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Abstract

Convolutional neural networks (CNNs) have achieved superhuman performance in
multiple vision tasks, especially image classification. However, unlike humans, CNNs
leverage spurious features, such as background information to make decisions. This ten-
dency creates different problems in terms of robustness or weak generalization perfor-
mance. Through our work, we introduce a contrastive learning-based approach (CLAD)
to mitigate the background bias in CNNs. CLAD encourages semantic focus on object
foregrounds and penalizes learning features from irrelevant backgrounds. Our method
also introduces an efficient way of sampling negative samples. We achieve state-of-the-
art results on the Background Challenge dataset, outperforming the previous benchmark
with a margin of 4.1%. Our paper shows how CLAD serves as a proof of concept for de-
biasing of spurious features, such as background and texture (in supplementary material).
1

1 Introduction

CNNs have achieved superhuman performance on various computer vision tasks such as
segmentation [35], classification [3, 10, 33], object detection[38], etc. However, it has been
observed that CNNs have a different understanding of images in contrast to humans [5].
Specifically, in the case of classification, it has been observed that CNNs can be biased
towards the background information instead of the foreground object [1, 2, 29, 36, 40], high-
frequency components [20, 25, 37], and textures rather than shapes [6, 12]. In particular, Kai
et al.[36] showed that CNNs tend to correlate class labels heavily with background informa-
tion. Further, they showed that, when the foreground object is removed, CNNss still perform
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surprisingly well solely in the presence of the background of the image. The authors cre-
ated the Background Challenge [36] which measures models’ robustness to various changes
the background. They further showed that most state-of-the-art image classification models
exhibit a poor generalization ability in this challenge due to large background bias. These
biases lead to an over-dependence of the model on irrelevant/spurious features. Further, such
biases can be exploited to fool the classifiers by simply altering the background of the object
[23] or adding different textures to the image [6].

To mitigate such biases, conventional data augmentation is often used, wherein the model
is exposed to additional training data, in order to decorrelate the spurious features and the
class label. However, to completely eliminate bias and prevent memorization (overfitting)
of data, the model usually requires a very large amount of data for augmentation. Also,
previous works [34, 39] have shown that conventional data augmentation is insufficient to
discard spurious features and remains susceptible to small changes. Therefore, an effective
data augmentation method has to be applied to ensure that the best features are extracted
during training while introducing minimal computational overhead.
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Figure 1: CLAD learns feature space which is robust against background variations and
sensitive to foreground features.

Here, we propose a Contrastive Learning based Approach for background Debiasing
(CLAD) model, where contrastive learning (CL) is introduced to mitigate the biases more
effectively. In contrastive learning, for each data point (anchor), both positive samples (shar-
ing anchor’s distribution) and negative samples (carries different information as anchor) are
generated. Then, CL minimizes the distances between the anchor and positive samples and
maximizes the distances between the anchor and negative samples in feature space. To this
end, in the latent embedding, attributes that belong to the same distribution (relevant fea-
tures, e.g., foregrounds) are aggregated together, while unwanted biases (e.g., backgrounds)
are separated from the anchor. Hence, our method, CLAD, uses contrastive learning to
learn a background-robust feature space, by carefully constructing the positive and nega-
tive samples. Positive samples are generated by changing the anchor’s background. The
negative samples, on the other hand, contain distinctive foreground information but similar
background as the anchor (Fig. 2). Moreover, instead of generating negative samples, we
introduce a novel mechanism to sample negative samples without introducing extra costs,
where we sample negative pairs during the training process from generated positive samples
while ensuring the sampled negative samples share similar background information as an-
chor. Thus, our novel method allows for both the scalability of negative samples as well as
having similar background as anchor.

We show that, our CLAD model outperforms the state-of-the-art methods on the Back-
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ground Challenge dataset [36], while it has almost no accuracy drop on original images
samples negative samples effectively without introducing heavy computational costs. E:
cially, CLAD outperforms on the random-background datasei@w-RAND) by a margin

of 4:1%, while all the other state-of-the-art methods showed a major performance dr
We also show that CLAD can be applied to mitigate the in uence of other discriminati
features apart from background, like object texture (in supplementary material), while |
proving model's shape bias.

2 Related Work

Feature biases are thought to happen because of the data memorization (over tting)
are exacerbated when training the over-parameterized models [14]. One effective wa
mitigate these problems is to augment with samples emphasizing desirable features in:
of irrelevant spurious ones. In background-biased settings, Kai et al.[36] showed that trair
models on images with random unrelated backgrounds for a given foreground helped re
the background bias of the model. However, this also signi cantly reduced performance
the original dataset (Table 2). Further, as mentioned in the previous section, conventi
data augmentation is not optimal for debiasing; hence, we rather look at contrastive learr

Contrastive Learning (CL) [9] helps learn robust feature spaces that are close acro
a data distribution and attributes that set apart a data distribution from another. CL
shown great promise in self-supervised regimes [4, 7, 11] while recently, it has also b
applied to the supervised learning domain and achieved promising results [15, 18, 19].
has been used in a self-supervised manner to help debias models [17, 22, 27, 32]. Ir
fully supervised learning domain, previous works have shown that utilizing contrastive Ic
as an auxiliary loss can encourage learning more robust features with higher generaliz
abilities through careful contrastive pair construction [18, 19]. To the best of our knowled:
we are the rst to leverage contrastive learning as an auxiliary loss to improve the mod
background robustness in a fully-supervised setting.

3 Methodology

In this section, we go through the contrastive learning framework and then introduce
background-debiased contrastive pair sampling strategy, and nally present our overall le:
ing framework.

3.1 Contrastive Learning

We use the popular InfoNCE [8, 24] loss as our contrastive loss term. This loss funct
can be viewed as an (N+1)-way cross-entropy classi cation loss to distinguish between
positive sample and N negative samples, and is written as:
es(x;x")zt
Leon= log ; 1)

esxx")=t 4 éil\iles(x,xi )=t
wheres(xz;%2) = ( X1 X2)=(kx1kkx2K) is the cosine similarity function ardis the temper-
ature parametens; X" ;x represent the feature representations for the anchor, the posit
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sample and the multiple negative samples, respectively. It brings positive sample pairs clos
in the feature space, while it pushes the anchor apart from negative samples.

3.2 Background-debiased Sampling

One crucial contribution of CLAD is an ef cient sampling approach for contrastive pairs
which are harder to discrminate from the anchor. Conventionally, in contrastive learning
positive samples are obtained by applying a combination of different data augmentations
the anchor. Negative samples, on the other hand, come from views of other images (s
Fig. 2 (a)). However, such sampling of contrastive pairs would lead to poor robustnes
on backgrounds due to two reasons: 1) increasing feature similarity between positive pal
would simultaneously encourage background bias due to their shared background inform
tion; 2) likewise, as negative samples carry different background information compared t
the anchor, minimizing feature similarity between negative pairs would increase the model
sensitivity to background variations.

These problems are solved in CLAD's background-debiased contrastive pair samplin
approach, where background information is no longer shared between positive pairs, al
negative pairs share similar background information, as shown in Fig. 2 (b). The contrasti
pairs are created as follows:

Positive Samplesare created by replacing the background of the anchor with a different-
class background (chosen randomly). Following the method in Background Challenge data
[36], we use GrabCut [26] to separate the foreground and background of a given anchor ir
age (see supplementary material for details). The foreground of the anchor is then placed
a background found in another random class (other than the anchor class).

Negative Samplelt is crucial to have a large number of negative samples in contrastive
learning [4, 11]. However, using the same method to create positive samples, i.e., replacil
the foreground of the anchor image instead and keeping the background, needs to be repe:
many times to create multiple negative samples. This leads to a high computational co
which linearly scales the cost per batch by the number of negative samples. To solve th
issue, we introduce a negative sample dictionary.

Figure 2: Contrastive pair sampling strategies, (a) used in conventional contrastive learnin
(b) CLAD's background-debiased sampling strategy

We de ne our negative sample dictionary as a dictionary with queues for each class
containing the latent representation for each negative sample. Each queue, has samj
whose background belongs to the class represented by the queue. The size of each qu
is the same as the number of negative samp¥gs Iy each batch, we use the generated
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positive samples to update the queue. The old samples are dequeued (deleted) wher
samples are enqueued (added) to the queue following a rstin, rst out order. Therefore,
negative samples are reused until they get replaced in the queue.

This differs from the commonly used memory bank [11] for storing negative samples
two ways:

« It only stores features for background-augmented images where the foreground
background classes are decoupled.

< As adictionary, it contains keys flackground labelsof the stored samples. Samples
are stored in the queue whose key corresponds tolthekground labels

We illustrate the mechanism in Fig. 3. The dictionary contains the keys of the bax
ground label, and we show two examples in the Figure. In the example for updating
dictionary with generated samples, the sample has a backgrouridiof class, so it will
enter the queue within théish key (the foreground label is ignored in this process). The
other example shows the sampling process for negative samples from the dictionary:
anchor is an image fromog class; hence we draw all samples in the queue withiDibg
key in the dictionary.

Figure 3: lllustration of using dictionary to store negative sample candidates.

Using the negative sample dictionary guarantees that similar background informat
is shared between negative pairs simultaneously. Hence, our method provides a men
ef cient way of scaling negative samples.

3.3 Training Objective

The overall loss function is composed of two terms: the conventional supervised clas:
cation loss (for learning distinguishable features) and contrastive loss (for improving ba
ground robustness). After we generate positive and negative sample pairs (as describ
Sec 3.2), we calculate the contrastive loss using the InfoNCE loss function. To enforce
correct classi cation of the positive samples, we can optionally include a classi cation lo
for such samples and refer to the model with this additional loss term as CLAD+. For t
supervised classi cation loss, we use the conventional cross-entropy loss. Speci cally,
the overall loss for CLAD can be written as:

Leciap= LaasdX)+ | L con(X X" ;% ) 2
For CLAD+, the loss is written as:
Lcerapr = LeasdX¥) + Lclass(x+)+ I L con(X;X+;X ) 3

Here,l is a hyperparameter for the weight that controls the importance of the contrast
termL ¢on. Its magnitude controls the degree of background robustness learned by the mc
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3.4 Training

As illustrated in Fig. 4, for each batch, we generate positive samples. Then, the generat
positive samples are used to update the negative sample dictionary. The classi cation loss
calculated for the anchor (and also for the positive sample for CLAD+). When calculating
the contrastive loss, the negative samples are drawn accordingly from the negative sam
dictionary based on the label of each anchor. The contrastive loss is nally calculated base
on feature representations for the anchors, positive and negative samples.

Figure 4: lllustration of the proposed supervised learning with contrastive learning approacl!

4 Experiment

In this section, we present the results for CLAD and CLAD+ on the Background Challenge
dataset [36].

4.1 Challenge Description

Kai et al.[36] initiated the Background Challenge [36] dataset in 2020. The dataset ag
gregates a subset of images in ImageNet based on WordNet hierarchy [21] into 9 class
creating the ImageNet-9 dataset. Several variations are made on the images' backgrounc
foreground in original ImageNet-9, as summarized in Table 1.

Dataset | Foreground| Background | Summary
ORIGINAL Original Original Original unaltered images
ONLY-FG Original None (Black) Images with only the foreground (background removed)
ONLY-BG-T None Original Images with only the background
MIXED-RAND Original | Completely Rando Images with a random background
MIXED-SAME Original Random-same-clas Images with a background from the same class

Table 1: Description of the variations of ImageNet-9[36]
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The goal of the Background Challenge is to achieve high accuracy onitkedviRAND
dataset, where the background class is selected randomly and provides no informatio
image label. Intuitively, models with high background bias would suffer from low acct
racy on this dataset. Additionally, the challenge also de nes a metric to quantify the ba
ground bias: BG-@p, which is de ned as the accuracy gap between the b -SAME
and MixeD-RAND datasets. The BG-& represents the performance drop due to back
ground class signal change [36], or more intuitively, how much accuracy is actually gair
by background bias.

4.2 Experimental Settings

We adopt a ImageNet-pretrained ResNet-50 as our backbone [36]. Adam [16] is use
the optimizer with default setting®{ = 0:9 andb, = 0:999) and no weight decay is used.
The total number of training epochs is 60, and the batch size is 64. The learning rate is
to be & 3 and decays tod # after 20 epochs. After trial and error, the hyperparamete
| for the weight of the contrastive loss is set to 1 (ablation in 4.4) and the temperat
parametet is set to 0.2. Data augmentations, including Random Resized Crop, Rand
Horizontal Flip, and Color Jitter, are used in our experiments. Note that for the genera
positive samples, these conventional data augmentations are applied after the backgr
augmentation. For each anchor, we construct one positive sample and draw 32 neg
samples (details in supplementary material) from the negative sample dictionary. In
section, we evaluate the performance of CLAD on the Background Challenge dataset.
comparison, we compare the performance of CLAD to three baselines, which are traine
conventional, fully supervised settings, which include:

« Base(IN) ImageNet-trained ResNet-50 with prediction mapped to ImageNet-9.
* Base(IN9) ResNet-50 trained on RGINAL with a fully supervised setting.
« Base(MR) ResNet-50 trained on MED-RAND with a fully supervised setting.

In addition we also compare to previous works on Background challenge dataset,
results of which are presented in Table 2.

4.3 Accuracy

CLAD and CLAD+ do not suffer any accuracy trade-off on thrRiIGINAL dataset compared
to the baseline models (0.4% and 0.1% drop correspondingly). Our method outperform:
previous benchmarks by a large margin (4.1% for CLAD+ and 2.3% for CLAD) oxeM-
RAND dataset, which is the most important indicator for the model's generalization abili
to varying-background images.

It is possible to have a very small BG-GAP as well as very low accuracy on both t
MixED-SAME and MIXED-RAND datasets. However, that would not be re ective of the
background bias or generalization ability of the model. Hence, we need high performa
on both datasets along with a smaller gap between them, to have less background bias
plot the accuracies of these datasets in Fig. 5, wherein models that lie closer to the ide
line have lower background bias. Additionally, the further right from the model's line, th
higher its bias. We can see from the Figure that our models CLAD and CLAD+ have t
best performance among all the models.
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Figure 5: Model performances onikED-SAME (x-axis) and MXED-RAND (y-axis) data.
Models closer to the Identity dashed line has lower background bias.

QRIGINAL " ONLY-FG" MIXED-RAND " MIXED-SAME " ONLY-BG-T# BG-GAP#

Type Model
Base (IN) [36] 96.2 - 76.3 82.3 17.8 6.0
Baselines Base (IN9) 96.0 86.0 73.4 87.5 42.9 141
Base (MR) 88.4 89.5 86.7 87.1 12.8 0.4
CIM [32] 97.7 - 81.1 89.8 - 8.8
SCL_EZ2E [32] 98.2 - 80.1 90.7 - 10.6
CIM+VIB [32] 97.9 - 82.2 90.2 - 8.0
SupCon+ShapeAug[17] - - 72.3 79.2 - 6.89
MoCo-v2 (BG Swaps)[27] 95.2 87.5 85.2 89.6 11.4 4.4
Others BYOL (BG Random)[27] 96.1 88.3 85.2 90.2 12.9 5.0
SWAV (BG RM)[27] 95.3 86.8 77.1 87.0 18.2 9.9
AttMask-High[13] 89.8 75.2 62.3 76.2 15.3 9.9
MoCov2+GT[22] 89.7 72,7 72.0 845 40.1 12.5
BYOL+GT[22] 91.0 72.6 70.5 84.9 41.2 14.4
DILEMMA[28] 91.8 77.8 67.6 79.4 9.3 10.2
ours CLAD+ 95.6 94.6 89.3 90.5 22.6 1.2
CLAD 95.9 93.8 87.5 90.1 31.3 2.6

Table 2: Accuracy (%) comparison between CLAD, CLAD+ against baselines and bench
marks on the Background Challenge. "-' represents value missing in the references. Note tt
the models in this table are trained with different sizes of dataset and level of supervisiot
in this case the BG-&r is the fairest comparison across all models indicating background

bias.

4.4 Analysis

Feature ConsistencyWe estimate the percentage of encoded foreground information by
calculating the features' cosine similarity between image pairs sharing the same foregrour
This metric can also be intuitively re ect as how much of the features are extracted fromn
the foreground. We also de ne a more direct metric, decision consistency, which summe
rizes the fraction of consistent decisions after background change. This can be expressec
% éi’\i 1 1(argmaxg(x) = argmaxg(X)), whereg(:) is the classi er,(x; X)) represent image

pairs with same foreground but different background. The higher the decision consistenc
the smaller the effect of background changes on the models' decisions. For details, see Ta






