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Abstract

Most knowledge distillation (KD) methods focus on
teacher-student pairs with similar architectures, such as
both being CNN models. The potential and flexibility of
KD can be greatly improved by expanding it to Cross-
Architecture KD (CAKD), where the knowledge of homo-
geneous and heterogeneous teachers can be distilled se-
lectively. However, substantial feature gaps between het-
erogeneous models (e.g., ViT teacher v.s. CNN student)
make CAKD extremely challenging, caused by the distinc-
tion of inherent inductive biases and module functions. To
this end, we fuse heterogeneous knowledge before trans-
ferring it from teacher to student. This fusion combines
the advantages of both cross-architecture inductive biases
and module functions by merging different combinations of
convolution, attention, and MLP modules derived directly
Jrom student and teacher module functions. Furthermore,
heterogeneous features exhibit diverse spatial distributions,
hindering the effectiveness of conventional pixel-wise MSE
loss. Therefore, we replace it with a spatial-agnostic In-
foNCE loss. Our method is evaluated across various homo-
geneous models and arbitrary heterogeneous combinations
of CNNs, ViTs, and MLPs, yielding promising performance
for distilled models with a maximum gain of 11.47% on
CIFAR-100 and 3.67% on ImageNet-1K. Code is available
at https://github.com/1liguopeng0923/FBT.

1. Introduction

Knowledge Distillation (KD) [11, 29] has been demon-
strated as a powerful method to transfer knowledge from
a cumbersome teacher to a compact student. Compared to
the model trained from scratch, the performance of distilled
students usually improves significantly. Generally, knowl-
edge transferred is derived from output logits (logits-based
KD [32]) or intermediate features (feature-based KD [29])
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Figure 1. Significant feature gaps among heterogeneous mod-
els. For example, (a) CNN-based models [8] and (c) ViT-based
models [6] have different features in different stages caused by
different inductive biases and module functions.

of the teacher model. Therefore, it is intuitive to understand
different teachers have different knowledge (logits or fea-
tures) determined by their unique architectures [18].

Most existing KD methods focus on similar-architecture
distillation [17, 29, 33] (called SAKD), i.e., optional teach-
ers are restricted to a limited scope with structures simi-
lar to the student model. This presents two principal lim-
itations: (1) Limited Potential: Compared to the broader
range of arbitrary teachers (including homogeneous and
heterogeneous ones), the restricted scope of teachers in
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KD [11] | FitNet[29] | CRD[33] | FCFD [17] TS [22] OFA [7] Ours
Knowledge to Distill Logits Feature Feature Feature Logits Logits Feature
Generic Yes No Yes No No Yes Yes
Scheme T.-S. T.-S. T.-S. T.-S. T.—- A —S. T.-S. T.-E.-S.
Heterogeneous Inductive Bias Fusing No No No No No No Yes
Heterogeneous Module Merging No No No Yes No No Yes
Training Cost Very Low Middle High High Middle Middle Low
Loss Function Lk, Lxr, + Lmse | LmfoNce | LxL + LMSE Lk, Lora | Lora + LinfoNCE

Figure 2. The taxonomy of our method. Our methods are feature-based, generic, and three-level, which fuses heterogeneous inductive
biases and module functions with an efficient fused model. Target-wise Lora and spatial-agnostic Linfonck are more suitable for CAKD
than Lk, and Lyvse. To the best of our knowledge, our FBT is one of the pioneer works in feature-based generic distillation.

SAKD may fail to include the optimal knowledge. For in-
stance, as OFA [7] demonstrated, distilling knowledge from
a heterogeneous ViT-Base to ResNet50 yields better per-
formance compared to using a ResNet152 as the homoge-
neous teacher. (2) Limited Flexibility: The emergence of
new models [21, 34] or the scarcity of homogeneous teach-
ers in domain-specific tasks [14, 30] poses significant chal-
lenges in obtaining suitable homogeneous teachers, thereby
impeding the applicability of SAKD. Thus, this paper tends
to expand KD to cross-architecture KD (CAKD), broaden-
ing the scope of optional teachers and thus improving the
potential and flexibility of KD [, 11, 18].

In CAKD, the main challenge is that heterogeneous
teachers and students have significant representation gaps,
detailed in CKA analyses of OFA [7] and feature maps in
Fig. 1. These gaps stem from inherent differences in induc-
tive biases [27] and module functions [17]. (1) Inductive
biases: As demonstrated in [23, 27], convolutional neural
network-based models (CNNs) [8, 31] exhibit locality and
translation-equivariance, while multi-head-self-attention-
based models (MSAs) [6] and multilayer-perception-based
models (MLPs) [34] depend on patchify and long-distance
dependency. Consequently, CNN-generated features are lo-
cated in local objects in Fig. 1 (a,b), but most MSA/MLP
models generate global features in Fig. 1 (c,d). (2) Module
functions: Varied module functions generate different fea-
tures at different stages. For instance, features of shallow
and deep layers in ViT have higher similarity than hierar-
chical CNN [23, 27] in Fig. 1(a,c).

To alleviate feature gaps in CAKD, as shown in Fig. 2
(g), we Fuse heterogeneous modules Before Transferring
(FBT) by merging sequentially CNN/MSA/MLP modules
derived from teachers and students. The archiercture of
fused model is adaptive according to distilled model pairs.
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Our FBT is well-motivated by the following popular
beliefs: (1) How do we fuse heterogeneous inductive
biases? As demonstrated in [15, 16, 23], CNNs and
MSAs/MLPs are complementary. A fused model that uses
CNNs in the early stages and MSAs/MLPs in the later
stages can benefit from both local and global inductive bi-
ases. Compared to existing KD like Fig. 2 (a-f), our fused
model in Fig. 2 (g) merges CNN and MSA/MLP modules,
thereby reducing distillation gaps attributed to inductive bi-
ases. (2) How do we fuse heterogeneous module func-
tions? As demonstrated in [3, 17], the disparity between
heterogeneous features is also from different module func-
tions, i.e., how the models will read, decode, and process
the inputs. Therefore, a fused model comprising student
and teacher modules not only optimizes the functional sim-
ilarity [17] between heterogeneous T.-S. pairs', but also in-
troduces minimal additional learnable parameters. (3) How
do we align heterogeneous features spatially? Widely
used MSE loss aligns the pixel-wise features, which is in-
adequate for spatially diverse heterogeneous features. For
example, (a) and (c) in Fig. 1 show distinct spatial distribu-
tions at four stages, which are hard to align pixel by pixel.
To address this, we apply average pooling to smooth the
spatial of features and utilize a spatial-agnostic loss [9] to
align heterogeneous features.

In view of the above analysis, the taxonomy of our FBT
is illustrated in Fig. 2. Our FBT falls under the category of
feature-based methods for generic distillation with an adap-
tive fusion scheme. In our experiments, the proposed FBT
greatly enhances the performance of student models in both
CAKD and SAKD, achieving a maximum gain of 11.47%
on the CIFAR100 and 3.67% on the ImageNet-1K.

I'This paper shorten the teacher, fusion, and student by T., F., and S.



2. Releated Work

2.1. Taxonomy of our methods

As shown in Fig. 2, the majority of existing KD method-
ologies concentrate on homogeneous distillation by using a
single projector (e.g., single linear layer) to align the output
logits [11, 12, 32], intermediate features [3, 17, 29], feature
embeddings [33], and module functions [17] of T.-S. pairs,
thanks to the highly-similar features between homogeneous
T.-S. pairs. However, they fall short in addressing the com-
plexities of heterogeneous distillation, where the distinct
features between heterogeneous T.-S. pairs pose significant
challenges. Although OFA [7] and [19] achieve consistent
improvements for arbitrary T.-S. pairs, it does so at the ex-
pense of sacrificing feature information.

Additionally, several other works are pertinent to our
method: (1) We note that some methods attempt to distill
the knowledge between CNNs and MSAs [39], but they
are tailored to specific T.-S. pairs rendering them imprac-
tical for our arbitrary T.-S. CAKD. (2) Certain methods ap-
ply progressive distillation to transfer the knowledge via a
middle model [1, 18, 22], but they are progressive train-
ing strategies that are not training algorithms designed for
transferring knowledge between heterogeneous T.-S. pairs.
(3) While some logits-based methods can be easily applied
to CAKD [7, 11, 32], they are suboptimal because they
overlook the significance of feature-based knowledge [29].
(4) Some works [19, 37] attempt to align the heterogeneous
features, but they also ignore the basic heterogeneous gaps
in different inductive bias and module functions.

In this paper, our method dives into the nature of het-
erogeneous feature gaps (i.e., caused by inductive bias and
module functions) and introduces a simple fusion strategy
to facilitate smoother feature transfer between heteroge-
neous T.-S. pairs. We hope this adaptive knowledge fusion
strategy motivates more work in heterogeneous fusion.

2.2. Hybrid Model

As illustrated in Fig. 1, different models exhibit differ-
ent features caused by different inductive biases and mod-
ule functions. [27] investigates the internal representa-
tion structures of ViT and CNN models, revealing signifi-
cant differences between their heterogeneous features. [23]
further provides some fundamental explanations for this
phenomenon. Specifically, CNNs are data-agnostic and
channel-specific high-pass filters, while MSAs are data-
specific and channel-agnostic low-pass filters. Therefore,
researchers [23] think CNNs and MSAs are complemen-
tary, which inspires them to design a hybrid model fol-
lowing the rules of “alternately replacing CNN blocks with
MSA blocks from the end of a baseline CNN model”. The
hybrid model outperforms CNNs in both large and small
data regimes [23]. Furthermore, the architecture of MLP
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models [34] is notably similar to ViTs not CNNs, so Con-
vMLP [15] also achieves advanced performance in basic
visual tasks by the co-design of CNNs and MLPs. In a
nutshell, hybrid CNN-MSA/MLP models improve perfor-
mance and efficiency through the combination of different
inductive biases and module functions.

Inspired by the design of the hybrid model, we mit-
igate the heterogeneous feature gaps by fusing heteroge-
neous knowledge between cross-architecture T.-S. pairs.

3. Method

3.1. Preliminaries

Existing KD methods perform well in homogeneous distil-
lation, but they may fail in heterogeneous teachers and stu-
dents. The primary reasons stem from fundamentally dis-
tinct feature and logit spaces, caused by different inductive
biases and module functions of heterogeneous models.

Inductive Bias and module functions. Inductive bias
refers to the set of assumptions that a model uses to make
predictions on unseen data [28]. Module functions describe
how a model reads, encodes, decodes, and processes the
data [17]. Heterogeneous models exhibit different induc-
tive biases and module functions. (1) CNN models [8] slide
a set of learnable local kernels across the pixel-level im-
age, focusing on local receptive fields. The weight-sharing
kernels are applied across the entire image, providing the
network with translation-equivariance to recognize an ob-
ject regardless of location. (2) MSA models [6] split the
input image into patches, and attention modules calculate
the scores between the Query and Key to generate attention
maps. This process, capturing long-distance dependency,
allows the model to consider the global information from
all patches. (3) MLP models [36] also begin by dividing
the input image into patches. It then mixes global informa-
tion along all patches’ spatial and channel dimensions. In
a nutshell, different inductive biases and module functions
determine different distributions of generated features.

3.2. Adaptive Knowledge Fusion

As shown in Fig. 2, most methods usually apply a two-level
paradigm in SAKD [11, 17, 29], i.e., T.-S. scheme, to trans-
fer directly the knowledge of teachers to students. Besides,
some works apply progressive training strategy [18, 22] to
transfer multi-teacher knowledge in SAKD. However, ex-
isting works [7, 11, 19, 37] fall into distillation with a com-
mon nature and ignore the unique requirements for specific
model pairs, particularly for heterogeneous distillation with
significant gaps. A natural question arises: Can we design a
common principle to satisfy varied requirements according
to different model pairs?

Motivated by module connections in FCFD [17], this pa-
per introduces a fusion strategy (called fuse before transfer,
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Figure 3. Overall. Firstly, our FBT fuses heterogeneous knowledge by merging the first three stages of CNNs, a projector L2G, and the
last stage of MSAs/MLPs into the fused model. The fused model is adaptive and can be adjusted automatically according to different T.-S.
pairs. Secondly, supervised by spatial-agnostic INFONCE loss [9] and target-wise OFA loss [7], the knowledge is transferred from the
teacher to the fused model and student. All models are split into four stages following [7].

FBT), which obeys a common fusion principle but gener-
ates different fused models for different T.-S. pairs. Specif-
ically, the knowledge is first fused by merging directly con-
volution and attention modules derived from both student
and teacher module functions and then transferred by train-
ing a teacher-fusion-student scheme as follows:

'CFBT - L(Kta KS) + *C(Kta Kf) + ﬁ(Kfa KS); (1)

where L is our loss (details in Eq. (3)). K, K¢, and K de-
note the knowledge of the T., F., and S. model respectively.
Fusion Strategy. Our fusion connects the CNN mod-
ules and MSA/MLP modules derived from the students and
teachers with a local-to-global (L2G) feature projector as
shown in Fig. 3. Formulary, the logits output of our fusion
can be described as follows:

pe(x) = fe,, oan o (MSA oPE) oSg oSg oSi(m)7 2)

where z is the input image, Sé denotes CNN models, an
denotes MSAS/MLPs, and fc,, denotes the fully-connected
layers of MSAs/MLPs. To connect CNN and MSA/MLP
modules, we propose an L2G module that includes a patch
embedding [6] to convert the features into the required di-
mensions of subsequent MSA/MLP modules. Besides, to
capture the long-distance dependency, our L2G also in-
cludes an MSA block to project the local features from
CNN models to global receptive fields. For simplicity, the
MSA module is a Swin block [20] in this paper. Note that
the fusion is also CNN-MSA/MLP when the teachers are
CNNs and student-teacher when the model pairs are ho-
mogeneous (details in our Appendix).

The following considerations drive the design of our
fusion: (1) Inductive biases of CNNs and MSAs/MLPs
are complementary and hybrid CNN-MSA/MLP models
demonstrate good performance [15, 23, 27]. Therefore, we
replace the CNN blocks at the end of a baseline CNN model
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with MSA/MLP blocks which can benefit from both the lo-
cal features in the early stages and the global information
exchanges in the last stages. For example, the final fea-
ture appearances of the fusion are converted from the local
CNN features to global receptive fields in Fig. 4. (2) Dif-
ferent models have different module functions, which can
be aligned implictly by connecting different module func-
tions in a single pipeline [17]. Therefore, we form our fu-
sion by using CNN/MSA/MLP modules derived from stu-
dents and teachers. As shown in Fig. 3, our fusion is mainly
composed of weight-sharing modules S! =2 and S , which
not only unifies different module functions but also intro-
duces negligible additional learnable parameters. Besides,
weight-sharing modules also ensure the bridge role of our
fusion model in Tab. 6. (3) While alternately using CNN
and MSA modules can improve the performance of the fu-
sion [23], we only add one stage of MSA/MLP models fol-
lowing the first three stages of CNN models as illustrated in
Eq. (2), which keeps both simplicity and adaption for dif-
ferent model pairs (details discussed in Sec. 4.4).

3.3. Spatial-Agnostic Knowledge Supervision.

As shown in Fig. 3, we only transfer the final features after
average pooling and the logits for the following reasons. (1)
Due to the weight-sharing between our fused model and T.-
S., it combines actually different inductive biases only in the
final features, not early and middle features. (2) As shown
in Fig. 4 and Fig. 1, the final features of different models
are also very different in spatial, so we smooth them by av-
erage pooling to mitigate the spatial gaps. The knowledge
in Eq. (1) is formulated by K; = {f;,p;}, ¢ = t,f, s, where
fi and p; denote the final features embeddings after average
pooling and the output logits.

In this paper, we use spatial-agnostic InfoNCE loss
LintoNcE [9, 33] and OFA loss Lopa to supervise the trans-
fer of features and logits respectively, motivated by the fol-



Teacher Student From Scratch feature-based [24, 25, 29, 33] logits-based [11, 12, 38] CAKD
Teacher Student | FitNet CC RKD CRD KD DKD DIST OFA | our FBT
CNN-based students
Swin-T ResNet18 89.26 74.01 78.87 74.19 74.11 77.63 | 78774 8026 77.75 | 80.54 81.61
ViT-S ResNet18 92.04 74.01 7771 7426 7372  76.60 | 77.26 78.10 76.49 | 80.15 81.93
Mixer-B/16 ResNet18 87.29 74.01 77.15 7426 7375 7642 | 771779 78.67 76.36 | 79.39 81.90
Swin-T MobileNetV2 89.26 73.68 7428 71.19 69.00 79.80 | 74.68 71.07 72.89 | 80.98 81.28
ViT-S MobileNetV2 | 92.04 73.68 7354  70.67 6846 78.14 | 72777 69.80 72.54 | 78.45 82.10
Mixer-B/16 ~ MobileNetV2 87.29 73.68 7378 70.73 6895 78.15 | 73.33 7020 73.26 | 78.78 80.83
MSA-based students
ConvNeXt-T DeiT-T 88.41 68.00 60.78 68.01 69.79 6594 | 7299 74.60 73.55 | 75.76 79.57
Mixer-B/16 DeiT-T 87.29 68.00 71.05 68.13 69.89 6535 | 71.36 7344 71.67 | 73.90 74.40
ConvNeXt-T Swin-P 88.41 72.63 24.06 72.63 7173 67.09 | 76.44 76.8 76.41 | 78.32 80.73
Mixer-B/16 Swin-P 87.29 72.63 75.2 7332 70.82 67.03 | 7593 7639 7585 | 76.65 78.44
MLP-based students
ConvNeXt-t ResMLP-S12 88.41 66.56 4547 67770 65.82 6335 | 72.25 7322 7193 | 75.21 78.03
Swin-T ResMLP-S12 89.26 66.56 63.12 68.37 64.66 61.72 | 71.89 72.82 11.05 | 73.58 77.20
Average Improvements -521 -033 -139 -0.02 | +3.12 +43.16 —-231 | +6.19 +8.38

Table 1. Top-1 accuracy (%) on CIFAR100. All baseline results are from the paper or code of OFA [7]. Swin-P is a modified version of
Swin-T[20] from OFA [7]. Bold denotes the best results and the second-best results are underlined.

lowing observations. (1) Wildly used MSE loss computes
the pixel-wise metrics that are suitable for features having
similar spatial information, but it will fail when the features
are very spatially different (e.g., FitNet with MSE loss gets
only 24.06% top-1 accuracy when the teacher is ConvNeXt-
T and the student is Swin-P in CIFAR100 Tab. 1). Con-
sequently, we use a spatial-agnostic loss InfoNCE [9, 33]
to transfer the structural information of feature embed-
dings [33], which captures complex interdependencies of
features without spatial information. (2) As demonstrated
in [7], the different inductive bias leads models to variant
logit spaces. Therefore, Lopa enhances the information of
the target class by adding a modulating parameter v to the
original KD loss, which prevents the student from learning
incorrect information of the teacher. In a nutshell, our loss £
is suitable for any representation distillation (e.g., the supe-
rior consistently performance in Tab. 1, Tab. 2 and Tab. 3):

é C c
Lora(pi,ps) = (1+70) log(25) + > pelog(2),
Ps i=1,i£¢e Ds
exp(fs : ft+/7'2)
LintoNcr(fs, fit) = —log 2)
220 exp(fs - fi/72) .

For each T.-S. pair, we transfer knowledge by
L(K¢,Ks) = Lintonce(fs, fs) + Lora (ps, ps). Firstly, for
Lora, the ¢ and ¢ denote the target class and predicted class
of the input image. C'is the all classes in the dataset. Lopa
add a modulating parameter -y to enhance the target infor-
mation when the teacher is not confident about the predic-
tion. Secondly, for LifoNcEs fs denotes an encoded stu-
dent features by average pooling, and F} is a set of en-
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coded teacher features in a mini-batch. In Fi, only one
positive sample f; matches to f;, i.e., the student’s and
teacher’s feature from the same image is a positive pair.
The InfoNCE loss is low when the features of student f;
and teacher f;" are from the same image and high other-
wise. This loss has been widely demonstrated for align-
ing different feature representations [9, 33].The tempera-
ture parameter 7o is learnable [26]. Lastly, the entire loss
is Lrpr = L(Ky, Ky) + L(K¢, Kp) + L(K¢, Ky), where the
formulas of £(K, K¢) and £(Ky, Ks) is like £(K¢, Ks).

4. Experiments

4.1. Implementary Details

Models. For a fair comparison, we evaluate our FBT us-
ing the same teacher-student pairs employed in OFA[7], in-
cluding homogeneous distillation and heterogeneous com-
binations of CNNs, MSAs, and MLPs. Specifically, CNN
models include ResNet [8], MobileNetv2 [31], and Con-
vNeXt [21]. MSA models cover ViT, DeiT [6, 35], and
Swin [20], while MLP models consist of MLP-Mixer [34]
and ResMLP [36].

Datasets. We use the CIFAR100 [13] and ImageNet-1K
dataset [5] for evaluation. CIFAR100 consists of 50K train-
ing samples and 10K testing samples in a resolution of
32x32, while the ImageNet-1K dataset contains 1.2 million
training samples and 50K validation samples with a reso-
lution of 224 x224. Since MSAs and MLPs accept image
patches as input, we upsample the images in CIFAR100 to
the resolution of 224 x224 [7].

Baselines. In line with OFA [7], we choose several
powerful KD methods as our baselines for comparison.
Specifically, the feature-based methods include FitNet [29],



Teacher Student From Scratch feature-based [24, 25, 29, 33] logits-based [11, 12, 38] CAKD
Teacher Student | FitNet CC RKD CRD KD DKD DIST OFA | our FBT
CNN-based models
DeiT-T ResNet18 72.17 69.75 7044  69.77 6947 69.25 | 70.22 69.39 70.64 | 71.01 71.22
Swin-T ResNet18 81.38 69.75 71.18 70.07 68.89 69.09 | 71.14 71.10 7091 | 71.76 72.21
Mixer-B/16 ResNet18 76.62 69.75 70.78  70.05 69.46 68.4 70.89 69.89 70.66 | 71.38 71.44
DeiT-T MobileNetV2 | 72.17 68.87 7095 70.69 69.72 69.6 70.87 70.14  71.08 | 71.39 71.78
Swin-T MobileNetV2 81.38 68.87 7175 70.69 67.52 69.58 | 72.05 71.71 71.76 | 72.32 72.54
Mixer-B/16 ~ MobileNetV2 | 76.62 68.87 7159 70.79 69.86 68.89 | 71.92 7093 71.74 | 72.12 72.31
MSA-based Models
ResNet50 DeiT-T 80.38 72.17 75.84 7256 7206 68.53 | 75.10 75.6 75.13 | 75.73 75.64
ConvNeXt-T DeiT-T 82.05 72.17 7045  73.12 7147 69.18 | 74.00 7395 74.07 | 7441 75.26
Mixer-B/16 DeiT-T 76.62 72.17 7438  72.82 7224 6823 | 74.16 72.82 7422 | 74.46 75.00
ResNet50 Swin-N 80.38 75.53 76.83 76.05 7590 73.90 | 77.58 7624 77.29 | 71.76 77.79
ConvNeXt-T Swin-N 82.05 75.53 7481 75779 7548 7415 | 77.15 77.00 77.25 71.5 71.73
Mixer-B/16 Swin-N 76.62 75.53 76.17  75.81 7552 7338 | 76.26 75.03 76.54 | 76.63 76.87
MLP-based models
ConvNeXt-T ResMLP-S12 82.05 76.65 74.69 7579 7528 7357 | 76.87 7723 7724 | 77.26 77.33
Swin-T ResMLP-S12 81.38 76.65 7648  76.15 75.1 73.4 76.67 76.99 7725 | 77.31 77.42
Average Improvements +1.00 +0.56 —-030 —1.65| +1.61 +1.05 +1.65 | +2.05 +2.31

Table 2. Top-1 accuracy (%) on ImageNet-1K. All baseline results are from the paper or code of OFA [7]. Swin-N is a modified version
of Swin-T[20] from OFA [7]. Bold denotes the best results, and the second-best results are underlined.

T. S. | AT[2] OFD[10] CRD[33] Review[3] DKD[38] DIST[I2] FCED[17] OFA [7] | Ours
(@ | 7331 70.66 | 70.69  70.81 71.17 71.61 71.70 72.07 72.24 7210 | 72.29
() | 76.61 68.58 | 69.56  71.25 71.37 72.56 72.05 73.24 73.37 7328 | 73.45

Table 3. Results in SAKD on ImageNet-1K. The teacher and student are ResNet34 and ResNet18 in (a) and are ResNet50 and MobileNet
in (b). As shown, our FBT method is still competitive in homogeneous distillation.

CC [25], RKD [24], and CRD [33], while the logits-based
methods comprise KD [11], DKD [38], and DIST [12].
Originally, these methods were designed for SAKD, and
thus OFA made some modifications to effectively apply
them to CAKD scenarios. Although we are also relevant
to [19, 37], they are not open-sourced and are hard to re-
produce in the same experiments.

Training Protocols. Following the OFA [7], we utilize
SGD optimizer for CNN-based students and AdamW op-
timizer for MSA- and MLP-based students. All models are
trained for 300 epochs on the CIFAR100 dataset. As for
the ImageNet-1K dataset, CNNs and MSA/MLP models are
trained for 100 epochs and 300 epochs respectively. More
details about training schedules are in Appendix A.

4.2. Main Results

Given extensive cross-architecture teacher-student model
pairs, our FBT consistently achieves the best or most com-
petitive performance on the CIFAR100 (+8.38% on aver-
age Top-1 accuracy) dataset and the ImageNet-1K dataset
(+2.31% on average Top-1 accuracy).

Results on CIFAR100. To evaluate the performance in
enough cross-architecture situations, as shown in Tab. 1, we
conduct extensive experiments in 12 combinations of het-
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erogeneous T.-S. models. We have the following important
observations in this small-scale dataset.

Firstly, feature-based methods exhibit inferior perfor-
mance on most occasions, e.g., they have negative perfor-
mance on average improvements, especially when facing
the MSA/MLP student models. The reason is that, as dis-
cussed in Sec. 3.1, features of cross-architecture models
are distinct because of different inductive bias and module
functions, in which a naive feature projector struggles to
address this dilemma in the small-scale datasets.

Secondly, FitNet [29] shows very poor performance
when the teacher is ConvNeXt-T and the student is Swin-
P, while the other feature-based methods obtain relatively
normal performance. We believe that this limitation of Fit-
Net stems from its use of the MSE loss to align features
in a pixel-wise manner, while other methods solely trans-
fer knowledge from the final feature embeddings or logits.
In other words, applying pixel-wise MSE loss may not be
suitable for spatially diverse feature maps of student and
teacher models, as illustrated in Fig. 1 and Appendix E.

Lastly, OFA [7] yields significant and consistent im-
provements under all settings. However, these improve-
ments come at the expense of structural feature informa-
tion by projecting features to logits space. In contrast,



CIFAR100 [13]

ImageNet [5]

Methods T. S. T. S. T. S. T. S.
Swin-T ResNetl8 | ConvNeXt-T Swin-P | Swin-T ResNetl8 | ResNet50 DeiT-T
KD (Baseline) 78.74(-2.87) 76.44(-4.29) 71.14(-1.04) 75.10(-0.54)
The architecture of fused model
(A) w/o MSA and S in Eq. (2) 75.95(-5.66) 77.65(-3.18) 70.86(-1.35) 74.67(-0.97)
(B) w/o S in Eq. (2) 77.21(-4.40) 77.84(-2.89) 71.78(-0.43) 75.14(-0.50)

Loss functions

(C) wio L(Ky, Ky) in Eq. (1) 25.57(-56.04) 50.46(-30.27) 71.34(-0.87) 74.56(-1.08)

(D) wlo L£(K¢, Ky) in Eq. (1) 79.01(-2.60) 79.82(-0.91) 71.46(-0.75) 74.81(-0.83)

(E) wlo L(K¢,Ky) in Eq. (1) 79.26(-2.35) 80.17(-0.56) 71.45(-0.76) 73.92(-1.72)

(F) W/o Lintoncr in Eq. (3) 80.95(-0.66) 78.89(-1.84) 71.47(-0.74) 75.21(-0.43)

(G) wlo Loa in Eq. (3) 77.91(-3.70) 80.32(-0.41) 70.37(-1.84) 72.13(-3.51)
Ours 81.61 80.73 72.21 75.64

Table 4. Ablation study. We evaluate the performance by removing some important components of our FBT and loss functions.

our framework bridges the cross-architecture representation
gaps via a fused model and spatial-agnostic loss applied to
spatial-smoothed features. Leveraging the two designs, our
FBT achieves the best results in all T.-S. pairs in CAKD,
obtaining an average gain of about 2.06% compared to the
recent SOTA method OFA [7] on CIFAR100.

Results on ImageNet-1K. We also conduct extensive ex-
periments on 14 combinations of cross-architecture T.-S.
models on the large-scale ImageNet-1K dataset. Here, we
observe that feature-based methods perform well when han-
dling MSA/MLP students, for instance, distillation with Fit-
Net [29] when the teacher model is ResNet50 and the stu-
dent model is DeiT-T. This is opposite to our observations
on CIFAR100. We argue that this discrepancy arises due
to the data-hungry nature of MLP/MSA models and addi-
tional linear feature projectors [23], which are better suited
for training on large-scale datasets. Even so, traditional
feature-based methods still have negative impacts in some
other situations, e.g., FitNet yields 70.45% (-1.72%) when
the teacher is ConvNeXt-T and the student is DeiT-T. In a
nutshell, even in training with large-scale data, simple fea-
ture projectors are not sufficient to align features of cross-
architecture T.-S. pairs.

In this paper, besides the feature projectors L2G, our
fused model also includes modules derived from students
and frozen teachers. In other words, our fused model
achieves a more important task, i.e., aligning the knowl-
edge of student functions to match the frozen teacher func-
tions. Therefore, our FBT leads to superior and stable per-
formance on extensive combinations of cross-architecture
models in the small-scale and large-scale dataset. Be-
sides, compared to leveraging four intermediate features of
SOTA [7], our FBT achieves more competitive performance
by only leveraging the final features.

Results in SAKD. As shown in Tab. 3, we compare the
distilled results of AT [2], OFD [10], CRD [33], Re-
view [3], DKD [38], DIST [12], FCFD [17] and OFA [7]
on ImageNet-1k dataset. Compared to the recent works in
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homogeneous distillation (FCFD [17]) and heterogeneous
distillation (OFA [7]), our FBT has a competitive perfor-
mance. This is because our fusion strategy is also beneficial
for aligning different modules in homogeneous distillation.

4.3. Ablation Study

Knowledge Fusion. In Tab. 4 (A-B), we remove the mod-
ule S# in (B) and the MSA module in (A), the performance
of different teacher-student pairs drops significantly. This
demonstrates the power of fusing the inductive biases by
adding MSA modules following the CNN modules and fus-
ing the module functions by adding S* . Besides, differ-
ent MSA blocks have different functions for different T.-S.
pairs (details in Appendix F), so we use the Swin block as
our MSA block in L2G for simplicity.

Knowledge Transfer. (1) In Tab. 4 (C), we remove the
transfer from the teacher to fused model, i.e., L(K;, Kr),
which makes the fused model learn no correct knowledge
and then transfers the incorrect knowledge to the students.
So the distilled students have poor performance. (2) We re-
move the transfer from the fused model to students in Tab. 4
(D), ie., L(K¢, Kg). Due to the gaps between heteroge-
neous students and teachers that are not mitigated without
our fusion, the final performance of students is poor too. (3)
We remove the transfer from the teacher model to students
in Tab. 4 (E), i.e., L(K{, K). In this case, although the per-
formance of distilled students is good in some situations, it
is not optimal compared to our FBT. This is because our
fusion inevitably damages some knowledge from the teach-
ers, and some easy knowledge is more suitable to transfer
directly by the T.-S. scheme without a middle bridge. To-
tally, the proposed fusion strategy and knowledge transfer
path is powerful for heterogeneous distillation.

Knowledge Supervision. In Tab. 4, we remove the feature
loss Lintonce (F) and the logit loss Lora (G), and different
T.-S. pairs have different performance drops on CIFAR100
and ImageNet-1K. For instance, Lora is more important
when the teacher is Swin-T and the student is ResNet18



Teacher fused models with the same length The same CNN modules
Sl N S2ch 8142 N S3%fc 81%4 N Sfc 81%3 N SZ%fc 8143 N S3%fc
(A): VIiT-S 81.5/80.56 82.3/79.28 81.15/79.27 81.07/80.18 82.14/78.56
The same MSA modules Ours
(B): Swin-T | ST & SI77e [ ST — §Lo7e [ ST g7 SI=9 5§17
80.84 /80.23 81.7/80.93 80.11/79.98 81.93/81.61

Table 5. Different fusions. The student is ResNet18 in CIFAR100. S1~2 — S3—/¢ denotes we fuse the first two stages of CNN models
and the remain parts start from the third stage of MSA models. The others are similar to this definition.

From Scratch FBT
Teacher Student T S T E S
Swin-T ResNet18 81.38 69.75 | 81.38 7691 7221
Mixer-B/16  MobileNetV2 | 76.62 68.87 | 76.62 73.85 72.31
Mixer-B/16 DeiT-T 76.62 72.17 | 76.62 76.30 75.00
ConvNeXt-T ResMLP-S12 | 82.05 76.65 | 82.05 81.20 77.33

ResNet18 Fusion model Swin-T

Table 6. The performance of our fusion model (F.) is between that of Figure 4. The final spatial distribution of the T., F,, and S. is

the teacher (T.) and student (S.).

on CIFAR100, while Ly, ¢oNcE is more important when the
teacher is ConvNeXt-T and the student is Swin-P. In other
words, our LiyoncE and Lopa are complementary for dif-
ferent T.-S. pairs, so utilizing them jointly will make various
distillations promising. Besides, we demonstrate that MSE
loss is not suitable for some T.-S. pairs compared to our IN-
FONCE loss [33] in Sec. 4.2 and Appendix E.

4.4. Discussion

Fuse with different modules. We compare the perfor-
mance when we fuse different modules of students and
teachers in Tab. 5. Specifically, we conduct nine different
fusions between the student ResNet18 and the teacher (A)
ViT-S / (B) Swin-T on CIFAR100. As shown in Tab. 5, the
best result is 82.3% when the teacher is ViT-S and the fu-
sion is S1 72 — S37/¢ and is 81.61% when the teacher is
Swin-T and the fusion is S! 73 — Si=/¢_ For the hybrid
fusion, CNN modules and MSA modules are complemen-
tary and both play important roles [4, 23]. In this paper,
although different T.-S pairs have different optimal fusions,
we add an MSA/MLP stage following three CNN stages for
fusion in most situations, i.e., S 73 — S2=f¢ which en-
sures simplicity and is adaptive for different model pairs.
The performance and features of our fused model.
Firstly, as shown in Tab. 6, our fused model delivers a
middle performance between students and teachers, thereby
demonstrating its role as a knowledge-fusion bridge. Sec-
ondly, as shown in Fig. 4, the final features of our fusion
model are global, i.e., our fused model combines the knowl-
edge from different inductive biases and module functions
in final feature spaces. Lastly, the features of the student,
fusion, and teacher models are spatially different in Fig. 4,
so it is reasonable to smooth them before transferring in
Eq. (3). Our fusion model plays an important role for bridg-
ing the knowledge transfer between T.-S. pairs.
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different. So we smooth them for alignments in LinfoNCE-

5. Conclusion

Limitation and Future Work. (1) It is noteworthy that
for certain specific models, such as the extensively studied
ResNet18, the performance resulting from distillation by a
heterogeneous teacher is inferior to that achieved by a ho-
mogeneous teacher. Although our current focus is on the
generalizability of various heterogeneous models and yields
significant performance improvements in CAKD, a promis-
ing avenue for future research may involve additional prior
when specific teacher-student pairs are predefined. (2)
Our FBT may disrupt heterogeneous features’ spatial align-
ments. This limitation could be mitigated by aligning ex-
tra spatial-level distributions (rather than pixel-level). (3)
While our approach naturally extends to other tasks, such
as object detection and NLP, validating our method across
a broader range of domains remains a subject for future in-
vestigation.

Conclusion. This paper introduces a novel knowledge
Fusion scheme Before Transferring (FBT), which is adap-
tive according to different model pairs and enhances the
efficacy of heterogeneous distillation. Our FBT integrates
diverse inductive biases and module functions by fusing
CNN/MSA/MLP modules derived from students and teach-
ers, thereby improving the feature transfer among hetero-
geneous models. Besides, we replace pixel-wise MSE loss
with spatial-agnostic loss, which mitigates heterogeneous
feature gaps in spatial. Extensive experiments demonstrate
that our FBT is more powerful than most homogeneous and
heterogeneous methods on CIFAR100 and ImageNet-1K.
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