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Knowledge Matching for Classification
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Abstract— Neural network quantization aims to reduce the
model size, computational complexity, and memory consumption
by mapping weights and activations from full-precision to low-
precision. However, many existing quantization methods, either
post-training with calibration or quantization-aware training
with fine-tuning, require original data for better performance,
which may not be available due to confidentiality or privacy
constraints. This lack of data can lead to a significant decline
in performance. In this paper, we propose a universal and
effective method called Generative Data Free Model Quantization
with Knowledge Matching for Classification (KMDFQ) that
removes the dependence on data for neural network quantization.
To achieve this, we propose a knowledge matching generator that
produces meaningful fake data based on the latent knowledge
in the pre-trained model, including classification boundary
knowledge and data distribution information. Based on this
generator, we propose a fake-data driven data free quantization
method that uses the generated data to take advantage of the
latent knowledge for quantization. Furthermore, we introduce
Mean Square Error alignment during the fine-tuning of the
quantized model to more strictly and directly learn knowledge,
making it more suitable for data free quantization. Extensive
experiments on image classification demonstrate the effectiveness
of our method, achieving higher accuracy than existing data
free quantization methods, particularly as the quantization
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bit decreases. For example, on ImageNet, the 4-bit data free
quantized ResNet-18 has less than a 1.2% accuracy decline
compared to quantization with real data. The source code is
available at https://github.com/ZSHsh98/KMDFQ.

Index Terms— Data privacy and security, model compression,
data free quantization, data generation.

I. INTRODUCTION

EEP neural networks (DNNs) have shown promising

results in the field of computer vision [2], [3], [4], [5],
[6], [7], [8]. However, a large number of parameters and high
computational cost of DNNs make them difficult to deploy on
embedded or edge devices with limited computing, storage,
and battery resources [9], [10], [11]. One way to reduce
the model size and inference latency of DNNs is through
network quantization [12], [13], [14], [15], [16], [17], [18],
[19], [20], which involves quantizing floating-point values into
lower precision (e.g., 8-bit to 4-bit). This can help reduce
the computational overhead of DNNs and make them more
suitable for use on resource-constrained devices.

Existing normal quantification methods can be classified
into two categories based on the training strategy: post-training
quantization [16], [17], [20], [21], [22] and quantization
aware training [12], [13], [14], [15]. The former uses the
original data for calibration without fine-tuning, while the
latter uses the original data to fine-tune the quantized model for
better performance. However, both of these methods require
training data, which may not be available in many real-world
applications (e.g., medical [23], [24], autopilot [25], [26],
finance [27]) due to the data privacy and security concerns.
In these scenarios, conventional quantization methods cannot
be applied, as performing network quantization without data
results in significant performance degradation. Therefore, it is
of great practical value to consider an effective quantization
method that does not require the original data, known as data
free quantization, especially in the current era when the value
of data is increasing and personal data privacy is becoming
more important.

To address this issue, one possible approach is to directly
sample random inputs from some distribution and use them
to quantize the model so that the output distributions of the
full-precision model and the quantized model are as close
as possible. However, for a CNN model, its input space is
extremely large, but the original training data only belongs
to a small part of this space. Since random inputs can be
far from the original training data distribution, they contain
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little semantic information for model quantization, resulting
in significant performance degradation. Another approach
is to use generative adversarial networks (GANs) [28] to
obtain data. However, GANs require original training data in
the discriminator to optimize the generator for semantically
generated data. Since training data is not available, GANs
cannot be applied in data free quantization either. Therefore,
constructing meaningful data for model quantization is very
challenging but crucial.

To generate meaningful data that can be used in quantiza-
tion, it is important and necessary to exploit data information
and latent knowledge from a pre-trained model. A recent
study [29] showed that a well-trained over-parameterized
model maintains sufficient information about the entire data
set. However, it is still unclear what information exists, which
information is helpful for quantization, and how to exploit
such information.

In image classification tasks, one of the most important
information is the classification boundary. Although the
original data is missing, a pre-trained model can learn a
classification boundary to divide data into different classes
(see Fig. 1 (a)) and implicitly embed this knowledge in
its parameters. Given only a pre-trained model without the
training data, it is still possible to mine the classification
boundary information to generate meaningful fake data.
Additionally, batch normalization [31] is commonly used
to stabilize the training process of a neural network. The
statistics in batch normalization layers reflect the distribution
of the original data and their features, which can be directly
obtained from the pre-trained model. Furthermore, given input
data, a model outputs a set of scores for each class after
the classifier. These classification scores contain abundant
representative information that can be transformed from the
full-precision model to the quantized model. However, existing
data free quantization methods disregard this information and
only focus on a single sample [30] or network parameters [32].
For example, ZeroQ [30] ignores the class information of
the original data and exploits the information of a single
sample instead of the entire data, causing the constructed
distribution to be far from the real data distribution (see
Fig. 1 (¢)). The question of how to construct meaningful data
by effectively exploiting classification boundary knowledge,
data distribution information, and latent model knowledge
from a pre-trained model remains open. Moreover, most
existing methods just focus on generating meaningful data,
such as DSG [33] and ZAQ [34], while overlooking the
critical role of knowledge matching in data free quantization.
These methods often employ KL divergence for knowledge
matching, but it may not be the appropriate choice for data free
quantization. The question of how to perform more effective
knowledge matching for data free quantization remains to be
studied.

In this paper, we propose a universal and effective
method called Generative Data Free Model Quantization with
Knowledge Matching for Classification to perform network
quantization without the original training data. To do this,
we first learn a knowledge matching generator to produce
meaningful data. The generator mines the -classification
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boundary and distribution information of the original data from
the pre-trained full-precision model. We then propose a fake-
data-driven quantization scheme that can quantize a pre-trained
model using the generated data and fine-tune the quantized
model with the fixed batch normalization statistics (BNS)
for more stable accuracy. Additionally, we introduce a Mean
Square Error alignment to learn more knowledge directly
from the pre-trained model, which significantly improves the
performance of data free quantization.
Our main contributions are summarized as follows.

« We propose Generative Data Free Model Quantization
with Knowledge Matching for Classification (KMDFQ)
which performs quantization without any real data.
Given just a pre-trained full-precision model, our method
mines available latent information and uses it for model
quantization.

o To generate more meaningful fake data, we design an
effective knowledge matching generator to construct data
using the classification boundary and data distribution
information from the pre-trained full-precision model.
We then introduce a fake-data driven quantization scheme
to quantize and fine-tune the model by using the
generated data and mining knowledge of the pre-trained
model.

e To perform more effective knowledge alignment,
we propose to use the MSE alignment to thoroughly
transfer knowledge from the full-precision models to
the quantized ones. The MSE alignment has a strict
constraint which is superior for the data free situation
and reasonable for the same architecture before and after
quantization.

« Extensive experiments on CIFAR-10/100 and ImageNet
demonstrate the effectiveness of our method compared
with the existing data free quantization approaches. The
accuracy of our data free method approximates that of
quantization using the original data.

Compared to the conference version, this manuscript is
extended with the following new contents:

1) We apply Mean Square Error alignment to effectively
extract more knowledge from the pre-trained model.
Compared to KL divergence in the preliminary version,
the proposed MSE alignment method is able to achieve
more complete logit matching, leading to a boost
in accuracy. We conduct sufficient experiments to
demonstrate that the MSE alignment is better for our
task. To the best of our knowledge, our method is the
first work to conduct a comparative analysis of KL and
MSE in this context.

2) We theoretically derive a generalization bound of our
proposed method, which not only helps us understand
how feature alignment takes effect but also shows the
superiority of the MSE alignment compared to the
preliminary version with KL divergence.

3) We extensively investigate the effectiveness of our
methods by conducting more ablative studies as well
as more experiments on the hyper-parameters of the
KMDEFQ.
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Fig. 1.

(c) Fake data (ZeroQ [30]) (d) Fake data (Ours)

The comparisons of generated fake data. ZeroQ generates fake data by gradient updating; however, since it neglects the inter-class information, it is

hard to capture the original data distribution. Meanwhile, our proposed knowledge matching generator (shown in Fig. 2 in Section IV-A) produces fake data
with label distribution, and it is more likely to produce data distributed near the classifier boundaries.

4) We provide more experiments on classical compact
models (i.e., MobileNet and ShuffleNet) with more
quantization bitwidths. Our proposed method achieves
much higher accuracy than the existing data free quan-
tization methods, especially in low-bitwidth scenarios.

II. RELATED WORK
A. Data Driven Quantization

Model quantization aims to quantize weights, activations
and even gradients to low-precision and yield highly compact
models. As a result, the expensive multiplication operations
can be replaced by efficient additions or bit-wise operations.
Existing quantization method can be roughly categorized
into binary neural networks (BNNs) [13], [14], [18], [35],
[36] and fixed-point quantization [15], [17], [37], [38].
Moreover, quantization studies mainly focus on tackling two
core bottlenecks, including designing accurate quantizers to
fit the categorical distribution to the original continuous
distribution [39], [40], [41], and approximating gradients of
the non-differential quantizer during back-propagation [42],
[43], [44]. In addition, the first practical 4-bit post-training
quantization approach was introduced in [45]. To improve the
performance of neural network quantization without retraining,
outlier channel splitting (OCS) [21] proposed to move
affected outliers toward the center of the distribution. Besides,
many mainstream deep learning frameworks support 16-
bit half-precision or 8-bit fixed-point quantization, such as
TensorFlow [46], PyTorch [47], PaddleSlim, etc. In particular,
these platforms provide both post-training quantization and
quantization-aware training. However, all of them require
original data. In short, whether in scientific studies or practical
applications, if the original data are unavailable, it is hard
for quantization methods to work properly. In contrast, our
method is able to get rid of data dependence to achieve data
free quantization.

B. Data Free Quantization

Quantization also faces the situation without original
data while previous quantization methods generally need
original data to improve their performance. However, in some
instances, it is difficult to get the original data. Recently, some
studies focused on data free model quantization. DFQ [32]
argued that data free quantization performance could be
improved by equalizing the weight ranges of each channel
in the network and correcting biased quantization error.

ZeroQ [30], a novel zero-shot quantization framework, enabled
mixed-precision quantization without any access to the training
or validation data. Based on ZeroQ, DSG [33] finds that the
data generation constrained by batch normalization statistics
suffers serious homogenization at both distribution and sample
levels, which causes a significant performance drop of the
quantized model. So DSG slacks the alignment constraint
of BNS to at the distribution level and reinforces specific
layers for different data samples. Based on GDFQ [1],
ZAQ [34] proposes a two-level discrepancy modeling to
synthesize informative data and an adversarial knowledge
transfer to optimize the generator and the quantized model.
However, these quantization methods work well for 8-bit but
get poor performance in aggressively low bitwidth regimes
such as 4-bit.

C. Data Free Knowledge Distillation

Knowledge Distillation (KD) [48] aims to transfer knowl-
edge from a pre-trained larger model (teacher network)
into a small model (student network). Different from model
quantization, KD always employs the different network
architectures for the teacher network and the student network.
Due to data privacy or confidentiality concerns, recently, a few
attempts [49], [50], [51], [52], [53], [54] have been studying
data free KD when original training data are not accessible.

Lopes et al. [55] reconstructed a new data set based
solely on the pre-trained model. The metadata recorded in
the form of activation statistics and finally distilled the pre-
trained “teacher” model into the smaller “student” network.
Instead, Haroush et al. [49] proposed to use metadata (e.g.,
channel-wise mean and standard deviation) from the Batch
Normalization (BN) [31], [56] layer for KD. Different from
the above methods, Chen et al. [S1] exploited generative
adversarial networks to perform data free knowledge distil-
lation. KEGNET [52] proposed a novel data free low-rank
approximation approach assisted by knowledge distillation.
In Adversarial Belief Matching [53], a generator generated
data on which the student mismatched the teacher, and
then the student network was trained using these data.
Fang et al. [54] considered both the teacher and the student
as the discriminator to reduce the discrepancy between them.

Constraining the BN statistics (BNS) of the generated data
is widely employed in data free knowledge distillation [49],
[50], which is consistent with the process of crafting the fake
data in data free quantization. However, some techniques of
KD cannot better adapt for the data free quantization such
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as the feature alignment loss (e.g., KL loss v.s. MSE loss),
where the MSE has a more negligible accuracy degradation
compared with the KL in data free quantization. This paper
will give a further analysis for this in Section V.

III. PROBLEM DEFINITION
A. Data Free Quantization Problem

Quantization usually requires the original data for calibra-
tion or fine-tuning. Unfortunately, in many practical scenarios,
the original data may not be available due to individual privacy,
commercial value or even confidential issues. If someone
needs to quantize a pre-trained model but cannot use any
original data, the general scheme of the network quantization
will lose efficacy and even fail to work completely, resulting
in a quantized model with inferior performance. To solve this
realistic difficult problem, a data free quantization method is
necessary, especially the data free quantization-aware training
method that is able to obtain better performance.

Given a model M with full-precision weights 9, data free
quantization aims to construct fake data (X, y), where X € X
is a generated fake sample, y € ) is the assigned label,
and meanwhile, obtain a model Q with low-bitwidth weights
0, from the model My. Furthermore, to compensate for
the accuracy loss from quantization, data free quantization-
aware training method fine-tunes the quantized model with
the generated data by solving the following problem:

minEy [to®), »]. (1

where £(-, -) is some loss function, such as cross-entropy loss
and mean squared error.

B. Challenges of Data Free Quantization

To address the data absence issue, one possible way
to realize data free quantization is to construct fake data
that is helpful for calibration and fine-tuning from a pre-
trained full-precision model. Although the full-precision model
may contain rich data information, such latent information
alone is hard to exploit for recovering the original data. In
practice, the performance of quantization highly depends on
the quality of constructed data. Constructing meaningful data
with the limited information of the pre-trained model is very
challenging. The key issues to construct meaningful data are
what information exists in the model, which information is
helpful for quantization and how to exploit such information
for data generation.

Recently, one data free quantization method (ZeroQ) [30]
constructs fake data by using a linear operator with gradient
update information. With the help of constructed data, the
performance of the quantized models can be significantly
improved. However, ZeroQ has insufficient information to
improve the performance of quantization with the following
two issues. First, it constructs fake data without considering
label information, and thus neglects to exploit the classification
boundary knowledge from the pre-trained model. Second,
it enforces the batch normalization statistics of a single data
point instead of the whole data, leading to being far away
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from the real data distribution. The classification boundary
knowledge and data distribution information are valuable for
data generation. They are hidden in the parameters of the pre-
trained model so that we are able to capture them although the
data are missing. As a result, one can construct a generator
G to produce fake data by considering label and distribution
information,

Xx=G@zly), z~ p@), ()

where z is a random vector drawn from some prior distribution
p(z), e.g., Gaussian distribution or uniform distribution, y
is the label assigned to the generated data X. By using the
generator, we are able to construct fake data to improve
quantization performance. However, how to learn a good
generator to exploit the classification boundary knowledge and
data distribution information in the pre-trained model remains
to be answered. Furthermore, existing methods primarily
focus on generating meaningful data, such as ZeroQ [30],
DSG [33] and ZAQ [34], while neglecting the crucial role of
knowledge alignment in data-free quantization. These methods
typically use KL divergence for knowledge alignment, which
may not be suitable for data-free quantization. Therefore,
there is a need for further investigation on how to
improve the effectiveness of knowledge alignment in data-free
quantization.

IV. GENERATIVE DATA FREE MODEL QUANTIZATION
WITH KNOWLEDGE MATCHING

In many practical scenarios, training data are unavailable;
thus, an existing method [30] performs data free quantization
by constructing data with gradient update information.
However, without efficiently exploiting knowledge from a pre-
trained model, directly constructing data lacks important label
and data distribution information. Thus, the synthetic data can
be far away from the real data distribution (See Fig. 1 (c))
and affect the quantization performance. To address this issue,
we aim to design a knowledge matching generator to obtain
effective fake data. Specifically, we consider the classification
boundary knowledge and data distribution information to train
the generator. Then, we are able to perform fake-data driven
quantization to obtain the quantized model and use knowledge
distillation with Mean Square Error alignment to improve the
performance of the quantized models. The overall framework
is shown in Fig. 2.

A. Knowledge Matching Generator

When a data owner trains a deep neural network by
the original training data, the network captures sufficient
data information and learns latent data knowledge to
make a decision [29]. In this sense, a pre-trained DNN
itself contains some knowledge and information of the
training data, e.g., classification boundary knowledge and
distribution information. We therefore propose a knowledge
matching generator and elaborate how to effectively construct
informative data from only the pre-trained model instead of
the original data.
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latent knowledge from the generator and the full-precision model.

1) Classification Boundary Knowledge Matching: A pre-
trained model contains valuable classification boundary
knowledge, however, such information is difficult to be
exploited to recover the data near the classification boundary.
Recently, generative adversarial networks (GANs) [28], [57],
[58] have achieved considerable success in producing data.
Unfortunately, since the real data are unavailable, the
discriminator in a GAN will lose efficacy. Without the
discriminator, learning a generator to produce meaningful data
is difficult. Therefore, the GAN methods cannot be directly
used to generate effective data in the data free situations.
To solve this issue, in this paper, we propose a knowledge
matching generator to produce informative fake data merely
from a pre-trained model for the data free quantization task.

First, the generator should match the classification boundary
knowledge. As shown in Fig. 1 (a), different categories of data
should be distributed in different data spaces. Although the
original data cannot be observed in this task, we are able to
easily confirm the number of categories C of original data
by the classifier of a pre-trained model. In this way, we get
the set of label space y € {0, 1, ..., K — 1}. To generate fake
data, we introduce a noise vector z conditioned on an assigned
label y. Here, we sample noise from a normal distribution and
uniformly sample a label from {0, 1,..., K — 1}. Then, the
generator maps a prior input noise vector z and the given label
y to the fake data X. Here, y is assigned to X as the ground truth
label. Formally, we define the knowledge matching generator
as follows:

x=G(zly), z~N(,1). 3)

The generated data X is supposed to be close to the
classification boundary so that it can be effective to fine-tune
a quantized model to improve the quantization performance.
To this end, we make the knowledge matching generator
capture boundary information from the pre-trained model.
Specifically, given a Gaussian noise z and the corresponding
label y, the generator should generate fake data that is
classified to the same label y by the full-precision pre-
trained model M. Therefore, we introduce the following

cross-entropy (CE) loss to train the generator G:

o= M(G(z|y>) e RX,

Z Ly log —SP @) @
Z eXP(Ol)

where 6 is the loglts of the pre-trained full-precision model

and 1, is an indicator function. By minimizing Eq. (4),

we enable the generator G to match the classification boundary

knowledge learned from the pre-trained model M.

2) Distribution Information Matching: The pre-trained
model contains the data distribution information of training
data which is also crucial for data generation. Such distribution
information is included in the batch normalization (BN)
layers [31] which are used to control the change of the
distribution. Specifically, BN layers have batch normalization
statistics (BNS), i.e., the mean and variance. While training the
full-precision model, the BNS are computed dynamically. For
every batch, batch normalization layers only compute statistics
on the current mini-batch inputs and accumulate them with
momentum. Finally, the exponential moving average (EMA)
batch normalization statistics will be obtained and then they
will be frozen in network validation and test.

Obviously, the data distribution information in the BNS can
be learned by the generator although the original data are
absent. To retain the BNS information, the mean and variance
of the generated distribution of the faked data should be the
same as those of the real data distribution. To this end, we learn
our knowledge matching generator G using L£pNs:

L
Lens = D lluf
1=1

where u; and o} are the mean and variance of the fake data’s
distribution at the /-th BN layer, respectively, and p; and o,
are the corresponding mean and variance stored in the /-th
BN layer of the pre-trained full-precision model, respectively.
In this way, we are able to learn a good generator to keep the
distribution information from the training data.

3) Training Generator G: First, we randomly sample a
batch of noise vectors {zg, ...,Zp_1} from a Gaussian dis-
tribution A/ (0, 1) with labels {yg, ..., yp_1} from {0,1,...,

G
ECE -

— w3+ lloy —ayli3, (5)
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K — 1}. Here, B is the batch size and K is the number
of classes. Then we use G to generate fake data from the
distribution and input them into the pre-trained model. Finally,
we get the predictions and BNS parameters to train the
generator. The final generator loss Lg is formulated as
follows:

Lo =E [ﬁgE] + BLeNs, (6)

where B is a trade-off parameter.

B. Fake-Data Driven Quantization

With the help of the proposed knowledge matching
generator, we are able to obtain meaningful fake data. Then
we quantize a model using the generated data and proceed
with the quantization-aware training. Although the generated
data capture some knowledge from the pre-trained model, fine-
tuning an accurate quantized model is difficult. To address
this, we introduce a fake-data driven quantization method and
solve the optimization problem by transferring the knowledge
from the pre-trained model.

1) Quantization: To simplify networks, quantization com-
presses the weights and activations of neural networks from
continuous value to discrete fixed-point integer. Here, we use
the linear quantization [59] to quantize both weights and
activations of each layer. The quantization operation for
activations is the same as it for weights.

Specifically, taking weights as an example, given the
full-precision weights 6, we first pick the minimum / and
maximum u of 6 across each layer. According to the
quantization bit-width b, we calculate A and 7 as follows:

26—
AZF’ (7N
n=1-A+2"1 (8)

Then, we get the discrete weights 6" by the linear quantization:
0" =1A-0—nl, ©))

where |-] is the round function and 75 is the zero
point of quantization [59]. At last, we obtain the final
quantized weights 6, by clipping the 6’ to the b-bit range
[—20=1, 2b=1_1]. Since Eq. (9) is not differentiable, we use
the straight through estimator (STE) [60] to estimate the
quantized model.

2) Fake-Data Driven Fine-tuning With Fixed BNS: To
maintain the data distribution information contained in the
pre-trained model, we directly use the batch normalization
statistics (BNS) of the pre-trained model and fix them in the
quantized model during fine-tuning. In this way, the BNS
in the quantized model are corresponding to the statistics
of the real data distribution. With the help of fixed BNS,
the quantized model always inherits the real data distribution
information to improve quantization performance, meanwhile,
the training process is more stable (refer to Sec.VI-D.4).

Quantization may result in severe performance degradation
when the real training data are unavailable. To address this
issue, we aim to train the quantized model to approximate
the full-precision model based on the generated data through
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the fine-tuning process. To this end, given the same input fake
data, a well fine-tuned quantized model Q should have similar
classification ability compared with the pre-trained model M,
i.e., O should classify the fake data correctly. Specifically,
we use the cross-entropy loss function to update Q:

eXP (0;)
Z =0 eXP(OJ)

Z 1=y log ——5———

where o is the logits of the quantized model. By minimizing
Eq. (10), the quantized model can be trained with the generated
data to perform multi-class classification.

After all, the generated data are fake. The gap between the
fake data and the original data cannot be ignored so that the
traditional fine-tuning process with a common classification
loss function is insufficient. Fortunately, with the help of fake
data, we are able to apply knowledge distillation to improve
the quantization performance. Specifically, given the same
inputs, the outputs of a quantized model and full-precision
model should be close enough to guarantee that the quantized
model is able to achieve near performance compared with the
full-precision model.

Quantization task uses the full-precision model as teacher
and the quantized model as student. Different from the knowl-
edge distillation between models with different architectures,
the student model is a quantized version of a teacher network
in which the model architecture is preserved. Therefore,
we consider using a more strict measure metric, i.e., mean
square error alignment to push the quantized model similar
to the full-precision model and recover the performance of
the quantized model, which is reasonable based on the same
architectures. Specifically, the quantized model can be fine-
tuned using the following Mean Squared Error (MSE) loss
function:

(10)

Lyise = 16— 613, (1D
where 0 is the logits of the pre-trained full-precision model.
By optimizing the loss in Eq. (11), the quantized model can
learn more knowledge from the full-precision model, which
plays an important role to improve the performance of a
quantized model.

3) Training Quantized Model Q: We first quantize the
model according to Eq. (9). Then, we replace the BNS in the
quantized model with the fixed batch normalization statistics
(FBNS) as described in Section IV-B.2. So far, the quantized
model has inherited the data distribution information contained
in BNS and a part of latent knowledge from the parameters
of the pre-trained model. Based on G, we obtain fake samples
and use them to fine-tune the quantized model Q. The final
quantized model loss function £y is formulated as follows:

Lo =E[L8 +vLuse], (12)
where y is a trade-off parameter. Note that we keep the pre-
trained full-precision model fixed at all times.
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Algorithm 1 Generative Data Free Model Quantization with
Knowledge Matching for Classification

Input: A pre-trained full-precision model M.
Output: A quantized model Q and a knowledge matched
generator G.

Update G several times as a warm-up process.
Quantize model M using Eq. (9), get quantized model Q.
Fix the batch normalization statistics for all layers in Q.
fort=1,...,T7 do

Obtain random noise z ~ A (0, 1) and label y.

Generate fake image X using Eq. (3).

Update generator G by minimizing Loss (6).

Update quantized model Q by minimizing Loss (12).
end for

C. Training Strategy

The overall training algorithm of our proposed KMDFQ
is shown in Algorithm 1. In the fine-tuning process,
we alternately optimize the generator G and the quantized
model Q in every epoch. In our alternating training strategy,
the generator is able to generate different data with each
update. By increasing the diversity of data, the quantized
model Q can be trained to improve the performance.
In addition, to make the fine-tuning of (Q more stable,
we firstly train G solely several times as a warm-up process.
We do not stop updating G because if we have a better G,
the fake data will be more similar to real training data and
the upper limit of optimizing Q will be improved. The overall
process is shown in Algorithm 1. In contrast, one can train
the generator G until convergence, and then fix the generator
and separately train the quantized model Q. However, in this
separate training strategy, Q can only use the generated data
of a fixed G so the data diversity is limited, which limits the
performance of the quantized model. The further experiments
are conducted in Table XII.

V. DIFFERENCE BETWEEN KULLBACK-LEIBLER
DIVERGENCE AND MEAN SQUARED
ERROR LOSS
Kullback-Leibler (KL) Divergence is the loss function
commonly used in the knowledge distillation tasks [48]. Given
a sample x, the KL loss function for distillation is defined as

pi(7)
pi(r)’

K-1
Ly (p° (@), P (D) = 7> Y pj(v) log (13)
i=0

exp (0;/7)
> K explo; /1)’
p’(r) and p’(r) denote the probability distributions of the
outputs of the student and teacher model, respectively.

KL divergence measures the difference of two probability
distributions, promoting the student network learning the
classification probability distribution of the teacher network.
Based on the pre-trained teacher model and the real training
data, KL divergence is able to successfully transfer the
knowledge [48]. However, it is more difficult to transfer the
knowledge when the real training data are unavailable. In this

where T is a temperature parameter, p;(7)=
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case, we can only fine-tune the model using the generated
fake data. When the inputs are fake data, only learning the
classification probability is not effective enough because of
the distribution shift caused by the softmax function, which is
formulated as below.

Proposition 1 (Distribution Shift): The probability distri-
butions after employing the softmax operation on logits o and
o + ¢(Ve € R) are the same.

Note that for all € € R, we have

_ exp(o)
l Zf:_ol exp (0;)
_ Ke_xlp (0; +¢) . (14)
2o exp(0; +¢€)

Eq. (14) indicates that any bias € added on the logits o
leads to the same probability distribution when enforcing
the softmax function on o. This suggests those in the KL
loss function Eq. (13), even Lkt (p*(r), p’(7)) reaches the
minimum, i.e., p*(t) = p’ (), the logits of the student model
can be still far away from that of the teacher model, coinciding
with the results in Fig. 3. On the contrary, the MSE loss is
able to directly minimize the ¢, distance between the logits of
the student and teacher model, which leads to a satisfactory
optimization solution for the data free quantization task than
that with the KL divergence.

Next, we analyze the generalization bound for the proposed
MSE alignment method. We use the generalization error of
quantizing the model with MSE to measure how accurately
the quantized model predicts for the unseen test data. To this
end, following [61], we introduce the definition of Rademacher
complexity to analyze our proposed method.

Definition 1 (Rademacher Complexity): Given an underly-
ing distribution D and a sample set S = {di,da,...,dy}
with fixed size N, where d; = (X;, y;). Then the Rademacher
complexity of our quantization paradigm in Eq. (12) is defined
as:

Ry (PYF) = Es-p [Rs(@)™)], (15)

where d)l\éISE is the function space of Lo and ﬁg(dJl\éISE) is
its empirical Rademacher complexity, which is defined as:

)

(16)

N

A 1

RS(Q%ISE) =[Eqg |:SUP N E i (ﬁgE + vy LyMse
i=1

where o=[o1,...,0N] are independent uniform random
variables valued in {—1, +1}.

From Definition 1, the Rademacher complexity captures the
capacity of a family of functions by measuring the degree they
fit random noises [61]. Let Ly be the empirical loss of Lo,
based on Definition 1, we obtain the following generalization
bound of our method.

Theorem 1 (Generalization Performance of KMDF): Let
/.ZCQE 4+ yLwMmse be a mapping from Xx)Y to [0,U] with
upper bound U and the function space @hélSE be infinite. For
any 6>0, all EQGQZISE, with probability at least 1—38, the
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generalization error Lo, i.e., the expected loss, satisfies

N 1 1
Lo <Lo+2Ry(®MEy+U | —1og( =), 17
0 = Lo+2RN(PH™)+ N og 5 )

where RN(GJZISE) is the Rademacher complexity of our
proposed quantized model training paradigm based on
the MSE loss. Let Bmsg be the generalization bound

wrt. Ry (@USE), e, Buse=2Ry(®MSE)+U. [k log (%)

we thus have

Bumse < Bkr . (18)

where Bgp is the generalization bound of GDFQ [1] w.r.t. the
Rademacher complexity RN(CDZL).

Proof: For any sample S = {dj, ..., dy} and any Lg €
@hQ/ISE, let 2‘3 be the empirical loss of Ly over S. Applying
McDiarmid’s inequality [62] to function W defined for any
sample S by

U(ES) = sup Lo-—Ly. (19)
LoedpsE
Based on McDiarmid’s inequality [62] and Theorem

3.1 in [61], for any § > 0, with probability at least 1 — 4§,

we have
1 ) 1
—_— 0 p—
v B\

L (!
— 102 f — ).
R ®

Combining Equation (19) and Inequalities (20), we have

1 ) 1
—1log( =),
2N 2\
with probability at least 1 — §. Based on the definition of the

Rademacher complexity, we have

Ry (29°") < Ry ("),

V(S) < Es[¥(S)]+U

< 2Ry(®P°F) + U (20)

Lo < Lo+2Ry(@YF) +U 1)

(22)

since the capacity of the function space QI\QASE is smaller than
that of CDIéL due to the arbitrary property of € in Proposition 1.
With the same number of training samples, we thus have

(23)

|
This theorem shows the generalization bound of our training
quantized model paradigm with the MSE loss, which relies
on the Rademacher complexity of a function space CDZISE.
From Theorem 1, quantized paradigm with the MSE loss has a
smaller generalization bound than that with the KL loss, which
helps to achieve more accurate classification predictions. Note
that in comparison to KL, MSE does not introduce additional
computational complexity. The computational complexity of
calculating these two losses is solely dependent on the output
dimension d of the model, and the time complexity for both
is O(d).
The structures of the models remain the same before and
after quantization. The quantized model should be as similar

Bwmse < Bk -
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as possible to the full-precision model. Due to the distribution
shift (Eq. (14)), the distribution of logits of the student can
be still far away from that of the teacher model even if the
KL divergence reaches the minimum. If we could not take
full advantage of the logits information in the teacher model,
we would only obtain an under-performing model. Especially
for the data free situation, the knowledge from the teacher is
particularly crucial because the information and knowledge of
real data are unavailable. So we introduce the MSE alignment
to solve the distribution shift problem. The logits distribution
of the student is closer to that of the teacher model when
the MSE distance reaches the minimum than KL distance.
In addition to theoretical analysis, we also design experiments
in Section VI-C and Section VI-D.2 to verify the superior
of MSE alignment in data free quantization tasks. In brief,
MSE alignment is superior to KL alignment for the data free
quantization.

VI. EXPERIMENTS
A. Data Sets and Implementation Details

We evaluate the proposed method on well-known data
sets including CIFAR-10 [63], CIFAR-100 [63], and
ImageNet [64]. CIFAR-10 consists of 60k images from
10 categories, with 6k images per category. There are 50k
images for training and 10k images for testing. CIFAR-100 has
100 classes and each class contains 500 training images and
100 testing images. ImageNet is one of the most challenging
and largest benchmark data sets for image classification, which
has around 1.2 million real-world images for training and 50k
images for validation.

Based on the full-precision pre-trained models from
pytorchcv,! we quantize ResNet-20 [65] on CIFAR-10/100
and ResNet-18 [65], BN-VGG-16 [66], Inception v3 [67],
MobileNet v2 [68] and ShuffleNet [69] on ImageNet. In all
experiments, we quantize all layers including the first and last
layers of the network following [30] and the activation clipping
values are per-layer granularity. All implementations are based
on PyTorch. Our experiments can be conducted using only one
GPU NVIDIA 3090.

For CIFAR-10/100, we construct the generator following
ACGAN [70] and the dimension of noise is 100. During
training, we optimize the generator and quantized model using
Adam [71] and SGD with Nesterov [72] respectively, where
the momentum term and weight decay in Nesterov are set to
0.9 and 1 x 10~%. Moreover, the learning rates of quantized
models and generators are initialized to 1 x 107% and 1 x 1073,
respectively. Both of them are decayed by 0.1 for every
100 epochs. In addition, we train the generator and quantized
model for 400 epochs with 200 iterations per epoch. To obtain
a more stable clip range for activation, we calculate the moving
average of activation’s range in the first four epochs without
updating the quantized models and then fix this range for
subsequent training. For L5 and Lo, we set B = 1 and
y = 1 after a simple grid search. For ImageNet, we replace
the generator’s standard batch normalization layer with the
categorical conditional batch normalization layer for fusing

1 https://pypi.org/project/pytorchcv/
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TABLE I
COMPARISONS ON CIFAR FOR RESNET-20
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TABLE I
COMPARISONS ON IMAGENET

Top-1 Accuracy (%) Top-1 Accuracy (%)
Data Set | FP32 | Method |t e Model Method e —N6A6 — WSAS —WaAd
FT 94.20 94.09 93.82 92.93 FT 71.85 70.49 70.21 64.88
FT+Dist 94.24 94.14 93.82 92.99 FT+Dist 71.89 71.53 70.25 65.54
Cifar-10 93.89 DFQ 93.70 92.30 83.85 11.12 ResNet-18 DFQ 69.36 56.64 0.15 0.10
ZeroQ 93.96 93.06 90.08 71.95 (71.58) ZeroQ 71.48 70.05 62.51 24.77
GDFQ 94.02 93.79 93.35 90.14 GDFQ 68.85 68.51 67.64 60.8
Ours 94.05 93.94 93.67 92.24 Ours 70.73 70.61 69.93 64.39
FT 70.69 70.61 69.89 68.52 FT 74.68 74.36 73.23 67.94
FT+Dist 70.79 70.55 69.86 68.76 FT+Dist 74.68 74.37 73.23 68.00
Cifar-100 | 7033 DFQ 69.99 66.86 47.43 17.08 BN-VGG16 DFQ 73.76 61.60 1.77 0.10
: ZeroQ 70.20 68.52 64.36 44.85 (74.38) ZeroQ 73.96 65.12 43.26 0.19
GDFQ 68.37 68.47 67.94 63.89 GDFQ 71.80 71.53 71.48 68.09
Ours 70.53 70.35 69.68 67.15 Ours 72.33 72.29 71.89 68.79
FT 77.70 77.48 76.45 71.10
label information following SN-GAN [73] and set the initial e e
learning rate of the quantized model as 1 x 10~°. Other training (77.63) ZeroQ 7875  73.66  68.17 18.55
settings are the same as those on CIFAR-10/100. GDFQ | 7620 7596  75.08  68.40
Ours 76.45 76.43 75.54 71.22
FT 73.09 72.78 71.80 66.93
B. Toy Demonstration for Classification Boundary Matching FT+Dist | 73.07 72.75 7177 67.02
To evaluate that the fake data generated by our G are able to MobileNet v2 DFQ 6576 52.98  12.65 0.14
. . . (73.08) ZeroQ 72.86 70.21 59.93 10.81
match the classification boundary knowledge, we design a toy GDFQ 7093 7013 6154  59.17
experiment. The results are shown in Fig. 1. First, we create a Ours .64 7221 71.03  63.48
toy binary classification data set by uniform sampling from FT 65.11 6329 5765  33.01
—4 to +4, and the label is shown in Fig. 1 (a). Second, FT+Dist | 65.15  63.14  57.65  33.11
we construct a simple neural network 7', which is composed ShuffleNet DFQ 56.55 4246 1.23 0.92
. (65.16) ZeroQ 64.77 51.59 791 0.92
of several linear layers, BN layers, and ReLU layers, and GDFQ $374 5250 4510  22.89
we train it using the toy data. The classification boundaries Ours 6190  60.95 5673  28.26

are shown in each subfigure. To simulate the process of our
method, we sample noises from Gaussian distribution and
every noise has a random label of 0 or 1 (Fig. 1 (b)). Then,
we generate fake data from noises by learning from the pre-
trained model 7. Fig. 1 (c¢) and Fig. 1 (d) show the fake data
generated by the ZeroQ method and our method, respectively.
The data generated by ZeroQ does not capture the real data
distribution since it neglects the inter-class information; while
our method is able to produce fake data that not only have
label information but also match the classification boundaries.

C. Comparison Results

To further evaluate the effectiveness of our method,
we include the following methods for study. FP32: the full-
precision pre-trained model. FT: quantizing with real training
data for fine-tuning the quantized model by minimizing
CgE. FT+Dist: the same training condition as FT but by
minimizing L£o. DFQ: a data free post-training quantization
method. Here, we obtain the result from the repetition code
of DFQ [32]. ZeroQ: a data free post-training quantization
method. We obtain the result from the publicly released code
of ZeroQ [30]. DSG: a data free post-training quantization
method. We obtain the results published in the paper DSG [33]
because it does not release the source code. GDFQ: a
data free quantization-aware training method. This is the
conference version GDFQ [1] of our method. ZAQ: a data
free quantization-aware training method. We obtain the results
published in the paper ZAQ [34]. Although it has the publicly
released code, the code cannot run correctly. DFQAD: a data

free quantization-aware training method. We obtain the results
following DFQAD [74].

We quantize model weights and activations to 4-bit,
5-bit, 6-bit and 8-bit to prove the effectiveness of our method
in different precisions. We report the comparison results
on CIFAR and ImageNet data sets with DFQ, ZeroQ and
GDFQ in Table I and Table II, respectively. The results
are all running out by ourselves using the published code.
To guarantee the comparison as fair as possible, we use
the same pre-trained full-precision model. For CIFAR-10,
our method achieves much higher accuracy than those of
other methods. When the number of categories increases in
CIFAR-100, our method suffers a much smaller degradation
in accuracy compared with others. The main reason is that our
method gains more prior knowledge from the full-precision
model. These results demonstrate the effectiveness of our
method on simple data sets for the data free quantization task.
For large scale and categories data set, such as ImageNet,
existing data free quantization methods suffer from severe
performance degradation. This phenomenon is dramatically
more severe when taking ultra-low-precision such as 4 bit
or 5 bit. However, our proposed method is able to mitigate
this impact since our generated images contain abundant
category information and similar distribution with real data.
As a result, our method recovers the accuracy of quantized
models significantly with the help of generated fake data and
knowledge distillation. Note that our framework also achieves
the comparable performance with post-training quantization
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TABLE III
COMPARISONS WITH DSG [33] ON IMAGENET
Model Bit Method FP32 QNN  Acc. | (%)
DSG 7147 70.46 1.01
ResNet-18 W6A6 Ours 71.58 70.61 0.97
WaA4 DSG 7147 3453 36.94
Ours 71.58 64.39 7.19
DSG 78.80  76.52 2.28
Inception v3 W6A6 Ours 77.63 7643 1.20
P WaA4 DSG 78.80  34.89 4391
Ours 77.63 71.22 6.41
DSG 65.07 64.77 0.30
ShuffleNet WBAS Ours 65.16 61.90 3.26
W6AG DSG 65.07 44.88 20.19
Ours 65.16  60.95 4.21
DSG 7772 77.68 0.04
ResNet-50 WBAS Ours 7776  77.50 0.26
W6AG DSG 7172 76.07 1.65
Ours 77776 77.21 0.55
TABLE IV
COMPARISONS WITH ZAQ [34]
Data Set Model Bit Method FP32 QNN Acc. | (%)
e Nt ZAQ 69.58 67.94 1.64
Cifar-100 | ResNet-20 | W5AS5 Ours 7033 69.68 0.65
. ZAQ 71.88 71.43 0.45
ImageNet MoblieNet v2| WBAS (s 7308 7264  0.44
ZAQ 76.13 70.06 6.07
ResNet:50 | WAAL (s 7776 68.84  8.92
TABLE V
COMPARISONS WITH DFQAD [74]
Model Data set Method W4A8  WSAS
] DFQAD 93.42 93.93
ResNet-20 CIFAR-10 ours 93.8 94.05
DFQAD 69.04 70.3
ResNet-20 | CIFAR-100 ours 69.61 70.53
DFQAD 67.9 70.63
ResNet-18 ImageNet ours 68.43 70.73

methods (e.g., ZeroQ and DFQ) in 8 bit quantization.
Moreover, following the settings in [74], we compare our
method with DFQAD [74] on CIFAR-10/100 and ImageNet
in Table V. The results show that our method achieves better
quantization performance than DFQAD. Note that under other
quantization settings like W4A4 and W6A6, the method
DFQAD will lead to numerical errors (i.e., NAN).

Furthermore, we conduct experiments compared with
DSG [33] and ZAQ [34] to verify the effectiveness of our
proposed method. Due to these two methods do not release
the source code, we directly report the results published in
the papers in TABLE III and TABLE IV. To guarantee a
fair comparison as possible, we employ the Accuracy | as
a criterion, which denotes the dropped classification accuracy
of a quantized model (QNN) compared with FP32. From the
comparison results, we find that our proposed quantization
method achieves a state-of-the-art or comparable performance
with those of other two methods on several models.

D. Ablation Studies

In this section, we first evaluate the effectiveness of each
component in L and Lg. Second, we explore how fixed
BNS affects our method. Then, we compare our method
with different quantization methods. Last, we further study
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TABLE VI

EFFECT OF DIFFERENT LOSS FUNCTIONS OF GENERATOR G. WE QUAN-
TIZE BOTH THE WEIGHTS AND ACTIVATIONS OF THE MODELS TO
4-BITS AND REPORT THE TOP-1 ACCURACY ON CIFAR-100

Model CE Loss BNS Loss Acc. (%)
X X 48.11
ResNet-20 v X 64.51
(4-bit) x v 64.18
v v 67.15
TABLE VII

EFFECT OF DIFFERENT LOSS FUNCTIONS OF Q. WE KEEP THE WEIGHTS
AND ACTIVATIONS OF THE MODELS TO 4-BITS AND REPORT THE
ToP-1 ACCURACY ON CIFAR-100

Model CE Loss MSE Loss Acc. (%)
ResNet-20 v X >8.52
(4-bit) X v 67.01
v v 67.15

the effect of different stopping conditions. All the ablation
experiments are conducted on the CIFAR-10/100 data sets.

1) Effect of Different Components of Losses: To verify
the effectiveness of different components in our method,
we conduct a series of ablation experiments on CIFAR-
100 with ResNet-20. Table VI reports the top-1 accuracy of
quantized models with different components of L. In this
ablation experiment, we fine-tune quantized models with
complete L. Since we do not use both CE loss and BNS loss,
we have no way to optimize G, which means we use the fake
data generated from the initial G to fine-tune the quantized
model. In this case, the distribution of the fake data is far
away from that of original data because the generator receives
no guidance from the full-precision model. Therefore, the
quantized model suffers from large performance degradation.
To utilize the knowledge in the full-precision model, we use
CE loss to optimize G and achieve a better quantized model.
In this case, the generator produces fake data that can be
classified with high confidence by the full-precision model.
Last, we combine CE loss and BNS loss with a coefficient and
achieve the best result. The BNS loss encourages the generator
to generate fake data that matches the statistics encoded in
full-precision model’s BN layers so that these fake data have
a much similar distribution with real data. In summary, both
CE loss and BNS loss contribute to the better performance of
the quantized model.

We further conduct ablation experiments to analyze the
effectiveness of each component in Lo. Table VII reports the
top-1 accuracy of quantized models with different components
of L. In this experiment, we optimize the generator with
complete L£5. When only introducing the MSE loss, the
quantized model receives knowledge from the full-precision
model’s prediction and achieves 67.01% on the top-1 accuracy.
To use the additional label information, we combine MSE
loss with CE loss. The resultant model achieves a 0.14%
improvement on the top-1 accuracy.

2) Effect of MSE Alignment: We conduct experiments on
CIFAR-100 for ResNet-20 to compare the effect of the
MSE alignment and the KL divergence. In this experiment,
we quantize the models to 6-bit and 4-bit and then fine-tune
them. We keep other loss functions unchanged but only change
the knowledge transfer loss by Lxr. with multiple distillation
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TABLE VIII

COMPARISONS BETWEEN THE KL L0OSs AND MSE Loss. WE KEEP THE
WEIGHTS AND ACTIVATIONS OF THE MODELS TO 4-BITS AND REPORT
THE TOP-1 ACCURACY ON CIFAR-100

Loss Accuracy Top-1 (%)
W4A4 W6A6
T=1 58.99 66.53
T=3 63.4 68.25
LxL T=5 63.68 68.59
7=20 63.87 68.47
T = 00 58.79 67.28
LMSE 67.15 70.35
TABLE IX

EFFECT OF THE PARAMETER 8 OF LOSS FUNCTION Lgns. WE KEEP THE
WEIGHTS AND ACTIVATIONS OF THE MODELS TO 4-BITS AND REPORT
THE TOP-1 ACCURACY ON CIFAR-100

B 0.01 0.1 1 10
Acc. (%) 66.09 66.92 67.15 66.92

temperatures 7. Table VIII reports the top-1 accuracy of
quantized models. For both 4-bit and 6-bit, fine-tuning with
Lwmse achieves better performance than that with Lgy, for
different temperatures . Moreover, when the quantization bit
is lower, the performance discrepancy is more obvious.

Particularly, to verify our theoretical results proposed in
Section V, we calculate the Lgi, and Lysg when we fine-
tuning the quantized model either with KL divergence or
MSE alignment. Fig. 3(a) shows the loss curves of MSE
distance during the training process with Lg1 and Lmsg
respectively. The MSE distance can measure the degree of
similarity between the outputs of the pre-trained model and
the quantized model, where is the lower the better. When we
fine-tune the quantized model with KL divergence, the MSE
distance is still quite high. When we use our MSE alignment
to fine-tune the quantized model, the MSE distance obviously
falls to a lower value. So our MSE alignment encourages
the quantized model to be more similar to the full-precision
model for better performance. One may say that we use
the MSE distance as the optimization objective, so the MSE
distance must be lower than that of the KL divergence as the
optimization objective. To further show the effectiveness of
our MSE alignment, we show the loss curves of KL distance
during the training process with Lxy and Lysg respectively
in Fig. 3(b). We use the KL divergence as the optimized
objective, however, the KL distance trained with KL is still
higher than that trained with MSE. Therefore, fine-tuning with
the MSE alignment not only decreases the MSE distance but
also the KL distance, which is more effective for the data free
quantization task.

3) Effect of Parameters in Loss Functions: We study how
hyper-parameters B8 and y affect the performance of our
quantized models by numerical experiments on CIFAR-100
dataset in TABLE IX and TABLE X, respectively. We observe
that our proposed quantization method is not very sensitive to
the choices of the 8 or y. Empirically, when § = l and y = 1,
our method is able to obtain a good quantized model with high
classification accuracy.
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TABLE X

EFFECT OF THE PARAMETER y OF LOSS FUNCTION Lysg.- WE KEEP THE
WEIGHTS AND ACTIVATIONS OF THE MODELS TO 4-BITS AND REPORT
THE TOP-1 ACCURACY ON CIFAR-100

¥ 0.01 0.1 1 10
Acc. (%) 63.57 65.84 67.15 65.24
TABLE XI

ABLATION EXPERIMENTS ON THE FIXED BNS (FBNS). WE KEEP THE
WEIGHTS AND ACTIVATIONS OF THE MODELS TO BE 4-BITS AND
REPORT THE TOP-1 ACCURACY ON CIFAR-10/100. WE USE “wW/0
FBNS” TO REPRESENT THAT WE USE FAKE DATA TO FINE-
TUNE THE QUANTIZED MODELS WITHOUT FIXED BNS.
SIMILARLY, WE USE “w/ FBNS” TO REPRESENT THE
FINE-TUNING PROCESS WITH FIXED BNS

Data Set w/o FBNS (%) w/ FBNS (%)
CIFAR-10 89.80 92.24
CIFAR-100 65.02 67.15
TABLE XII

COMPARISON OF SEPARATE TRAINING AND ALTERNATING
TRAINING OF G AND Q

Training Strategy Acc. (%)
Separate Training 67.07
Alternating Training 67.15

4) Effect of the Fixed BNS: To verify the effectiveness
of fixing batch normalization, we conduct ablation studies
with ResNet-20 on CIFAR-10/100. The results are shown in
Table XI. When we fix batch normalization statistics during
fine-tuning, we narrow the statistics gap between the quantized
model and the full-precision model. As a result, we achieve
a much higher top-1 accuracy than that with standard batch
normalization. Moreover, to show the effect and stability of
the fixed BNS more significantly, we illustration Lo decline
curve during training in Fig 3(c). The Lo with the fixed BNS
is always lower than that without the fixed BNS. On the
other hand, the decreasing loss curve also proves that the
proposed fake-data driven quantization can properly fine-tune
the quantized model based on the generated fake data.

E. Further Experiments

1) Effect of Two Training Strategies: We investigate the
effect of two kinds of training strategies. 1) Training generator
and quantized model in two steps. We first train the generator
by minimizing the loss (6) until convergence. Then, we train
the quantized model by minimizing the loss (12). 2) Training
the generator and quantized model alternately in each iteration
following Algorithm 1. From the results in Table XII,
alternating training performs better than separate training.
Therefore, we use alternating training in other experiments.

2) Effect of Different Thresholds in Stopping Condition:
In this experiment, we stop the training of the generator
if the classification accuracy of the full-precision model on
fake data is larger than a threshold 5. Table XIII reports the
results of different thresholds 7 in the stopping condition.
When increasing the threshold, the generator is trained with
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Fig. 3. The comparisons of training with KL, MSE loss and fixed BN.
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Fig. 4. The comparisons of generated samples and real samples on CIFAR100. The first two lines are real data, while the last two lines are the generated

data with our method.

TABLE XIII

EFFECT OF DIFFERENT THRESHOLDS IN THE
STOPPING CONDITION OF G

Threshold 1 (%) Acc. (%)
90.00 65.34
95.00 65.92
99.00 66.32
99.50 66.36
without stopping condition 67.15

quantized models for more epochs, and we get a better fine-
tuning result. We achieve the best performance when we
do not stop optimizing the generator. This demonstrates that
optimizing the generator and quantized model simultaneously
increases the diversity of data, which is helpful for fine-tuning
quantized models.

3) Case Study of Generated Images: As a starting point,
we aim to train a good generator to learn data distribution
from the full-precision model by exploiting the classification
boundary information. So we want to investigate whether
the generator is able to capture the helpful knowledge
for quantization. To this end, we visualize the generated
samples compared with real samples on CIFAR-100 in Fig. 4.
We observe that the generated samples are informative with
perceptually relevant features (such as edges, contours and
corners) of the real images. At the same time, they have good
confidentiality without the privacy of the original data. This
observation suggests that there may exist some approach to
effectively exploit the original data information with a neural
network. We believe that this phenomenon warrants an in-
depth investigation and we view our experiments as only
exploratory.

VII. CONCLUSION

In this paper, we have proposed a Generative Data
Free Model Quantization with Knowledge Matching for
Classification scheme to eliminate the data dependence of
quantization methods. First, we have constructed a knowledge
matching generator to produce fake data for the fine-tuning
process. The generator is able to learn the classification
boundary knowledge and distribution information from the
pre-trained full-precision model. Next, we have quantized
the full-precision model and fine-tuned the quantized model
using the fake data. Extensive experiments on various image
classification data sets have demonstrated the effectiveness of
our data free method.
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