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Figure 1. Distilled images by GENIE (without any image prior loss).

Abstract

Zero-shot quantization is a promising approach for de-
veloping lightweight deep neural networks when data is in-
accessible owing to various reasons, including cost and is-
sues related to privacy. By exploiting the learned parame-
ters (µ and σ) of batch normalization layers in an FP32-
pre-trained model, zero-shot quantization schemes focus on
generating synthetic data. Subsequently, they distill knowl-
edge from the pre-trained model (teacher) to the quantized
model (student) such that the quantized model can be op-
timized with the synthetic dataset. However, thus far, zero-
shot quantization has primarily been discussed in the con-
text of quantization-aware training methods, which require
task-specific losses and long-term optimization as much
as retraining. We thus introduce a post-training quantiza-
tion scheme for zero-shot quantization that produces high-
quality quantized networks within a few hours. Further-
more, we propose a framework called GENIE that gener-
ates data suited for quantization. With the data synthesized
by GENIE, we can produce robust quantized models with-
out real datasets, which is comparable to few-shot quanti-
zation. We also propose a post-training quantization algo-
rithm to enhance the performance of quantized models. By
combining them, we can bridge the gap between zero-shot
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and few-shot quantization while significantly improving the
quantization performance compared to that of existing ap-
proaches. In other words, we can obtain a unique state-
of-the-art zero-shot quantization approach. The code is
available at https://github.com/SamsungLabs/
Genie.

1. Introduction
Quantization is an indispensable procedure for deploy-

ing models in resource-constrained devices such as mobile
phones. By representing tensors using a lower bit width and
maintaining a dense format of tensors, quantization reduces
a computing unit to a significantly smaller size compared
to that achieved by other approaches (such as pruning and
low-rank approximations) and facilitates massive data par-
allelism with vector processing units. Most early studies uti-
lized quantization-aware training (QAT) schemes [8, 23] to
compress models, which requires the entire training dataset
and takes as much time as training FP32 models. However,
access to the entire dataset for quantizing models may not
be possible in the real world or industry owing to a variety
of reasons, including issues related to privacy preservation.
Thus, recent studies have emphasized post-training quanti-
zation (PTQ) [12, 14, 17, 21] because it serves as a conve-
nient method of producing high-quality quantized networks
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Figure 2. Conceptual illustration of GENIE, which consists of two
sub-modules: synthesizing data and quantizing models

with only a small amount of unlabeled datasets or even in
the absence of a dataset (including synthetic datasets). Be-
cause PTQ can compress models within a few hours but
shows comparable performance to QAT, PTQ is preferred
over QAT in practical situations.

Zero-shot quantization (ZSQ) [4, 7, 19] is another re-
search regime that synthesizes data to compress models
without employing real datasets. Starting from DFQ [22],
schemes for ZSQ gradually pay more attention to generat-
ing elaborate replicas such that the distribution of interme-
diate feature maps matches the statistics of the correspond-
ing batch normalization layers. Although many studies have
achieved significant advancement in regards to quantization
in the absence of real data, most of them have relied on
QAT schemes that require task-specific loss, such as cross-
entropy (CE) loss and Kullback–Leibler (KL) divergence
[16], which requires more than 10 hours to complete the
quantization of ResNet-18 [10] on Nvidia V100.

Excluding the data used, ZSQ and few-shot quanti-
zation1(FSQ) commonly utilize FP32-pre-trained models
(teacher) to optimize quantized models (student) by distill-
ing knowledge. It is possible that ZSQ and FSQ share the
quantization algorithm regardless of whether the data are
real or synthetic. We thus adopt an up-to-date PTQ scheme
to ZSQ so that breaking away from the quantization scheme
conventionally used in ZSQ and then completing quantiza-
tion within a few hours. Based on the existing method, we
propose a framework called GENIE2 that distill data suited
for model quantization. We also suggest a novel quantiza-
tion scheme, which is a sub-module of GENIE and avail-
able for both FSQ and ZSQ. As in Figure 2, GENIE con-
sists of two sub-modules: synthesizing data (GENIE-D) and
quantizing models (GENIE-M). By combining them, we
bridge the gap between ZSQ and FSQ while taking an ultra-
step forward from existing approaches. In other words, we
achieve a state-of-the-art result that is unique among ZSQ
approaches.

Our contributions are summarized as follows:
• First, we propose a scheme for synthesizing datasets by

combining the approaches related to generation and dis-
tillation to take advantage of both approaches.
1This refers to post-training quantization with few real data
2Data generation scheme suited for quantization

• Second, we suggest a method to substitute convolution
of stride n (n > 1) by swing convolution. By applying
randomness, various spatial information can be utilized
when distilling datasets.

• Finally, we propose a new quantization scheme as a sub-
module of GENIE (available for both FSQ and ZSQ),
which is a simple but effective method that jointly op-
timizes quantization parameters.

2. Related Works
2.1. Uniform Quantization

Uniform quantization maps full-precision weights into
fixed-point numbers. Supposing the step size s ∈ R is set
by a certain algorithm, we can obtain the integers of weights
as follows:

wint = clip

(⌊
w

s

⌉
+ z, n, p

)
. (1)

where ⌊·⌉ denotes the nearest-rounding method, and n and
p represent the lower and upper bound of the range, re-
spectively. For example, when we asymmetrically quantize
a layer to INTb, n and p are equal to 0 and 2b−1, respec-
tively. And the zero-point vector z represents an all-z vec-
tor, where z = −

⌊
min(w)

s

⌉
. Thus, the quantized weights

wq can be represented as follows:

wq = s(wint − z). (2)

To quantize a model, Min-Max algorithm sets the step size
s as

s =
max(w)−min(w)

2b − 1
, (3)

where b is the bit width for quantization. During optimiza-
tion, Min-Max updates s in every step using an exponen-
tial moving average (EMA) of min(w) and max(w), and
update w by straight-through estimator (STE) (i.e., ∂L

∂w =
∂L
∂wq ) [2]. Learned step size quantization (LSQ) [8] learns
the step size s along with w using STE, which is a state-of-
the-art method in QAT. Both algorithms are mainly used for
net-wise optimization or QAT but can be used in a divide-
and-conquer approach or in PTQ.

PTQ [12, 14, 17, 21] optimizes networks mainly by the
divide-and-conquer approach. Because they assume few
shots are provided, they exploit knowledge from pre-trained
models when quantizing models. AdaRound [21] have sug-
gested a rounding scheme while minimizing the reconstruc-
tion error for each layer between the pre-trained and quan-
tized models (i.e., the mean squared error between activa-
tions of the two models). BRECQ [17] also has empirically
shown the superiority of block-wise optimization. In con-
trast to ordinary knowledge distillation that aims to reduce
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Chihuahua (49.08%)

Figure 3. Data distillation (from noise (t = 0) to signal (t = T )). We train the generator and latent vectors z, each of which is a kind
of seed that generates its own image. The synthetic dataset is distilled indirectly by learning the latent vectors and the generator. When
distilling images, n(> 1)-stride convolutions on pre-trained models are replaced by swing convolutions.

the scale (e.g., the number of layers), the layers between
teacher and student are mapped one-to-one in quantization,
and thus models can be optimized per layer or per block
in a divide-and-conquer approach. Although the latest al-
gorithms for PTQ have been verified on real data, they can
also be employed for ZSQ.

2.2. Zero-shot Quantization

Under the assumption that data are not available for
quantization of models, ZSQ focuses on generating or dis-
tilling data by exploiting the information from pre-trained
models. To synthesize the data, it uses the parameters in the
batch normalization layers and assigns virtual hard labels y
to that synthetic data x in order to utilize the CE loss, which
can be represented as follows:

LCE = E
[
CE(fp(x),y)

]
, (4)

where fp denotes a pre-trained model. In addition,
Qimera [6] attempted to make boundary-supporting sam-
ples when synthesizing data for ZSQ. ZAQ [19] generates
data that maximize the discrepancy (L1-distance) between
the activations of the two models (i.e., teacher and student)
while using the loss function that minimizes the discrepancy
for quantization. To quantize models, GDFQ [34] define the
distillation loss as the combination of the CE loss and KL di-
vergence. AIT [7] utilizes KL-only loss based on the obser-
vation that it has flatter minima than CE loss. Most of these
quantization techniques optimize generators and quantized
networks alternately while employing Min-Max algorithm
to quantize models. Furthermore, DFQ [22] and ZeroQ [4]
utilize the synthetic data primarily to set the step size of the
activations without gradient-based optimization.

Table 1 summarizes quantization algorithms for both
real- and synthetic datasets. According to our experiments,
there is a limitation to the diversification of samples by syn-
thesis. Thus, it is more suitable for ZSQ to use PTQ al-
gorithms than QAT which can be overfitted with a small
amount of the data (or monotonous data).

Table 1. Categorization of quantization algorithms

Divide-and-Conquer Netwise

Real Data AdaRound, BRECQ,
AdaQuant LSQ, Min-Max

Synthetic Data GENIE, MixMix GDFQ, AIT, Qimera,
ZAQ, IntraQ

3. GENIE

3.1. Data Distillation (GENIE-D)

To synthesize data, ZSQ commonly utilizes statistics
(mean µ and standard deviation σ) in the batch normaliza-
tion layers (BNS) of the pre-trained models as follows:

LD
BNS =

L∑
l=1

(∥µs
l − µl∥2 +∥σs

l − σl∥2) (5)

where µs
l /σs

l and µl/σl represent the statistical parame-
ters of the synthetic data and learned parameters in the
l-th batch normalization layer, respectively. To minimize
Eq. (5), generator-based schemes optimize weights in the
generator, while distill-based schemes propagate the error
directly to the synthetic data.

Generator-based approaches (GBA) [6, 7, 19, 34, 37] use
latent vectors from a Gaussian distribution (N (0, I)) as in-
put of the generator in order to synthesize datasets. Thus,
they have the advantage of synthesizing data infinitely as
long as the input of the generator follows the designed dis-
tribution. Furthermore, the generator can be expected to
learn common knowledge of the input domain. However,
GBAs have been attempting to optimize the generator such
that converting all noise to semantic signals, which not only
takes a long time to converge but also converges at a rela-
tively high loss (i.e., a low statistical similarity that is de-
fined in Eq. (5)). Although it is also possible to generate
infinite data, the information required for quantization is re-
dundant, which limits the enhancement of quantized net-
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(a) Reflection padding & random crop. (b) 2-stride convolution (conv2d(kernel size=1, stride=2)).

Figure 4. Swing convolution. (a) feature maps are extended by reflection padding and randomly cropped (b) The randomly selected areas
in feature maps are convolved with the stride of n (n > 1)).

works, especially with QAT.
In contrast, distill-based approaches (DBA) [4, 18, 36]

gradually update images from Gaussian random noises to
semantic signals by distilling knowledge to the images. As
it directly propagates the error to images, it converges rela-
tively quickly to a low loss. However, there is no significant
interaction between the instances except when measuring
the loss in a batch.

To take advantage of both approaches, inspired by Gen-
erative Latent Optimization (GLO) [3], we design a gen-
erator that produces synthetic data but distills the knowl-
edge to latent vectors z from a normal distribution. In other
words, the synthetic images are distilled indirectly by the
latent vectors which are trained and updated in every itera-
tion. Figure 3 illustrates the proposed method for distilling
datasets. The latent vector initialized in the Gaussian form
becomes an image via the generator, and the image takes
the loss from the pre-trained model; the latent vector and
generator are updated by the loss. The images from the ini-
tial vectors are close to noise, but they gradually mature into
information suited for quantization as the optimization goes
on. The image indicated by xt=T in Figure 3 is a distilled
image updated by the BNS loss (Eq. 5) and swing convolu-
tion (Figure 4) without any image prior loss. Genie-D syn-
thesizes images that are very similar to the actual structure
(Figure 1 and 3). By distilling latent vectors through the
generator, GENIE-D converges as fast as DBA while learn-
ing the common knowledge of the input domain similar to
GBA.

Indeed, we can consider GBA as Variational Auto-
Encoder (VAE) [15] without the encoder. Suppose x and
x′ denote a real and fake sample (the output of the decoder
or generator), respectively. The generator can be optimized
by minimizing the distance between x and x′; it does not
work well without the encoder that approximates true pos-
terior pθ(z|x). Without variational inference, it is trying to
match x′ to x in pixel space (which has high dimensional).
The distance loss can be replaced with BNS loss in GBA.
Owing to the absence of real samples, GBA computes the
distance indirectly by matching the distribution of the fake
to its real (i.e., BNS loss) using pre-trained models. How-

ever, GLO explains that generative models can be trained
without the encoder by optimizing the latent vector [3]. Fur-
thermore, we can efficiently explore attributes of the real
images pre-trained models utilized by optimizing in man-
ifold space (latent vector) (n-dimension) rather than opti-
mizing in pixel space (m-dim, n ≪ m), while training the
generator for common knowledge or image prior [1,13,30].
Which may explain the efficacy of optimizing latent vectors
in addition to the generator compared to DBA and GBA.

3.1.1 Swing Convolution

When distilling images without a generator (i.e. DBA), we
can consider the back-propagating error (with respect to
LD
BNS) into the images as the process of image generation

(i.e., model inversion [20]). Moreover, the backpropaga-
tion function (backprop-op) of convolutional layers (conv)
is transposed convolution (tconv); the backprop-op for con-
volution of the stride n (n > 1, s-conv) is also n-stride
tconv (s-tconv). Because s-tconv (which is commonly used
to increase the resolution of images) can create checker-
board artifacts when generating images [24], the distilled
images produced by backprop-op for s-conv (i.e. s-tconv)
during model inversion also can result in checkerboard ar-
tifacts, which degrade the quality of images owing to infor-
mation loss. Thus, we introduce swing convolution perform-
ing stochastic n-stride conv, which is simple but effective in
reducing checkerboard artifacts caused by information loss
and requires negligible extra computational cost.

With the reduction of information loss, distilled images
become considerably robust and enhance the quality of
quantized models. Figure 4 illustrates the mechanism of
swing conv. Before 2-stride conv, the feature maps are ex-
tended by padding with their edge values (i.e., reflection
padding) and randomly cropped to restore them to their
original sizes, as shown in Figure 4a. Then, the randomly
selected areas in the feature maps are stride-convolved as
shown in Figure 4b. We refer to this series of processes
as swing conv. We replace all s-convs to swing convs when
only synthesizing the datasets. By applying randomness to
the feature maps to be convolved, the distilled images can
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(a) Distilling without swing conv (b) Distilling with swing conv

Figure 5. The effect of swing convolution that alleviates checker-
board artifacts resulting from information loss. The images in the
same cell in each grid were distilled from the same seed. The im-
ages were directly distilled without the generator.

Algorithm 1 Data distillation (GENIE-D)
Input: Pre-trained model fp
Output: Synthetic (distilled) data xr

1: procedure DATA DISTILLATION(fp)
2: f̂p = Strided Conv To Swing (fp)
3: Init. latent vectors z ∼ N (0, I) and weights WG of generator G
4: repeat
5: xr = G(z)
6: Compute f̂p(xr)
7: Update z and WG with respect to LDBNS ▷ See Eq.(5)
8: until converged

be updated so that the statistics of the outputs match the
BNS regardless of the feature maps selected randomly.

Suppose that there is a 1×1 convolutional layer of stride
2 with 4 × 4 feature maps as input, pixels in the second
and fourth row and columns are not utilized in the BNS
loss and thus not used for back-propagation. With swing
convolution, however, all pixels in the feature maps for 2-
stride conv can contribute toward distilling images across
the optimization, which provides various spatial informa-
tion with distilled images and results in enhancing the quan-
tized models without information loss. Note that shift oper-
ations such as swing conv have been used to enhance models
in various variations [5, 32, 35]. Especially, we have found
that the mechanism of random shifting convolution [35] is
the same as swing convolution although the purpose and
way of use are different. In model inversion, including dis-
tillation for ZSQ, to the best of our knowledge, this is the
first instance of using stochastic convolution.

Algorithm 1 describes our proposed method GENIE-D
used for synthesizing datasets. Before optimization, GE-
NIE-D replaces all sconvs to swing convs in the pre-trained
model (line 2). Note that the sconvs are substituted by swing
convs only when distilling data and not during the quanti-
zation of models. After initializing the latent vectors z and
weights of the generator (line 3), GENIE-D optimizes them
with respect to LD

BNS (line 4–8). Moreover, we applied vari-
ous methods including existing works to explicitly generate

diverse data by modifying or adding any loss (including CE
loss) on top of GENIE, but there was no significant improve-
ment at least in PTQ.

3.2. Quantization Algorithm (GENIE-M)

When quantizing a model of weights W ∈ Rm×n with
a fixed-point representation (e.g., INT8) in a post-training
approach, we can set the step size (or scaling factor) s from
the pre-trained model as follows:

s∗ = argmin
s

∥∥∥∥∥∥W − s · clip

(⌊
W

s

⌉
, n, p

)∥∥∥∥∥∥
F

, (6)

where ⌊·⌉ denotes the nearest-rounding method, and n and
p represent the lower and upper bounds of the range, re-
spectively. For example, when we symmetrically quantize a
model to INTb, n and p are equal to 2b−1 and 2b−1-1, re-
spectively. With the step size s, Wint and W q can be defined
as follows:

Wint := clip

(⌊
W

s

⌉
, n, p

)
(7)

W q := s ·Wint. (8)

Using the above formulation, we can quantize neural net-
works even in the absence of data. To further optimize
the networks with an unlabeled dataset of small size,
AdaRound [21] proposed a rounding scheme that allocated
weights to one of the two nearest quantization points. Let
the base integer matrix B ∈ [n, p]m×n be defined as

B := clip

(⌊
W

s

⌋
, n, p

)
, (9)

where ⌊·⌋ denotes the floor function. Then, AdaRound sets
the quantized weights W q as

W q = s · (B + V ) (10)

where V ∈ [0, 1]m×n is the softbit3 matrix to be optimized
such that each weight wint,i (∈ Wint) is converged to either
bi (∈ B) or bi + 1. However, AdaRound does not jointly
optimize the step size s with softbit V , and the reason is
explained as follows: ”It is non-trivial to combine the two
tasks: any change in the step size would result in a differ-
ent quadratic unconstrained binary optimization (QUBO)
problem” [21]. Because optimizing the step size s results
in the change in the base B (Eq. (9)), it can cause a conflict
with the softbits V being optimized. To resolve this issue,
we suggest a method to enable joint optimization without

3We have omitted details for a concise description. Refer to the ap-
pendix for further details on softbit.
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Table 2. Result of the ablation study on CNN Models (top-1 accuracy (%))

#Bits Ablation Settings
ResNet-18 ResNet-50 MobileNetV2 MobileNet-b MnasNet-1.0

(W/A) Swing Generator z Genie-M
FP 32/32 71.08 77.00 72.49 74.53 73.52
M1

4/4

69.19 74.87 66.22 66.01 58.52
M2 ✓ 69.25 74.94 66.25 66.45 58.82
M3 ✓ 69.49 75.43 67.80 67.14 63.98
M4 ✓ 69.17 74.96 66.41 65.75 64.63
M5 ✓ ✓ 69.58 75.39 67.92 67.40 66.15
M6 ✓ ✓ ✓ 69.62 75.47 68.28 68.02 66.55
M7 ✓ ✓ ✓ ✓ 69.66 75.59 68.38 68.58 66.94
M1

2/4

61.96 66.72 36.58 23.18 31.22
M2 ✓ 62.62 66.95 37.12 27.44 32.45
M3 ✓ 63.74 69.44 44.00 27.85 34.64
M4 ✓ 60.13 65.28 34.92 27.51 35.50
M5 ✓ ✓ 64.06 70.16 47.96 32.53 45.47
M6 ✓ ✓ ✓ 64.34 69.87 49.89 36.48 47.34
M7 ✓ ✓ ✓ ✓ 65.10 69.99 53.38 48.36 48.21

Algorithm 2 CLASS GENIE-M
1: def: INIT (self, W , bits)
2: self.s ← SetStepSize(W , bits) ▷ Eq. (6)
3: self.B ← clip(

⌊
W

self.s

⌋
, n, p).detach() ▷ Eq. (9)

4: self.V ← W
self.s

− self.B

5: def: FORWARD(self)
6: return self.s×(self.B+self.V ) ▷ Eq. (10)

conflict via a sub-module of GENIE (GENIE-M), which is
simple yet effective. Regardless of the s being optimized,
we maintain B as initialized by releasing the mutual de-
pendency between B and s (i.e., B.detach()). In other
words, we consider s as a learnable parameter that does not
affect B. In Eq. (10), B is considered constant and not de-
pendent on s, and the losses propagated to s, v (∈ V ), and
b (∈ B) during optimization are computed as follows:

∂wq

∂s
= b+ v,

∂wq

∂v
= s and

∂wq

∂b
= 0. (11)

Note that, such a joint optimization method can be ap-
plied to other post-training quantization algorithms such as
AdaQuant [12] in addition to AdaRound [21], that optimize
only the integers of weights while maintaining the step size
as the initialized states.

Algorithm 2 presents the pseudo-code for GENIE-M
class, which is the sub-module used for distilling models
in GENIE. Using this quantizer, we optimize the quantized
models by minimizing the block-wise reconstruction error,
like that in BRECQ [17]. GENIE-M also uses LSQ [8] to op-
timize the step size of activations, which can be combined
with QDROP [33]. All activations in a block are simultane-
ously optimized with all the weights in the block.

4. Experimental Results
We evaluate our proposed method by testing it on con-

volutional neural networks (CNNs), such as ResNet [10],
MobileNet [11,27], RegNet [25], and MnasNet [29], where
only 1K synthetic images distilled by GENIE-D are used.
To optimize the quantized model, GENIE-M quantizes each
channel with asymmetrical ranges, whereas it quantizes the
activations per tensor with symmetrical ranges. GENIE-M
also exploits LSQ [8] with QDrop [33] for activation quan-
tization.

4.1. Ablation Study

We build a combination of existing methods, such as Ze-
roQ+QDROP, and use it as the baseline of our approach (la-
beled M1 in Table 2). Subsequently, we conduct an ablation
study on various combinations to justify our design and ver-
ify the performance of GENIE. The results of the ablation
study are presented in Table 2:
• M1 vs. M6 and M4 vs. M6 describe the performance

of GENIE-D, the data distiller, compared to the existing
methods such as ZeroQ (M1) and GBA (M4).

• M4 vs. M5 explains the efficacy when optimizing latent
vector in addition to the generator.

• M3 and M5 describe the performance of each factor con-
stitutive of GENIE-D. In M5, images are distilled indi-
rectly by training the latent vector z without replacing the
strided convolution with swing, while images in M3 are
distilled directly without the generator but with swing.

• M1 vs. M2 and M6 vs. M7 show the performance of GE-
NIE-M, the model distiller, compared to that of an exist-
ing PTQ scheme (i.e., QDROP [33]).

• M7 demonstrates the performance when harmonizing the
proposed methods, GENIE-M and GENIE-D.
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Table 3. Evaluation of CNN Models I (top-1 accuracy (%))

Methods
#Bits
(W/A)

ResNet-18 ResNet-50 MobileNetV2 MobileNet-b MnasNet-1.0

Full Prec. 32/32 71.08 77.00 72.49 74.53 73.52
Si

ng
le

M
od

el

ZeroQ+BRECQ‡

4/4

69.32 73.73 49.83 55.93 52.04
KW+BRECQ‡ 69.08 74.05 59.81 61.94 55.48
IntraQ†+BRECQ 68.77 68.16 63.78 - -
Qimera+BRECQ 67.86 72.90 58.33 - -
GENIE-D+BRECQ [ours] 69.70 74.89 64.68 68.61 55.42
GENIE [ours] 69.66 75.59 68.38 68.58 66.94

M
ix

* MixMix+BRECQ‡ 69.46 74.58 64.01 65.38 57.87
GENIE-D+BRECQ [ours] 69.71 74.89 64.97 62.70 51.25
GENIE [ours] 69.77 75.41 68.70 69.04 67.45

R
ea

l QDROP§ 69.62 75.45 68.84 - -
GENIE-M [ours] 69.81 75.61 69.23 69.80 68.29

Si
ng

le
M

od
el

ZeroQ+BRECQ

2/4

61.63 64.16‡ 34.39 23.53 13.83
KW+BRECQ‡ - 57.74 - - -
IntraQ†+BRECQ 55.39 44.78 35.38 - -
Qimera+BRECQ 47.80 49.13 3.73 - -
GENIE-D+BRECQ [ours] 64.24 69.38 45.28 42.50 29.72
GENIE [ours] 65.10 69.99 53.38 48.36 48.21

M
ix

* MixMix+BRECQ‡ - 66.49 - - -
GENIE-D+BRECQ [ours] 64.91 69.96 42.19 28.50 31.22
GENIE [ours] 65.44 70.62 53.36 49.89 49.65

R
ea

l QDROP§ 65.25 70.65 54.22 - -
GENIE-M [ours] 66.23 71.06 57.74 51.90 55.57

‡, § The figures are taken from [18]‡ and [33]§. † It synthesizes 5K images while others synthesize only 1K images.
∗ The synthetic datasets are distilled from multiple models like ensemble learning [18].

4.2. Performance of GENIE

To verify the performance of GENIE, we compare
various ZSQ algorithms, including ZeroQ [4], KW [9],
GDFQ [34], Qimera [6], ARC [37], AIT [7], ZAQ [19],
MixMix [18] and IntraQ [36]. Tables 3 and 4 summarize
the comparison results. In Table 3, we present the compar-
ison of GENIE with other methods that utilize BRECQ as
the quantizer. Among them, MixMix distills images from
various models (a total of twenty-one) like ensemble learn-
ing. To compare with MixMix, we also distilled images
from five models of Table 3. Despite ensembling fewer
models, Genie-M achieves superiority over MixMix. Using
the same quantizer (BRECQ), we verified the performance
of GENIE-D, the data synthesizer. Even with 256 images,
GENIE (62.46%) also shows better performance compared
to others with 1K images as shown in Figure 6: Qimera
(47.99%) and ZeroQ (61.6%). Based on the observation, we
can consider the fake data distilled by GENIE-D more infor-
mative. The influence on other models can be found in the
appendix. All methods in Table 3 and Figure 6 quantized
the first and the last layer into 8 bits like that in BRECQ.

For a fair comparison, we also quantize the first and
last layers and follow the setting of quantization points of
GDFQ, AIT, ZAQ, and IntraQ. The results are presented

Table 4. Evaluation of CNN Models II (top-1 accuracy (%))

Methods ResNet-18 ResNet-50 MobileNetV2
Full Prec. 71.47 77.73 73.03

GDFQ+AIT*

4/4

65.51 64.24 65.39
Qimera+AIT* 66.83 67.63 66.81
ARC+AIT* 65.73 68.27 66.47
ZAQ† - 70.06 -
IntraQ‡ 66.47 - 65.10
GENIE-D+AIT 66.91 - -
GENIE [ours] 68.69 74.21 69.59
GDFQ+AIT

2/4

0.10 0.10 0.11
Qimera+AIT 0.10 0.10 0.12
ARC+AIT 0.11 0.10 0.13
IntraQ 0.14 - 0.17
GENIE-D+AIT 0.50 - -
GENIE [ours] 58.73 54.83 45.84
*,†,‡ The figures are taken from [7]∗, [19]†, and [36]‡.

in Table 4, where the pre-trained models we use are the
same as they utilized. As shown in the table, GENIE has sig-
nificant differences from existing methods. Notably, when
the bit width is W2A4, GENIE outperforms other methods,
which empirically shows that algorithms for PTQ are more
suitable for ZSQ than schemes for QAT. In Table 6, we
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Table 5. Performance comparison using real samples (1K) (top-1 Accuracy (%))

Methods
#Bits
(W/A)

ResNet-18 ResNet-50 MobileNetV2 RegNetX-600M RegNetX-3.2G MnasNet-2.0

Full Prec. 32/32 71.08 77.00 72.49 73.71 78.36 76.68
AdaRound+QDROP†

4/4
69.10 75.03 67.89 70.62 76.33 72.39

GENIE-M+No Drop [ours] 69.13 74.93 68.22 70.87 76.50 72.68
GENIE-M+QDROP [ours] 69.35 75.21 68.65 71.13 76.75 73.37
AdaRound+No Drop†

2/4

64.16 69.60 51.61 61.52 70.29 60.00
AdaRound+QDROP† 64.66 70.08 52.92 63.10 70.95 62.36
GENIE-M+No Drop [ours] 65.27 70.39 55.55 63.66 71.79 62.76
GENIE-M+QDROP [ours] 65.77 70.51 56.38 64.55 72.35 64.10
AdaRound+QDROP†

3/3
65.56 71.07 54.27 64.53 71.43 63.47

GENIE-M+No Drop [ours] 65.50 71.08 55.28 64.37 72.05 62.17
GENIE-M+QDROP [ours] 66.16 71.61 57.54 65.68 72.72 64.80
AdaRound+No Drop†

2/2

46.64 47.90 4.55 25.52 39.76 9.51
AdaRound+QDROP† 51.14 54.74 8.46 38.90 52.36 22.70
GENIE-M+No Drop [ours] 50.52 51.80 12.63 34.03 40.97 19.60
GENIE-M+QDROP [ours] 53.71 56.71 17.10 42.00 55.31 28.56
†

The figures are taken from [33].

Table 6. Elapsed time to complete ZSQ (Hours)
GDFQ
+AIT

Qimera
+AIT

ARC
+AIT

GENIE

ResNet-18 10.11 (1.71) 10.19 (2.23) 19.04 (10.56) 2.73 (2.40)
ResNet-50 21.03 (2.71) 19.08 (5.10) 25.01 (10.96) 6.22 (5.07)

MobileNetV2 17.21 (2.15) 19.50 (3.61) 25.75 (10.26) 4.10 (3.33)
* The number in brackets denotes the elapsed time to train the generator.

also measure the elapsed time to complete ZSQ on Nvidia
V100. Because GBA such as GDFQ, Qimera, and AIT uti-
lize QAT scheme for quantization, they devote quantization
more time rather than training the generator. In contrast,
GENIE focuses more on training the generator with the la-
tent vectors while reducing the time to quantize models by
using PTQ. In summary, the PTQ approach with distilled
data is very efficient for both time and accuracy in ZSQ.

4.3. Comparison using Real Data

We conduct experiments with randomly sampled
datasets from ImageNet (ILSVRC12) [26] on various CNN
models to verify our quantization algorithm, GENIE-M. Ta-
ble 5 shows the results of the comparisons; all methods
quantized the first and the last layer into 8 bits like that
in QDROP [33], a state-of-the-art method used for PTQ.
QDROP is a scheme for generalizing quantized models by
randomly dropping the quantization operation for activa-
tions, such as Dropout [28] or DropConnect [31]. QDROP
thus can be compatible with other quantization schemes
such as LSQ. As shown in the table, GENIE-M outperforms
the existing methods while verifying the effect of joint opti-
mization. We use the average values in the table after eval-
uating the accuracy of 20 runs with randomly sampled im-
ages.

128 256 512 1024
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40

45
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55

60

65
to
p-
1 
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)
Resnet-18 (W2A4)

GENIE
ZeroQ
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Figure 6. The influence of the number of samples on ResNet-18

5. Conclusion

We have proposed a framework called GENIE for ZSQ.
By distilling the latent vectors through the generator,
GENIE-D converges quickly to a low loss while learn-
ing common knowledge of the input domain from the
pre-trained model. By replacing the n-stride convolutions
(n>1) with swing convolutions, GENIE minimizes the
information loss, resulting in enhanced performance of the
quantized models. We have also suggested a PTQ scheme
that jointly optimizes quantization parameters regardless of
the data properties. In summary, GENIE has achieved a new
state-of-the-art performance on both ZSQ and FSQ.
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