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Abstract

Data-Free Knowledge Distillation (DFKD) avoids accessing
the original training data during knowledge transferring
from a large model to a smaller one, possessing significant
potential in ensuring the widespread promotion of industry-
level applications while safeguarding user privacy and data
security. Unfortunately, due to the lack of precise estimation
of the original data distribution, existing DFKD methods
often rely on manually induced priors to constrain the gen-
erator to produce samples that comply with the rules as
much as possible. In this paper, we propose a novel method
dubbed CouPling Network (CPNet) that constructs a gener-
ator to explicitly approximate the inverse transformation of
the teacher model. Consequently, the two components can
be integrated into an autoencoder specifically tailored for
label information, where the generated images are treated
as latent variables. Since real labels are typically uniformly
distributed and the parameters of the teacher model are fixed,
this enables our generator to produce images that closely
approximate the true distribution. Besides, we transform
real labels into feature-level constraints through the inverse
transformation of a network classifier with fixed parameters,
thereby converting the classification problem of generated
images into an issue of distance measurement between fea-
tures. We utilize this constraint for adversarial training and
enhancing the diversity of produced images. Extensive ex-
periments on three public benchmarks demonstrate that our
proposed method achieves superior or competitive perfor-
mance compared to previous state-of-the-art methods, while
also exhibiting faster generation speed.

1. Introduction
Knowledge Distillation (KD) refers to the process of trans-
ferring knowledge [10, 12, 16] from a large teacher model,
which generally consumes substantial resources, to train a

*Corresponding Author

TG�

(a)

Loss

Update

T

(b)

Loss

Update

�

TG�

(c)

Loss

Update

� G=T 

T

(d)

Loss

Tunable Frozen Data

Update

-1

Figure 1. Comparison of different data-free knowledge distillation
paradigms. (a) shows the generative methods [2, 3, 20]. (b) is
the gradient-based method [19, 29], and (c) is the joint training
method [7, 8] that optimize input image and generator together.
Our method (d) designs the generator as the inverse transformation
of the teacher model and couples them together, which achieves a
better utilization of the teacher’s information.

smaller student model. Although this technique has been
widely used in domains such as visual recognition and natu-
ral language processing [10, 28], traditional KD requires the
original data from the pre-training phase of teacher, which
has become a significant barrier to its further development.
On one hand, the original training data is often difficult to
fully access and train on local machines, which has become
a common practice for large models (such as CLIP [23] and
other LLMs [1, 6]) that have been released. On the other
hand, there is an increasing emphasis on privacy, copyright,
and security issues in the use of data. In recent years, Data-
Free Knowledge Distillation (DFKD) has been proposed,
which explores knowledge transfer without accessing any
original training data, becoming a remedy for learning in
data-scarce and sensitive environments.

Existing DFKD methods typically employ a generator to
produce the training image x̂ from a noise vector z, and then
use it for conventional distillation learning. To make the gen-
erated samples closer to the distribution of original data, the
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generator needs to be optimized through the labels of teacher
network and some prior knowledge about the original image
data. As shown in Figure 1, in the training paradigm of pre-
vious methods, the teacher model T and the generator G are
structurally independent. The T mainly focuses on ensuring
that the output samples of G are consistent with the original
data in terms of category. However, this constraint is too
relaxed for estimating the distribution of the entire dataset.
Some methods manually constrain the variance and l2 norm
of x̂ to make it look more realistic. DeepInversion [29] fur-
ther proposes to align the feature maps of x̂ after passing
through each BatchNorm layer of the teacher model with
the stored statistics (mean and variance) of training data.
Due to its good performance, this approach has been used in
a series of subsequent works [5, 8, 18, 25]. However, relying
on the statistical information of the BatchNorm layers and
manually induced constraints often only applies to smaller
datasets, as the distribution characteristics of these samples
are not very complex, and manually designed prior rules are
sufficient to limit the generated results to their approximate
range. However, these strategies easily fail on larger datasets,
as the distribution space is larger and more complex, and
manual priors are difficult to cover.

In this paper, we encapsulate the unified training
paradigm for DFKD and identify that, owing to the uncer-
tain distribution of x̂, traditional generative techniques such
as VAE [13] and GAN [9] are prone to failure during the
training process. To alleviate this issue, we propose to cou-
ple the generator with teacher model. As depicted in Fig-
ure 1 (d), the derived architecture inherently constitutes an
auto-encoder, which we have termed the Coupling Network
(CPNet). As the intermediate hidden variable, although the
distribution of x̂ is unknown, its label in standard public
datasets is often uniformly distributed. Furthermore, as long
as the generator is a inverse transformation of the teacher
model, corresponding samples can be generated directly
from the label information without modeling the distribu-
tion of x̂. To achieve this, we divide the teacher model
into several blocks with BatchNorm layers as separators.
Each block is assigned a small inverse generator. The in-
put and output feature maps of each block are reversed,
and then normalized according to the mean and variance of
the corresponding BatchNorm layer. The local generator
are used to fit these features. Thus, connecting all continu-
ous generators together forms the inverse transformation of
the entire teacher model, which can be regarded as a flow-
based implementation [4, 14] of the teacher’s inverse process.
Meanwhile, we naturally feed the features that satisfy the
distribution constraints on the BatchNorm layer to the gen-
erator’s intermediate layer, so that the prior knowledge of
the teacher model about the training data can be explicitly
coupled with the generator. It is worth mentioning that CP-
Net uses lower-resolution noise vectors as input compared to

previous methods, resulting in higher generation efficiency.
In addition, the diversity of images generated by DFKD

methods is also a key issue for ensuring the final perfor-
mance. Some methods [29] introduce adversarial learning
to make the generator produce different outputs from the
student model after each iteration. However, this approach
mainly targets differences at the logits-level. We further ex-
tend the adversarial loss to the feature-level. Specifically, for
a frozen teacher model, we apply the inverse transformation
of Softmax and the fully-connected layer. This allows us
to convert the logits of the ground-truth labels into the output
features appear before the classifier head. We found that the
result of a fixed transformation of this feature vector has a
strict collinear relationship with the parameter matrix of the
classification head. Hence, we integrate this relationship into
the adversarial loss by promoting the feature space of the
generated data to be orthogonal to that of the ground truth.

Our main contributions can be summarized as follows:
• We introduce CPNet, a coupled architectural designed to

ensure that the generator functions as the inverse transfor-
mation of the teacher model, thereby generating synthetic
images that exhibit a distribution closely aligned with that
of the original dataset.

• To enhance the diversity of the synthetic images, we pro-
pose a novel adversarial loss function that converts pseudo
labels into feature constraints through the inverse transfor-
mation of the fixed classifier.

• We conducted extensive experiments on CIFAR10 [15],
CIFAR100 [15], and TinyImageNet [22] to validate the
performance of CPNet and the effectiveness of its com-
ponents. The results indicate that CPNet achieves supe-
rior performance compared to all existing methods across
most architectures, while requiring significantly less time
(1.2× ∼ 7.48× faster).

2. Related Work
Early methods mainly focus on the distribution estimation
problem. Lopes et al. [19] first tried the DFKD problem and
proposed to compress the trained deep network to a frac-
tion of its size by leveraging some metadata. They assumed
that the activation records of pre-trained networks is avail-
able and reconstructed the original data by optimizing the
input noise to match these activation records. However, this
assumption is too strict in real application. Micaelli et al.
[20] generalized DFKD to a more common setting ,i.e., the
training data and metadata are unavailable. The generator
and student is trained alternatively, and images that student
poorly matches the teacher will be searched as adversarial
samples. It encourages the generator to explore different
region of the input space at each iteration. Inspired by the
generative adversarial networks (GANs) [9], Chen et al. [2]
regarded the teacher as a discriminator and trained a gener-
ator to produce training samples for knowledge distillation.
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Since the output values of teacher network represent the
probabilities of images belonging to each category, they took
the class with highest probability as the pseudo ground-truth
labels to compute the CrossEntropy loss for the genera-
tor. Different from general GAN models, the pseudo-label is
not completely equal to P (y|z), so there will be deviations.
In DeepInversion [29], the input image is directly optimized
by the total loss, which is also equivalent to z = 1 and
G = θz , where the shape of θz is the same as the input im-
age. Obviously, compared with the subsequent methods, the
generator of this method is too simple to synthesize good im-
ages efficiently. However, another method proposed in this
paper has a great impact on this domain, which is to force the
mean and variance of the input data of each BatchNorm
layer in the teacher network to be close to the mean and
variance retained by the model. This is an effective way
to constrain the generated image to the center point of the
original training data. Based on the idea of model inver-
sion, Fang et al. [7] further introduced a contrastive learning
objective to explicitly improve the data diversity by increas-
ing discrimination of instances at each iteration. To cover
the large distribution shift during the adversarial training
for generator and student model, MAD [5] introduced an
EMA to make the update of G more smoother, so that the
gap between consecutive images is not too large. To further
improve the representation of synthetic data, Yu et al. [30]
proposed a channel-level feature exchange module and a
multi-scale spatial activation region consistency loss. The
simple operations on features allows more diverse output
space for the generator while keeping a slight modification
and avoiding deeper exploration for the complex knowledge
of teacher model. In the aforementioned methods, the input
is always a noise vector adhering to the Gaussian distribution.
For the generator, these vectors indicate the information of
image labels, but most of them are too weak to reconstruct
the whole image. Thus, Tran et al. [25] proposed a noisy
layer to generate meaningful constant label-text embedding
(LTE) as the input of generator instead of random noise. Re-
cently, more methods [8, 18] focus on the efficiency issue
of DFKD. FastDFKD [8] achieved a significant speedup for
DFKD methods by reusing the common features with a fast
meta-synthesizer. Liu et al. [18] reduced the data scale by
introducing a modulation function to select proper samples
for the distillation learning. They carefully controlled the
size of sample buffer using strategies like dynamic replay,
reinforcement learning, and priority sampling function. Fi-
nally they remain a extremely small scale training data that
is 10× less than original training data scale.

Despite significant advancements in current DFKD meth-
ods, the challenge of estimating the distribution of generated
data remains substantial. Beyond leveraging the statistical
information from BatchNorm layers and final classifica-
tion outputs, the knowledge encapsulated within the teacher

model is not fully exploited, making the generation of realis-
tic and adequate samples particularly difficult. In contrast,
our approach naturally couples the generator with teacher
model to form an auto-encoder, rendering the generator as
the inverse transformation of the teacher model. This design
allows for a more direct utilization of the teacher model’s
knowledge and circumvents the need for a precise distribu-
tion of generated images within the generator model.

3. Proposed Method
3.1. Preliminary
Given a teacher model T pre-trained on dataset D =
{xi,yi}mi=1, where each image xi ∈ RH×W×3 has the
spatial shape of H ×W and yi ∈ RK represents the cor-
responding one-hot label, K is the number of categories.
Data-free knowledge distillation aims to train the student
model S without accessing D. Current methods approach
this target by introducing a generator G with parameter θg
to synthesis samples that satisfy the distribution of original
training data D:

x̂ = G(z; θg), (1)

where z ∈ RD is a random noise vector from the normal
distribution N (0, I), and each dimension of z represents an
attribute. Then we can get its prediction by ŷ = T (x̂; θt),
where θt is the weight of teacher and it is frozen during train-
ing. Furthermore, the optimization of G can be described
mathematically by maximizing the likelihood as:

argmax
θg

EzlogPθ(ŷ) = Ez∼N (0,I)[logPθt(ŷ|x̂)

+ logPθg (x̂)]. (2)

In Eq. (2), Pθ represents the probability distribution parame-
terized by θ, Pθt(ŷ|x̂) can be naturally defined as the output
of teacher T . Let y′ as the predefined ground truth of z and
x̂, maximizing EzlogPθt(ŷ|x̂) can be simply approximated
via minimizing CrossEntropy(ŷ,y′). This term ensures
that the category of synthesized image x̂ is consistent with
the predefined label. Meanwhile, maximizing logPθg (x̂)
ensures the synthesized images have a close distribution
with D. However, it is intractable to compute EzlogPθg (x̂))
since we can not estimate the distribution of P (x̂|z) directly.
Previous methods simply ignore this term and implicitly set
Pθg (x̂)) to a constant 1 by default, which makes it more
difficult to generate realistic images. DeepInversion [29] in-
troduces a feature distribution regularization term to achieve
the similar function:

Lbn =
∑
l

∥µl(x̂)− E(µl)∥2 +
∥∥σ2

l (x̂)− E(σ2
l )
∥∥
2
, (3)

where µl(x̂) and σ2
l (x̂) denote the batch-wise mean and

variance of feature maps at the l-th convolutional layer of T .

2154



G

Block L…

… �1

BNL-1

��−1, �2
�−1

Block 2

��−1

BN1

�1, �2
1

Block 1

��

Feature Distribution Alignment

LabelZ

Block 1 Block 2 Block N

LG

…

T

S

…

G

Z

�

∼ Uniform(0, �)

T

Figure 2. The pipeline of our CPNet framework (left). It consists of the training training of generator G (green) and student model S (blue).
The right part shows the equivalent auto-encoder structure of G and T in CPNet.

Their expected values E(µl) and E(σ2
l ) can be estimated by

the statistics saved in the corresponding BatchNorm layer.
However, such regularization and other manually designed
methods [7, 21] of x̂ are essentially to indirectly constrain
G by adding prior knowledge, which is hard to generalize
to large-scale dataset that the distribution characteristics of
samples are complicated.

3.2. Coupled Generator
During the training of generator, to fully utilize the informa-
tion from T , instead of concluding priors and encoding them
into optimization, we first propose to couple the generator
with teacher model and explicitly construct the G = T −1

transformation from each T . Thus, the derived structure is
equivalent to an auto-encoder (left of Figure 2). The term in
Eq. (2) can be eliminated directly because the total loss of
this auto-encoder is reconstructing input label information
and the distribution of hidden variable x̂ can be arbitrary
and it does not impact our optimization. Fortunately, since
the label distribution of most datasets conforms to a uniform
distribution, we can simply compute the total loss using the
CrossEntropy loss.

Specifically, we uniformly sample labels and employ the
LTE in [25] to encode them for input. The advantage of
this embedding-formed input lies in its ability to establish a
determinate relationship between labels without disrupting
the original distribution, while simultaneously preserving
rich semantic information for each category. To construct
the invertible transform of T , we split T into L sequential
blocks by taking some BatchNorm layers as the separator,
i.e., T = blk1 ◦ blk2 ◦ · · · ◦ blkL. For the l-th block blkl,
we assign a sub-generator gl for it and the complete function
generator can be expressed as:

G = T −1 = g1 ◦ g2 ◦ · · · ◦ gL, gl = blkl
−1, (4)

where we suppose that each sub-generator gl corresponding

to the inverse function l-th block. Like flow-based gener-
ative models [4, 14], we construct the whole generator by
sequential sub-generators. To satisfy the invertibility of each
sub-generator, a simply solution is using 1× 1 convolution
like [14]. However, these invertible modules necessitate
maintaining identical dimensions for both input and output
features. Consequently, to accommodate the inclusion of
upsampling and other more complex operations within the
generator, we adopt a feature-level mimicry approach as:

Lalign =

L∑
l=1

∥Xl − Fl∥22 , (5)

where Fl denotes the output feature of blkl and Xl repre-
sents the normalized form of the output features of gl, which
is achieved by matching the distribution center and vari-
ance of the features with the channel-wise running mean
and running variance stored in the corresponding
BatchNorm layer of the T :

E(µ(Xl))→ BNl(running mean), (6)

E(σ2(Xl))→ BNl(running variance). (7)

Previous methods have constrained the feature distribution of
synthesized images after passing through the BatchNorm
layer of the teacher model, as shown in Eq. (3). This ensures
that the center of the feature distribution of x̂ after each
BatchNorm layer of T aligns with the statistical informa-
tion of the original training set, effectively narrowing the
output space of the generator to a certain range through a pro-
cess of successive filtering. Building upon this, we further
introduce this constraint into each sub-generator gl, ensuring
that it fits the inverse function of blkl while equivalently
incorporating the intermediate layer information of T into
the generation process of x̂. This results in a deep coupling
of the entire generator G with the teacher model T .

2155



3.3. Adversarial Learning
We now focus on the adversarial training to improve the
quality and diversity of synthetic images. To tackle this prob-
lem, prior works [8, 25, 29, 30] proposed a basic adversarial
loss that encourages the disagreement between student and
teacher:

Ladv = −Ex̂∼G(z)[LKL(T (x̂),S(x̂))], (8)

where LKL is the Kullback-Leibler Divergence. As we can
observe, this term is designed upon final logits of student and
teacher. However, as pointed by prior works on traditional
knowledge distillation [26, 27], feature-level mimicking pro-
vides more effective information from the teacher feature.
Thus, in this paper, we introduce an adversarial feature gener-
ation method to generate unaligned feature between teacher
and student for data diversity. Different from general logit-
level adversarial training in Eq. (8), we can not directly
obtain the ground truth feature for reference. Thus, we trans-
form the ground truth label y′ into the corresponding feature
constraint for the penultimate layer of T by computing the
inverse transformation of the classification head.

In the forward pass, let X ∈ RC denotes the output
feature of penultimate layer in T . Notice that we ignore the
batch size dimension for easy understanding. Generally, the
logit vector Y = [y1, y2, · · · , yK ] derives from:

Y = XW⊤ + b, (9)

where W ∈ RK×C and b refer to weight and bias of the
classification head. Consecutively, we compute each pre-
diction pi via the Softmax operation, and the relationship
between logits is:

eyi = pi

K∑
j

eyj . (10)

Let the prediction be the same as the ground truth y′. Then
we transform y′

i = pi, i = 1, 2, · · · ,K into the correspond-
ing logit in the backward path. Notice that if we ideally set
pj = 0 for samples that do not belong to the j-th category,
the corresponding logit yj will be −∞. To avoid numerical
overflow, we apply label smoothing for the ground truth label
and define that:

yi =

{
u, i = k
v, i ̸= k

, (11)

where k is the pseudo category of x̂ and u≫ v. By substi-
tuting Eq. (11) into Eq. (10), we have:{

eu = pk(K − 1)ev + pke
u, i = k

ev = (1− pk)e
v + 1−pk

K−1 e
u, i ̸= k

. (12)

This is the inverse function of the Softmax and it depicts
the relationship between logits before we derive category

probability in general process. By solving the system of
equations in Eq. (12), we find that regardless of the category
of input image, there exists a constant margin between the
logit of its corresponding category and other logits. We
define it as follows:

∆ = u− v = log(
pk(K − 1)

1− pk
). (13)

Now we further compute the inverse transformation of the
linear layer (classification head). For simplification, we
rewrite the logit vector Y as Ŷ ·∆+v, where Ŷi = 1, i = k
and Ŷi = 0, i ̸= k, and then substitute it into Eq. (9). Thus,
we can obtain the following simple equation:

X− (Ŷ ·∆− b)W⊤∗
= vW⊤∗

, (14)

where W⊤∗ ∈ RK×C is the Moore-Penrose inverse of
W⊤, which satisfies that W⊤∗

W⊤ = I and it is com-
puted using the standard SVD decomposition. Let A =
X − (Ŷ ·∆ − b)W⊤∗ and B = W⊤∗. According to Eq.
(14), we can easily observe that A||B. For now, we have
established that the vector resulting from a linear transfor-
mation of the ground truth label and its penultimate layer
features aligns collinearly with the weights of the classifica-
tion layer. We introduce this constraint into the adversarial
training. Specifically, we substitute the labels output by the
student model in the last iteration as the ground truth labels
and the penultimate layer features of the generated samples
into Eq. (14). If the resulting A and B are closer to a per-
pendicular relationship, it indicates that the distance between
them is greater. Therefore, Eq. (8) can be rewritten by:

Ladv = −Ex̂∼G(z)[LKL(T (x̂),S(x̂)) + βcos(A,B)],
(15)

where cos(·) denotes the cosine similarity function that en-
courage A and B to be orthogonal, β represent its weight.

3.4. Overall Optimization
The whole training pipeline of our CPNet is shown in Figure
2, it keeps two lines to alternatively update the generator and
student. The total loss to optimize the generator is:

LG = αclsLcls + αadvLadv + αbnLbn + Lalign, (16)

where the Lcls is the CrossEntropy loss, which ensures
that the predicted label ŷ = T (x̂) for the image x̂ generated
by the generator is consistent with the predefined label y′,
and αcls, αbn, and αadv are coefficients to balance three loss
terms. During training the student, the distillation loss can
be expressed as:

LKD = Ex̂∼G(z)[LKL(T (x̂),S(x̂))] + MSE(FT ,FS),
(17)
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Algorithm 1: CPNet
Input :Pre-trained teacher Tθt , student Sθs ,

generator Gθg ;
Output :An optimized student Sθs .

1 Initialize θg , θs and synthetic datasetM = ∅;
2 for M iterations do
3 Sample pseudo label y′ ∼ Uniform(0, K);
4 Generate embedding z according y′;
5 Re-initialize θg periodically;
6 for max g steps do
7 x̂ = G(z);
8 LG ← αclsLcls + αbnLbn + Lalign;
9 Update θg by minimizing LG ;

10 end
11 M←M∪ x̂;
12 end
13 for N iterations do
14 Sample pseudo label y′ ∼ Uniform(0, K);
15 Generate embedding z according y′;
16 Re-initialize θg periodically;
17 for max g steps do
18 x̂ = G(z);
19 Update θg by minizing LG in Eq. (16);
20 end
21 M←M∪ x̂;
22 for max kd steps do
23 x̂ ∼M;
24 Update θs by minimizing LKD in Eq. (17);
25 end
26 end

where MSE denotes the Mean Squared Error and FT ,FS are
penultimate layer features of teacher and student, respec-
tively. As the same as adversarial learning, we also consider
the feature-level alignment for a better representation.

The whole algorithm is depicted in Alg 1. To pursuit a
stable generation, we first warm up G for M iterations. In
this stage, we using LG = αclsLcls + αbnLbn + Lalign for
training since the student has not been updated. After warm
up, we conduct an alternative training for the generator and
student model. Specifically, we generate synthetic images
and update G using the loss in Eq. (16) to complete genera-
tive and adversarial learning. To avoid over-fitting problem
during generation, we periodically re-initialize the weight of
G to improve diversity.

4. Experiments

4.1. Experimental Settings
Dataset and Metrics. We evaluate CPNet and other DFKD
methods on CIFAR10, CIFAR100 [15] and TinyImageNet

[22] due to their balanced size, diverse content, and practi-
cal relevance. CIFAR-10 and CIFAR-100 contain 10 and
100 categories, respectively. Both of them comprise 60,000
32×32 color images, of which 50,000 images are used for
training, and 10,000 images are used for testing. Tiny-
ImageNet consists of 200 classes with 5000 images per class,
amounting to 100,000 images. The images are 64×64 pixels
in size, providing a middle ground between CIFAR10 and
CIFAR100 in terms of complexity.

Training Setups. For a fair comparison, following pre-
vious DFKD researches [8, 25, 30], we conduct data-free
training on 5 different teacher-student model pairs across var-
ious backbone networks including ResNet [11], WideResNet
(WRN) [31] and VGG [24]. We set the warm up iteration
as 20. For the comparison with SOTA methods, the maxi-
mal training epoch is 300, and it will be set to 100 during
ablation studies for fast evaluation. If not specified, we use
αbn = 10, αadv = 1.33, αcls = 0.5 by default. The re-
initialization period of generator is 10 and . All experiments
are performed on one Nvidia V100(32 GB) using 16 cores of
Intel Xeon Gold 6130R CPU. Our codebase is implemented
with the Pytorch library (ver 1.10) and CUDA (ver11.3).

4.2. Results and Analysis
4.2.1. Comparison with SOTA
As shown in Table 1, we report the top-1 accuracy (%) of
our CPNet and other DFKD methods like DeepInversion
[29], DAFL [2], ZSKT [20], and CMI [7]. All the listed
methods use the same teacher/student network for a fair
comparison. Among them, DeepInversion [29] adopt the
image-based manner that generates samples by optimizing
the noise image. The entire learning process relies on the
classification gradients of the generated images after pass-
ing through the teacher network and the constraints on the
features of the BatchNorm layer. Although the strategy of
adversarial learning has been added, due to its fewer tunable
parameters, the performance is relatively lower compared to
subsequent methods, and it requires a longer training time.
Other methods construct a generator separately to produce
training samples, and their differences are mainly reflected
in the design of the loss function. For example, CMI [7] and
DDA [17] employ contrastive learning to improve the diver-
sity of generated samples. However, previous approaches
typically decouple the generator and teacher model, thereby
missing the opportunity to leverage additional information
from the teacher model. Thanks to our coupled generator
serves as the inverse transformation of teacher, CPNet sur-
passes all SOTA methods except the results of ‘R34-R18’
and ‘V11-R18’ pairs on CIFAR10. More surprisingly, we
find that CPNet even achieves better performance than the
method trained on the original dataset for WideResNet16-
2, WideResNet16-1, WideResNet40-1 on CIFAR10, and
ResNet18 on CIFAR100.
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Table 1. Performance comparison of existing DFKD methods and CPNet. The best results are highlighted in bold and the runner-up is
underlined. The results of previous methods derives from their original papers. Following [25], ‘R’ indicates ResNet, ‘W’ corresponds to
WideResNet, and ‘V’ stands for VGG in this paper. ‘-’ denotes the result is not reported.

CIFAR10 CIFAR100 TinyImageNet

Method R34 W40-2 W40-2 W40-2 V11 R34 W40-2 W40-2 W40-2 V11 R34
R18 W16-2 W16-1 W40-1 R18 R18 W16-2 W16-1 W40-1 R18 R18

Teacher 95.7 94.87 94.87 94.87 92.25 77.94 75.83 75.83 75.83 71.32 66.44
Student 95.2 93.95 91.12 93.94 95.2 77.1 73.56 65.31 72.19 77.1 64.87

DeepInversion [29] 93.26 89.72 83.04 86.85 90.36 61.32 61.34 53.77 68.58 54.13 -
DAFL [2] 92.22 81.55 65.71 81.33 81.1 74.47 43.7 20.88 42.83 54.16 -
DFQ [3] 94.61 92.01 86.14 91.69 90.84 77.01 64.79 51.27 54.43 66.21 -

ZSKT [20] 93.32 89.66 83.74 86.07 89.46 67.74 54.59 36.6 53.6 54.31 -
CMI [7] 94.84 92.52 90.01 92.78 91.13 77.04 68.75 57.91 68.88 70.56 64.01

FastDFKD [8] 94.05 92.45 89.29 92.51 90.53 74.34 65.12 54.02 63.91 67.44 -
MAD [5] 94.9 92.64 - - - 77.31 64.05 - - - 62.32

Spaceship [30] 95.39 93.25 90.38 93.56 92.27 77.41 69.95 58.06 68.78 71.41 64.04
DDA [17] 95.64 93.51 90.92 93.63 93.02 77.56 70.27 58.96 69.31 72.04 64.13

SSD-KD [18] 94.26 93.11 89.96 93.23 90.67 75.16 65.28 55.61 64.57 68.77 -
NAYER-100 [25] 94.03 93.48 91.12 93.57 91.34 76.29 70.2 59.26 69.89 71.1 61.71
NAYER-300 [25] 95.21 94.07 91.94 94.15 92.37 77.54 71.72 62.23 71.8 71.75 64.17

CPNet-100 94.66 93.51 91.31 93.54 91.5 76.61 70.82 60.98 70.53 70.26 62.45
CPNet-300 95.26 94.09 92 94.22 92.18 77.68 71.9 63.23 71.98 71.8 64.91

Table 2. The training time in GPU hours for compared DFKD methods on CIFAR10 and CIFAR100 with the teacher/student models
WRN40-2/WRN16-2. We use the time consumption data closest to our settings in the original paper of SSD-KD since the source code is
unavailable up to the time of writing.

DeepInv CMI DAFL DFQ ZSKT Fast5 Fast10 SpaceshipNet SSD-KD NAYER-100 CPNet-100

CIFAR-10 89.72 92.52 81.55 92.01 89.66 91.96 92.45 93.25 93.45 93.48 93.51
Time(hours) 11.67 10.58 18.52 59.40 118.82 1.89 2.05 26.15 1.78 1.80 1.39
CIFAR-100 61.34 68.75 43.70 64.79 54.59 63.83 65.12 69.95 65.28 70.20 70.82
Time(hours) 11.68 10.53 18.67 59.48 118.84 1.86 1.95 26.23 1.78 1.82 1.78

Average Speed Up 1× 1.11× 0.63× 0.20× 0.10× 6.23× 5.84× 0.45× 6.56× 6.45× 7.48×

4.2.2. Time Comparison
Some most methods in Table 1 also focus on the genera-
tion speed problem, like FastDFKD [8] and SSD-KD [18].
Therefore, we further compared the efficiency of CPNet
with them. Specifically, we use the teacher/student combi-
nation of WideResNet40-2/WideResNet16-2 and conduct
time consumption tests on some typical and efficient DFKD
methods, as shown in the Table 2. For rapid verification, we
adopted the settings from NAYER and trained for only 100
epochs. The results indicate that CPNet is more efficient
than other methods, improving image generation speed by
1.2% to 7.48%. This is also attributed to the architecture
of our generator. It is strictly aligned with the intermediate
features of the teacher model, making the entire generation
process easier. Furthermore, compared to most methods, it
requires a smaller size of the input noise embedding.

4.3. Ablation

Effect of different generators. We compare our coupled
generator with other general used generators, the results
is shown in Table 3. The generator used in CMI [7] is
consists of two convolution layers with 3×3 kernel and two

upsampling layers. Since we only use the generator of CMI,
the reported number is lower than the result in Tabel 1. Based
on this architecture, the noise layer generator in NAYER
[25] further adds more linear layers to transform the input
noise to a embedding. In contrast to these approaches, our
model adaptively builds convolutional layers and upsampling
operations based on the structure of the teacher model, which
makes it more efficient and achieves better performance.

Table 3. Comparison of different generators on CIFAR-10 and
CIFAR-100 using ResNet-34 as the teacher and ResNet-18 as the
student.

Generator CIFAR10 CIFAR100
Teacher: 95.7%, Student: 95.2% Teacher: 77.94%, Student: 77.1%

CMI [7] 93.84 76.14
Noisy Layer [25] 94.03 76.29

Coupled Generator 94.48 76.45

Effect of loss terms. In Table 4, we also ablate each loss
term to study their impact on the final performance. From the
results, it is evident that feature-level alignment significantly
aids our generator in mimicking the inverse transformation
of the teacher model, thereby substantially enhancing per-
formance. Additionally, by comparing (c) with (b), it can
be concluded that for the image generation, feature-level
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Figure 3. Visualization examples of synthetic images generated by NAYER and our CPNet. Zoom in for more details.

adversarial learning achieves better results compared to tar-
geting only the logits. This is attributed to the theoretically
stringent constraints on feature directions. Furthermore, we
incorporated consistency between the teacher and student at
the penultimate layer features during phase (d), which has
been proven effective in previous distillation learning meth-
ods, although it was not as pronounced in our experiments.

Table 4. Ablation experiments about different loss terms in our
method.

Generation Loss Distillation Loss CIFAR10 CIFAR100
Teacher: 95.7% Teacher: 77.94%

(a) Lbn,Lcls LKL 93.26 61.32
(b) Lbn,Lcls,Lalign LKL 94.56 76.56
(c) Lbn,Lcls,Ladv,Lalign LKL 94.63 76.59
(d) Lbn,Lcls,Ladv,Lalign LKL, MSE 94.66 76.61

Table 5. Effect of the block count selection.

#Block 1 2 4 6 8

CIFAR10 87.26 91.30 94.66 92.35 90.01
CIFAR100 69.23 72.69 76.61 75.83 71.12

Sensitivity of the chosen block count. We show the analysis
about the number of chosen block (teacher) in Table 5. The
results clearly show that the accuracy of model decrease
when the number of chosen blocks is either too small or too
large, with the highest accuracy achieved at 4.
Effect of hyperparameter. To investigate the importance of
the adversarial feature learning term in Eq. (15), we adjust its
weight in Ladv on CIFAR10, the results are shown in Figure
4. As we can observe, for all network architectures, the
best performance is achieved when the weight is distributed
between 0.7 and 0.8.

4.4. Visualization
Figure 3 shows examples of synthetic images derives from
NAYER and our CPNet for the TinyImageNet dataset. Com-
pared to NAYER, our method produces images with more
realistic textures and overall quality. It is worth emphasizing

Figure 4. Comparison of different values for the weight β of
adversarial feature in Ladv .

that the primary goal of CPNet is to generate semantically
meaningful features for distillation, not purely photorealistic
images. Despite the blurriness of synthetic images, they
enable student models to achieve results comparable to or
even better than those trained on real images.

5. Conclusion
We present CPNet, a novel method that addresses the lack of
precise data distribution estimation by constructing a genera-
tor that explicitly approximates the inverse transformation
of the teacher model. Together with the feature-level adver-
sarial leaning, it not only achieves superior or competitive
performance compared to previous state-of-the-art DFKD
methods but also boasts a faster generation speed. This inte-
gration allows for the creation of an auto-encoder specifically
designed for label information.
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