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Figure 2. The long-tailed distribution, our adaptive clip ranges, and
the fixed clip ranges by existing methods.

diverse data, it is difficult to accurately calibrate the quan-
tized model, resulting in a performance drop compared to
calibrating with the original data [43]. Previous works [1]
on GAN have explored how to address mode collapse, but
they are inapplicable to our problem as these works need
original data. Recent works [5, 6, 44] propose to augment
the generated images with Mixup [42] or CutMix [41] for
data-free quantization. However, they could not solve the
mode collapse problem, as a simple augmentation on gener-
ated similar images cannot synthesize new diverse data for
each class.

Problem 2: We notice that the activated feature values of
the generated data exhibit a sharp-peak and long-tailed dis-
tribution under the mode collapse problem, which is bad for
quantization in the activation layers, especially when exist-
ing data-free quantization methods use a fixed clip range. For
example, ZeroQ [4] quantizes all activated values within the
clip range that is merely the fixed [min, max] range. Qimera
and GDFQ [39] use moving averages during calibration to
decide the fixed clip range. We show the fixed clip ranges
set by existing methods in Figure 2, where we dispatch all
activated values in the last activation layer during the last
epoch into 100,000 bins with intervals of le-3 and calculate
the frequency histogram of the occurrence of different val-
ues. ZeroQ’s clip range is too large, and it cannot differ such
many values using the low-bit integer. Meanwhile, the clip
range set by GDFQ is small, which results in information
loss as the values beyond this range are clipped.

Due to these problems, there is more performance degra-
dation in quantization. To tackle the above problems, we
propose Enhancing diversity for Data-Free Quantization
(EnhancingDFQ).

For Problem 1, we leverage the information related to
the original training data from the multiple layers of the full-
precision model, to generate more diverse synthetic data to

calibrate the quantized model. We utilize the information
from different layers of the full-precision model to guide
the generator, where different layers of the full-precision
model exhibit features of different levels. For example, shal-
low layers may focus on color, shape, or texture features
etc, and deep layers may focus on semantic information.

Thus, instead of using a random-initialized label embedding

for each class, our generator can synthesize better data by

utilizing multi-layer features with our attention mechanism.

First, our multi-layer features mixer enables the generator

to learn the relations among all classes, thereby enhancing

inter-class diversity, e.g. an image containing information
of dog and cat classes efc. Second, our normalization flow
based attention enables the generator to focus on minutia

features of different levels, thereby enhancing intra-class di-

versity, e.g. different dog images focusing on different color

or texture features efc. Thus, we can address mode collapse
and improve quantization with more diverse calibration data.

For Problem 2, We propose to generate diverse data with
more complex patterns from the perspective of activated
features, for the quantized model to learn better clip ranges.

First, we propose a regulation loss for the generator, mak-

ing it produce diverse data that can exhibit more complex

feature patterns in the activation layers of the full-precision
model. Then, we use a distillation regulation loss to align
the full-precision model and the quantized model, to learn
appropriate clip ranges adaptive to our generated diverse
data, as shown in Figure 2.
Our contribution can be summarized as follows.

1. We utilize information from the full-precision model to
enhance inter-class and intra-class diversity, with our
multi-layer features mixer which learns the relations
among classes, and our normalization flow based atten-
tion which focuses on the features of different levels.

2. We propose a novel regulation loss to generate diverse
data with more complex feature patterns, and then learn
appropriate clip ranges adaptive to our generated diverse
data in the activation layers.

3. Extensive experiments show our method achieves state-
of-the-art quantization results for both Transformer [9]
and CNN [20] architectures, and we use visualization and
ablation studies to validate our motivations and designs.

2. Related Works

2.1. Generative adversarial net

GAN is composed of a generator and a discriminator. By
competing with each other, a good generator can synthesize
fake but realistic data [10, 18, 33]. However, they still suffer
from the mode collapse, which results in a loss of diversity
in the generated data. CGAN [27] uses the guided gener-
ation methods to address inter-class diversity of generated
data. WGAN [1] employs the Earth Mover’s distance as a
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