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ABSTRACT
In the lack of data, an appropriate inductive bias is ones of key
factors for the successful training of a model. One approach to
transfer inductive bias between different structure of networks is
to utilize knowledge distillation. Several studies achieve promising
result in the several computer vision datasets using response-based
knowledge distillation. However, we observe that the previous
method fails to transfer inductive bias when the dataset contains
fewer datapoints or classes. To solver the problem, we propose
to use feature-based knowledge distillation for effective inductive
bias transfer. Through extensive experimentation and analysis, we
demonstrate that the suggested method is capable of transferring
inductive bias and outperforming previous methods.
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1 INTRODUCTION
Inductive biases are constraints enforcing the model to have spe-
cific properties [1, 5]. The effect of an appropriate inductive bias
is comparable to the effect of additional data; in other words, one
can compensate for the lack of data by exploiting strong inductive
biases [1, 5]. Nevertheless, such constraints are not always advanta-
geous. If the inductive bias induced by architecture of the network is
too restrictive, the model can only learn limited representations [5].

Transferring the inductive bias is realized through the knowledge
distillation [1] which make a student network to encode properties
of a teacher network. For example, Data-efficient image Transform-
ers (DeiT) uses the convolutional neeural network to inherit its
inductive bias to transformer network. It uses the distillation token
to predict the output of the pre-trained convolutional neural net-
work, achieving the performance on par with the model already
trained with a strong inductive bias [13].

We wonder the applicability of transferring the inductive bias
via the knowledge distillation in the various real-world datasets.
We evaluated the technique transferring the inductive bias in used
DeiT on two types of medical datasets: the inductive biases (1) in
convolutional neural networks (CNN) on the electrocardiograms
(ECG) and in (2) recurrent neural networks (RNN) on the electronic
health records (EHR). As shown in Figure 1, we observe that the
performance of the transformer trained with DeiT is significantly
inferior to that of the teacher networks.

Our contributions in this study are the following: First, We an-
alyze the limitation of the previous methods of transferring the
inductive bias through the knowledge distillation. Second,We exam-
ine the reason for the failure of the previous methods via rigorous
experiments. Third, Based on the findings from the experimental

Figure 1: Performance in (a) ECG from Physionet 2021 and
(b) EHR from Physionet 2019. F1 refers to the f-1 score (the
left side of the y-axis), and P-19/P-21 indicate the physionet
19 and physionet 21 scores (the right side of the y-axis).

results, we propose an effective way to transfer inductive biases
through the knowledge distillation.

2 DEMYSTIFYING INDUCTIVE BIAS ENCODED
IN THE STUDENT NETWORK

If a transformer encodes the inductive biases of its teacher network,
then the its representations or filters exhibit characteristics of the in-
ductive bias. In this perspective, we investigate the representations
and the self-attention layers of the pre-trained transformer.

2.1 Experiment setting
2.1.1 Dataset. We used following datasets with different proper-
ties: Physionet 2021 for CNN and Physionet 2019 for RNN. Phy-
sionet 2021 is public ECG datasets [12], which contains approxi-
mately 88,000 ECGs. Each ECG is assigned one or more arrhythmia
labels, for a total of 26 classes of arrhythmia [12]. PhysioNet 2019
[11] is a EHR consisting of hourly clinical variables collected from
the intensive care unit (ICU) of two hospital systems with a total
number of 40,336 patients The task is to predict sepsis within 12
hours, and the onset of sepsis is given to each patient.

We additionally used two external datasets to see if the DeiT
preserves the inductive biases of CNN/RNN regardless of the data
distribution. The Hangzhou dataset [2] contains 20,036 ECG record-
ings, and the eICU Collaborative Research Database [10] is a multi-
center database containing over 200,000 admissions to ICU.

2.1.2 Architecture. Wedevelop two teacher networks: (1) the ResNet-
based network for ECG datasets [6]. Each block of ResNet contains
two layers of convolution, and there are eight blocks in total. The
architectural detail is identical to Hannun et al [6]. (2) the long
short time memory (LSTM) network for EHR datasets [15]. LSTM
is stacked with the 3-layer, and each layer have 256 hidden units
with a residual connection between each layer.



Table 1: Probability similarity between the CNN/RNN and
the transformers trained using different methods.

ECG EHR
P21 Hanzhou P19 eICU

Transformer 0.530 0.174 0.439 0.308
DeiT 0.601 0.206 0.464 0.351
BBM 0.796 0.592 0.776 0.728

As a student network, we adopt a transformer [14]. There are
two student networks, each of which has eight blocks for the ECG
dataset and three blocks for the EHR dataset. Training a trans-
former on ECG datasets, we split a signal into patches following
Dosovitskiy et al. [4]. Each patch consists of 100ms (20 timestamps)
without overlapping, and is used as the input of a transformer. In
EHR datasets, a patient have multiple rows, each of which consists
of medical record on a time. A single row is used as a token of the
input.

2.1.3 The other details of experiments. We set a batch size to 512
for ECG dataset and a batch size to 256 for EHR dataset. We use
an Adam optimizer with the weight decay and the cosine warmup
scheduler that peaks at ten epochs. In the experiment with ECGs,
the rand augment policy [3] is adopted with six data augmentation
methods including the gaussian smoothing, time resampling and
cut, gaussian noise, baseline wander, time mask, and channel mask.
In the case of EHRs, data augmentation is not applied. Hyperpa-
rameters, such as the learning rate, weight decay, dropout, and
parameters for the augment policy, are randomly selected from pre-
defined search space, tuned by the asynchronous successive halving
algorithm [8] using the ray framework [9]. Train, validation, and
test set are divided into a ratio of 0.7:0.15:0.15.

2.2 Representation analysis
In order to analyze the inductive bias induced by the structure of
networks, we compare the representations of the teacher and the
student networks. If the student model successfully encodes the
inductive bias of the teacher model, there are similarities in the
representations between them.

2.2.1 Output similarity. We first examine the output similarity us-
ing the r-square values. As shown in Table 1, the similarity between
DeiT and its teacher (CNN/RNN) is slightly higher than the simi-
larity between the naive transformer and CNN/RNN, however, the
discrepancy between the teacher and the student is still large. This
implies the possibility of failure of DeiT encoding the inductive
bias of its teacher architecture.

2.2.2 Internal representation similarity. To examine internal repre-
sentation similarity driven by the architecture, we exploit central
kernel analysis [7]. Figure 2 illustrates the representational simi-
larity between CNN/RNN in comparison to DeiT, and Transformer.
We observe that CNN/RNN’s feature extraction process differs from
that of Transformer. DeiT has higher similarity to CNN/RNN com-
pared to Transformer, but there is still a substantial difference to
its teacher. Specifically, in the case of DeiT, only the early layers

exhibit a significant dissimilarity between the representations, in-
dicating that the early layers of DeiT failed to learn the CNN/RNN
representation.

Figure 2: The representational similarity between the
CNN/RNN and the transformers. Axes of each matrix repre-
sent the order of blocks. (a), (b), (c), and (d) are similarity in
Physionet 2021, Hangzhou, Physionet 2019, and eICUdataset.

2.3 Self-attention analysis
If the inductive bias of CNN/RNN is appropriately transferred to the
Transformer, the Transformer’s self-attention should exhibit the
pattern of CNN/RNN, i.e., spatial/temporal invariance and locality.
Figure 3 depicts the averaged self-attention matrices in each block
across all samples and heads. It is difficult to distinguish the pattern
of DeiT distinct from Transformer. To elaborate, DeiT does not
exhibit the characteristics that demonstrate the inductive bias of
CNN/RNN, such as translational/temporal invariance or locality.

2.4 Discussion
In the experiment, we found no evidence that CNN/RNN’s inductive
bias is transferred to DeiT. There could be several reasons why DeiT
works with ImageNet but not with our dataset. The first possibility
is the size of the dataset. In the case of ImageNet, large data of
1M is sufficient to transfer inductive bias via KD. However, the
size of data we utilized is only 8 percent of ImageNet, so it may be
challenging to transfer inductive bias via KD. The second possibility
is the number of classes. ImageNet consists of one thousand classes,
whereas the dataset we utilized consists of twenty-six for Physionet
2021 and two classes for Physionet 2019. With this respect, DeiT
may not work with our dataset because distributions obtained from
our dataset contain less information than distribution obtained from



Figure 3: The self-attention of the transformers. Each (a),
(b), (c), and (d) is self-attention matrix in Physionet 2021,
Hangzhou, Physionet 2019, and eICU dataset. B𝑁 indicates
the self-attention matrix at 𝑁 th layer.

ImageNet. Based on this, we believe the problem can be alleviated if
the student is provided with more information to encode inductive
bias.

3 BETTER SOLUTION FOR TRANSFERRING
INDUCTIVE BIAS

3.1 Feature-based knowledge distillation
The knowledge distillation utilized in the DeiT is a type of response-
based knowledge distillation, which distill knowledge using out-
put of the model. In contrast to the previous works, we impose a
stronger signal by using feature-based knowledge distillation to
enforce the student network to learn the teacher’s inductive bias.
Additionally, knowledge distillation is performed on feature maps
in order to effectively transfer spatial information from the teacher
to the student.

First, we divide the teacher (𝑔) and student (𝑓 ) into the same
number of blocks, and then perform the knowledge distillation be-
tween corresponding blocks (𝑓𝑛, 𝑔𝑛) of the teacher and the student.
Since features transverse multiple layers, the dimension of it varies.
For example, in the case of CNN, the pooling operation and convo-
lution with stride change the dimensions with temporal direction,
and convolution operation change also increase the dimension of
feature. Because of this, the dimension of features used for knowl-
edge distillation can vary. To solve the problem, we introduce a
transformation function (ℎ) that transforms each dimension to be

identical. This function resizes the feature’s dimensions along the
temporal axis and projects them along the depth axis.

ℎ𝑓→𝑔 (𝑧) = 𝐼 (𝑧)𝑊 (1)

where ℎ(·) := R𝑡×𝑑 → R𝑡 ′×𝑑′
consist of two layer: 𝐼 (·) := R𝑡×𝑑 →

R𝑡
′×𝑑 represents the resize along the temporal axis, and𝑊 ∈ R𝑑×𝑑′

is linear transformation along the depth axis.
With a transformation function, we match and train each block

of the teacher and the student (𝑓𝑛, 𝑔𝑛) to be similar as illustrated
in Figure 4. In addition to matching between blocks of the teacher
and the student, we also perform knowledge distillation between
the output of the successive composition of blocks of the teacher
and the student (𝑓𝑛 ◦ · · · ◦ 𝑓1, 𝑔𝑛 ◦ · · · ◦𝑔1). Each loss function term
is formulated as follows.

L1
𝑛 =

∑︁
𝑡,𝑑

������𝑓𝑛 (𝑧 𝑓𝑛−1) − (ℎ𝑔→𝑓
𝑛 ◦ 𝑔𝑛 ◦ ℎ𝑓→𝑔

𝑛−1 ) (𝑧 𝑓
𝑛−1)

������2
2

(2)

L2
𝑛 =

∑︁
𝑡,𝑑

������𝑔𝑛 (𝑧𝑔𝑛−1) − (ℎ𝑓→𝑔
𝑛 ◦ 𝑓𝑛 ◦ ℎ𝑔→𝑓

𝑛−1 ) (𝑧𝑔
𝑛−1)

������2
2

(3)

L3
𝑛 =

∑︁
𝑡,𝑑

������(ℎ𝑓→𝑔
𝑛 ◦ 𝑓𝑛 ◦ · · · ◦ 𝑓1) (𝑥) − (𝑔𝑛 ◦ · · · ◦ 𝑔1) (𝑥)

������2
2

(4)

Incorporating all, the loss function used in transferring the induc-
tive bias is L =

∑
𝑛

(
L1
𝑛 + L2

𝑛 + L3
𝑛

)
. We refer to the proposed

method as block-by-block matching (BBM) because it performs
knowledge distillation by matching each block of the teacher and
the student.

3.2 Results
3.2.1 Details of experiments. In the ECG experiment, we divide
Transformer and CNN into four blocks, respectively. Each network’s
blocks are divided equally, so each ResNet block contains four
sub-blocks, and each transformer block contains two sub-blocks.
Transformer and RNN are divided into three blocks for the EHR
experiment, with each block containing one block of Transformer
and one layer of LSTM, respectively.

3.2.2 Result. Table 2 shows the performance of the proposedmethod
against other methods in Physionet 2021 and 2019. In Physionet
2021, there is a significant gap between Transformer and CNN.
DeiT is unable to close this gap, but our approach not only closes
the gap but also outperforms CNN. A similar trend is observed in
Physionet 2019.

Table 2: Generalization performance of existingmethods and
proposed method. The teacher network stands for CNN in
ECG dataset and RNN in EHR dataset.

ECG EHR
F-1 P-21 F-1 P-19

Transformer 0.4959 0.6070 0.1579 0.1876
Teacher 0.5890 0.6895 0.1526 0.2528

DeiT 0.5322 0.6571 0.1609 0.2177
BBM 0.6037 0.7026 0.1610 0.2619



Figure 4: Pink and orange boxes are blocks of the student and the teacher, respectively. The yellow box is a dimension
transformation layer. From the left to right, the panels present Equation 2, 3, and 4, respectively.

3.2.3 Evaluation on inductive bias transfer. As shown in Figure 1
and 2, BBM demonstrate higher similarity in representation with
its teacher. In addition, as demonstrated in Figure 3, we observe
that self-attention matrix of BBM successfully encode its teacher’s
inductive bias, such as spatial/temporal invariance or locality in
the self-attention analysis. These prove that the proposed method
encodes the inductive bias of its teacher successfully.

3.3 Ablation study
We viewed the network as composite functions, performing knowl-
edge distillation on each function. Here, the question of the optimal
number of blocks naturally arises. We perform experiments with
varying the number of blocks to answer this question. As shown
in Table 3, the performance increases as the number of blocks in-
creases.

Table 3: Ablation study on the effect of the number of blocks.
Each row indicate the number of blocks used for function
matching. Block 1 uses the entire encoder as the single block.

ECG EHR
F-1 P-21 F-1 P-19

BBM-block1 0.5938 0.7001 0.1617 0.2066
BBM-block2 0.6027 0.7015 - -
BBM-block3 - - 0.1610 0.2619
BBM-block4 0.6037 0.7026 - -

4 CONCLUSION
We show the limitation of DeiT on the transfer of inductive bias and
demonstrate that this issue can be resolved by using feature-based
knowledge distillation. Through experimental studies in medical
data, we demonstrate that our method consistently outperforms
existing methods as well as the strong inductive bias models. Addi-
tionally, an extensive analysis verifies that the proposed method
transfers meaningful inductive bias to transformers. The many stud-
ies focus on transferring the inductive bias into Transformer on
ImageNet. However, there are insufficient analysis on other real-
world data with different properties to ImageNet. We expect our
study will help bridge the gap between research on ImageNet and
the real-world data.
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