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Abstract

Knowledge distillation (KD) involves transferring
knowledge from a pre-trained heavy teacher model to
a lighter student model, thereby reducing the inference
cost while maintaining comparable effectiveness. Prior
KD techniques typically assume homogeneity between the
teacher and student models. However, as technology ad-
vances, a wide variety of architectures have emerged, rang-
ing from initial Convolutional Neural Networks (CNNs)
to Vision Transformers (ViTs), and Multi-Level Percep-
trons (MLPs). Consequently, developing a universal KD
framework compatible with any architecture has become
an important research topic. In this paper, we introduce
a perspective-aware teaching (PAT) KD framework to en-
able feature distillation across diverse architectures. Our
Jframework comprises two key components. First, we design
prompt tuning blocks that incorporate student feedback, al-
lowing teacher features to adapt to the student model’s
learning process. Second, we propose region-aware atten-
tion to mitigate the view mismatch problem between hetero-
geneous architectures. By leveraging these two modules, ef-
fective distillation of intermediate features can be achieved
across heterogeneous architectures. Extensive experiments
on CIFAR, ImageNet, and COCO demonstrate the supe-
riority of the proposed method. Our code is available at
https://github.com/jimmylin0979/PAT.git.

1. Introduction

Knowledge distillation (KD) has received increasing atten-
tion from both academic and industrial researchers in recent
years. The goal is to develop a lightweight and efficient
student model by transferring knowledge from an already
trained, larger teacher model. This knowledge may come
in the form of predictions [17, 37], or intermediate features
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Figure 1. High-level comparison between former state-of-the-art
OFA and our method PAT. Due to the view mismatch (red lines)
and teacher unawareness (brown dashed lines) problems, OFA can
only use final logits to supervise student intermediate features
(black solid lines), thereby restricting its utility in downstream
tasks. In contrast, PAT enables feature imitation by solving these
two issues with RAA and AFP modules respectively.

[2, 3, 12], from the cumbersome pre-trained teacher model.
Despite the significant progress in KD, there remains a
gap in addressing cross-architecture distillation comprehen-
sively. Existing KD approaches have predominantly fo-
cused on distillation between teacher and student models
with homogeneous architectures, particularly feature-based
approaches, leaving cross-architecture distillation relatively
unexplored. For example, FitNet [30] achieves good re-
sults in CNN-to-CNN format but performs poorly when dis-
tilling in a heterogeneous CNN-to-ViT scenario, only get-
ting 24.06% on CIFAR-100 with ConvNeXt-T teacher and
Swin-P student model pair, which is lower than the basic
logit-based method KD [10] by more than 50%.

Heterogeneous KD, however, offers numerous advan-
tages. First, it helps overcome architecture-specific limi-
tations, allowing the student model to mitigate weaknesses
inherent to individual architectures and achieve a better per-
formance than learning from a homogeneous teacher model.
For instance, CNNs can assimilate a more comprehensive
understanding from ViTs, conversely, ViTs can augment



their capacity for local feature extraction by leveraging in-
sights from CNNs. Second, it enhances the robustness, as
the student model learns from the varied error patterns and
inductive biases of the teacher models, leading to better per-
formance across different tasks and datasets. While a few
studies have delved into the realm of heterogeneous archi-
tectures [20, 29, 38], it is noteworthy that these architectures
often exhibit limitations in accommodating specific teacher-
student pairings. As a result, a thorough restructuring of
the link between the teacher and student models is essential
whenever a new architecture is introduced into the system.

To overcome the existing limitations, OFA-KD [8] is the
first to propose a generic framework for heterogeneous KD
by projecting the intermediate student features into the log-
its space and subsequently aligning them with the final pre-
dictions of the teacher model. The projection into a latent
space with reduced architecture-specific details allows the
distillation process to concentrate on high-semantic infor-
mation, thereby enhancing distillation performance across
different architectures. However, this projection results
in a loss of spatial information that is crucial for down-
stream tasks. Furthermore, distilling based on the final
high-semantic output of the teacher model may not fully
exploit the valuable intermediate features.

To effectively leverage the richly informative interme-
diate layer features and facilitate distillation across diverse
architectures, we revisit the fundamental feature-based dis-
tillation pipeline to identify the potential issues. As illus-
trated in Fig. 1, apart from the different perspectives in-
herent in different architectural biases, which we refer to
as the view mismatch problem, teacher unawareness is a
notable concern, whereby the teacher model fails to adjust
based on the student’s learning progress. Hence, a novel
perspective-aware teaching (PAT) KD framework is pro-
posed for distillation between heterogeneous architectures
to tackle these issues. To address the view mismatch prob-
lem, a region-aware attention (RAA) module is proposed
to let the student model learn how to reblend features from
different patches and stages to achieve a similar perspec-
tive with the corresponding teacher features via the atten-
tion mechanism. Since the perspective is now similar, tra-
ditional stage-wise feature alignment across different archi-
tectures can be applied normally. For the teacher unaware-
ness problem, an adaptive feedback prompt (AFP) module
is introduced. The AFP module employs prompt tuning
[24] to generate distillation-friendly teacher features with
additional branches. Moreover, the difference of the feature
map between the student and teacher model, referred to as
feedback, is integrated as extra input to the prompt tuning
blocks, enabling the teacher model to dynamically adapt its
features in response to the student model’s learning trajec-
tory.

Our contributions are summarized as follows:
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To address the view mismatch issue, we propose region-
aware attention (RAA) to reblend student features to have
a similar perspective with the teacher model.

To address the teacher unawareness problem, we pro-
pose an adaptive feedback prompt (AFP) that enables the
teacher model to dynamically adapt its features in re-
sponse to the student model’s feedback.

Extensive experiments manifest that PAT improves stu-
dent model performance with gains of up to 16.94% on
CIFAR-100 and 3.35% on ImageNet-1K and 3.50% per-
formance gain on COCO.

2. Related Works

2.1. Homogeneous Knowledge Distillation

A majority of the KD methods [25, 37] predominantly con-
centrate on homogeneous architectures, particularly within
feature-based approaches [30, 32, 36], as the intermediate
features between such architectures exhibit greater simi-
larity, thereby enhancing the efficiency of the distillation
process. For instance, ReviewKD [3] introduces a review
mechanism that leverages multi-level information from the
teacher model to direct the single-level learning of the stu-
dent model, achieving commendable performance in the
distillation process between CNN-based models. The afore-
mentioned methods exhibit efficacy in distillation processes
involving homogeneous architectures. Nonetheless, they
fail to consider heterogeneous architectures. As such, they
may encounter challenges like view mismatch and teacher
unawareness when attempting to transfer knowledge from a
heterogeneous teacher model.

2.2. Generic Heterogeneous Knowledge Distillation

As more model architectures are developed, creating a KD
framework that works with any architecture has become
crucial. Different architectures have unique biases [27],
which require careful design for KD and often limit it to
specific teacher-student pairs [1, 20, 29, 39]. OFA-KD
[8] solves this by converting student features into a logits
space, allowing alignment across architectures by removing
architecture-specific details, but it loses important spatial
information in features. In this work, we aim to design a
feature-based distillation framework that keeps rich spatial
information, improving both classification performance and
downstream tasks.

2.3. Adaptive Teacher in Knowledge Distillation

In typical KD approaches [3, 10, 17, 23], the teacher model
is first trained in isolation and then used to distill the knowl-
edge to the student model. This results in static knowl-
edge transfer that ignores the student’s learning dynamics,
often leading to suboptimal outcomes. This phenomenon
has also been validated in [7], where they attempted to



improve student model learning by substituting the con-
ventional teacher trained with cross-entropy loss with one
trained using MSE loss. Although this approach yields bet-
ter performance, training an entirely new teacher model of-
ten requires significantly higher computational resources.
Another research direction draws inspiration from prompt
tuning [13], exploring the possibility of leveraging task-
specific prompts that can be adjusted to fine-tune the entire
teacher model with minimal parameters [15, 38]. For in-
stance, CAKD [38] integrates adaptable prompts into the
teacher model, enabling it to manage distillation-specific
knowledge while preserving its discriminative capability.
In this paper, we propose using prompt tuning in a generic
heterogeneous KD framework to create an adaptive teacher.
Unlike previous methods that directly feed the teacher fea-
ture, we additionally incorporate student feedback to better
align the adaptation with the student’s learning process, fur-
ther improving the performance.

3. Methodology

In this section, we first review knowledge distillation (KD)
and then introduce our PAT framework, which addresses ex-
isting issues such as view mismatch and teacher unaware-
ness. We describe the adaptive feedback prompt (AFP) and
region-aware attention (RAA) components, and summarize
the objective function. An overview of the PAT framework
is shown in Fig. 2.

3.1. Preliminaries

Knowledge Distillation (KD) [10] aims to effectively trans-
fer knowledge from the pre-trained teacher model to a more
compact student model. Among the various types of KD,
logits and features are the most commonly used forms of
knowledge to transfer.

Logits-based distillation trains the student model to
mimic the predictive distribution of the teacher model. This
process can be formulated as:

(D

where p”, p° represents the teacher and student model’s
confidence across all classes, respectively, and L 1, denotes
the KL-divergence function. For simplicity, we omit the
temperature term here.

On the other hand, features-based distillation utilizes in-
termediate features from the teacher model to train the stu-
dent model in a more fine-grained manner, which can be
expressed as:

Lip = Lkr(p",p%),

Lpp = S, D(F, Mi(FY)), @)

where F', F° denote the features of the teacher and stu-
dent model in the i-th stage, respectively. All teacher and
student models are divided into four stages. M, represents
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the transformation applied to the student feature at the i-th
stage, and D denotes the distance function that measures
the gap between the teacher and student features, which is
typically the Mean Squared Error (MSE) function.

Overall, while logits-based distillation incurs minimal
computational costs, its performance is generally inferior
to that of the features-based approach. Despite this lim-
itation, the architecture-agnostic nature of the predictive
distribution in logits allows for straightforward applica-
tion in heterogeneous KD scenarios. Conversely, features-
based distillation requires careful designs to address po-
tential bias misalignment but has the potential for superior
performance, especially on downstream tasks. In this pa-
per, we develop a generic feature-based distillation frame-
work and mitigate the misalignments by introducing the
region-aware attention (RAA) module and adaptive feed-
back prompt (AFP).

3.2. Region-Aware Attention (RAA) Module

A key issue in heterogeneous knowledge distillation is the
difference in perspective between the teacher and student
models, due to their distinct architectural receptive fields.
For example, a ViT-based model begins with a broad view,
whereas a CNN-based model builds up to a global under-
standing from local views, reaching full integration in the
final layers. When trying to use the traditional stage-wise
feature alignment method, this difference in perspective cre-
ates a significant challenge for the student model, hindering
its ability to learn effectively from the teacher model.

To address this issue, we introduce a region-aware at-
tention (RAA) module. This module leverages an attention
mechanism to help the student model learn to integrate fea-
tures from different regions across stages, thereby achieving
a perspective comparable to the teacher model. Owing to
the flexibility of the attention module, RAA can seamlessly
integrate into any architecture without requiring a distinct
design. The proposed RAA is shown in Fig. 2(a) and is
composed of three steps. First, we patchify the student fea-
tures from each stage ¢ to % patches to capture regional

details within each stage, and then use convolution projec-

N,
tors C; to map them to a predefined dimension R %4,

where N, is a hyperparameter that denotes the total num-
ber of queries across all four stages. These stage features
are then concatenated as ¥ € RV«*? ag depicted in Eq. 3.

FS :Concat(Cl(Fls),..,C4(Ff)), 3)

Second, We feed F'S into a self-attention module as ex-
pressed in Eq. 4, which is defined as:

(W %) (W F5)T
Vd

where W, Wy, W, are the learnable weights, and d is the
channel dimension. F° contains features from different

FS" = Softmazx( YW, F5, (4
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Figure 2. A comprehensive depiction of the general structure of our PAT framework and proposed modules. (a) RAA: student features
across all stages are concatenated and fed into an attention module to learn how to integrate a new feature with a perspective similar to that
of the teacher model. (b) AFP: a prompt-tuning method is introduced to modify the output stage features of the teacher model with respect
to the student model’s learning process. Note: Only three stages are shown for convenience. In our experiment, all models are split into

four stages.

patches and different stages. Through the attention mech-
anism, the student model learns how to focus on different
spatial locations from different stages to blend a new fea-
ture with a perspective similar to that of the teacher model.
Finally, we divide the blended student features FS" back
into four stages after RAA and project each to the same
size as the teacher. As the blended student features approx-
imate the teacher’s perspective, standard feature matching
can subsequently be applied as described in Eq. 2.

3.3. Adaptive Feedback Prompts (AFP) for Teacher

The existing KD paradigm typically involves training the
teacher model in isolation. This independent training means
that the teacher model does not account for the subsequent
distillation process intended to train the student model.
Consequently, the intermediate information generated by
the teacher model may not be effective for distillation, lead-
ing to suboptimal performance. This problem is particu-
larly pronounced in heterogeneous KD, as models with dif-
ferent architectures have varying inductive biases, making
their features less compatible with the student model.

A naive solution is to optimize the teacher model during
the distillation process simultaneously [6]. However, this
method requires more computational cost and may lead to
catastrophic forgetting [14] in the teacher model. To address
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this problem, we propose an adaptive feedback prompts
(AFP) module, which uses prompt tuning [13, 24] to fine-
tune the teacher model’s knowledge with minimal param-
eters, aiming not only to eliminate information that is not
conducive to distillation but also to make adjustments based
on student feedback, while preserving the discriminative ca-
pacity of the teacher model.

In practice, the AFP modules are inserted before the start
of each stage in the teacher model, and each consists of two
blocks, prompt block P B, and fusion block F'B, as shown
in Fig. 2(b). To accommodate various architectures, we fol-
low [24] to develop P B that integrates task-specific knowl-
edge through an additional branch without the need to mod-
ify any architecture. Unlike the previous method, which
directly feeds the teacher’s features into the PB [38], we
introduce F'B before the PB to incorporate the difference
of the feature map between the student and teacher model,
referred to as student feedback, into the teacher model’s fea-
tures, aiming to make the output prompt able to reflect the
student feedback. Specifically, let M/AF'" denotes the trans-
formation that transfers the student feature to the same di-
mension as the teacher’s at the i-th stage, we subtract the
student features from the teacher features in each stage to
create feedback as follows:

Fr

prev,i*

Feedback; = ]VIAFP(FZ?TSU i) =

®)



This feedback identifies the locations and intensities where

the teacher and student features are currently inconsistent.
During forward, the AFP block inserted before i-th stage

takes the i-th stage teacher feature F'”._ . and student fea-

prev,i
ture F5_ .

orev,i from the previous iteration, along with the cur-

rent i-th stage teacher feature F! as input, and outputs the
final feedback enhanced teacher feature F;7~ with formula
as follows:
FiT/ = PB;(FB;(Concat(Feedback;, Fl)).  (6)
We first concatenate the feedback with the teacher features
and input them into a fusion block, resulting in a teacher
feature that the feedback has enhanced. This feedback-
enhanced feature is then sent to the prompt block to modify
the teacher model’s output features. In this way, the teacher
model can consider the student’s learning process via feed-
back, thus providing more friendly features to the student
model during distillation. Note that the feedback is derived
by subtracting the teacher and student features from the pre-
vious iteration, as utilizing the current teacher and student
features to generate feedback may lead to the model easily
adapting the teacher features based on this spatial-aligned
feedback. Employing features from previous instances en-
ables the model to understand the error patterns, thereby
facilitating a beneficial adjustment for the student model.
Empirically, we find that the teacher features will be al-
tered too much by the AFP modules in some teacher-student
model pairs, even making the altered teacher features iden-
tical to the student’s, rendering feature matching useless. To
mitigate this issue, we introduce a regularization loss L.,
to avoid the teacher’s features from converging to the stu-
dent’s features, thus preventing the generation of uninfor-
mative identity features by the teacher model that offers no
value to the student model. The loss is defined as follows:
LReg == LKL(pTapT,)a (7)
where p?” is the predictive distribution of the teacher model
incorporating the AFP modules. By ensuring that the KL-
diverge distance between the predictive distributions with
and without AFP modules remains minimal, we maintain
the discriminative capacity of the teacher model, thereby
averting the emergence of non-informative features.

3.4. Overall Objective Function

By integrating the proposed modules into the general
knowledge distillation framework, the overall loss function
of PAT is defined as:

Lpar = Log +aligp +BLpp + YLReg,  (8)

where Lo g is the standard cross-entropy loss, Lxp de-
notes the KL-divergence loss between p” and p°, and Ly p
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denotes the feature matching loss between FT' and FS'.
The weights «, 3, and  balance the contribution of each
term. For Lpp, we adopt the hierarchical context loss
(HCL) from ReviewKD [3] as the distance function D, pro-
viding stronger hierarchical supervision.

4. Experiments

We conduct experiments on various tasks. First, we com-
pare PAT with other KD methods on two image classifica-
tion datasets. We then apply our method to object detection
to show the pros of feature-based distillation. All results of
PAT are reported by taking the average over 3 trials. Due to
the space constraint, please refer to the supplementary for
the implementation details.

Datasets Two image classification datasets and one detec-
tion dataset are adopted for our experiments. (1) CIFAR-
100 [16] is a well-known dataset, containing 50K training
and 10K test images of size 32x32 in 100 classes. (2) Ima-
geNet [4] is a large-scale classification dataset, which pro-
vides 1.2M images for training and 50K images for valida-
tion over 1,000 classes. (3) COCO [18] is an 80-category
object detection dataset, which contains 118K images for
training and 5K images for validation.

Models We evaluate our PAT on various networks, in-
cluding ResNet [9], MobileNetv2 [31], and ConvNeXt [22]
as CNN-based models, ViT [5], DeiT [34] and Swin Trans-
former [21] as ViT-based models, and MLP-Mixer [33] and
ResMLP [35] as MLP-based models.

Baselines We compare with various approaches that are
feature-based, such as FitNet [30], CC [26], RKD [25], and
CRD [32], as well as the baselines that are based on logits,
which include KD [10], DKD [37], DIST [11] and the most
recent state-of-the-art (SOTA) OFA-KD [8].

4.1. Results on Image Classification

On CIFAR-100, we compare our PAT method with eight
other KD methods, encompassing a total of twelve het-
erogeneous teacher-student pairings. As shown in Ta-
ble 1, PAT outperforms other methods on most teacher-
student pairs, resulting in an average improvement of
8.17%. For instance, we achieve an accuracy of 83.50%
on the ConvNeXt-T - ResMLP-S12 pair and 79.59% on the
ConvNeXt-T - DeiT-T pair, surpassing not only the other
feature-based methods but also obtaining an improvement
of 2.28% and 3.83% compared to the prior SOTA logits-
based method OFA. Specifically, PAT does not achieve
as much improvement on CNN-based students as it does
on ViT-based and MLP-based students. Unlike the other
two types of students, CNN-based students need additional
patch-embedding layers, we speculate that these additional
parameters could result in prolonged training epochs, thus
only having a small improvement in current settings.



| From Scratch

Logits-based

Features-based

Teacher Student

| T S. | Kb DKD DIST OFA |FitNet CC RKD CRD PAT

CNN-based students
Swin-T ResNet18 89.26 74.01 | 78.74 8026 77.75 80.54 | 78.87 74.19 74.11 77.63 81.22
ViT-S ResNet18 92.04 74.01 | 7726 78.10 7649 80.15 | 77.71 7426 7372 76.60 80.11
Mixer-B/16 ResNet18 87.29 74.01 | 77.79 78.67 76.36 79.39 | 77.15 7426 73.75 7642 80.07
Swin-T MobileNetV2 | 89.26 73.68 | 74.68 71.07 72.89 80.98 | 7428 71.19 69.00 79.80 78.78
ViT-S MobileNetV2 | 92.04 73.68 | 72.77 69.80 72.54 7845 | 73.54 70.67 68.46 78.14 78.87
Mixer-B/16 ~ MobileNetV2 | 87.29 73.68 | 73.33 7020 7326 78.78 | 73.78 70.73 68.95 78.15 78.62

ViT-based students
ConvNeXt-T DeiT-T 88.41 68.00 | 72.99 74.60 73.55 75.76 | 60.78 68.01 69.79 6594 79.59
Mixer-B/16 DeiT-T 87.29 68.00 | 71.36 73.44 71.67 73.90 | 71.05 68.13 69.89 6535 74.66
ConvNeXt-T Swin-P 88.41 72.63 | 7644 7680 7641 7832 | 24.06 7263 7173 67.09 80.74
Mixer-B/16 Swin-P 87.29 72.63 | 7593 7639 75.85 7893 | 7520 7332 70.82 67.03 78.44

MLP-based students
ConvNeXt-T ResMLP-SI12 | 88.41 66.56 | 7225 7322 7193 81.22 | 4547 67.70 65.82 63.35 83.50
Swin-T ResMLP-S12 | 89.26 66.56 | 71.89 72.82 11.05 80.63 | 63.12 6837 64.66 61.72 80.94
Average Improvement | 317 316 -231 747 | -520 -033 -140 -0.02 8.17

Table 1. Result on CIFAR-100. Our results are the average over 3 trials. The highest results are indicated in bold, while the second-best

results are underlined.

| From Scratch |

Logits-based

Features-based

Teacher Student
| T S. | Kb DKD DIST OFA | FitNet CC RKD CRD PAT
CNN-based students
Swin-T ResNetl8 | 81.38 69.75 | 71.14 71.10 7091 71.85 | 71.18 70.07 68.89 69.09 71.54
Mixer-B/16  MobileNetV2 | 76.62 68.87 | 71.92 7093 71.74 7212 | 71.59 70.79 69.86 68.89 72.22
ViT-based students
ConvNeXt-T DeiT-T | 8205 72.17 | 7400 7395 74.07 7441 | 7045 7312 7147 69.18 74.44
MLP-based students
Swin-T ResMLP-S12 | 81.38 76.65 | 76.67 76.99 7725 7731 | 7648 76.15 75.10 7340 77.59
Average Improvement | 157 138 163 206 | 057 067 -053 -1.72 2.09

Table 2. Result on ImageNet. Our results are the average over 3 trials. The highest results are indicated in bold, while the second-best

results are underlined.

Due to computational limitations, we select four teacher-
student settings to experiment with on ImageNet. The re-
sults are presented in Table 2. With an increase in the vol-
ume of training data, the majority of methods exhibit a fa-
vorable average enhancement. Among them, PAT attains
SOTA performance across most teacher-student pairs. For
instance, we achieve 72.22% on MobileNetV?2 and 77.59%
on ResMLP-S12 when distilling from the teacher model
Mixer-B/16 and Swin-T, which is 3.35% and 0.94% higher
than the baselines, proving our generalizability on a larger
dataset.

Previous feature-based methods achieve inferior perfor-
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mance compared to logits-based methods, even getting a
negative average improvement. Methods like CC, RKD,
and CRD learn from the relationships between the data sam-
ples rather than directly imitating features, making them
less vulnerable to view mismatch. However, they still un-
derperform as they ignore the teacher unawareness problem.
FitNet and our method both imitate the teacher model’s
features, however, without considering the view mismatch
problem, the imitation is less efficient and thus performs
badly. Our performance suggests that by tackling the dis-
crepancy in perspectives and lack of awareness in the in-
structor, a feature-imitated approach can achieve compara-



Swin-T & ResNet18 Swin-T - MobileNetV?2

mAP AP50 AP75 | mAP AP50 AP75

Teacher | 45.14 67.09 49.25 | 45.14 67.09 49.25
Student | 33.26 53.61 35.26 | 29.47 48.87 30.90
KD 34.07 5526 3648 | 31.46 5240 32.74
DKD 2996 51.17 31.36 | 32.10 53.82 33.88
OFA 3337 5498 35.13 | 31.69 5291 32.88
FitNet | 3523 56.09 37.31 | 3248 52.62 34.67
PAT 35.62 56.67 38.04 | 32.97 54.18 35.08

Table 3. Results on COCO based on Faster RCNN [28] with FPN
[19]. The highest results are indicated in bold, while the second-
best results are underlined.

ble or even superior performance in heterogeneous KD sce-
narios.

4.2. Results on Object Detection

We extend our method to object detection and follow the
setting of DKD [37] to perform distillation between the
teacher’s and student’s backbone features. The results are
presented in Table 3. Logits-based methods, as mentioned
in DKD, can only achieve inferior performance as they dis-
regard the intermediate features. For example, OFA can not
reach good performance owing to the excessive focus on
semantic details instead of spatial aspects, which is crucial
for detection. Conversely, feature-based methods demon-
strate superior performance, with our approach achieving
SOTA results. We observe an enhancement of 2.36% for
ResNet18 and 3.50% for MobileNetV2 when distilling from
the Swin-T teacher model. This underscores that by miti-
gating view mismatch and teacher unawareness issues, the
feature-mimicking technique can effectively leverage the
abundant intermediate features for improved performance
across classification and downstream tasks.

RAA AFP w/o Feedback AFP  Acc.

Baseline (FitNet) 60.71
v 70.12
v v 79.13
v v 79.59

Table 4. The effectiveness of our proposed RAA, AFP on CIFAR-
100 with ConvNeXt-T - DeiT-T as the teacher-student pair.

5. Ablation Studies

5.1. Effectiveness of each proposed module

Experiments are conducted to evaluate the effectiveness,
where the proposed modules are gradually integrated to
measure their influence, and the results are summarized in
Table 4. By leveraging the RAA module, the issue of view
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Stage 1  Stage2 Stage3 Stage 4 \ Mem. (GB) Acc.
Baseline (FitNet) \ 6.12 60.71

v 10.76 7543

v 11.55 77.34

v 10.30 76.26

v 9.01 69.65

v v v 13.70 77.87

v v v 12.31 78.71

v v v v 14.02 79.59

Table 5. Effect of number and position of AFP on CIFAR-100
with ConvNeXt-T - DeiT-T as the teacher-student pair.

Ny Mem. (GB) Acc.
Baseline (FitNet) 6.12 60.71
36 13.79 79.03
64 14.02 79.59
80 14.37 80.14
144 14.54 80.89

Table 6. Comparation of the N, in RAA on CIFRA-100. We adopt
ConvNeXt-T - DeiT-T as the teacher-student pair.

mismatch is resolved, leading to a significant improvement
in performance compared to the baseline. When we further
introduce the AFP module to adapt the teacher model, the
student yields larger gains, and the performance becomes
the best when student feedback is incorporated into the AFP.

5.2. Effectiveness of number and position of AFP

Since adopting AFP at every stage is beneficial yet intro-
duces additional parameters, we conduct experiments to in-
vestigate the effectiveness of adopting AFP at each stage
as in Table 5. Enhancements in performance are observed
even with the adoption of AFP in just one of the stages,
with optimal outcomes achieved when AFP is implemented
across all stages but also with the highest memory usage. In
our experiments, we adopt AFP at each stage of the teacher
model by default to achieve the best performance.

5.3. Number of queries on RAA

In RAA, each stage feature of the student is projected into

a predefined sequence of shape R%Xd for attention com-
putation. Increasing NV, allows finer subdivision of fea-
tures, offering more detailed representations, but also leads
to larger attention matrices and higher computational cost.
We evaluate the impact of varying N, from 36 to 144 on
performance and memory usage. As shown in Table 6, per-
formance improves steadily with larger /N,, accompanied
by proportional memory growth. Notably, setting N, = 64
achieves SOTA on CIFAR-100 with minimal memory us-
age. By default, we use N, = 64 for CIFAR-100 and



Teacher Swin-T ConvNeXt-T  ConvNeXt-T
Student ResNetl8 DeiT-T ResMLP-S12
KD 78.74 72.99 72.25
FitNet 78.87 60.78 45.47
PAT w/o KL Loss 79.14 75.98 81.79
PAT w/ KL Loss 81.22 79.10 83.50

Table 7. The effectiveness of loss L i1, on PAT on CIFAR-100.

Method Extra Para. (M) Epoch (s) Acc.
KD 0 65.75 72.99
OFA 3.78 76.16 75.76
FitNet 1.11 90.45 60.78
PAT 14.48 208.57 79.59

Table 8. The complexity of KD methods with ConvNeXt-T - DeiT-
T as the teacher-student pair on CIFAR-100.

N, = 144 for larger datasets such as ImageNet and COCO.
5.4. The performance of PAT without KL loss

PAT is not purely feature-based, as it also incorporates a
logits-based KL-divergence loss, as shown in Eq.8. This
raises the question of whether performance gains stem pri-
marily from the logits-matching loss rather than the feature-
level alignment. To investigate, we train PAT without the
KL loss. As shown in Table7, adding the KL loss improves
performance. However, even without it, PAT still achieves
performance close to SOTA. For best results, we include the
KL loss by default to further enhance overall effectiveness.

5.5. Complexity Analysis

We also explore the complexity of our method. As shown
in Table 8, it is found that logits-based methods, which rely
solely on logits for distillation, require significantly fewer
parameters compared to feature-based methods, leading to
faster training times. In contrast, feature-based methods
involve more parameters, which extends the training dura-
tion. Although PAT consumes the most parameters, it also
achieves the highest performance. Notably, these additional
parameters only appear during training and do not add any
overhead to the student model during inference.

For the trade-off between the complexity and perfor-
mance of PAT, as mentioned in section 5.2 and 5.3, we
can achieve faster training by lowering the number of AFP
modules, or by decreasing the queries number on RAA.

5.6. Visualization of attention map within RAA

Direct feature matching in heterogeneous KD is subopti-
mal due to differing inductive biases across architectures,
leading to mismatched feature representations. To address
this, PAT leverages attention to guide the student in blend-
ing features from different regions and stages, aligning its
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Stagel — Stage4
Stagel

Stage4 . . .

Swin-T — ResNet18 Mixer-B16 — DeiT-T  ConvNeXt-T — ResMLP-512

Figure 3. Visulizations of the attention map within RAA from
different model pairs. Queries are sorted based on patch and stage
position, as the black arrow shows.

perspective with the teacher. As shown in Fig. 3, atten-
tion patterns vary across teacher-student pairs. For example,
the MLP-based student ResMLP-S12 learns from the CNN-
based teacher ConvNeXt-T by attending to consistent spa-
tial positions across stages, forming diagonal patterns that
reflect local aggregation. In contrast, the CNN-based stu-
dent ResNetl18, learning from the ViT-based teacher Swin-
T, captures features from neighboring patches, resulting in
grid-like patterns indicative of global context aggregation.
Similarly, the ViT-based student DeiT-T, when guided by
the MLP-based teacher Mixer-B16, exhibits global atten-
tion with a strong focus on stage 3, suggesting that key in-
formation is concentrated there.

6. Conclusion

In this paper, we propose a perspective-aware teaching
(PAT) framework to facilitate feature-level supervision in
the context of heterogeneous KD. First, we introduce
region-aware attention to blend the stage features of the stu-
dent model to align with those of the teacher model, thereby
alleviating the issue of view mismatch prevalent between
the two models. Moreover, we incorporate the prompt tun-
ing technique to address the teacher unawareness problem
and enable to adapt the teacher model’s feature utilizing
feedback from the student model with minimal parameters.
Through the integration of these two components, we can
realize feature-level distillation in heterogeneous KD sce-
narios and achieve promising performance in classification
and downstream tasks.
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