In
this dataset, the background of each image consists of two
colors: by on the left side and bg on the right, which are
correlated with the digit y according to pr. and pg, respec-
tively (see Fig. C.4). We use (pL,pr) = (0.99,0.95) in
the training set, and (pr, pr) = (0.1,0.1) in the test set, as
in [11, 17]. When applying BISE on Multi-Color MNIST,
we employ two auxiliary classifiers: one, CL , to predict by,

aux’
and another, CR _, to predict bg.
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Figure C.4. Samples from the Multi-Color MNIST dataset [17].
In the first row, images that are bias-aligned with respect to
both background colors; in the second row, images that are bias-
conflicting with respect to at least one of the colors.

CivilComments [3, 13] is a text dataset composed of
comments posted in online discussion forums. The associ-
ated task usually corresponds to classifying whether a com-
ment is toxic. Besides having a binary label y indicating
toxicity, each comment is originally accompanied by binary
labels b1, ...,bs indicating the presence of a mention to
each of the sensitive attributes male, female, LGBT, black,
white, Christian, Muslim, other religion [9, 10]. We follow
Izmailov et al. [10], Idrissi et al. [9] and Tiwari et al. [29],
and consider the coarse version of the dataset, where the
bias attributes are summarized into a single binary label b,
which is equal to 1 if and only if at least one of the by, . . . , bg
is 1. Fig. C.5 shows some samples from the CivilComments
dataset.

(v,) = (0,0) (y,0) = (0,1)
In my opinion...a good He sounds like a good
decision over a bad man. I'm sorry for your
promise. loss.
(v,0) = (1,0) (y,0) = (1,1)

If only he were a Black
woman we'd maybe put him
on the dollar bill...

Play stupid games, win
stupid prizes

Figure C.5. Samples from the CivilComments dataset [3, 13]. La-
bel y indicates whether a comment is toxic, while b indicates if it
mentions any sensitive attribute.

D. Architectures and training settings

For BiasedMNIST, we employ the same architecture as
in [1]: a fully convolutional network, composed of four
layers of 7x7 kernels; each layer is followed by batch nor-
malization and a ReLU activation. For training the vanilla
model, the batch size is set to 100, and we use Stochas-
tic Gradient Descent (SGD) with initial learning rate 0.1,
momentum 0.9, and weight decay 10~4, as in [28]; for the
experiments with p € {0.99,0.995}, we train the vanilla
model for 80 epochs, and the learning rate is divided by 10
at epochs 40 and 60. For p € {0.997,0.999}, the vanilla
model is trained for 100 epochs, and the learning rate is di-
vided by 10 at epochs 80 and 90. During BISE, a masking
parameter m; is assigned to each filter in the network.



For the experiments on CelebA and Corrupted-
CIFAR10, we employ the ResNetl8 architecture [6], pre-
trained on ImageNet [26]. For CelebA, following [22], the
vanilla model is trained for 50 epochs, using the Adam op-
timizer [12] with learning rate 10~%, weight decay 1074,
and remaining hyperparameters as PyTorch’s [25] default
values; the batch size is 256, and the training samples are
augmented with random horizontal flip. For Corrupted-
CIFARI10O, the vanilla model is trained for 200 epochs, with
batch size 256, and with the same optimizer, but with a
learning rate initialized at 10~2 and reduced by cosine an-
nealing, as in [2]; following [22], 32x32 random crop and
random horizontal flip are applied to the training samples.
When applying BISE, a masking parameter m; is assigned
to each ReLU-activated output in ResNet18 residual build-
ing blocks.

For Multi-Color MNIST, we follow [17]: we employ an
MLP with three hidden layers, each of them with 100 hid-
den units, and, for the vanilla training, we use the Adam
optimizer with learning rate 10~2 and weight decay 107%.
We train the model for 100 epochs with batch size 256. Dur-
ing BISE, a mask parameter m; is assigned to each neuron
in the hidden layers.

For CivilComments, the vanilla model is obtained by fol-
lowing Izmailov et al. [10]: a BERT model (pre-trained on
Book Corpus and English Wikipedia) [5] is trained on Civil-
Comments for 10 epochs, using the AdamW optimizer [19],
with learning rate initialized at 10~° and linearly annealed,
weight decay 10~%, and batch size 16. For applying BISE,
we assign mask parameters m; to the neurons in the feed-
forward layers and the pooler layer in BERT.

Finetuning settings. To finetune the BISE-extracted
subnetwork, we employ the same optimizer that was used
for training the vanilla model, with the original learning
rate, except for BiasedMNIST and CivilComments, where
the validation set is leveraged to select the learning rate:
10~3 for BiasedMNIST, Corrupted-CIFAR10 and Multi-
Color MNIST, 10—* for CelebA, and 108 for CivilCom-
ments. The finetuning is performed for 50 epochs, and,
when a validation set is available, the best finetuned sub-
network is selected (according to the validation accuracy).

Experimental results reported for BISE (in the main pa-
per and in the Supplementary Material) were obtained by
averaging the results across three seeds. When comput-
ing the sparsity of the BISE-extracted subnetworks for Bi-
asedMNIST, CelebA, Corrupted-CIFAR10 and Multi-Color
MNIST, we have employed the Simplify library [4], with
batch normalization fusion enabled.

E. On the number of parameters updated

Table E.1 shows the number of parameters m; that are
trained during BISE, against the number of weights present
in the corresponding dense model, for each dataset. The

number of mask parameters m; is much smaller than the
number of parameters in the network (since each m; is asso-
ciated with one neuron/filter, not with an individual weight).

Table E.1. Number of weights vs. of updated parameters m;.

Biased CelebA Corrupted-  Multi-Color Civil

MNIST el CIFAR10 MNIST Comments
# weights 531210 11177538 11181642 256510 109 361 664
#m; 240 (0.05%) 3840 (0.03%) 3840 (0.03%) 300 (0.12%) 46848 (0.04%)

F. Preliminary experiment

As a preliminary experiment, we compare BISE with an-
other method proposed for identifying unbiased subnet-
works, FFW [21]. Although the main objective of FFW is
simply to showcase the existence of unbiased subnetworks,
which are identified leveraging an unbiased training set (un-
realistic setup), we believe it could be interesting to verify
whether it could be applied in a case where the training set
is biased. Considering the BiasedMNIST dataset, when a
biased training set is used and given a vanilla-trained model
with test accuracy 88.9.¢.4 %, FFW can extract a subnet-
work that displays a test accuracy of 80.61¢.7 %, while
the one extracted through BISE showcases an accuracy of
96.140.5 % (see Tab. 1). Hence, FFW fails to debias the
vanilla network when a biased training set is leveraged.

G. Results on BiasedMNIST for p = 0.999

In Tab. G.1, we present the results obtained for our method
on the BiasedMNIST dataset with p = 0.999.

Firstly, we observe that, on the unbiased test set, the
vanilla-trained model achieves accuracy corresponding to
random guess (i.e., 10%, as we have C' = 10 classes). This
phenomenon suggests that the vanilla model essentially re-
lies only on the bias-related features (the background color)
to predict the digits, without effectively learning the core,
relevant features (e.g., the digit shapes).

The subnetwork extracted with BISE achieves the accu-
racy of 15.7413 %. Although this is higher than the ac-
curacy of the vanilla model, the proposed method could
not isolate a well-performing subnetwork that would mostly
rely on the features relevant to the task, without finetuning
the remaining parameters. We also provide the results ob-
tained with FFW [21]. The fact that FFW, a method that
promotes debiasing by leveraging an unbiased training set,
also fails to identify a well-performing unbiased subnet-
work suggests that such a subnetwork may not exist in the
case of severe level of spurious correlations in the training
set Dyain (as it is the case here with p = 0.999). However,
we show that, by further finetuning the BISE-extracted sub-
network, we can considerably improve its performance. Ef-
fectively, as described in Sec. 4.5, if an unbiased substruc-



ture does not exist within the vanilla model, then BISE is
not expected to extract a robust subnetwork, which impacts
the general performance of our approach.

Table G.1. Results on BiasedMNIST for p = 0.999. (*) indicates
that debiasing is performed by leveraging an unbiased dataset.

Method Acc. (%) 1 S (%)T MFLOPs |
Vanilla 10.040.1 0 4154
BISE 15.7413 85.6440  959.8416.7
BISE + ﬁnetuning 60.549.4 85.644.0 59.8116.7
BISE (last) 14.7495 782499 90.5411.9
FFW * [21] 19.9 - -

H. Sensitivity analysis on F, x, v and Ty,

In this section, we present a sensitivity study on the ef-
fect of the hyperparameters £ (Tab. H.1), x (Tab. H.2), v
(Tab. H.3) and Ty, (Tab. H.4) of the method proposed, on
the BiasedMNIST dataset with p = 0.99. As described in
Sec. 4.1, in our experiments we used E = 50 (the number of
epochs for training/finetuning the auxiliary classifier Cyyx),
K = 0.5 (the factor by which 7 is updated), v = 10 (the pe-
riod of the 7 updates) and Tpin = 1073 (the minimum value
of 7, which indicates when the algorithm should stop).
From the tables, we see that the proposed method
demonstrates low sensitivity to variations in hyperparame-
ters. In particular, Tab. H.1 indicates that, in the considered
setup, there is no need to pre-train or finetune the auxiliary
classifier C,x for a large number of epochs. Additionally,
Tables H.2 and H.3 suggest that the rate with which the tem-
perature 7 is reduced (determined by the factor x and the
period v) does not significantly impact the extracted sub-
network. Finally, Tab. H.4 suggests that, after 7 is reduced
below 1072, the algorithm has already found a certain un-
biased subnetwork, and executing the algorithm for longer
does not lead to another, better-performing, subnetwork.

Table H.1. Effect of E on the extracted subnetwork.

Metric E

1 5 10 20 50
Acc. (%) T 959104 96.0+0.5 96.0+0.4 95.710.5 96.1+0.5
S (%) 1 18.947.3 17.647.1 20.046.1 172476 20.944.4

MFLOPs | 336.74304 342.14295 331.94052 343.74316 328.34182

Table H.2. Effect of k on the extracted subnetwork.

Metric "

0.1 0.5 0.8
Acce. (%) T 96‘0:&0.4 96.1:&045 96‘210,6
S (%) T 20.6+3.9 20.9+4.4 189476

MFLOPS L 3293:&16,3 328.3118,2 336.5*31,4

Table H.3. Effect of v on the extracted subnetwork.

%

Metric

1 5 10 20 50
Acc. (%)t 959405 95.840.5 96.140.5 96.040.5 96.540.3
S (%) T 224463 18.346.2 20.944.4 192463 19.845.0

MFLOPs | 322.24262 33894257 32834182 335.24062 333.0433.3

Table H.4. Effect of i, on the extracted subnetwork.

Metric Tmin

107t 1072 1073 1074
Acc. (%) T 95-9i0.6 96.1i0_5 96.1i0_5 9641i0_5
S (%) 20.445.0 20.944.4 20.9+4.4 20.944.4

MFLOPs i 330~3i20.7 328~3i18,2 328.3i13,2 328~3i18.2

I. Updating batch normalization layers

We have conducted an experiment where, besides learning
the pruning mask, we are also updating the parameters in the
batch normalization layers. It has been shown, indeed, that
in some tasks like domain adaptation just updating these
few parameters can be sufficient to have a significant gain
in performance [23]. In Tab. I.1, we show how learning
the parameters in the batchnorm layers — specifically, up-
dating the running statistics — can prospectively boost the
performance. We did not include this procedure in the main
approach as it would require an increment in the number
of learned parameters. Table 1.2 displays the sparsity and
complexity of the extracted subnetworks.

Table I.1. Experiments on BiasedMNIST with trainable vs. non-
trainable batch normalization layers.

Method Accuracy (%)

p=099 p=0.99 p=0.997
Vanilla 88.9104 751iss  66.1i1r
BISE (Tab. 1) 961105 922119  90.8:06
BISE + trainable BN (avg., std.) 973101 949411 940412

BISE + trainable BN (avg., std., 8,7) 96.9104 922119 90.1437

Table 1.2. Sparsity (S) and computational cost (MFLOPs) of mod-
els, for the BiasedMNIST dataset, when updating the batch nor-
malization layers during BISE.

Proportion of bias-aligned samples in the training set (p)

Method

=099 »=0.995 = 0.997

S(%)1 MFLOPs| S (%)t MFLOPs| S (%)1 MFLOPs]
Vanilla 0 415.4 0 415.4 0 415.4
BISE (Tab. 2) 209444 32831182 299475 290.84310 35.0415 269.6+6.2
BISE

+ trainable BN 183168 339.24081 26.54140 305.0116.7 333479 27691329
(avg., std.)

BISE

+ trainable BN 327477 27954300 45.7439 225.61162 4821120 2149449

(avg., std., 3,7)




J. The auxiliary parameters {m;} provide a
way to rank neurons

In this section, we show that the auxiliary variables {m;}
represent a ranking of neurons/filters, indicating the priority
with which we should prune them to accomplish the debi-
asing. Given a trained set {m;}, let us modify the gating
function as h; = h, - 1{rh; > ¢}, with ¢ € [0, 1] being
the threshold for defining the boolean pruning mask, and
considering m,; at 7 = 1, i.e., m; = o(m;). For the Bi-
asedMNIST dataset with p = 0.99, Fig. J.1 shows the dis-
tribution of m; in the debiased model, as well as how the
sparsity and the performance on the unbiased test set vary
as we modify (. In particular, no neurons are pruned for
¢ = 0, while all the neurons are pruned for ( = 1. As we
observe, for ( = 0, the accuracy corresponds to the per-
formance of the vanilla model, and, as we increase (, we
achieve a maximum performance around ¢ = 0.5 (which
consists of the threshold originally used during the training
of {m;}). In the sequence, as ¢ approaches 1, the accuracy
progressively drops to random guess (10%), as expected,
since we perform pruning without finetuning the remaining
network parameters. We observe that the steepest drop in
accuracy and increase in sparsity happen when ( is around
the mode of the distribution of 7;, due to the removal of a
large number of parameters.
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Figure J.1. Analysis of the effect of varying the threshold ¢ on the
pruned network. Threshold ¢ = 0 corresponds to the vanilla dense
model; ¢ = 0.5 is the original threshold used in BISE.

K. Unsupervised debiasing on BiasedMNIST

In Tab. K.1 and Tab. K.2, we present the results for BISE on
BiasedMNIST, in the unsupervised debiasing scenario. The
identification model, f, is trained for only one epoch. The
predictions b from f closely reflect the true color b, hence
making the unsupervised procedure close to the supervised
debiasing case. Our results are generally competitive with
other unsupervised debiasing approaches, such as LfF [22]

and SoftCon [8] (¢f. Tab. 1 in the main paper).

Table K.1. Unsupervised (Unsup.) debiasing on BiasedMNIST.

Accuracy (%)

Method

p=099 p=0.995 p=0.997
Vanilla 889104 751440 66.141.7
Unsup. BISE 954810_5 92-0i2.l) 90-4i0.6
Unsup. BISE (last)  95.4107  90.611.9 90.040.2

Table K.2. Sparsity (5) and computational cost (MFLOPs) of
models, for the BiasedMNIST dataset, in the unsupervised debias-
ing scenario.

Proportion of bias-aligned samples in the training set (p)

Method

p =099 p=0.995 p=0.997
S (%)t MFLOPs| S(%)t MFLOPs| S (%)1 MFLOPs|
Vanilla 0 4154 0 4154 0 415.4
Unsup. BISE 199144 33241152 262147 30631105 309103  286.6197

Unsup. BISE (last) 19.7:56 33344140 288240 29561203 28.8445 295.5:157

L. Robustness to noisy labels

To complement the study from Appendix K, we have con-
ducted experiments on BiasedMNIST, with p = 0.99, to
show how BISE is robust to noisy bias labels — which can be
usual in practical applications. We proceed as follows: be-
fore applying BISE, we randomly select a fraction p € [0, 1]
of the training samples, and change their bias label b to an-
other random value. The results for test accuracy are re-
ported in Fig. L..1. We observe that, for all noise levels con-
sidered, BISE could improve the test accuracy, in compari-
son to the vanilla model, even if by a small margin. Impor-
tantly, even under high noise, our method does not extract a
subnetwork that is worse than the vanilla model.

100.0

97.5

87.5

Accuracy (%)

85.0
--- Vanilla accuracy
82,51 —— Accuracy
Sparsity

80.0

0 20 40 60 80 100
Noise level p (%)

Figure L.1. Results on BiasedMNIST (training set with p = 0.99)
under noisy bias labels. Noise level p = 0% corresponds to the
standard setting (i.e., use of true bias labels).



M. On the pruning of bias-related features

As a simple empirical assessment of whether the pruned
parameters correspond to bias-relevant features, we have
conducted the following experiment. We consider the Bi-
asedMNIST setup and the two following models:
* avanilla model, trained on a biased set with p = 0.99;
e the corresponding debiased subnetwork, obtained with
BISE.
For each model, we attach an auxiliary classifier to the out-
put of the corresponding encoder (i.e., right before the last
layer); the auxiliary classifiers are trained to predict the
color of the digits, b, based on the latent representation from
the respective encoder’s output. In this specific study, we
perform this training using an unbiased version of the Bi-
asedMNIST training set (i.e., with p = 0.1), to avoid the
auxiliary classifiers from leveraging digit-related features
(due to the correlation digit-color in a biased set). The train-
ing is performed for 100 epochs, using SGD with learning
rate 0.1, weight decay 10~%, momentum 0.9. The results on
color prediction by the auxiliary classifiers are reported in
Tab. M. 1.

Table M.1. Comparison of accuracy on color prediction for two
auxiliary classifiers: one trained on top of a vanilla encoder, and
the other trained on top of the BISE-pruned encoder.

Accuracy of the aux. classifier

Model on color prediction (%)
Vanilla 97.6+1.0
Debiased with BISE 82.1473

We observe that, although the bias-related features (i.e.,
related to the color) are not entirely removed from the la-
tent representation provided by the BISE-pruned encoder,
in this case, the color prediction is made “harder”, as indi-
cated by the significantly lower color prediction accuracy.
This observation suggests that, by applying our method to
prune the network, we can reduce the impact of bias on the
information that can be leveraged by a classifier attached to
the encoder. In other words, it is suggested that, by applying
BISE, the representation 2 provided by the pruned encoder
becomes more invariant to the bias, hence making it harder
to predict b from Z.

N. Summary table

In Tab. N.1, we present a summary of the results across the
different datasets considered. The competing methods cor-
respond to the ones presented in the tables from Sec. 4.2.



Metric  Model Dataset

BiasedMNIST Corrupted-CIFAR10 CelebA Multi-Color MNIST CivilComments
(p = 0.99) (p = 0.95) (pL = 0.99, pr = 0.95)
Vanilla 88.9+40.4 47.1840.34 76.542.1 58.240.6 59.6+2.7
Ace, (%) Bestcompetitor 98.1 (BCon+BBal [8])  51.13(DFA[I6])  91.4 (BCon+BBal [8])  73.1 (VCBA[20])  80.4 (Group DRO [27])
-0 BISE* 96.14+0.5 55.38+1.96 89.740.8 60.3+1.0 80.440.2
BISE + finetuning™ 98.1+0.1 57.2241.81 91.8+1.3 70.6+1.6 81.0+0.1
S (%) BISE* 20.944.4 82.3+0.6 67.640.8 171453 26.045.4
FLOPs Vanilla/competitors 4154 M 37.1M 1818.6 M 256.2k -
BISE* 328.3418.0 M 22,5106 M 82154331 M 212.3413.5 k -

Table N.1. Summary of results across datasets. (*) indicates that the result for BISE “best” is reported whenever a validation set is
available; otherwise, we report the result for BISE “last”. The metric Acc. corresponds to the accuracy on an unbiased test set, in the case
of BiasedMNIST, CelebA and Corrupted-CIFAR10; for Multi-Color MNIST, it denotes the average test accuracy across the four existing
groups in the dataset (as described in Sec. 4.2); for CivilComments, it denotes the worst-group test accuracy. The sparsity (S) for the
vanilla and competing methods is zero, since no parameter is removed from the network.
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