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Abstract

Knowledge distillation (KD) transfers the “dark knowledge”
from a complex teacher model to a compact student model.
However, heterogeneous architecture distillation, such as Vi-
sion Transformer (ViT) to ResNet18, faces challenges due to
differences in spatial feature representations. Traditional KD
methods are mostly designed for homogeneous architectures
and hence struggle to effectively address the disparity. Al-
though heterogeneous KD approaches have been developed
recently to solve these issues, they often incur high compu-
tational costs and complex designs, or overly rely on logit
alignment, which limits their ability to leverage the com-
plementary features. To overcome these limitations, we pro-
pose Heterogeneous Complementary Distillation (HCD), a
simple yet effective framework that integrates complemen-
tary teacher and student features to align representations in
shared logits. These logits are decomposed and constrained
to facilitate diverse knowledge transfer to the student. Specif-
ically, HCD processes the student’s intermediate features
through convolutional projector and adaptive pooling, con-
catenates them with teacher’s feature from the penultimate
layer and then maps them via the Complementary Feature
Mapper (CFM) module, comprising fully connected layer, to
produce shared logits. We further introduce Sub-logit Decou-
pled Distillation (SDD) that partitions the shared logits into
n sub-logits, which are fused with teacher’s logits to rectify
classification. To ensure sub-logit diversity and reduce redun-
dant knowledge transfer, we propose an Orthogonality Loss
(OL). By preserving student-specific strengths and leverag-
ing teacher knowledge, HCD enhances robustness and gen-
eralization in students. Extensive experiments on the CIFAR-
100, Fine-grained (e.g., CUB200, Aircraft) and ImageNet-1K
datasets demonstrate that HCD outperforms state-of-the-art
KD methods, establishing it as an effective solution for het-
erogeneous KD.

Code — https://github.com/yema-web/HCD

Introduction
Knowledge distillation (KD), proposed by Hinton et
al. (Hinton et al. 2014), aligns the soft label distributions of a
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complex teacher model (abbreviated teacher) and a compact
student model (abbreviated student) using Kullback-Leibler
(KL) divergence (Kullback and Leibler 1951). This tech-
nique enables the student’s performance to approach that of
the teacher’s. Due to its simplicity and its ability to preserve
the original architecture, KD is widely applied to resource-
constrained computer vision tasks, such as image classifica-
tion (He et al. 2016; Yang et al. 2022a; Zheng et al. 2025),
object detection (Li et al. 2024b; Zhao et al. 2024; Li et al.
2023a) and semantic segmentation (Zou et al. 2024; Liang
et al. 2023). However, traditional variants of KD, such as
FitNets (Romero et al. 2015), DKD (Zhao et al. 2022), and
RKD (Park et al. 2019), mainly focus on distillation between
homogeneous architectures (e.g., ResNet34 to ResNet18).
This limits the improvement of the student’s performance
due to the lack of knowledge diversity in the KD strategy.
In contrast, Vision Transformers (ViTs) (Dosovitskiy et al.
2021; Tolstikhin et al. 2021), with stronger representational
capacity, provide new avenues for heterogeneous architec-
ture (or cross-architecture) distillation (Liu et al. 2022) and
allow the student to acquire diverse feature representations
from the teacher. Intuitively, heterogeneous architecture dis-
tillation, such as ViT-to-ResNet18, leverages the comple-
mentary information of inductive biases from the teacher
and the student. As a result, it enhances the student’s ro-
bustness and generalization beyond the limitations of ho-
mogeneous distillation methods. However, when traditional
feature-based distillation methods (Romero et al. 2015; Park
et al. 2019) in homogeneous settings are applied to hetero-
geneous settings, distillation result often fails due to mis-
matched spatial feature representations (e.g., differences in
receptive field size), which results in the degradation of the
student’s performance.

To overcome the heterogeneous feature representation
gap, existing methods, such as OFA-KD (Hao et al. 2023),
adopt a one-for-all strategy at each student stage to map in-
termediate representations to the logits space and align them
with the teacher’s logits. However, relying solely on log-
its alignment between teacher and student fails to leverage
their complementary strengths, thus limiting potential per-
formance gains. Similarly, PAT proposes a region-aware at-
tention (RAA) module (Lin et al. 2025) that restructures stu-
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dent intermediate features to align with teacher representa-
tions, improving student’s performance but incurring high
computational costs and complex designs. These limitations
highlight the challenge of transferring heterogeneous knowl-
edge effectively, primarily due to the complex spatial fea-
ture patterns that students struggle to fully capture in het-
erogeneous distillation. In particular, over-reliance on the
teacher’s logits, as seen in OFA-KD, may cause the student
to overlook its own feature extraction strengths. Therefore,
our research focuses on tailoring logit knowledge to inte-
grate the feature representations from both teacher’s and the
student’s architectural strengths, facilitating more effective
knowledge transfer in heterogeneous distillation.

To this end, we propose Heterogeneous Complementary
Distillation (HCD), a novel approach that leverages com-
plementary teacher-student feature representations to map
them into a shared logits space, where logits are decom-
posed and constrained for diverse knowledge transfer to the
student. Specifically, outputs from the student’s intermedi-
ate i-th stages are processed through a convolutional mod-
ule and adaptive pooling, and then concatenated with the
teacher’s penultimate layer features. The concatenated fea-
tures are then fed into the Complementary Feature Mapper
(CFM) module, comprising fully connected layer, to pro-
duce shared logits output that integrates teacher and student
spatial representations while preserving student-specific fea-
tures. However, the direct learning of shared logits knowl-
edge presents challenges, as they contain global contextual
information that is difficult for the student to grasp. To solve
this problem, we propose Sub-logit Decoupled Distillation
(SDD). It decomposes shared logits into n sub-logits, which
are then fused with the teacher’s logits to ensure classifi-
cation consistency. Furthermore, to promote diversity and
non-redundant sub-logit representations, we introduce an
Orthogonality Loss (OL) to ensure the n sub-logits capture
distinct characteristics. The HCD approach enables the stu-
dent to effectively assimilate the teacher’s feature knowl-
edge while preserving its own strengths, thereby improv-
ing robustness and generalization. Extensive experiments on
datasets, such as CIFAR-100, Fine-grained (e.g., CUB-200-
2011, FGVC-Aircraft), and ImageNet-1K, have confirmed
the effectiveness of our HCD method. We summarize the
contributions of this paper as follows:

• We design a Complementary Feature Mapper (CFM) to
produce shared logits space, which addresses the dis-
parate features between the teacher and the student.

• We propose Sub-logit Decoupled Distillation (SDD) to
decompose shared logits space and obtain various sub-
logit, facilitating more effective and specialized knowl-
edge transfer to the student.

• We introduce an orthogonal loss to emphasize sub-logit
diversity, thereby improving the efficiency of knowledge
transfer by promoting non-redundant feature learning.

• Extensive experiments on CIFAR-100, Fine-grained, and
ImageNet-1K datasets consistently demonstrate that our
proposed method outperforms current state-of-the-art
KD methods, achieving superior performance.

Related Work
In this section, we review existing homogeneous and het-
erogeneous knowledge distillation approaches, highlighting
their differences below.

Homogeneous Architecture Knowledge Distillation.
Knowledge distillation (KD) transfers the teacher’s “dark
knowledge” to a compact student, enabling the student to
achieve performance comparable to the teacher’s while re-
ducing the model size. KD methods are broadly categorized
into feature-based KD (Li et al. 2023c; Yang et al. 2022b;
Zhao et al. 2024; Romero et al. 2015; Liu et al. 2023b;
Tian, Krishnan, and Isola 2020; Li et al. 2023b; Chen et al.
2021; Liu et al. 2023a; Dong, Li, and Wei 2023; Guo et al.
2023; Huang et al. 2023; Kim et al. 2024; Yang et al. 2022c,
2021; Wang et al. 2019; Li and Jin 2022) and logit-based
KD (Zhao et al. 2022; Yang et al. 2023; Li et al. 2022;
Huang et al. 2022; Xu et al. 2024; Wei, Luo, and Luo 2024;
Peng et al. 2024; Zheng and Yang 2024; Sun et al. 2024;
Jin, Wang, and Lin 2023). Feature-based KD methods use
the teacher’s intermediate features to improve the student’s
feature representations. For example, FitNets (Romero et al.
2015) aligns intermediate features across stages using mean
squared error. NORM (Liu et al. 2023b) enables efficient
many-to-one feature matching via expanded student repre-
sentations. CRD (Tian, Krishnan, and Isola 2020) incorpo-
rates contrastive learning to improve knowledge transfer ef-
ficiency. ReviewKD (Chen et al. 2021) introduces a review
learning mechanism that improves the efficiency of knowl-
edge transfer from the teacher. Despite their effectiveness,
these methods often incur high computational and mem-
ory cost, prompting a shift toward logit-based distillation
approaches. For instance, DKD (Zhao et al. 2022) decou-
ples logit knowledge into target and non-target class KD.
LDRLD (Xu et al. 2025) mines fine-grained logit relation-
ships to improve the student’s performance. IKD (Wang
et al. 2025) uses intra-class distillation to mitigate predic-
tion biases within the same class. WTTM (Zheng and Yang
2024) refines the temperature scaling in teacher matching.
RLD (Sun et al. 2025) uses labeling information to dynami-
cally refine teacher knowledge. TeKAP (Hossain et al. 2025)
employs multi-perspective teacher knowledge via random
sampling. Following the success of KD methods in homo-
geneous architecture, researchers have shifted to address ar-
chitectural disparities between the teacher and the student.

Heterogeneous Architecture Knowledge Distillation.
Architectural disparities between the teacher and student of-
ten limit the effectiveness of homogeneous distillation meth-
ods in heterogeneous settings. To tackle this challenge, re-
searchers have proposed various methods (Hao et al. 2023;
Li et al. 2024a; Lin et al. 2025; Zhao, Song, and Liang
2023; Zhou, Zhu, and Wu 2025; Huang et al. 2025; Lee
et al. 2025; Zhang et al. 2025). For example, MLDR-
KD (Yang et al. 2025) proposes a novel heterogeneous re-
lational KD framework that retains dark knowledge while
boosting confidence in the correct target. RSD (Zhang et al.
2025) extracts architecture-agnostic knowledge by reducing
redundant architecture-specific information. PAT (Lin et al.
2025) introduces a region-aware attention (RAA) module
that aligns teacher representations by restructuring multi-
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layer student features. LFCC (Wu et al. 2024) uses a multi-
scale low-pass filter and its learnable derivative to compress
low-frequency components of teacher and student features,
reducing representational disparity and mitigating the im-
pact of spatial noise. TCS (Zhou, Zhu, and Wu 2025) tai-
lors a coordinate system to transfer “dark knowledge” from
a task-agnostic teacher to task-specific student networks.
HeteroAKD (Huang et al. 2025) transforms heterogeneous
knowledge into the logit space, mitigating architecture-
specific influences. CustomKD (Lee et al. 2025) customizes
the generalized features of large vision foundation models
(LVFMs) for the student, minimizing spatial representation
differences. However, methods like HeteroAKD, LFCC, and
PAT, which rely on all intermediate stages, incur high com-
putational costs and decrease the efficiency of knowledge
transfer. Consequently, heterogeneous KD approaches re-
quire further optimization to overcome these limitations. To
address these challenges, our proposed method integrates
complementary feature mapping from the teacher and stu-
dent, sub-logit decoupled distillation, and orthogonal con-
straints to enhance efficiency and effectiveness.

Method
In this section, we first review knowledge distillation (KD)
methods and our motivation. We then propose Hetero-
geneous Complementary Distillation (HCD) for heteroge-
neous KD. Finally, we optimize the total loss function.

Preliminary
KD was originally proposed by Hinton et al. (Hinton et al.
2014). By minimizing the output probability distributions of
the teacher and the student via KL divergence, KD transfers
the complex teacher’s “dark knowledge” to the compact stu-
dent. Specifically, the KD loss, LKL, uses KL divergence to
measure the difference between the soft label distributions
of the student and the teacher, while the cross-entropy loss,
LCE , supervises the student’s classification performance.
The total distillation loss combines two terms as follows:

Ltotal = αLCE(σ(z
s),y) + (1− α)LKL(p

t||ps)

= −α× y log σ(zs) + (1− α)pt log(pt/ps),
(1)

where ps = σ(zs/τ) and pt = σ(zt/τ) denote the student’s
and the teacher’s soft label distributions derived from their
logits zs and zt scaled by temperature τ , σ (·) denotes the
softmax function. The vector y represents the one-hot labels,
and the parameter α balances the two loss terms.

Motivation
Heterogeneous architectures, such as convolutional neural
networks (CNNs), vision transformers (ViTs), and MLP-
Mixers, generate distinct spatial feature representations due
to their inherent inductive biases. For instance, CNNs em-
phasize locality and translation invariance, whereas ViTs ex-
cel at modeling global contextual relationships. Direct align-
ment of the intermediate feature representations using Fit-
Nets (Romero et al. 2015) between a student (e.g., CNN)
and a teacher (e.g., ViT) often results in failure due to dis-
tinct representations. This consequently hinders effective

knowledge transfer and degrades student performance. In-
tuitively, heterogeneous distillation can enrich knowledge
diversity by leveraging differences in feature representa-
tion between architectures, thereby improving the student’s
performance. However, traditional homogeneous distillation
methods, such as feature alignment in FitNets or logit dis-
tillation in KD, fail to address these representation dispar-
ities, leading to suboptimal student performance. As a re-
sult, they cannot fully exploit the inductive bias informa-
tion of each architecture to enhance the student’s perfor-
mance. While existing heterogeneous distillation methods
attempt to address this issue, they still have limitations. For
example, OFA’s single-stage logit mapping oversimplifies
the process, limiting the student’s feature representation ca-
pacity. Conversely, PAT’s RAA mitigates feature represen-
tation misalignment effectively but incurs significant com-
putational overhead. To address these issues, The proposed
Heterogeneous Complementary Distillation (HCD) method.
The HCD integrates the teacher’s deep feature representa-
tions with the student’s intermediate feature representations
and enhances the student’s performance.

Heterogeneous Complementary Distillation (HCD)
An overview of the proposed HCD framework is illustrated
in Fig. 1, including CFM, SDD, and orthogonal loss.

Complementary Feature Mapper
To address the challenge of aligning intermediate layer fea-
ture in the heterogeneous architecture KD, caused by differ-
ences in inductive biases, we propose a simple yet effective
module designated as the Complementary Feature Mapper
(CFM). The CFM concatenates the features from different
intermediate stages of the student (e.g., i-th stage output)
with the penultimate layer features of the teacher and maps
them into shared logits space. Specifically, given a batch x
with B samples for a ViT teacher, we extract the feature
from the penultimate layer of the teacher’s encoder F t, de-
noted as f t = F t(x) ∈ RB×d, where d represents the fea-
ture dimension (e.g., d = 1024 for ViT-L). For a CNN stu-
dent, we extract the intermediate feature from the student’s
encoder Fs, denoted as Gsi = Fs

i (x) ∈ RB×Ci×Hi×Wi

at the i-th stage output of the student, where Ci, Hi, and
Wi represent the number of channel, height, and width, re-
spectively. The intermediate feature Gsi is fed into a pair of
convolutional blocks, each consisting of a 3 × 3 convolu-
tion (Conv), batch normalization (BN), and ReLU function,
followed by adaptive average pooling (Pool) to yield fs

i ∈
RB×m, where m is the feature dimension (e.g., m = 256),
is formulated as follows:

fs
i = Pool (2× ReLU (BN (Conv (Gsi )))) ∈ RB×m. (2)

To effectively exploit the complementary inductive biases of
heterogeneous architectures, we propose the CFM module.
In particular, we concatenate the mapped features fs

i from
the i-th stage of the student with the penultimate layer fea-
tures of the teacher f t, as formulated below:

f cat
i = Concat

(
fs
i ,f

t
)
∈ RB×(d+m), (3)
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Figure 1: Overview of the proposed HCD framework, which includes the three components.

where Concat(·) denotes the concatenation operation along
the feature dimension. We then project the concatenated fea-
tures, f cat

i , through fully connected layer (FC), such as two
layers, to map them into the shared logits space, zi, as ex-
pressed below:

zi = FC2

(
ReLU

(
FC1

(
f cat
i

)))
∈ RB×K , (4)

where FC1 : Rd+m → Rd and FC2 : Rd → RK , and
K represents the number of classes. As a result, this pro-
cess can reduce the information gap between the teacher and
the student. The proposed module effectively mitigates mis-
alignment between spatial feature representations and lever-
ages the complementary inductive biases of the teacher and
the student to improve performance.

In this way, CFM effectively leverages the strengths of
both the teacher and the student in two key aspects. First,
CFM integrates low-level feature maps from the student
(e.g., edges and textures in the CNN) with high-level se-
mantic features from the teacher (e.g., class-discriminative
features in the ViT), thus enhancing the diversity of feature
representations. Second, CFM combines the complementary
inductive biases of heterogeneous architectures, such as the
locality and translation invariance in CNN student and the
global contextual relationships with attention mechanism of
the ViT teacher, to generate more comprehensive feature
representations. Consequently, CFM improves the effective-
ness of heterogeneous knowledge distillation and enhances
the robustness of the student.

Sub-logit Decoupled Distillation
Sub-logit Decomposition: Directly aligning the student’s
logits with the CFM-mapped shared logits presents a chal-
lenge for optimization, as these logits incorporate global
contextual representations that are difficult for the student
to learn. To address this, we extend the CFM’s FC2 output
dimension from RB×K to RB×(n×K) in Eq. (4), and refer to
it as FC2. Then, we decompos the shared logits output into
n sub-logits tailored to the student’s representation capac-
ity. Such decomposition enables the student to effectively
capture the complementary knowledge. The decomposition
process is defined as follows:

zi = FC2

(
ReLU

(
FC1

(
f cat
i

)))
∈ RB×(n×K), (5)

where zi =
[
z1i , z

2
i , . . . , z

n
i

]
, and zji ∈ RB×K , 1 ≤ j ≤ n.

Sub-logit Augmentation: To ensure each sub-logit zji re-
mains consistent with the teacher’s predictions and to pre-
vent deviation from the task objective, we fuse each sub-
logit with the teacher’s logits zt, expressed as follows:

zji ← zji ⊕ zt, for each j = 1, 2, . . . , n, (6)

where the symbol ⊕ denotes element-wise addition. The fu-
sion update of each sub-logit zji is concatenated column-
wise to obtain the final decomposed logits z′i as follows:

z′i =
[
z1i , z

2
i , . . . , z

n
i

]
∈ RB×(n×K). (7)

Sub-logit Knowledge Transfer: The goal of sub-logit is
to enable the student to fully acquire the complementary
knowledge from the teacher. Thus, we use KL divergence
(LKL) to transfer decomposed logits knowledge from z′i to
the student’s zs, and ensure accurate sub-logit classification
using cross-entropy loss (LCE). Note that instead of align-
ing the teacher’s raw logits zt, we aim to preserve the stu-
dent’s knowledge while incorporating the teacher’s hetero-
geneous information to enhance comprehension. The sub-
logit losses, Lsub

KL and Lsub
CE , are expressed as follows:

Lsub
KD =

1

l × n

l∑
i=1

n∑
j=1

LKL(p
j
i ||p

s), (8)

Lsub
CE =

1

l × n

l∑
i=1

n∑
j=1

LCE(σ(z
j
i ),y), (9)

where ps = σ(zs/τ) and pj
i = σ(zji/τ) denote the student’s

and sub-logit’s output probability distributions, respectively,
which are obtained by normalizing their logits zs and z′i,
with the batch dimension B omitted for simplicity. l is the
total number of stages of the student.

Orthogonal Loss for Sub-logit Diversity
Masking Ground-truth Label Position: According to
Eq. (9), cross-entropy loss enforces uniform probability dis-
tributions of sub-logits relative to the ground-truth label,
leading to similar predictions for the same label across all
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sub-logits. To alleviate this problem and promote diversity
among the sub-logits zji , while excluding the influence of
ground-truth label position prediction, we modify the sub-
logit by suppressing the value at the ground-truth label in-
dex Y ∈ {0, 1, . . . ,K−1} for each sub-logit. We adjust the
sub-logit vector, zji ∈ RK , using a mask-based approach as
follows:

zji ← zji ⊙ (1−mi)− ϵ ·mi, (10)

where the symbol ⊙ denotes element-wise multiplication,
mi ∈ {0, 1}K is a one-hot vector, where mi,k = δk,Y , and
δk,Y = 1 if k = Y , otherwise 0, k represents the index of the
maximum value of zji , and ϵ = 10−6 prevents zero values
in the ground-truth labels to ensure numerical stability. This
modification ensures that the ground-truth label index does
not contribute to the diversity loss, enabling effective diver-
sification of non-target class predictions across sub-logits.
Orthogonal Loss: To fully utilize the discriminative infor-
mation among sub-logits while reducing their similarity, we
impose orthogonal constraints to promote the diversity of
the sub-logits, thereby enabling the student to effectively ac-
quire the teacher’s global spatial feature representation. Fol-
lowing Eq. (7) and Eq. (10) that z′i =

[
z1i , z

2
i , . . . , z

n
i

]
∈

Rn×K , with the batch dimension B omitted for simplicity,
each sub-logit zji is normalized to obtain its normalized vec-
tor z̄ji , which is defined as:

z̄ji =
zji
||zji ||2

,
∥∥∥zji∥∥∥

2
=

√√√√ K∑
k=1

(
zji,k

)2

, (11)

where the vector z̄ji satisfies ||z̄ji ||2 = 1. Next, we compute
the dot product of any two sub-logits z̄pi and z̄qi , denoted by
the matrix Apq as follows:

Apq = z̄pi · z̄
q
i =

zpi
||zpi ||2

· zqi
||zqi ||2

, (12)

where 1 ≤ q ≤ n and 1 ≤ p ≤ n. For p = q, the diagonal
elements represent the self-correlation, where Apq = 1. To
calculate the dot product between different vectors, we ex-
clude the diagonal elements of the matrix Apq , obtaining a
new matrixA′, which contains all the off-diagonal elements:

A′ = {Apq | p ̸= q} . (13)

The orthogonal loss function computes the mean squared
value of the off-diagonal elements of the matrix A′. We en-
force these off-diagonal elements to be small, ensuring that
distinct sub-logits remain orthogonal. The orthogonal loss,
Lorth, is formulated as follows:

Lorth =
1

i× n(n− 1)

∑
i

∑
p ̸=q

[max(0,A′ − θ)]
2
, (14)

where θ serves as a threshold to prevent excessive orthog-
onality between sub-logits, with θ= 0.5. The max(·) term
uses ReLU activation function as the loss.

Overall Objective Function
Our proposed HCD method combines cross-entropy loss,
KL divergence, and a diversity constraint on sub-logit, en-
abling the student model to capture the teacher’s heteroge-
neous knowledge effectively and improve classification ac-
curacy. The total HCD loss is defined as follows:

LHCD = LCE + Lsub
CE + λLKL + βLsub

KL + ωLorth, (15)

where LKL denotes the standard KL divergence. λ, β, and
ω are the weight coefficients used to balance their contribu-
tions, and detailed algorithm in the Supplementary Material.

Experiment
Experiment settings
Datasets. We evaluate the performance of the HCD method
using the CIFAR-100 (Krizhevsky, Hinton et al. 2009)
and ImageNet-1K (Deng et al. 2009) datasets. Specifically,
CIFAR-100 consists of 100 classes, with a total of 50,000
samples, including 500 training images and 100 test im-
ages per class, each with a resolution of 32×32 pixels. To
ensure consistency with our model’s input requirements in
heterogeneous distillation, we resize all CIFAR-100 images
to 224×224 pixels before training. In contrast, ImageNet-
1K contains 1,000 classes, with approximately 1.28 million
training images and 50,000 validation images, each with a
resolution of 224×224 pixels. CUB-200-2021 (Wah et al.
2011) consists of 11,788 images from 200 bird species,
widely used for fine-grained classification with annotations
like bounding boxes and keypoints. FGVC-Aircraft (Maji
et al. 2013) consists of 10,000 images across 100 aircraft
models, used for fine-grained classification tasks.
Implementation details, including comparative methods,
model architectures, and training details, can be found in the
supplementary material due to page constraints.

Main Results and Analysis
Image Classification Results on CIFAR-100. To evaluate
the effectiveness of our proposed HCD method, we first
conducted heterogeneous KD experiments on the CIFAR-
100 dataset. Our approach, based on logit distillation, em-
ploys various characteristics of both the teacher and student.
Teacher models include Vision Transformer-based architec-
tures (e.g., Swin-T, ViT-S, Mixer-B/16) and student mod-
els consist of ResNet18, MobileNetV2. As shown in Ta-
ble 1, HCD outperforms existing logit-based KD methods,
including OFA, DKD, TeKAP, and LDRLD, achieving a
significant accuracy improvement of 4-8% over traditional
knowledge distillation (Vanilla KD), demonstrating its su-
periority in heterogeneous distillation tasks. This effective-
ness stems from the ability of HCD to leverage complemen-
tary information from heterogeneous architectures by map-
ping intermediate student features and deep teacher features
to shared logits space, followed by sub-logit decomposition
and orthogonal constraints to reduce semantic discrepancies,
thereby effectively enhancing knowledge transfer.
Image Classification Results on ImageNet-1K. To evalu-
ate the effectiveness of our proposed HCD method, we con-
ducted heterogeneous and homogeneous KD experiments on

11318



Teacher Student From Scratch Feature-based Logit-based
T:Acc S:Acc FitNet RKD CRD PAT RSD KD DKD DIST OFA TeKAP LDRLD HCD ∆

Swin-T ResNet18 89.26 74.01 78.87 74.11 77.63 81.22 83.92 78.74 80.26 77.75 80.54 81.38 82.17 82.78 +4.04
ViT-S ResNet18 92.04 74.01 77.71 73.72 76.60 80.11 81.50 77.26 78.10 76.49 80.15 79.06 80.36 81.33 +4.07

Mixer-B/16 ResNet18 87.29 74.01 77.15 73.75 76.42 80.07 81.85 77.79 78.67 76.36 79.39 80.05 80.69 81.53 +4.24
Swin-T MobileNetV2 89.26 73.68 74.28 69.00 79.80 78.78 83.68 74.68 71.07 72.89 80.98 80.23 81.64 82.19 +7.51
ViT-S MobileNetV2 92.04 73.68 73.54 68.46 78.14 78.87 81.68 72.77 69.80 72.54 78.45 78.41 79.21 80.81 +8.04

Mixer-B/16 MobileNetV2 87.29 73.68 73.78 68.95 78.15 78.62 81.74 73.33 70.20 73.26 78.78 79.89 80.64 81.09 +7.76

Table 1: Evaluation of the top-1 accuracy (%) of student using ViT-based heterogeneous models on the CIFAR100.

Teacher Student From Scratch Feature-based Logit-based
T:Acc S:Acc FitNet CC RKD CRD RSD KD DKD DIST OFA TeKAP HCD ∆

Swin-T ResNet18 81.38 69.75 71.18 70.07 68.89 69.09 72.13 71.14 71.10 70.91 71.85 71.25 71.91 +0.77
Mixer-B/16 ResNet18 76.62 69.75 70.78 70.05 69.46 68.40 71.41 70.89 69.89 70.66 71.38 70.95 71.66 +0.77

DeiT-T MobileNetV2 72.17 68.87 70.95 70.69 69.72 69.60 72.18 70.87 70.14 71.08 71.39 70.23 71.38 +0.51
Swin-T MobileNetV2 81.38 68.87 71.75 70.69 67.52 69.58 72.36 72.05 71.71 71.76 72.32 72.50 72.72 +0.67

Mixer-B/16 MobileNetV2 76.62 68.87 71.59 70.79 69.86 68.89 71.90 71.92 70.93 71.74 72.12 72.01 72.32 +0.40

Table 2: Evaluation of the top-1 accuracy (%) of student using ViT-based heterogeneous models on the ImageNet-1K.

ResNet34 (teacher): 73.31% Top-1, 91.42% Top-5 accuracy. ResNet18 (student): 69.75% Top-1, 89.07% Top-5 accuracy.

Features AT OFD CRD ReviewKD FCFD CAT-KD RSD Logits KD CTKD DKD LSKD SDD WTTM TeKAP RLD LDRLD HCD ∆

Top-1 70.69 70.81 71.17 71.61 72.24 71.61 72.18 Top-1 70.66 71.32 71.70 71.42 71.44 72.19 71.35 71.91 71.88 72.18 +1.52

Top-5 90.01 90.34 90.13 90.51 90.74 90.45 - Top-5 89.88 90.27 90.31 90.29 90.05 - 90.54 90.54 90.59 90.64 +0.76

ResNet50 (teacher): 76.16% Top-1, 92.87% Top-5 accuracy. MobileNetV1 (student): 68.87% Top-1, 88.76% Top-5 accuracy.

Features AT OFD CRD ReviewKD FCFD CAT-KD RSD Logits KD IPWD DKD LSKD SDD WTTM TeKAP RLD LDRLD HCD ∆

Top-1 70.18 71.25 71.32 72.56 73.37 72.24 73.08 Top-1 70.49 72.65 72.05 72.18 72.24 73.09 72.87 72.75 73.12 73.23 +2.74

Top-5 89.68 90.34 90.41 91.00 91.35 91.13 - Top-5 89.92 91.08 91.05 90.80 90.71 - 91.05 91.18 91.43 91.46 +1.54

Table 3: Evaluation of the top-1 and top-5 accuracy (%) of student using same-architecture on the ImageNet-1K.

Dataset CUB-200-2011 FGVC-Aircraft
Teacher’s Acc Top-1,Top-5 for ViT-B: 82.76, 97.50; ViT-L: 85.28, 98.03 Top-1,Top-5 for ViT-B: 74.56, 95.20; ViT-L: 88.48, 99.25

Teacher Method VGG8 ResNet20 MobileNetV2 ShuffleNetV2 VGG8 ResNet20 MobileNetV2 ShuffleNetV2
Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

From Scratch 43.91 70.97 44.14 72.68 38.23 65.53 53.49 78.34 66.06 88.39 63.81 88.21 70.24 90.46 62.26 90.21
KD 56.08 83.81 42.04 73.70 44.13 57.66 42.77 72.94 70.75 93.31 56.04 87.40 66.64 91.39 61.65 89.80

DKD 61.06 86.52 38.21 70.19 53.33 80.95 49.78 77.87 71.41 93.42 52.18 86.77 70.99 93.31 65.74 90.82
SigLIP2 WTTM 59.35 84.76 42.84 73.27 56.23 82.45 55.63 81.53 52.60 87.22 60.81 88.98 76.12 94.84 8.00 20.98
(ViT-B) RKKD 59.06 83.85 38.70 68.64 50.76 78.98 46.32 74.09 73.30 93.24 62.35 88.96 72.88 92.77 70.18 91.78

LDRLD 63.34 87.00 50.60 77.60 59.15 84.07 55.80 81.79 70.30 91.33 59.08 86.44 75.28 94.18 71.18 92.17
HCD (Ours) 62.16 86.23 50.98 78.89 55.32 81.25 54.70 80.74 75.04 92.53 66.17 90.11 76.23 93.97 72.76 92.33
From Scratch 43.91 70.97 44.14 72.68 38.23 65.53 53.49 78.34 66.06 88.39 63.81 88.21 70.24 90.46 62.26 90.21

KD 56.32 84.02 43.18 74.58 44.24 74.09 44.25 73.51 75.66 94.54 62.50 90.19 73.66 93.76 72.00 92.47
DKD 58.31 84.82 35.23 67.42 52.19 80.86 49.55 77.30 75.55 94.59 53.53 87.46 75.28 94.18 72.04 93.49

SigLIP2 WTTM 60.17 85.38 40.94 70.61 55.63 81.48 54.09 79.89 62.14 90.18 65.38 89.86 78.37 94.95 70.42 90.22
(ViT-L) RKKD 56.53 82.72 36.95 67.74 49.83 77.70 47.17 74.28 76.57 94.54 66.16 90.82 76.12 94.30 75.64 93.43

LDRLD 62.55 86.28 49.23 76.32 58.75 85.89 56.20 81.91 74.89 93.73 58.85 86.01 78.76 94.69 77.05 94.00
HCD (Ours) 63.21 86.90 50.04 77.34 56.14 82.38 54.36 80.50 77.08 93.34 68.47 90.82 80.02 95.53 77.65 94.23

Table 4: Image classification accuracy (%) on fine-grained datasets using SigLIP2 as a teacher and CNN as a student.

the ImageNet-1K dataset using Top-1 and Top-1&5 accu-
racy metrics, respectively. The homogeneous architectures
used in our experiments include the ResNet and MobileNet
series. As shown in Table 2, our method outperforms exist-
ing logit-based KD approaches, such as OFA, with a Top-1
accuracy improvement of 0.40% to 0.77% over traditional
KD. We further expand experiments on homogeneous distil-
lation, Table 3 demonstrates that our method achieves a Top-
1 accuracy improvement of 1.52% and 2.74%, and a Top-5
accuracy improvement of 0.76% and 1.54% for ResNet18
and MobileNetV1, further confirming its superiority. This
performance stems from leveraging complementary infor-
mation (e.g., low-level texture information and high-level

discriminative features) through feature mapping and sub-
logit decomposition, exhibiting strong scalability across het-
erogeneous and homogeneous architectures.
Image Classification Results on Fine-grained datasets.
To further evaluate the performance of HCD and assess its
generalizability, we also extended the experiments to fine-
grained datasets. Leveraging recent advancements in the
powerful feature representation capabilities of vision foun-
dation models (VFMs), we employed the visual encoders of
DINOv2 (Oquab et al. 2024) and SigLIP2 (Tschannen et al.
2025) as teacher models, with various CNNs acting as stu-
dent models. As shown in Tables 4 and 5, compared to exsit-
ing KD methods (e.g., DKD,LDRLD), HCD achieves supe-
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Dataset CUB-200-2011 FGVC-Aircraft
Teacher’s Acc Top-1,Top-5 for ViT-S: 84.35, 96.29; ViT-L: 88.99, 98.12 Top-1,Top-5 for ViT-S: 71.68, 94.96; ViT-L: 83.41, 97.06

Teacher Method VGG8 ResNet20 MobileNetV2 ShuffleNetV2 VGG8 ResNet20 MobileNetV2 ShuffleNetV2
Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5 Top-1 Top-5

From Scratch 46.50 72.76 50.50 76.77 50.38 76.30 53.49 78.34 68.20 88.66 62.19 87.57 69.19 90.25 72.61 91.75
KD 60.48 84.98 50.78 77.55 60.75 84.17 60.22 83.22 67.75 90.82 59.74 86.80 69.88 92.14 70.72 90.34

DKD 64.82 87.02 46.48 77.34 64.03 86.78 62.63 85.61 55.03 87.91 24.21 65.96 52.18 87.43 47.46 84.91
DINOv2 WTTM 70.71 89.21 52.66 78.37 61.06 84.16 56.32 80.62 70.78 91.78 63.19 87.46 72.52 93.03 69.34 90.49
(ViT-S) RKKD 61.41 85.17 51.14 77.22 59.77 83.34 60.77 83.78 67.33 90.52 58.54 86.26 70.51 92.02 68.71 90.34

LDRLD 68.43 87.97 56.66 82.38 71.30 90.70 68.81 88.40 68.89 91.60 50.77 83.98 70.12 93.01 66.28 90.49
HCD (Ours) 69.16 88.23 57.58 82.78 67.12 87.25 64.48 86.64 74.20 92.17 65.17 88.57 78.49 94.66 75.76 92.56
From Scratch 46.50 72.76 50.50 76.77 50.38 76.30 53.49 78.34 68.20 88.66 62.19 87.57 69.19 90.25 72.61 91.75

KD 60.94 83.95 50.69 76.65 57.75 81.83 62.16 84.47 72.94 92.53 59.50 85.51 76.36 93.67 73.71 92.05
DKD 66.31 86.90 39.70 71.21 62.80 85.28 63.65 85.12 61.33 90.19 27.90 71.86 53.41 88.48 49.95 85.45

DINOv2 WTTM 69.24 88.92 52.73 79.15 60.75 82.71 56.20 81.36 73.78 92.56 63.25 87.43 76.18 93.10 70.42 90.22
(ViT-L) RKKD 60.99 84.88 51.61 78.31 60.39 83.79 60.65 83.24 72.22 92.13 62.77 87.61 76.45 93.46 73.21 91.60

LDRLD 69.38 85.89 52.78 78.15 66.21 85.89 64.62 84.85 72.52 92.44 56.47 85.30 75.31 93.37 70.57 91.10
HCD (Ours) 68.48 86.80 57.04 81.34 67.14 88.38 65.65 87.16 74.04 92.86 63.41 88.51 78.73 94.09 74.50 92.83

Table 5: Image classification accuracy (%) on fine-grained datasets using DINOv2 as a teacher and CNN as a student.

rior performance on the FGVC-Aircraft. This results demon-
strate that HCD effectively uses heterogeneous complemen-
tary information to enhance feature representation in transfer
learning for VFMs. However, the FGVC-Aircraft images ex-
hibit distinct category differences, while CUB-200 presents
greater learning difficulty due to its fine-grained features, re-
sulting in better performance in heterogeneous distillation
for the former in Tables 4 and 5. However, HCD outper-
forms LDRLD slightly on the CUB200 dataset, likely due
to the fine-grained nature of the task, where LDRLD excels
in capturing inter-class relationships.

Ablation Studies
Impact of the number of sub-logits (n). We conducted
an ablation study to investigate the impact of the number
of decoupled sub-logits on the student’s performance, us-
ing Swin-Tiny as the teacher and ResNet18 as the student,
with n ranging from 1 to 8. Table 6 indicates that n=4 yields
the optimal performance, as four sub-logits strike a balance
between student’s performance and computational cost, op-
timizes diversity and capacity while enhancing heteroge-
neous knowledge transfer. Experimental analysis further re-
vealed that at n=1, sub-logits compressed teacher’s global
features and the student’s local patterns, leading to insuffi-
cient knowledge transfer, increased learning difficulty, and
reducing generalization. However, at n=8, excessive sub-
logits introduced redundant noise and computational over-
head, resulting in performance degradation.

T:Swin-Tiny 89.26 n = 1 n = 2 n = 4 n = 6 n = 8
S:ResNet18 74.01 81.53 81.84 82.78 82.66 82.60

Time (s/epoch) - 13.66 13.78 14.32 14.56 14.82

Table 6: Ablation study of n on the CIFAR-100 dateset with
8 NVIDIA RTX 3090 GPUs.

Impact of different loss functions. We kept the weight co-
efficients of the cross-entropy loss (Lsub

CE and LCE) con-
stant and conducted ablation experiments to evaluate the im-
pact of different loss functions on the CIFAR-100 dataset,
as shown in Table 7. Ablating the loss components reveals
that each individual loss function yields a significant per-
formance improvement over the baseline (e.g., over 3.0%

increase in Top-1 accuracy). Combining the three losses
(LKD, Lsub

KL, and Lorth) yields the best performance, high-
lighting the effectiveness of our multi-loss optimization.

LKD Lsub
KL Lorth

Swin-T Mixer-B/16 Swin-T ViT-S
ResNet18 MobileNetV2 MobileNetV2 MobileNetV2

- - - 74.01 73.68 73.68 73.68
✓ 78.74 73.33 74.68 72.77
✓ ✓ 82.32 (+3.58) 80.52 (+7.19) 81.42 (+6.74) 80.39 (+7.62)
✓ ✓ ✓ 82.78 (+4.04) 81.09 (+7.76) 82.19 (+7.51) 80.81 (+8.04)

Table 7: Ablation study of different losses on student’s per-
formance on the CIFAR100 dataset.

Conclusion
In this work, we propose Heterogeneous Complementary
Distillation (HCD), a novel framework that leverages com-
plementary teacher-student feature representations through
the Complementary Feature Mapper module to align them
in shared logits space. We also propose Sub-logit Decou-
pled Distillation that decomposes these logits into n sub-
logits, fused with teacher logits for specialized knowl-
edge transfer, while an orthogonality loss ensures sub-logit
diversity and non-redundancy knowledge. Extensive ex-
periments on CIFAR-100, ImageNet-1K, and Fine-grained
datasets demonstrate that HCD outperforms state-of-the-art
KD methods, enhancing student robustness and general-
ization by effectively integrating heterogeneous knowledge
while preserving student-specific strengths.
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