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Abstract

Structured pruning and quantization are promising ap-
proaches for reducing the inference time and memory foot-
print of neural networks. However, most existing methods
require the original training dataset to fine-tune the model.
This not only brings heavy resource consumption but also
is not possible for applications with sensitive or proprietary
data due to privacy and security concerns. Therefore, a few
data-free methods are proposed to address this problem, but
they perform data-free pruning and quantization separately,
which does not explore the complementarity of pruning and
quantization. In this paper, we propose a novel framework
named Unified Data-Free Compression(UDFC), which per-
forms pruning and quantization simultaneously without any
data and fine-tuning process. Specifically, UDFC starts
with the assumption that the partial information of a dam-
aged(e.g., pruned or quantized) channel can be preserved
by a linear combination of other channels, and then de-
rives the reconstruction form from the assumption to restore
the information loss due to compression. Finally, we for-
mulate the reconstruction error between the original net-
work and its compressed network, and theoretically deduce
the closed-form solution. We evaluate the UDFC on the
large-scale image classification task and obtain significant
improvements over various network architectures and com-
pression methods. For example, we achieve a 20.54% accu-
racy improvement on ImageNet dataset compared to SOTA
method with 30% pruning ratio and 6-bit quantization on
ResNet-34. Code will be available at here.

1. Introduction

Model compression is the most common way to reduce
the memory footprint and computational costs of the model,
and it mainly includes two methods: pruning[22, 28, 4] and
quantization[8, 17, 43, 5, 3]. Among the pruning domain,
structured pruning[41, 36] is more actively studied than
unstructured pruning[20, 34] since it eliminates the whole

*“Equal contribution
Corresponding author.

junc, 22132133, 22260066]@zju.edu.cn, yongliu@iipc.zju.edu.cn

channel or even the layer of the model while not requiring
any special hardware or libraries for acceleration. Under
such conditions, we also focus our attention on structured
pruning in this paper. Quantization methods attempt to re-
duce the precision of the parameters and/or activations from
32-bit floating point to low-precision representations. Thus
the storage requirement for the model can be diminished
substantially, as well as the power consumption.

Although the existing compression methods achieve a
satisfactory compression ratio with a reasonable final per-
formance, most of them require the original training data
for a tedious fine-tuning process. The fine-tuning process
is not only data-dependent but also computationally expen-
sive, while users may not have access to sufficient or com-
plete data in many real-world applications, such as medi-
cal data and user data. Therefore, data-free compression
methods are proposed, which don’t require any real data
and fine-tuning process. For instance, Data-free parameter
pruning[38] first introduces the data-independent technique
to remove the redundant neurons, and Neuron Merging][ | 8]
extends the data-free method from fully connected lay-
ers to convolutional layers. Meanwhile, there exist some
methods using the synthetic samples to perform the fine-
tuning process, such as Dream[44]. In the field of quan-
tization, recent works propose post-training quantization
methods[32, 2, 45, 24, 6, 46] that use the synthetic data to
replace the real data for quantization and achieve the SOTA
results. For instance, ZeroQ [2] uses the distilled data that
matches the statistics of batch normalization layers to per-
form post-training quantization. DSG[45] proposes a novel
Diverse Sample Generation scheme to enhance the diversity
of synthetic samples, resulting in better performance.

However, some problems still hinder the deployment of
data-free compression. On the one hand, the latest data-
free quantization approaches focus on improving the quality
of synthetic samples rather than releasing the quantization
from its dependence on data. In this case, generating the
synthetic samples introduces extra computational costs. On
the other hand, current approaches perform data-free prun-
ing and quantization separately, which does not explore the
complementarity of weight pruning and quantization.
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Figure 1. The general overview of UDFC, which performs the pruning and quantization simultaneously. S is the scale factor and S # S’
. See Section 3 for details of S. After the output channels of [-th layer are pruned or quantized, our goal is to maintain the feature map
ZU+D of (I + 1)-th layer. We first deduce the reconstruction form based on our assumption and then reconstruct the input channels of
(I 4 1)-th layer to restore the information loss caused by compression of [-th layer. Finally, we formulate the reconstruction error between

the feature map Z(+1) and Z(+1/ Z(HD),

In this paper, we propose a novel joint compression
framework named Unified Data-Free Compression(UDFC),
which overcomes abovementioned issues without any origi-
nal/synthetic data and fine-tuning process, as shown in Fig-
ure 1. Our contributions can be summarized as follows:

* We propose the assumption that the partial information
of a damaged(e.g., pruned or quantized) channel can
be preserved by a linear combination of other channels.
Based on this assumption, we derive that the informa-
tion loss caused by pruning and quantization of the [-th
layer can be restored by reconstructing the channels of
the (14 1)-th layer. The assumption and reconstruction
form are described in Section 3.2.

¢ Based on the reconstruction form, we formulate the re-
construction error between the original network and its
compressed network. The reconstruction error is de-
scribed in Section 3.3.

* Based on the reconstruction error, we prove that re-
construction error can be minimized and theoreti-
cally deduce the closed form solution in Section 4.

Furthermore, extensive experiments on CIFAR-10[19]
and ImageNet[35] with various popular architectures
demonstrate the effectiveness and generality of UDFC.
For example, UDFC on VGG-16 yields around 70%
FLOPS reduction and 28x memory footprint reduc-
tion, with only a 0.4% drop in accuracy compared to
the uncompressed baseline on CIFAR-10 dataset.

2. Related Work
2.1. Model Compression

Researchers have proposed various methods to ac-
celerate the model inference, mainly including network
pruning[ 12, 26] and network quantization[!1]. The early
pruning methods concentrate around unstructured prun-
ing, which removes single parameters from networks[30].
These approaches, though theoretically interesting, are
more difficult to implement within current hardware and
software settings. Therefore, much recent work has focused
on structured pruning[ | ], where network channels can be re-
moved, and the models can be practically compressed and
accelerated. Weight quantization refers to the process of



discretizing the range of weight values so that each weight
can be represented using fewer bits. [1 1] first quantizes the
network weights to reduce the model size by grouping the
weights using k-means. [16, 33] then introduce the binary
network, in which weights are quantized to 1-bit. How-
ever, these aforementioned methods require access to data
for fine-tuning to recover the performance. Fine-Tuning is
often not possible for applications with sensitive or propri-
etary data due to privacy and security concerns. Therefore,
we focus on pruning and quantization without any data and
fine-tuning process in this paper.

2.2. Data-Free Pruning

Some pruning methods attempt to eliminate the depen-
dency on the entire dataset and expensive fine-tuning pro-
cess. [29] formally establishes channel pruning as an opti-
mization problem and solves this problem without using the
entire dataset. [31] introduces a novel pruning algorithm,
which can be interpreted as preserving the total flow of
synaptic strengths through the network at initialization sub-
ject to a sparsity constraint. Meanwhile, there is a branch
of data-free pruning methods [39, 40, 44] that still fine-
tune the pruned model with limited or synthetically gener-
ated data. Although the above approaches propose effective
methods for channel or neuron selection, several epochs of
fine-tuning process and some training data are unavoidable
to enable adequate recovery of the pruned network.

In fact, there are only two methods to prune the model
without any data and fine-tuning process. Data-free param-
eter pruning[38] shows how similar neurons are redundant
and proposes a systematic way to remove them. Then Neu-
ron Merging[!8] extends the data-free method from fully
connected layers to convolutional layers based on the as-
sumption that a pruned kernel can be replaced by another
similar kernel.

2.3. Data-Free Quantization

Data Free Quantization [32] suffers a non-negligible per-
formance drop when quantized to 6-bit or lower bit-width.
Therefore, more recent studies employ generator architec-
tures similar to GAN [9] to generate synthetic samples
that replace the original data. Such as, ZeroQ [2] gen-
erates samples that match the real-data statistics stored in
the full-precision batch normalization layer to perform the
post-training quantization resulting in better performance.
IntraQ[46] propose a local object reinforcement that lo-
cates the target objects at different scales and positions of
synthetic images, aiming to enhance the intra-class hetero-
geneity in synthetic images. DSG[45] slackens the batch
normalization matching constraint and assigns different at-
tention to specific layers for different samples to ensure
diverse sample generation. However, using the generated
samples to improve the accuracy of quantized models is

time-consuming and complex. In this paper, we do not use
any data to quantize the network.

3. Formualtion of Reconstruction Error

In this section, we first illustrate how to reconstruct the
channels based on our assumption after pruning and quan-
tization, and then mathematically formulate the reconstruc-
tion error.

3.1. Background Knowledge

CNN architecture. Assuming that a CNN model with L
layers, we use NV;_; and /V; to represent the number of in-
put channels and the output channels for the [-th convolu-
tion layer. The [-th convolution layer transforms the input
feature map X (=1 e RNi-1xHi1xWi—1 jnto the output
feature map Z() € RN XHixWi  The convolution weights
of the I-th layer are denoted as W () € RN xNimixKxK,
Note that K is the kernel size of each channel, and H x W
is the corresponding feature map size. Therefore,

70 — x (=1 ® W(l), (1)

where ® denotes the convolution operator. For CNN archi-
tectures, the convolution operation is widely followed by a
batch normalization(BN) procedure and an activation func-
tion, thus the activation feature map X ‘t1) can be formu-
lated as:

1(ZY — )
ag

X =o(B(21)) = 6( +6), @
in which B(-) is the BN procedure and O(-) is the activation
function. v, i, o and [3 are the variables of BN.

Pruning criterion. In channel pruning, most methods fol-
low a selecting strategy, i.e., selecting some original chan-
nels via the l5-norm[22] of weight and scaling factors[27]
in BN layer. In general, pruning criterion tends to be closely
related to model performance. In this paper, we do not focus
on proposing a complex criterion but on restoring the per-
formance of networks that are pruned in a simple criterion
such as [1-norm and /5-norm.

Uniform quantization. Quantization converts the
floating-point parameters W in the pretrained full-precision
model to low-precision fixed-point values W, thus reducing
the model complexity. Uniform quantization [47] is the
simplest and most hardware-friendly method, which is
defined as:

w

W= 1)(2maz|W\ +§)]

round|(2~ — -1, 3
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where k is the quantization bit-width. In this case, we use
uniform quantization to preform the quantization process in
this paper.

3.2. Layer-wise Reconstruction

Assumption. In model compression, the performance of
the compressed network is usually worse than original net-
work. To improve the performance of compressed network
without any data and fine-tuning process, an ideal idea is
to preserve the information of these damaged channels(e.g.,
pruned channel or quantized channel). We assume that the
partial information of the damaged channels can be pre-
served by a linear combination of other channels. For clar-
ity, we describe the assumptions about pruning and quanti-
zation separately. Suppose that convolution weight W) is
pruned to its damaged versions W) € RNXNi—1xKxK
where NN; is the number of unpruned channels. The As-
sumption of pruning can be formulated as follows:

N
w3 s xw, Ve [N, Nl ie[1L,N] 4
i=1

where § is a scale factor that measures the degree of asso-
ciation of the i-th channel with the j-th channel under the
pruning. We prove that there always exists s; minimizing
the MSE error (||Wj(l) - Zfﬁl §; % Wi(l) 12) of Eq.4 in Sec-
tion 4.

Suppose that the m-th channel of [-th layer is quantized
to its damaged versions W,(nl )
tion can be formulated as:

, the assumption of quantiza-

Wi = 8 x W), Vm € [1,N)] )

where § is a scale factor that measures the degree of associ-
ation of the m-th channel with its quantized version under
the quantization. We prove that there always exists $; min-
imizing the MSE error (| W) — 3., x Wi |3) of Eq.5 in
Section 4.

Reconstruction after pruning. Our goal is to maintain
the output feature map of the (I + 1)-th layer while pruning
the channels of the [-th layer. For brevity, we prune only
one channel in the [-th layer to illustrate how the channels
of (I 4+ 1)-th layer are reconstructed, which can easily be
generalized to multiple channels. Without loss of generality,
the j-th channel of the [-th layer is to be pruned.

As shown in Figure 1, after the j-th output channel of

the [-th layer is pruned, the output feature map 2 J(-l) is sub-
sequently deleted. Based on Eq.1 and Eq.4, we can deduce

that the pruned output feature map Z ](l) can be replaced by
a linear combination of other undamaged feature maps:

N,
ZJ(»Z) — x0-1 g Wj(l) ~ X0 g Z 3 % Wz‘(l)
i=1,i4]

(6)

N,
= Z §1 X Zi(l),

i=1,i#j

When only considering the BN layer, we have X() =
B(Z®"). Based on Eq.6, the k-th channel of output feature
map Z+1) can be represented as:

N
SR
=1

N;
ST By e WY + s x W),

i=1,i#j

Z}(€1+1)

Q

)
(More details in Appendix A.)
in which (W,Elj_ Yt x W,ﬁlj_l)) is a reconstructed filter. In
this way, we can preserve the information of pruned chan-
nels in the [-th layer by adding its corresponding pruned
channel to each of the other channels in the next layer.
According to the Eq.7, we reconstruct the channels of the
(I + 1)-th layer to restore the information loss caused by
pruning the [-th layer in the following form:

N
20 = 3 xPe w1 ax W), @)
i=1,i#j

where Z ,EH D

pruning.

represents the reconstructed version after

Reconstruction after quantization. The most significant
difference between pruning and quantization is whether the
channel exists or not. Quantized channels use the low bit-
width to save the weights instead of discarding it away. In
this case, we compensate for the information loss by adding
a scale factor to its corresponding channels on the next

layer. For simplicity, let Wg) denotes the weight of m-th
channel of [-th layer after quantization. Based on Eq.1 and
Eq.5, we can deduce the reconstruction version of 7 ,ilﬂ)

after quantization, which can be expressed as:

N,
ZIEZH) _ Z Xz'(l) ® ngf:rl) _,_X?(?i) ® (8 % ngf:;l)),
i=1,i#m
)

) after quan-

where X 7(,? denotes the damaged version of X ,Si
tification.



3.3. Reconstruction Error

However, the above analyses are all under the assump-
tion, and the reconstruction error is inevitable in fact. Af-
ter restoring information loss caused by the compression in
the [-th layer, we measure the reconstruction error using

the feature map Z ,(CHU of (I + 1)-th layer before and after
compression.

Pruning error. After pruning, the difference e, between
Z,glﬂ) and Z,glﬂ) can be expressed as:

ep = ZyFD) — 7D

N

, B O
— (P e w3 s 2Sw O
J i=1,i£j iYj
N,
it 4 Vikbi I+1
(B; — %) —( > %(Bi— e W,E;L )
J i=1,i#] v o)

(More details in Appendix B.)

Influence of Activation Function. The Relu activation
function is widely used in CNN architectures. Since we
cannot obtain the feature map after the activation function
in a data-free way, we qualitatively analyze the effects of
the Relu function on our pruning error e,,. In this case, the
difference e, can be re-expressed as:

N,
ep=0B(Z") ~ Y sx0eBz")
i=1,i#j (11D

1
<5+ 4],

(More details in Appendix C.)

_ ) N
where A = B(Zj ) — Zi:ll,i;ﬁj

the W,gljl) as it doesn’t change with pruning. The term

§; X B(Zi(l)) and we omit

1(A + |AJ) determine the upper boundary of e, and the

form of (B(Z](-l)) - Zf\gu# 8; X B(Zi(l)) ® W,gfjl) is the
same as Eq.10, so the difference e, of pruning we obtained
is equal whether the Relu activation function is considered
or not.

Note that X “~1) and W,El;rl) are not changed with prun-
ing. Therefore, we define ‘the reconstruction error £y, of

pruning as:

N;
l ~ YiOj l
=W - > w3
i=lizj Y

Ny (12)
Vi kg A Yi ki
+a1‘|(ﬂj_%)_ > 58— . )3,
J i=1,i5j ¢

in which, we introduce a hyperparameter «; to adjust the
proportion of different parts.

Quantization error. After quantization, the difference ¢,
of Z,(JH) can be expressed as:

eq = Zk(z+1) _ Z}(Cl+1)

(1) F740)
_ {('Ym m gm'}/mwm )®X(l71) _|_§m'7m,um

Om Om Om

- ,Y";/’l/m + Bm - gmﬁm} @ nglJrl)

m
m

(13)
(More details in Appendix D.)

Same as pruning, X (=1) and Wy are not changed
with quantization, while the activation function does not in-
fluence the form of the reconstruction error. Therefore, we
define the reconstruction error £, of quantization as:

(1+1)

(1) 5-(1)
m N Wm
O = A2 5, Tmim g2,
Tm Tm (14)
YmMm ~ YmHm
0| (B = T2 = (B — 2|

in which, we introduce a hyperparameter o to adjust the
proportion of different parts.

Reconstruction error Previously, we analyzed the errors
caused by pruning and quantization separately. When prun-
ing and quantization are performed simultaneously, the re-
construction error /... can be expressed as:

lre =Ly + £, (15)

4. Solutions for Reconstruction Error

In this section, we prove the existence of the optimal so-
lution s by minimizing the reconstruction error. The j-th
channel is pruned and the m-th channel is quantized in [-th
layer, and we get the reconstruction error £,..:

N,
l A Yi0 5 l
lre = WP =5 > w2
i=tizg 70V
Vit al Yibti
+ a1 |(B5 — %) —( Z (8 — %))II%
J i=1,i#j v (16)
() (1)
YmWm ~ ’Yme,
+ || —8m I3
Om Om

TYmMm oz _’Ym:um 2
o ) = 3m(Bm o 2,

+042||(Bm -



For simplicity, we have:

G, =2zw! v=w

K3 U‘L’YJ 7 7 )
Q:[Gl’... Gj 1,Gj+1,"' ’GNZ]’
K ) 'Ymu'z

v (17)

P= [Kh... 7Kj—1aKj+17"' ’KNZL
R, = 2%
S = [§17"' 7§j—1a'§j+17"' 7§NL];

where V is the vectorized W(l) K is the vectorized (; —

L and R; is the vectorized % . Then the loss can be

51mp11ﬁed as follows:

lre = (V—=3Q)T(V-38Q) + a1 (K; — $P)"(K; — §P)

+ (R — 5mR)T(V = 5,,R,)
+ o (K — 5 Kn) T (Kyy — 5, Ko)
(18)
The first and second derivative of the § is:
O0lye . .
o = —2Q"V +28Q7Q + a; (—2PTK; + 25PP)
2
6;;“6 =2Q"Q + 22, P"P
S

(19)

l,. is a convex function and thus there exists an unique

optimal solution s such that agge = 0, so we get the optimal
solution as follows:

§=(Q'V+ aPTK;)(Q"Q + a,PTP) ! (20)

Similarly, we get the optimal solution of §,,:

= (R Ry, + KL K, (R, Ry, + oKL Ky ) 7
2
It is worth noting that the MSE error of Eq.4 and Eq.5 are
the main components of the reconstruction error. Therefore,
the optimal solution s not only minimizes the reconstruction
error but also satisfies the assumptions.
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Figure 2. Comparison of the accuracy of ResNet-56 with different
pruning ratios and bit widths on CIFAR-10 dataset.
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Figure 3. The accuracy comparison of different o values on
ResNet-56. As the value « increases, the accuracy curve first rise
and then fall.

Implementation of the scale factors. After getting the
optimal scales, we replace the original convolutional layer
with the reconsturction form, which are shown in Eq.8 and
Eq.9.

5. Experiments

In this section, we conduct experiments with several dif-
ferent widely-used neural networks for image classification
task to evaluate the effectiveness of our data-free compres-
sion method that do not require any data and fine-tuning
process. In all experiments, we quantize the weights of
all model layers using uniform quantization and prune the

Table 1. Quantization results on ImageNet dataset. ’"No-D’ denotes
whether to use synthetic samples or calibration sets.

Model \ Method No-D (W/A)Bit Size(MB) Top-1(%)
Baseline - 32/32 44.59 71.47
ResNet-18 DFQ[32] v 6/6 8.36 66.30
DSG[45] X 6/6 8.36 70.46
SQuant[ 10] X 6/6 8.36 70.74
Ours v 6/6 8.36 72.76
DDAQ[24] X 4/4 5.58 58.44
DSG[45] X 4/4 5.58 34.53
Ours v 4/4 5.58 63.49
Baseline - 32/32 97.49 77.72
ZeroQ[2] X 6/6 18.46 75.56
DSG[45] X 6/6 18.46 76.07
SQuant[ 10] X 6/6 18.46 77.05
ResNet-50 Ours v 6/6 18.46 77.57
OMSE[7] v 4/32 12.28 67.36
GDFQ[42] X 4/4 12.28 55.65
SQuant[10] X 4/4 12.28 70.80
Ours v 4/4 12.28 72.09
Baseline - 32/32 13.37 73.03
DFQ[32] v 8/8 3.34 71.20
MobileNetV2 | DDAQ[24] X 6/6 2.50 70.30
ZeroQ[2] X 6/6 2.50 69.62
Ours v 6/6 2.50 71.87
Baseline - 32/32 31.92 74.36
DenseNet OMSE[7] v 4/32 6.00 64.40
Ours v 4/32 6.00 70.15




Table 2. Results of VGG-16 and ResNet-56 on CIFAR-10 dataset. "P-R’ represents the pruning ratio. ’Ave-Im’ denotes the accuracy

improvement compared to Prune. "W-bit’ denotes the bit-width of the weights.

P-R | Method Criterion Ave-Im(1) | W-bit | Size(MB)

. lo-norm  [;-norm
S Prune | 89.14  88.70 0 32 216
< | 60% | NM | 9316  93.16 4.24 32 216
S Ours | 93.40 93.40 4.48 6 4.04
< Prune | 35.83 35.55 0 32 16.4
© | 70% | NM | 6577 6535 29.87 32 16.4
@) Ours | 9332 9320 57.31 6 3.08
S Prune | 18.15  17.56 0 3 112
80% | NM | 4026  39.49 22.02 32 11.2
Ours | 9179  91.26 73.67 6 2.12
= Prune | 7695  74.46 0 32 2.4
% |30% | NMm 8522  84.41 9.11 32 2.4
& Ours | 9033  90.28 14.6 4 0.30
S Prune | 4644  49.68 0 32 2.0
S |40% | NM | 7656  77.89 24.16 32 2.0
b4 Ours | 8699  87.29 39.08 4 0.24
2 Prune | 2434 2558 0 32 215
5150% | NM | 5618 5645 31.36 32 2.15
Ours | 81.90  81.60 56.79 4 0.20

channels with the simple pruning criterion /;-norm and lo-
norm. In addition, we visualize the weights offset and loss
landscape [23] to further illustrate the validity of UDFC,
and the results are shown in Appendix E.

5.1. Ablation Study

Our proposed method consists of two compression tech-
niques, quantization and pruning. Meanwhile, there exist
hyperparameters «; and « in the reconstruction error that
impacts the compressed network performance. We perform
the following ablation studies to evaluate the effects of dif-
ferent parts of our framework.

Study on pruning ratio and bit-width. UDFC performs
pruning and quantization, the appropriate variables(i.e.,
pruning ratio and bit-width) become critical to compression
ratio and performance of compressed model. Therefore,
we compress ResNet-56 with different pruning ratios and
bit-widths on CIFAR-10[21] dataset to explore the optimal
trade-off between pruning and quantization.

As shown in Figure 2, the model performance decreases
as the pruning ratio gradually increases. Similarly, the
model performance also decreases as the weight bit width
decreases, but at 4-bit the accuracy does not drop but rises.
This peculiar phenomenon indicates that our method can
maximize the restoration of information when quantizing
ResNet-56 with 4-bit. We do not present quantified results
for lower bits(i.e., 3-bit and 2-bit) because their accuracy
drops sharply. At lower bits quantization, the loss of infor-

mation is so great that our method cannot effectively restore
the information.

Study on hyperparameters «; and a,. To explore the
effect of hyperparameters o and as on compressed net-
work, we prune and quantize ResNet-56 separately on
CIFAR-10 dataset. During the pruning, we use different
a1 values to prune 50% channels of ResNet-56. During the
quantization, we use different as values for 2-bit quantiza-
tion of ResNet-56.

As shown in Figure 3, when «; increases from 0 to 0.01,
the final performance of the pruned model increase steadily.
However, when «; is set to 0.04, the accuracy suffers a huge
drop. The curve of a is similar to that of o, with the max-
imum performance at 0.008. This phenomenon confirms
that the hyperparameters we introduced have improved the
performance of the compressed model to some extent.

5.2. Quantization

We quantize ResNet-18[13], ResNet-50[13],
MobileNetV2[14] and DenseNet[15] on ImageNet[35]
dataset using the uniform quantization. In order to demon-
strate the effectiveness of our method on quantization,
we compare our method with DFQ[32], OMSE[7] and
SQuant[10], which do not require any data and fine-tuning
process. In addition, we also compare our method with
some Post Training Quantization(PTQ) methods including
ZeroQ[2], DDAQI[24], DSG[45] and ZAQ[25], which use
the synthetic samples or calibration sets to improve the



Table 3. Results of ResNet-101 and ResNet-34 on ImageNet dataset. 'P-R’ represents the pruning ration. *Ave-Im’ denotes the accuracy
improvement compared to Prune. *W-bit’ denotes the bit-width of weights.

—~ | P-R | Method Criterion Ave-Im (1) | W-bit | Size(MB) | FLOPS(G)
S lo-norm  [{-norm
- Prune | 69.10  68.52 0 32 154.4 6.84
S 10% | NM | 7246 7195 3.40 32 154.4 6.84
g Ours | 74.69 74.61 5.84 6 28.8 6.84
< Prune | 45.60  44.45 0 32 1324 6.08
S 20% | NM | 6241 6057 16.46 32 132.4 6.08
0 Ours | 7136  71.00 26.16 6 24.8 6.08
Z Prune | 10.10 _ 9.560 0 32 1124 53
& | 30% | NM | 3844  37.68 28.23 32 112.4 53
Ours | 6576  65.22 55.66 6 21.2 5.3
< Prune | 6351  61.95 0 32 78.8 3.24
S 10% | NM | 67.10 6650 435 32 78.8 3.24
% Ours | 69.86  69.39 6.89 6 14.8 3.24
S Prune | 42.80  40.62 0 32 70.0 288
<[20% | NM | 5570 540 13.24 32 70.0 2.88
3 Ours | 6544  64.68 23.35 6 132 2.88
- Prune | 1680  12.60 0 32 61.6 252
% 130% | NM | 3940 3634 23.17 32 61.6 2.52
& Ours | 59.25  57.57 43.71 6 11.6 2.52

performance of quantized model.

Table 1 shows that our method has significant advantages
compared to DFQ, OMSE and other PTQ methods for var-
ious models. For instance, when quantizing the weights
of ResNet-18 with 6-bit, our method achieves 72.76% ac-
curacy that is 6.46% higher than DFQ and 1.9% higher
than DSG. Our method remains robust to low-bit quanti-
zation of the lightweight model MobileNetV2(71.87%) and
DenseNet(70.15%). In addition, our method has a tremen-
dous advantage in time consumption. ZeroQ takes 29 sec-
onds to quantize ResNet50 on an 8 Tesla V100 GPUs, while
UDEFC only takes 2 seconds on a RTX 1080Ti GPU.

5.3. Unified Compression.

In this section, we compress the ResNet-56 and VGG-
16[37] on CIFAR-10[19] dataset, ResNet-34 and ResNet-
101 on ImageNet dataset to demonstrate the effective-
ness of our method. Since no data-free method can per-
form both pruning and quantization simultaneously, we
mainly compare our method with data-free pruning meth-
ods. In the field of pruning, our direct competitor is Neu-
ron Merging(NM)[ | 8], which is a one-to-one compensation
method. Same as Neuron Merging, we do not perform any
compensation after pruning as a way to obtain the baseline
performance, called Prune.

Experiments on CIFAR-10. For the CIFAR-10 dataset,
we test UDFC on ResNet-56 and VGG-16 with different
pruning rates: 30%-80%. In addition, we quantize the un-

pruned channels to 4-bit and 6-bit respectively, further re-
ducing the memory footprint of parameters.

As shown in Table 2, UDFC achieves state-of-the-art
performance. For example, with about 28x parameters
drop(0.53M) and 80% FLOPS reduction, VGG-16 still has
excellent classification accuracy (91.26%), which is 51%
average accuracy higher than NM at a 80% pruning ratio.

Experiments on ImageNet. For the ImageNet dataset,
we test UDFC on ResNet-34 and ResNet-101 with prun-
ing rates: 10%, 20% and 30%. In addition, we quantize the
unpruned channels to 6-bit, further reducing the memory
footprint of parameters.

Table 3 shows that UDFC outperforms the previous
method. By varying the ratio of pruning from 10% to
30%, the Ave-Im increases accordingly compared to NM
and Prune. That means our method is more robust than one-
to-one compensation. For ResNet-101, we get a 55.66%
improvement in accuracy compared to Prune and a 27.23%
improvement compared to NM at a pruning ratio of 30%.
Meanwhile, the parameters are substantially reduced due to
the quantization, so that not only do we achieve higher per-
formance but also a lower memory footprint of parameters
both in ResNet-34 and ResNet-101.

6. Conclusion

In this paper, we propose a unified data-free compression
framework that performs pruning and quantization simulta-
neously without any data and fine-tuning process. It starts



with the assumption that the partial information of a dam-
aged channel can be preserved by a linear combination of
other channels and then gets a fresh approach from the as-
sumption to restore the information loss caused by compres-
sion. Extensive experiments on benchmark datasets validate
the effectiveness of our proposed method.
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