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Abstract

Knowledge distillation (KD) addresses model compression by distilling knowledge
from a large model (teacher) to a smaller one (student). The existing distillation
approaches mainly focus on using different criteria to align the sample represen-
tations learned by the student and the teacher, while they fail to transfer the class
representations. Good class representations can benefit the sample representation
learning by shaping the sample representation distribution. On the other hand, the
existing approaches enforce the student to fully imitate the teacher while ignoring
the fact that the teacher is typically not perfect. Although the teacher has learned
rich and powerful representations, it also contains unignorable bias knowledge
which is usually induced by the context prior (e.g., background) in the training
data. To address these two issues, in this paper, we propose comprehensive, in-
terventional distillation (CID) that captures both sample and class representations
from the teacher while removing the bias with causal intervention. Different from
the existing literature that uses the softened logits of the teacher as the training
targets, CID considers the softened logits as the context information of an image,
which is further used to remove the biased knowledge based on causal inference.
Keeping the good representations while removing the bad bias enables CID to have
a better generalization ability on test data and a better transferability across different
datasets against the existing state-of-the-art approaches, which is demonstrated by
extensive experiments on several benchmark dataset{]

1 Introduction

The superior performances of deep neural networks (DNNs) are accompanied with large amounts
of memory and computation requirements, which seriously restricts their deployment on resource-
limited devices. An effective and widely used solution to this issue is knowledge distillation [[19, |37]]
that compresses a large network (teacher) to a compact and fast network (student) by knowledge
transfer. To this end, the student obtains a significant performance boost.

The original knowledge distillation (KD) [19] uses the softened logits generated by a teacher as the
targets to train a student. Ever since then, substantial efforts including [37, 45] have been made on
aligning the sample representations learned by the student with those learned by the teacher using
different criteria. However, almost all the existing approaches [45. 149, 58] have overlooked the class
representations. Good class representations are beneficial to sample representation learning, since they
can shape the sample representation distribution. To address this issue, we propose comprehensive
distillation to incorporate the class representations learned by the teacher into the distillation process.

On the other hand, as the teacher has learned rich and powerful representations, the existing ap-
proaches enforce the student to fully mimic the behavior of the teacher. However, fully imitating
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Figure 1: Misclassification caused by context prior in the training dataset.

the representations of the teacher may not be optimal, since the bias contained in the teacher is also
transferred to the student. The bias is usually caused by the context prior in the training data. For
example, as shown in Figure[T] the dogs in the training dataset are usually on green grasses and the
cats are in a room, which misleads the trained classifier to classify the cats on green grasses in the
test dataset as dogs and the dogs in a room as cats due to the bias induced by the context. Similar
cases can also happen on the attributes of data samples, e.g., when the colors of the dogs in the
training dataset are mostly black, the black cats in the test dataset may be wrongly classified as dogs.
Transferring this kind of the bias contained in the pretrained teacher to the student hurts the student.

Since the biased knowledge in the teacher is caused by the training data, we assume that the training
data used by the teacher and those used by the student are from the same distribution. This is not a
strong assumption in knowledge distillation literature as almost all the existing work uses the same
dataset when training a teacher and a student, which obviously satisfies the assumption. Contrary to
this assumption, when the training data for the teacher and the student are from different distributions,
two issues arise. First, the teacher may not be able to teach the student anymore due to the data
distribution discrepancy. Second, new biases will be introduced in the distillation process from the
new training dataset. We leave these questions for the future work.

Under the above assumption, we formulate the causal relationships [32]] among the pretrained teacher,
the samples, and the prediction in a causal graph as shown in Figure f(a)] More details are given in
Section[3.2.1] We then use the softened logits learned by the teacher as the context information of an
image to remove the biased knowledge based on backdoor adjustment [14]. To this end, we propose
a simple yet effective framework (i.e., CID) to achieve comprehensive distillation and bias removal.

We summarize our contributions and the differences from the existing approaches as follows:

* We propose a novel knowledge distillation framework, i.e., CID, which captures comprehen-
sive representations from the teacher while removing the bias with causal intervention. To
our best knowledge, this is the first work to study how to use causal inference to address
KD-based model compression.

» CID is different from the existing approaches in two aspects. First, CID is able to transfer
the class representations which are largely ignored by the existing literature. Second, CID
uses softened logits as sample context information to remove biases with causal intervention,
which differs from the existing literature that uses the softened logits as the training targets
to train a student. Keeping the good knowledge while removing the bad bias enables CID to
have a better generalization on test data and a better transferability on new datasets.

» Extensive experiments on several benchmark datasets demonstrate that CID outperforms the
state-of-the-art approaches significantly in terms of generalization and transferability.

2 Related Work

Knowledge Distillation. Hinton et al. [19] propose the original KD that trains a student by using the
softened logits of a teacher as targets. Compared to one-hot labels, the logits provide extra information
learned by the teacher [[19, [13]]. However, KD fails to transfer the powerful representations learned
by the teacher. Ever since then, many efforts have been made on aligning the sample representations
learned by a student and a teacher. FitNet [37] aligns the sample representations learned by a student
with those learned by a teacher through regressions. AT [56] distills sample feature attention from a
teacher into a student. CRD [45] maximizes the mutual information between sample representations
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