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Abstract—Network quantization can effectively reduce compu-
tation and memory costs without modifying network structures,
facilitating the deployment of deep neural networks (DNNs) on
edge devices. However, most of the existing methods usually
need time-consuming training or fine-tuning and access to the
original training dataset that may be unavailable due to privacy
or security concerns. In this paper, we introduce a novel method
named EvoQ that employs evolutionary search to achieve mixed
precision quantization with limited data, which can optimize the
resource allocation without adding computation consumption.
Considering the shortage of samples and expensive search costs,
we use 50 samples to measure the output difference between the
quantization model and the pre-trained model for the evaluation
of quantization policy, which can save the time obviously while
maintaining high accuracy. To improve the search efficiency, we
analyze the quantization sensitivity of each layer and utilize the
results to optimize the mutation operation. At last, we calibrate
the outputs and intermediate features of the quantization model
using the selected 50 samples to improve the performance
further. We implement extensive experiments on a diverse set
of models, including ResNet18/50/101, SqueezeNet, ShuffleNetV2,
and MobileNetV2 on ImageNet, as well as SSD-VGG and SSD-
ResNet50 on PASCAL VOC. Our method can improve the per-
formance apparently and outperforms the existing post-training
quantization methods, demonstrating the effectiveness of EvoQ.

Index Terms—evolutionary algorithm, mixed precision quan-
tization, network compression, deep learning

I. INTRODUCTION

Over the past few years, deep neural networks (DNNs)
have achieved state-of-the-art performance on various tasks
such as speech recognition, computer vision, and natural
language processing. However, the significant increase of the
computational complexity hinders the deployment of DNNs on
embedded devices [1] [2]. Many methods have been proposed
to address this problem, such as network quantization [3]
[4], weight pruning [5], low-rank decomposition [6], com-
pact structure design [8] [9] [10], knowledge distillation [7],
and neural architecture search [11] [12] [13]. Among these
methods, network quantization that represents the weights
and activations with low precision format, replacing most
of the floating-point operations with fixed-point operations,
can reduce computation, memory, and power consumption
remarkably.
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The majority of literature on network quantization involves
training either from scratch or as a fine-tuning step. The
relevant methods can achieve extremely low precision quan-
tization, even representing weights with binary values [14]
[15] [16]. However, these methods usually need access to the
full training dataset, which may be unavailable for different
reasons, such as privacy and security concerns. Besides, the
training or fine-tuning process usually requires long periods
of optimization as well as expensive computation costs. Con-
sequently, it is desirable to apply quantization without the
full training dataset. These methods are commonly referred
to as post-training quantization, which only needs a small
set of samples to accomplish the whole quantization process.
Nevertheless, most existing works only manage to quantize
weights to 8-bit integer (INTS8) [17], and the lower precision
post-training quantization incurs considerable accuracy drop.
More efforts are needed to improve the performance of post-
training quantization below 8 bits.

In DNN models, the importance and structure of differ-
ent layers differ a lot, resulting in different properties to
quantization. Therefore, the methods that assign uniform bit-
width to different layers are not optimal. Comparatively, mixed
precision quantization can optimize bit-width allocation and
improve the representative ability of DNNs without additional
computation costs. The layers having much relativity with
the performance are assigned more bits. Reversely, the layers
having little relativity with the performance are assigned fewer
bits. The native mixed precision quantization method can
be computationally expensive, as the search space can be
exponential. [18] [19] [20] [21] assumed the quantization
error per-layer is additive and independent. In reality, these
methods are not applicable for low precision quantization, as
the additivity and independence are not satisfied when the
quantization error is significant. [22] [23] [24] used neural
architecture search (NAS) based methods to explore the quan-
tization policy. Nevertheless, these searching based methods
can be computation expensive and usually are built on the full
dataset.

In this paper, we propose a novel post-training quanti-
zation method named EvoQ to overcome the above issues.
In particular, we use an evolutionary algorithm to achieve
mixed precision quantization with limited data (50 samples).
In summary, our contributions are as follows:



o We evaluate the quantization policy by measuring the
output difference between the quantization model and the
pre-trained full precision model using 50 samples, which
can speed up the search process significantly.

o We analyze the per-layer quantization sensitivity and
utilize the analysis results to optimize the mutation oper-
ation, which can improve the search efficiency and help
escape from the local minimum.

o We use 50 samples to calibrate the outputs and intermedi-
ate features of the quantization model with the pre-trained
full precision model, which can improve the performance
apparently.

o We extensively test our method on two different tasks and
various network structures, showing that our method out-
performs the existing post-training quantization methods.

II. RELATED WORK

A. Network quantization

Network quantization has been heavily studied by the re-
search communities, and ultra-low precision quantization of
DNNs can be achieved nowadays. Courbariaux et al. [15]
proposed to represent the weights with binary values, which
can significantly reduce the storage and eliminate most of
the multiplications. Hubara et al. [16] binarized the weights
and activations simultaneously, replacing the floating-point
operations with XNOR and bit-count operations. In addition to
weights and activations, Zhou et al. [4] quantized the gradients
to low precision format, which can accelerate the training fur-
ther. The above methods usually need time-consuming training
and access to the full dataset. Recently, a lot of efforts have
been made to enhance the performance of post-training quan-
tization, which does not need time-consuming training and
only need a small set of examples. He et al. [25] used 1,000
unlabeled samples to re-estimate the statistical parameters of
the batch normalization layer for accuracy recovery. Banner
et al. [27] combined per-channel bit-allocation, bias correc-
tion, and analytical clipping for integer quantization together.
Choukroun et al. [26] adopted multi-quantization for the high
MSE layer and refined the quantization scaling factors to
achieve better approximation. Zhao et al. [28] proposed outlier
channel splitting (OCS), which duplicated channels containing
outliers, then halved the channel values. The conventional
quantization methods usually assign the same bit-width to
all layers, while mixed precision quantization can optimize
the resource allocation without adding consumption. Darryl
et al. [18] used the signal-to-quantization-noise ratio (SQNR)
to measure the effect of quantization error and determined
the bit-width for each layer. Zhou er al. [19] theoretical
analyzed the correlation between the quantization error and the
model accuracy, and then optimized the bit-width allocation
for different layers. These methods needed domain expertise
for bit-width allocation and assumed the quantization error
per-layer is additive and independent.

B. Neural architecture search

Neural architecture search (NAS) has become an extremely
hot research topic in the past two years. Relevant studies
try to find optimal network structures and hyper-parameters
via reinforcement learning, genetic algorithms, or gradient-
based approaches. Zoph et al. [12] first utilized reinforcement
learning to generate neural network architectures with high
accuracy and efficiency. Real ef al. [13] adopted evolutionary
algorithms as the controller, in which genetic operations were
used to modify the architecture. Liu et al. [11] proposed
DARTS, a differentiable architecture search framework, to
search in a continuous search space. The automatic methods
can generate network structures that outperform the classical
hand-crafted models. In addition to architecture search, NAS
also can be combined with network quantization and pruning.
He et al. [29] leveraged reinforcement learning to prune the
convolution channels automatically. Wang ef al. [23] provided
a reinforcement learning-based method to search the quantiza-
tion policy with hardware feedback. Wu et al. [24] proposed
an effective differentiable neural architecture search (DNAS)
framework to determine the bit-width allocation. Chen et al.
[21] introduced an evolutionary search algorithm to achieve
architecture search with quantization. The searching based
methods can achieve mixed precision quantization without
domain experts, but require a large number of computational
resources and the full dataset.

III. PROPOSED METHOD

In this work, we use an evolutionary algorithm to explore
mixed precision quantization policy in a heuristic manner.
Given a pre-trained full precision model M, our target is
to find an optimized quantization policy II(by...b;), where
b; denotes the quantization bit-width of the i-th layer. The
problem can be defined as:

l
st Zi:1 Ci * b,
N
> i=1 Ci

where F'(-) denotes the quantization policy evaluation func-
tion, C; is the parameter size of the i-th layer, | represents
the layer numbers, and b;q,4e¢ TEpresents the target average
bit-width. b,,,;,, and b,,,4, denote the min and max bit-width,
repectively. The total search space is exponential and equals
to (bm,am - b7nin)l~

max F(II(by...by), M)

< ba’f' et 1
T(by...by) < biarger (1)

A. Quantization policy evaluation

Note that the direct way for quantization policy evaluation
is to assess the quantization model on the test dataset, which
is accurate, but the process is time-consuming for large test
dataset. In addition, the test dataset may be unavailable due
to privacy concerns. Hence, we need a more efficient way to
evaluate the quantization policy. Some of the mixed precision
quantization methods assume the quantization error of each
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Fig. 1. The illustration of quantization policy evaluation using limited data.

layer is additive and independent [21] [27], then the fitness of
the quantization policy can be measured as:

l
F(I(by...by), M) =1/ > E(b)) 2)

where E(b;) denotes the quantization error caused by the
j-th layer. Based on the quantization error per-layer, the
evaluation can be finished within [—1 addition operations.
However, the additivity is unsatisfactory for low precision
quantization, as the coupling effect of different layers can
not be ignored anymore. Besides, the highly non-linearity
of DNNs makes the quantization error difficult to analyze.
Considering the above limitations, we propose to evaluate the
quantization policy through measuring the output difference
between the quantization model and the pre-trained model
using N samples:

N
E(II(by...by)) = % > @uprn (@) = M(@)* B

where Qrp,...5,) denotes the model quantized with policy
II(b;...b), x; denotes the i-th input sample. As the model
outputs contain more information than hard labels, the quan-
tization policy can be evaluated accurately with few samples.
The process can be illustrated in Fig. 1.

B. Search strategy

To automatically search for high-performing quantization
policy, we employ a classical evolutionary algorithm, tourna-
ment selection. The procedure is summarized in Algorithm
1. It keeps a population of P quantization policy throughout
the experiment. The population is initialized with a uniform
quantization policy and its random perturbations. After this,
evolution improves the initial population in iterations. Each
individual (quantization policy) is evaluated according to (3)
using /V unlabeled samples. At each evolutionary step, .S quan-
tization policies are randomly sampled from the population.
The quantization policy with the highest fitness in the sample
is selected as the parent. A new quantization policy, called the
child, is constructed from the parent by mutation operation.

The quantization policy with the worst fitness in the sample is
excluded from the population, and the mutated child is pushed
into the population. This scheme uses repeated competitions
of random individuals to search for an optimized quantization
policy. The parameter S controls the aggressiveness of the
search: S = 1 means random search, and 2 < .S < P leads to
the evolution of varying greediness.

Algorithm 1 Evolutionary mixed precision quantization search

Input: pre-trained model M, population size P, sample size .S, max
iterations 7', target bit-width b¢arget, sampled data D, searching
range (bmin, bmaz ), mutation probability p.

: population <+ 0

: while [population| < P do
I1(b1...b;) < RANDOM_QUANT(M, biarget)

Fitness < F(II(b1...b;), M)
push II(b;...b;) into population
end while

while iteration < 7" do

sample «+
while |sample| < S do

10: sample < RANDOM_SAMPLE(population)

11:  end while

12:  Ilparent<— highest-fitness quantization policy in sample

13: ILyorst<— lowest-fitness quantization policy in sample

14’: Hchild<_ MUTATE(Hparent7p7 bta'rget)

15:  Fitness < F(II(by...by), M)

16:  push Il;pi1q into population

17:  remove Il orst from population

18: end while

Output: Quantization policy with the highest fitness ITycs:.

Rl e

New quantization policies are generated by applying muta-
tion operation on existing quantization policies to search the
solutions in random ways. Consider the exponential search
space, the efficiency of randomly picking quantization bit-
width from (b,,in, bmaez) can be very low. To optimize the
search efficiency, we use the quantization sensitivity of each
layer to optimize the mutation direction. We first employ N
samples to evaluate the quantization error per-layer as:

N
Blby) = 5 3 (Qu, w) = M(w:))? @



where @, denotes the quantization model that the j-th
layer is quantized to b; bits. Per-layer quantization error of
MobileNetV2 can be shown in Fig. 2. As we can see, the
quantization error of different layers varies a lot, and this
is the motivation of mixed precision quantization. Based on
the bit-width allocation of the individual, we calculate the
relative gain or loss per-layer when we increase or reduce
quantization bit-width. For the layers that are more sensitive
to current bit-width, we increase their probability for higher
bit-width. For the layers that are less sensitive to current bit-
width, we increase their probability for lower bit-width. This
modification can improve the efficiency of search and helps
escape from the local minimum.
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Fig. 2. Quantization error of each layer on MobileNetV2 when weights are
quantized to 2/4/6/8 bits.

C. Feature calibration

The performance of the quantization model can be further
improved by calibrating the features using the teacher-student
framework. The pre-trained full precision model is considered
as a teacher, and the quantization model is considered as a
student. Because of the limitation of samples, simply aligning
the outputs will lead to the mismatch of intermediate features,
resulting in overfitting finally. The intermediate features that
have more dimensions and contain affluent information also
can be utilized for calibration. The loss function can be
formulated as:

N

L= (a(Q(z;) — M(2:))* + B(Oq (i) — Onr(:))?)

N <
i=1

4)
where Og and Oj; denote the intermediate features of the
quantization model and the pre-trained model, respectively,
« and [ are the weighting factor. To optimize the quantized
weights w,, FP32 version weights wy are reserved for pa-
rameter updating. The FP32 weights are updated based on
the gradients of quantized weights, and then FP32 weights
are quantized for parameter updating. To address the non-
differentiation of activation quantization, the “straight-through

estimator” is used for estimating the gradients. The details are
demonstrated in Algorithm 2.

Algorithm 2 Few samples based feature calibration

Input: pre-trained model M, quantization policy Ilpest, max epochs
FE, sampled data D, learning rate 7).

1: Q — QUANT(M7 Hbest)

2: Initialize the FP32 weight w? =w

3: fort=1,.,F do

0
q

4:  Forward propagation:

5: Compute the features and outputs of M and Q.

6: Compute the calibration loss L.

7:  Backward propagation:

8: Compute the gradients of quantized weights: zift .
9:  Parameter update: !
10: Update full precision weights: w;ﬂ =wi —n' ngé'
11: Quantize w’}“ to update quantized weights wffl.
12: end for

Qutput: The optimized quantization model Qpes:.

IV. EXPERIMENTS

In this section, we verify the effectiveness of the proposed
method on image classification and object detection. In all
experiments, batch normalization is folded into the adjacent
layer before quantization. We use asymmetric uniform quan-
tization, and perform per-channel quantization and per-layer
quantization for weights and activations, respectively. In this
work, we only explore the mixed precision quantization policy
for weights, and activations are uniformly quantized to 8-bit
representation. All experiments are conducted in Pytorch [31].

A. Experiments on image classification

In this section, we evaluate EvoQ on the large scale image
classification dataset, ImageNet2012, which contains over 1.2
million training images, 100k test images, and 50k validation
images. Each image is classified into one of the 1000 object
categories. We randomly select samples from the training
set for sensitivity analysis, quantization policy evaluation,
activation range estimation, and feature calibration. All images
are resized to 256256 and then cropped to 224 x224 without
data augmentation. Extensive experiments are implemented on
ResNet18/50/101, as well as compact network architectures
SqueezeeNet, ShuffleNetV2, and MobileNetV2. We obtain the
pre-trained full precision model from the official community
of PyTorch. In evolutionary search, population size P = 16,
sample size S = 8, max iterations 7" = 1000, mutation
probability p = 0.1, target bit-width b;qrge¢ = 4, and the
quantization bit-width ranges in (2, 8). In feature calibration,
SGD with a momentum of 0.9 is set as the optimizer, and the
learning rate is set to 0.0001.

We randomly select 50, 100, 200, and 400 samples from the
training dataset to evaluate the effect of sample numbers on
EvoQ. As is shown in Table I, increase the sample numbers
only can improve the performance on MobileNetV2 slightly.
Thus, we only use 50 samples in the following experiments,
which can save 2000x times comparing to the test dataset.
The evolution processes of ResNet18/50/101, SqueezeNet,
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Fig. 3. The search process of EvoQ on ResNet18, ResNet50, ResNet101, SqueezeNet, ShuffleNetV2 and MobileNetV2.

ShuffleNetV2, and MobileNetV2 can be shown in Fig. 3. The
quantization error decreases rapidly in the early iterations,
and the optimization process can be accomplished within
300 iterations for ResNetl8 and SqueezeNet. We visualize
the quantization policy of ShuffleNetV2 and MobileNetV2 in
Fig. 4. From the figure, we can observe that depthwise convo-
lution layers are assigned more bits than pointwise convolution
layers, and former layers usually have more bits than latter
layers. Intuitively, this is because the depthwise convolution
layers and the former layers usually have fewer parameters. We
compare EvoQ with uniform precision quantization, OMSE
[15], and ACIQ [13]. As presented in Table II and Table
III, EvoQ can improve the performance apparently comparing
to uniform precision quantization, especially for compact
network structures. EvoQ outperforms the existing methods
except ResNetl01 on ACIQ. Note that the weights on ACIQ
are quantized channel-wisely with non-uniform quantization,
which is time-consuming than asymmetric uniform quantiza-
tion. The performance of ResNet50/101 drops less than 1%
comparing to the pre-trained full precision model. Of all the
structures, the Top-1 accuracy of MobileNetV2 improves from
10.12% to 68.90%, demonstrating the effectiveness of EvoQ.

TABLE 1
THE EFFECT OF SAMPLE NUMBERS ON MOBILENETV?2 (MIXED PRECISION
4-BIT QUANTIZATION).

Samples 50 100 200 400

Top-1/Top-5  68.90/88.85  69.02/88.88  69.04/88.91  68.94/88.84
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Fig. 4. Quantization policy of ShuffleNetV2 and MobileNetV2. The blue
block represents depthwise convolution layers, and the adjacent layers (except
the first layer) represent pointwise convolution layers.

B. Experiments on object detection

To verify the effectiveness of our proposed method further,
we implement experiments on object detection, which is a
much complicated task than image classification. We employ
EvoQ on PASCAL VOC, a generic object detection dataset
composed of 21 categories. We adopt the classical object
detector SSD [30], which is trained with the combined training
set VOC 2007 and VOC 2012, and tested on the VOC



TABLE I
QUANTIZATION RESULTS OF RESNET-18, RESNET-50, AND RESNET-101 ON IMAGENET.

Weights ResNet-18 _ ResNet-50 ‘ ResNet-101 _
Top-1  Top-5 Size Top-1  Top-5 Size Top-1  Top-5 Size
UniQ 4 bits 56.18 7970 5.85MB  63.70 8554 12.81IMB  65.17 86.54 22.33MB
OMSE [15] 4 bits 6742 87.72 590MB 7260 90.85 12.92MB  73.60 91.53 22.52MB
ACIQ [13] MP 68.30 - 6.10MB  75.30 - 13.12MB  76.90 - 23.34MB
EvoQ MP 68.55 8855 585MB 75,51 92.60 12.81MB 76.76 9325 22.33MB
Original 32bits  69.76  89.08 46.8MB  76.15 92.87 102.5MB 7737 93.56  178.7MB

* “UniQ” denotes uniform precision quantization, and “MP” denotes mixed precision quantization.

TABLE III
QUANTIZATION RESULTS OF SQUEEZENET, SHUFFLENETV?2, AND MOBILENETV?2 ON IMAGENET.

Weights SqueezeNet . ShuffleNet-V2 ] MobileNet-V2 ‘
Top-1  Top-5 Size Top-1  Top-5 Size Top-1  Top-5 Size
UniQ 4 bits 40.50 6592 0.63MB  40.18 62.64 1.15MB 10.12 22.73 1.78MB
OMSE [15] 4 bits 5536 7848 0.74MB - - - - - -
EvoQ MP 55.66 7891 0.63MB 6639 8645 1.15MB 68.90 88.85 1.78MB
Original 32 bits 58.19  80.62 5.0MB 69.36  88.32 9.2MB 71.88  90.29  14.2MB

2007 test set. The backbones of SSD are based on VGG16!
and ResNet50%, and the performance is measured by mean
Average Precision (mAP). As on ImageNet, we randomly
select 50 samples from the training set for sensitivity analysis,
quantization policy evaluation, activation range estimation,
and feature calibration. The hyperparameters are set as on
ImageNet. Different from image classification, we extract the
backbone of SSD and only optimize the bit-width allocation
of the backbone. As the existing post-training quantization
methods did not perform experiments on object detection, we
only compare EvoQ with uniform precision quantization. As is
presented in Table IV, EvoQ achieves 76.75 mAP and 78.42
mAP on SSD-VGG and SSD-ResNet50, respectively, which
only causes 0.74% and 1.14% mAP degradation comparing to
the original model.

TABLE IV
QUANTIZATION RESULTS OF SSD-VGG AND SSD-RESNET50 ON
PASCAL VOC.
Weights SSD-VGQ SSD-ResNgtSO
mAP Size mAP Size
UniQ 4 bits 70.62 13.15MB  63.15 7.31MB
EvoQ(no FC) MP 7480 13.15SMB  75.74 7.31MB
EvoQ MP 76.75 13.15MB 7842 7.31MB
Original 32 bits 7749 105.2MB  79.56  58.5MB

*FC denotes feature calibration.

C. Ablation Study

In this section, we present an ablation study for (a) sensitiv-
ity guided mutation and (b) mixed precision quantization on
ShuffleNetV2 and MobileNetV2 to verify the effectiveness of
EvoQ.

Uhttps://github.com/amdegroot/ssd.pytorch
Zhttps://github.com/ShuangXielrene/ssds.pytorch

a) Sensitivity guided mutation: To optimize the search
efficiency, we utilize quantization sensitivity per-layer to im-
prove the mutation operation. We compare sensitivity guided
mutation with random mutation on ShuffleNetV2 and Mo-
bileNetV2. As is shown in Fig. 5, with the guidance of
quantization sensitivity, the quantization error decreases more
rapidly than random search in the early iterations. At most
times, sensitivity guided mutation can obtain better quantiza-
tion policies than random search. As can be seen in Table
V, sensitivity guided mutation outperforms random mutation
by 1.30% and 1.74% on ShuffleNetV2 and MobileNetV2,
respectively.

TABLE V
ABLATION STUDY FOR SENSITIVITY GUIDED MUTATION ON
SHUFFLENETV?2 AND MOBILENETV?2.

ShuffleNet-V2 MobileNet-V2

Weights Top-1 Top-5 Top-1 Top-5
EvoQ(no FC),andom MP 60.44  81.85 64.82 86.34
EvoQ(no FC)guide MP 61.74 82.82 66.56 87.36
Original 32bits  69.36 8832 71.88  90.29

b) Mixed precision quantization: Mixed precision quan-
tization can optimize the bit-width allocation without addi-
tional consumption. We implement experiments to study the
benefit of mixed precision quantization on ShuffleNetV2 and
MobileNetV2. We first compare the performance of uniform
quantization and mixed precision quantization without feature
calibration, and then we apply feature calibration on uniform
precision quantization and mixed precision quantization. The
experimental results are shown in Table VI. The performance
of mixed precision quantization improves apparently than uni-
form precision quantization. Feature calibration can improve
the model performance significantly, while mixed precision
quantization also outperforms uniform precision quantization
by 0.51% and 6.73% on ShuffleNetV2 and MobileNetV2,
respectively.
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Fig. 5. The search process of random mutation and sensitivity guided mutation
on ShuffleNetV2 and MobileNetV2.

TABLE VI
ABLATION STUDY FOR MIXED PRECISION QUANTIZATION ON
SHUFFLENET-V2 AND MOBILENET-V2.

Weights ShuffleNetV2 MobileNetV2

Top-1  Top-5 Top-1  Top-5

UniQ 4 bits 40.18 62.64 10.12 2273
EvoQ(no FC) MP 61.74 82.82 66.56 87.36
UniQ+FC 4 bits 6588 8595 62.17 8434
EvoQ MP 66.39 8645 6890  88.85
Original 32bits 6936 88.32  71.88  90.29

V. CONCLUSIONS

In this paper, we introduce a novel post-training quantization
method named EvoQ, which uses 50 samples to perform an
evolutionary search for mixed precision quantization. Firstly,
we propose an efficient method to evaluate the fitness of
the quantization policy, which can save 2000x times on
ImageNet. Secondly, we optimize the mutation operation with
sensitivity guidance to accelerate the search process. Thirdly,
we utilize the selected 50 samples to calibrate the outputs
and intermediate features of the quantization model for fur-
ther improvement. Experiments on image classification and
object detection demonstrate the effectiveness of the proposed
method. In future research, we will extend our method on
activations to achieve more comprehensive resource allocation.

ACKNOWLEDGMENT

This work was supported by the National Science Founda-
tion of China under Grant NSFC.61906194 and the National
Key R&D Program of China under Grant 25904.

(1]

[2]

[3]

[4]

[5]

[6]

[7]
[8]

[9]

[10]

(11]
[12]

[13]

[14]

[15]

[16]

(17]

(18]

[19]

[20]

[21]

[22]

REFERENCES

Y. Cheng, D. Wang, P. Zhou, and T. Zhang, “Model Compression and
Acceleration for Deep Neural Networks: The Principles, Progress, and
Challenges,” IEEE Signal Processing Magazine, Vol.35, No.1, pp.126-
136, 2018.

J. Cheng, P. Wang, G. Li, Q. H. Hu, and H. Q. Lu, “Recent Advances
in Efficient Computation of Deep Convolutional Neural Networks,”
Frontiers of Information Technology & Electronic Engineering, Vol.19,
No.1, pp.19-64, 2018.

S. Gupta, A. Agrawal, K. Gopalakrishnan, and P. Narayanan, “Deep
learning with limited numerical precision,” in International Conference
on Machine Learning, pp.1737-1746, 2015.

S. Zhou, Y. Wu, Z. Ni, X. Zhou, H. Wen, and Y. Zou, “Dorefa-net:
Training low bitwidth convolutional neural networks with low bitwidth
gradients,” arXiv preprint arXiv:1606.06160, 2016.

S. Han, H. Mao and W.J. Dally, “Deep compression: Compressing deep
neural networks with pruning, trained quantization and huffman coding,”
arXiv preprint arXiv:1510.00149, 2015.

E. L. Denton, W. Zaremba, J. Bruna, Y. LeCun, and R. Fergus,
“Exploiting linear structure within convolutional networks for efficient
evaluation,” in Advances in neural information processing systems,
pp-1269-1277, 2014.

G. Hinton, O. Vinyals and J. Dean, “Distilling the knowledge in a neural
network,” arXiv preprint arXiv:1503.02531, 2015.

F. N. Iandola, S. Han, M. W. Moskewicz, K. Ashraf, W. J. Dally,
and K. Keutzer, “SqueezeNet: AlexNet-level accuracy with 50x fewer
parameters and < 0.5 MB model size,” arXiv preprint arXiv:1602.07360,
2016.

M. Sandler, A. Howard, M. Zhu, A. Zhmoginov, and L. C. Chen,
“Mobilenetv2: Inverted residuals and linear bottlenecks,” In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition,
pp-4510-4520, 2018.

N. Ma, X. Zhang, H. T. Zheng, and J. Sun, “Shufflenet v2: Practical
guidelines for efficient cnn architecture design,” In Proceedings of the
European Conference on Computer Vision, pp.116-131, 2018.

H. Liu, K. Simonyan, and Y. Yang, “Darts: Differentiable architecture
search,” arXiv preprint arXiv:1806.09055, 2018.

B, Zoph, Q. V. Le, “Neural architecture search with reinforcement
learning,” arXiv preprint arXiv:1611.01578, 2016.

E. Real, A. Aggarwal, Y. Huang, and Q. V. Le, “Regularized evolution
for image classifier architecture search,” In Proceedings of the aaai
conference on artificial intelligence, Vol.33, pp.4780-4789, 2019.

M. Courbariaux, Y. Bengio and J.P. David, “BinaryConnect: training
deep neural networks with binary weights during propagations,” in
International Conference on Neural Information Processing Systems,
pp.3123-3131, 2015.

I. Hubara, D. Soudry and R.E Yaniv, “Binarized Neural Networks,”
in Advances in Neural Information Processing Systems, pp.4107-4115,
2016.

M. Rastegari, V. Ordonez and J. Redmon, “XNOR-Net: ImageNet Clas-
sification Using Binary Convolutional Neural Networks,” in Proceedings
of the European Conference on Computer Vision, pp.525-542, 2016.

S. Migacz, “8-bit inference with TensorRT,” In GPU Technology Con-

ference, p.7, 2017.

D. Lin, S. Talathi, and S. Annapureddy, “Fixed point quantization of
deep convolutional networks,” In International Conference on Machine
Learning, pp.2849-2858, 2016.

Y. Zhou, S. M. Moosavi-Dezfooli, N. M. Cheung, and P. Frossard,
“Adaptive quantization for deep neural network,” InThirty-Second AAAI
Conference on Artificial Intelligence, 2018.

N. M. Ho, R. Vaddi, and W. F. Wong, “Multi-objective Precision
Optimization of Deep Neural Networks for Edge Devices,” In 20719
Design, Automation & Test in Europe Conference & Exhibition, pp.1100-
1105, 2019.

W. Zhe, J. Lin, V. Chandrasekhar, and B. Girod, “Optimizing the
Bit Allocation for Compression of Weights and Activations of Deep
Neural Networks,” In 2019 IEEE International Conference on Image
Processing, pp.3826-3830, 2019.

Y. Chen, G. Meng, Q. Zhang, X. Zhang, L. Song, S. Xiang, and C.
Pan, “Joint neural architecture search and quantization,” arXiv preprint
arXiv:1811.09426, 2018.



[23]

[24]

[25]

[26]

(27

(28]

[29]

[30]

[31]

K. Wang, Z. Liu, Y. Lin, J. Lin, and S. Han, “HAQ: Hardware-Aware
Automated Quantization with Mixed Precision,” In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, pp.8612-
8620, 2019.

B. Wu, Y. Wang, P. Zhang, Y. Tian, P. Vajda, and K. Keutzer, “Mixed
precision quantization of convnets via differentiable neural architecture
search,” arXiv preprint arXiv:1812.00090, 2018.

X. He and J. Cheng, “Learning Compression from Limited Unlabeled
Data,” In Proceedings of the European Conference on Computer Vision,
pp.752-769, 2018.

Y. Choukroun, E. Kravchik and P. Kisilev, “Low-bit Quantization of
Neural Networks for Efficient Inference,” In Proceedings of the IEEE
International Conference on Computer Vision Workshops, 2019.

R. Banner, Y. Nahshan, and D. Soudry, “Post training 4-bit quantization
of convolution networks for rapid-deployment,” In Advances in Neural
Information Processing Systems, pp.7948-7956, 2019.

R. Zhao, Y. Hu, J. Dotzel, J., C. De Sa, and Z. Zhang, “Improving
Neural Network Quantization without Retraining using Outlier Channel
Splitting,” In International Conference on Machine Learning, pp.7543-
7552, 2019.

Y. He, J. Lin, Z. Liu, H. Wang, L. J. Li, and S. Han, “AMC: Automl for
model compression and acceleration on mobile devices,” In Proceedings
of the European Conference on Computer Vision, pp.784-800, 2018.
W. Liu, D.Anguelov, D. Erhan, D., C. Szegedy, S. Reed, C. Y. Fu, and
A. C. Berg, “SSD: Single shot multibox detector,” In Proceedings of the
European Conference on Computer Vision, pp.21-37, 2016.

A. Paszke, S. Gross, S. Chintala, G. Chanan, E. Yang, Z. DeVito, et
al., “A. Automatic differentiation in PyTorch,” In Proceedings of the
Conference on Neural Information Processing Systems Workshops, 2019.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AbadiMT-CondensedLight
    /ACaslon-Italic
    /ACaslon-Regular
    /ACaslon-Semibold
    /ACaslon-SemiboldItalic
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /AGaramond-Bold
    /AGaramond-BoldItalic
    /AGaramond-Italic
    /AGaramond-Regular
    /AGaramond-Semibold
    /AGaramond-SemiboldItalic
    /AgencyFB-Bold
    /AgencyFB-Reg
    /AGOldFace-Outline
    /AharoniBold
    /Algerian
    /Americana
    /Americana-ExtraBold
    /AndaleMono
    /AndaleMonoIPA
    /AngsanaNew
    /AngsanaNew-Bold
    /AngsanaNew-BoldItalic
    /AngsanaNew-Italic
    /AngsanaUPC
    /AngsanaUPC-Bold
    /AngsanaUPC-BoldItalic
    /AngsanaUPC-Italic
    /Anna
    /ArialAlternative
    /ArialAlternativeSymbol
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialMT-Black
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialRoundedMTBold
    /ArialUnicodeMS
    /ArrusBT-Bold
    /ArrusBT-BoldItalic
    /ArrusBT-Italic
    /ArrusBT-Roman
    /AvantGarde-Book
    /AvantGarde-BookOblique
    /AvantGarde-Demi
    /AvantGarde-DemiOblique
    /AvantGardeITCbyBT-Book
    /AvantGardeITCbyBT-BookOblique
    /BakerSignet
    /BankGothicBT-Medium
    /Barmeno-Bold
    /Barmeno-ExtraBold
    /Barmeno-Medium
    /Barmeno-Regular
    /Baskerville
    /BaskervilleBE-Italic
    /BaskervilleBE-Medium
    /BaskervilleBE-MediumItalic
    /BaskervilleBE-Regular
    /Baskerville-Bold
    /Baskerville-BoldItalic
    /Baskerville-Italic
    /BaskOldFace
    /Batang
    /BatangChe
    /Bauhaus93
    /Bellevue
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlingAntiqua-Bold
    /BerlingAntiqua-BoldItalic
    /BerlingAntiqua-Italic
    /BerlingAntiqua-Roman
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BernhardModernBT-Bold
    /BernhardModernBT-BoldItalic
    /BernhardModernBT-Italic
    /BernhardModernBT-Roman
    /BiffoMT
    /BinnerD
    /BinnerGothic
    /BlackadderITC-Regular
    /Blackoak
    /blex
    /blsy
    /Bodoni
    /Bodoni-Bold
    /Bodoni-BoldItalic
    /Bodoni-Italic
    /BodoniMT
    /BodoniMTBlack
    /BodoniMTBlack-Italic
    /BodoniMT-Bold
    /BodoniMT-BoldItalic
    /BodoniMTCondensed
    /BodoniMTCondensed-Bold
    /BodoniMTCondensed-BoldItalic
    /BodoniMTCondensed-Italic
    /BodoniMT-Italic
    /BodoniMTPosterCompressed
    /Bodoni-Poster
    /Bodoni-PosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /Bookman-Demi
    /Bookman-DemiItalic
    /Bookman-Light
    /Bookman-LightItalic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolOne-Regular
    /BookshelfSymbolSeven
    /BookshelfSymbolThree-Regular
    /BookshelfSymbolTwo-Regular
    /Botanical
    /Boton-Italic
    /Boton-Medium
    /Boton-MediumItalic
    /Boton-Regular
    /Boulevard
    /BradleyHandITC
    /Braggadocio
    /BritannicBold
    /Broadway
    /BrowalliaNew
    /BrowalliaNew-Bold
    /BrowalliaNew-BoldItalic
    /BrowalliaNew-Italic
    /BrowalliaUPC
    /BrowalliaUPC-Bold
    /BrowalliaUPC-BoldItalic
    /BrowalliaUPC-Italic
    /BrushScript
    /BrushScriptMT
    /CaflischScript-Bold
    /CaflischScript-Regular
    /Calibri
    /Calibri-Bold
    /Calibri-BoldItalic
    /Calibri-Italic
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /CalisMTBol
    /CalistoMT
    /CalistoMT-BoldItalic
    /CalistoMT-Italic
    /Cambria
    /Cambria-Bold
    /Cambria-BoldItalic
    /Cambria-Italic
    /CambriaMath
    /Candara
    /Candara-Bold
    /Candara-BoldItalic
    /Candara-Italic
    /Carta
    /CaslonOpenfaceBT-Regular
    /Castellar
    /CastellarMT
    /Centaur
    /Centaur-Italic
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchL-Bold
    /CenturySchL-BoldItal
    /CenturySchL-Ital
    /CenturySchL-Roma
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /CGTimes-Bold
    /CGTimes-BoldItalic
    /CGTimes-Italic
    /CGTimes-Regular
    /CharterBT-Bold
    /CharterBT-BoldItalic
    /CharterBT-Italic
    /CharterBT-Roman
    /CheltenhamITCbyBT-Bold
    /CheltenhamITCbyBT-BoldItalic
    /CheltenhamITCbyBT-Book
    /CheltenhamITCbyBT-BookItalic
    /Chiller-Regular
    /Cmb10
    /CMB10
    /Cmbsy10
    /CMBSY10
    /CMBSY5
    /CMBSY6
    /CMBSY7
    /CMBSY8
    /CMBSY9
    /Cmbx10
    /CMBX10
    /Cmbx12
    /CMBX12
    /Cmbx5
    /CMBX5
    /Cmbx6
    /CMBX6
    /Cmbx7
    /CMBX7
    /Cmbx8
    /CMBX8
    /Cmbx9
    /CMBX9
    /Cmbxsl10
    /CMBXSL10
    /Cmbxti10
    /CMBXTI10
    /Cmcsc10
    /CMCSC10
    /Cmcsc8
    /CMCSC8
    /Cmcsc9
    /CMCSC9
    /Cmdunh10
    /CMDUNH10
    /Cmex10
    /CMEX10
    /CMEX7
    /CMEX8
    /CMEX9
    /Cmff10
    /CMFF10
    /Cmfi10
    /CMFI10
    /Cmfib8
    /CMFIB8
    /Cminch
    /CMINCH
    /Cmitt10
    /CMITT10
    /Cmmi10
    /CMMI10
    /Cmmi12
    /CMMI12
    /Cmmi5
    /CMMI5
    /Cmmi6
    /CMMI6
    /Cmmi7
    /CMMI7
    /Cmmi8
    /CMMI8
    /Cmmi9
    /CMMI9
    /Cmmib10
    /CMMIB10
    /CMMIB5
    /CMMIB6
    /CMMIB7
    /CMMIB8
    /CMMIB9
    /Cmr10
    /CMR10
    /Cmr12
    /CMR12
    /Cmr17
    /CMR17
    /Cmr5
    /CMR5
    /Cmr6
    /CMR6
    /Cmr7
    /CMR7
    /Cmr8
    /CMR8
    /Cmr9
    /CMR9
    /Cmsl10
    /CMSL10
    /Cmsl12
    /CMSL12
    /Cmsl8
    /CMSL8
    /Cmsl9
    /CMSL9
    /Cmsltt10
    /CMSLTT10
    /Cmss10
    /CMSS10
    /Cmss12
    /CMSS12
    /Cmss17
    /CMSS17
    /Cmss8
    /CMSS8
    /Cmss9
    /CMSS9
    /Cmssbx10
    /CMSSBX10
    /Cmssdc10
    /CMSSDC10
    /Cmssi10
    /CMSSI10
    /Cmssi12
    /CMSSI12
    /Cmssi17
    /CMSSI17
    /Cmssi8
    /CMSSI8
    /Cmssi9
    /CMSSI9
    /Cmssq8
    /CMSSQ8
    /Cmssqi8
    /CMSSQI8
    /Cmsy10
    /CMSY10
    /Cmsy5
    /CMSY5
    /Cmsy6
    /CMSY6
    /Cmsy7
    /CMSY7
    /Cmsy8
    /CMSY8
    /Cmsy9
    /CMSY9
    /Cmtcsc10
    /CMTCSC10
    /Cmtex10
    /CMTEX10
    /Cmtex8
    /CMTEX8
    /Cmtex9
    /CMTEX9
    /Cmti10
    /CMTI10
    /Cmti12
    /CMTI12
    /Cmti7
    /CMTI7
    /Cmti8
    /CMTI8
    /Cmti9
    /CMTI9
    /Cmtt10
    /CMTT10
    /Cmtt12
    /CMTT12
    /Cmtt8
    /CMTT8
    /Cmtt9
    /CMTT9
    /Cmu10
    /CMU10
    /Cmvtt10
    /CMVTT10
    /ColonnaMT
    /Colossalis-Bold
    /ComicSansMS
    /ComicSansMS-Bold
    /Consolas
    /Consolas-Bold
    /Consolas-BoldItalic
    /Consolas-Italic
    /Constantia
    /Constantia-Bold
    /Constantia-BoldItalic
    /Constantia-Italic
    /CooperBlack
    /CopperplateGothic-Bold
    /CopperplateGothic-Light
    /Copperplate-ThirtyThreeBC
    /Corbel
    /Corbel-Bold
    /Corbel-BoldItalic
    /Corbel-Italic
    /CordiaNew
    /CordiaNew-Bold
    /CordiaNew-BoldItalic
    /CordiaNew-Italic
    /CordiaUPC
    /CordiaUPC-Bold
    /CordiaUPC-BoldItalic
    /CordiaUPC-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /CourierX-Bold
    /CourierX-BoldOblique
    /CourierX-Oblique
    /CourierX-Regular
    /CreepyRegular
    /CurlzMT
    /David-Bold
    /David-Reg
    /DavidTransparent
    /Dcb10
    /Dcbx10
    /Dcbxsl10
    /Dcbxti10
    /Dccsc10
    /Dcitt10
    /Dcr10
    /Desdemona
    /DilleniaUPC
    /DilleniaUPCBold
    /DilleniaUPCBoldItalic
    /DilleniaUPCItalic
    /Dingbats
    /DomCasual
    /Dotum
    /DotumChe
    /DoulosSIL
    /EdwardianScriptITC
    /Elephant-Italic
    /Elephant-Regular
    /EngraversGothicBT-Regular
    /EngraversMT
    /EraserDust
    /ErasITC-Bold
    /ErasITC-Demi
    /ErasITC-Light
    /ErasITC-Medium
    /ErieBlackPSMT
    /ErieLightPSMT
    /EriePSMT
    /EstrangeloEdessa
    /Euclid
    /Euclid-Bold
    /Euclid-BoldItalic
    /EuclidExtra
    /EuclidExtra-Bold
    /EuclidFraktur
    /EuclidFraktur-Bold
    /Euclid-Italic
    /EuclidMathOne
    /EuclidMathOne-Bold
    /EuclidMathTwo
    /EuclidMathTwo-Bold
    /EuclidSymbol
    /EuclidSymbol-Bold
    /EuclidSymbol-BoldItalic
    /EuclidSymbol-Italic
    /EucrosiaUPC
    /EucrosiaUPCBold
    /EucrosiaUPCBoldItalic
    /EucrosiaUPCItalic
    /EUEX10
    /EUEX7
    /EUEX8
    /EUEX9
    /EUFB10
    /EUFB5
    /EUFB7
    /EUFM10
    /EUFM5
    /EUFM7
    /EURB10
    /EURB5
    /EURB7
    /EURM10
    /EURM5
    /EURM7
    /EuroMono-Bold
    /EuroMono-BoldItalic
    /EuroMono-Italic
    /EuroMono-Regular
    /EuroSans-Bold
    /EuroSans-BoldItalic
    /EuroSans-Italic
    /EuroSans-Regular
    /EuroSerif-Bold
    /EuroSerif-BoldItalic
    /EuroSerif-Italic
    /EuroSerif-Regular
    /EUSB10
    /EUSB5
    /EUSB7
    /EUSM10
    /EUSM5
    /EUSM7
    /FelixTitlingMT
    /Fences
    /FencesPlain
    /FigaroMT
    /FixedMiriamTransparent
    /FootlightMTLight
    /Formata-Italic
    /Formata-Medium
    /Formata-MediumItalic
    /Formata-Regular
    /ForteMT
    /FranklinGothic-Book
    /FranklinGothic-BookItalic
    /FranklinGothic-Demi
    /FranklinGothic-DemiCond
    /FranklinGothic-DemiItalic
    /FranklinGothic-Heavy
    /FranklinGothic-HeavyItalic
    /FranklinGothicITCbyBT-Book
    /FranklinGothicITCbyBT-BookItal
    /FranklinGothicITCbyBT-Demi
    /FranklinGothicITCbyBT-DemiItal
    /FranklinGothic-Medium
    /FranklinGothic-MediumCond
    /FranklinGothic-MediumItalic
    /FrankRuehl
    /FreesiaUPC
    /FreesiaUPCBold
    /FreesiaUPCBoldItalic
    /FreesiaUPCItalic
    /FreestyleScript-Regular
    /FrenchScriptMT
    /Frutiger-Black
    /Frutiger-BlackCn
    /Frutiger-BlackItalic
    /Frutiger-Bold
    /Frutiger-BoldCn
    /Frutiger-BoldItalic
    /Frutiger-Cn
    /Frutiger-ExtraBlackCn
    /Frutiger-Italic
    /Frutiger-Light
    /Frutiger-LightCn
    /Frutiger-LightItalic
    /Frutiger-Roman
    /Frutiger-UltraBlack
    /Futura-Bold
    /Futura-BoldOblique
    /Futura-Book
    /Futura-BookOblique
    /FuturaBT-Bold
    /FuturaBT-BoldItalic
    /FuturaBT-Book
    /FuturaBT-BookItalic
    /FuturaBT-Medium
    /FuturaBT-MediumItalic
    /Futura-Light
    /Futura-LightOblique
    /GalliardITCbyBT-Bold
    /GalliardITCbyBT-BoldItalic
    /GalliardITCbyBT-Italic
    /GalliardITCbyBT-Roman
    /Garamond
    /Garamond-Bold
    /Garamond-BoldCondensed
    /Garamond-BoldCondensedItalic
    /Garamond-BoldItalic
    /Garamond-BookCondensed
    /Garamond-BookCondensedItalic
    /Garamond-Italic
    /Garamond-LightCondensed
    /Garamond-LightCondensedItalic
    /Gautami
    /GeometricSlab703BT-Light
    /GeometricSlab703BT-LightItalic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /GeorgiaRef
    /Giddyup
    /Giddyup-Thangs
    /Gigi-Regular
    /GillSans
    /GillSans-Bold
    /GillSans-BoldItalic
    /GillSans-Condensed
    /GillSans-CondensedBold
    /GillSans-Italic
    /GillSans-Light
    /GillSans-LightItalic
    /GillSansMT
    /GillSansMT-Bold
    /GillSansMT-BoldItalic
    /GillSansMT-Condensed
    /GillSansMT-ExtraCondensedBold
    /GillSansMT-Italic
    /GillSans-UltraBold
    /GillSans-UltraBoldCondensed
    /GloucesterMT-ExtraCondensed
    /Gothic-Thirteen
    /GoudyOldStyleBT-Bold
    /GoudyOldStyleBT-BoldItalic
    /GoudyOldStyleBT-Italic
    /GoudyOldStyleBT-Roman
    /GoudyOldStyleT-Bold
    /GoudyOldStyleT-Italic
    /GoudyOldStyleT-Regular
    /GoudyStout
    /GoudyTextMT-LombardicCapitals
    /GSIDefaultSymbols
    /Gulim
    /GulimChe
    /Gungsuh
    /GungsuhChe
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /Helvetica
    /Helvetica-Black
    /Helvetica-BlackOblique
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Condensed
    /Helvetica-Condensed-Black
    /Helvetica-Condensed-BlackObl
    /Helvetica-Condensed-Bold
    /Helvetica-Condensed-BoldObl
    /Helvetica-Condensed-Light
    /Helvetica-Condensed-LightObl
    /Helvetica-Condensed-Oblique
    /Helvetica-Fraction
    /Helvetica-Narrow
    /Helvetica-Narrow-Bold
    /Helvetica-Narrow-BoldOblique
    /Helvetica-Narrow-Oblique
    /Helvetica-Oblique
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Humanist521BT-BoldCondensed
    /Humanist521BT-Light
    /Humanist521BT-LightItalic
    /Humanist521BT-RomanCondensed
    /Imago-ExtraBold
    /Impact
    /ImprintMT-Shadow
    /InformalRoman-Regular
    /IrisUPC
    /IrisUPCBold
    /IrisUPCBoldItalic
    /IrisUPCItalic
    /Ironwood
    /ItcEras-Medium
    /ItcKabel-Bold
    /ItcKabel-Book
    /ItcKabel-Demi
    /ItcKabel-Medium
    /ItcKabel-Ultra
    /JasmineUPC
    /JasmineUPC-Bold
    /JasmineUPC-BoldItalic
    /JasmineUPC-Italic
    /JoannaMT
    /JoannaMT-Italic
    /Jokerman-Regular
    /JuiceITC-Regular
    /Kartika
    /Kaufmann
    /KaufmannBT-Bold
    /KaufmannBT-Regular
    /KidTYPEPaint
    /KinoMT
    /KodchiangUPC
    /KodchiangUPC-Bold
    /KodchiangUPC-BoldItalic
    /KodchiangUPC-Italic
    /KorinnaITCbyBT-Regular
    /KristenITC-Regular
    /KrutiDev040Bold
    /KrutiDev040BoldItalic
    /KrutiDev040Condensed
    /KrutiDev040Italic
    /KrutiDev040Thin
    /KrutiDev040Wide
    /KrutiDev060
    /KrutiDev060Bold
    /KrutiDev060BoldItalic
    /KrutiDev060Condensed
    /KrutiDev060Italic
    /KrutiDev060Thin
    /KrutiDev060Wide
    /KrutiDev070
    /KrutiDev070Condensed
    /KrutiDev070Italic
    /KrutiDev070Thin
    /KrutiDev070Wide
    /KrutiDev080
    /KrutiDev080Condensed
    /KrutiDev080Italic
    /KrutiDev080Wide
    /KrutiDev090
    /KrutiDev090Bold
    /KrutiDev090BoldItalic
    /KrutiDev090Condensed
    /KrutiDev090Italic
    /KrutiDev090Thin
    /KrutiDev090Wide
    /KrutiDev100
    /KrutiDev100Bold
    /KrutiDev100BoldItalic
    /KrutiDev100Condensed
    /KrutiDev100Italic
    /KrutiDev100Thin
    /KrutiDev100Wide
    /KrutiDev120
    /KrutiDev120Condensed
    /KrutiDev120Thin
    /KrutiDev120Wide
    /KrutiDev130
    /KrutiDev130Condensed
    /KrutiDev130Thin
    /KrutiDev130Wide
    /KunstlerScript
    /Latha
    /LatinWide
    /LetterGothic
    /LetterGothic-Bold
    /LetterGothic-BoldOblique
    /LetterGothic-BoldSlanted
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LetterGothic-Slanted
    /LevenimMT
    /LevenimMTBold
    /LilyUPC
    /LilyUPCBold
    /LilyUPCBoldItalic
    /LilyUPCItalic
    /Lithos-Black
    /Lithos-Regular
    /LotusWPBox-Roman
    /LotusWPIcon-Roman
    /LotusWPIntA-Roman
    /LotusWPIntB-Roman
    /LotusWPType-Roman
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSans-TypewriterBoldOblique
    /LucidaSans-TypewriterOblique
    /LucidaSansUnicode
    /Lydian
    /Magneto-Bold
    /MaiandraGD-Regular
    /Mangal-Regular
    /Map-Symbols
    /MathA
    /MathB
    /MathC
    /Mathematica1
    /Mathematica1-Bold
    /Mathematica1Mono
    /Mathematica1Mono-Bold
    /Mathematica2
    /Mathematica2-Bold
    /Mathematica2Mono
    /Mathematica2Mono-Bold
    /Mathematica3
    /Mathematica3-Bold
    /Mathematica3Mono
    /Mathematica3Mono-Bold
    /Mathematica4
    /Mathematica4-Bold
    /Mathematica4Mono
    /Mathematica4Mono-Bold
    /Mathematica5
    /Mathematica5-Bold
    /Mathematica5Mono
    /Mathematica5Mono-Bold
    /Mathematica6
    /Mathematica6Bold
    /Mathematica6Mono
    /Mathematica6MonoBold
    /Mathematica7
    /Mathematica7Bold
    /Mathematica7Mono
    /Mathematica7MonoBold
    /MatisseITC-Regular
    /MaturaMTScriptCapitals
    /Mesquite
    /Mezz-Black
    /Mezz-Regular
    /MICR
    /MicrosoftSansSerif
    /MingLiU
    /Minion-BoldCondensed
    /Minion-BoldCondensedItalic
    /Minion-Condensed
    /Minion-CondensedItalic
    /Minion-Ornaments
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /Miriam
    /MiriamFixed
    /MiriamTransparent
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MonotypeSorts
    /MSAM10
    /MSAM5
    /MSAM6
    /MSAM7
    /MSAM8
    /MSAM9
    /MSBM10
    /MSBM5
    /MSBM6
    /MSBM7
    /MSBM8
    /MSBM9
    /MS-Gothic
    /MSHei
    /MSLineDrawPSMT
    /MS-Mincho
    /MSOutlook
    /MS-PGothic
    /MS-PMincho
    /MSReference1
    /MSReference2
    /MSReferenceSansSerif
    /MSReferenceSansSerif-Bold
    /MSReferenceSansSerif-BoldItalic
    /MSReferenceSansSerif-Italic
    /MSReferenceSerif
    /MSReferenceSerif-Bold
    /MSReferenceSerif-BoldItalic
    /MSReferenceSerif-Italic
    /MSReferenceSpecialty
    /MSSong
    /MS-UIGothic
    /MT-Extra
    /MTExtraTiger
    /MT-Symbol
    /MT-Symbol-Italic
    /MVBoli
    /Myriad-Bold
    /Myriad-BoldItalic
    /Myriad-Italic
    /Myriad-Roman
    /Narkisim
    /NewCenturySchlbk-Bold
    /NewCenturySchlbk-BoldItalic
    /NewCenturySchlbk-Italic
    /NewCenturySchlbk-Roman
    /NewMilleniumSchlbk-BoldItalicSH
    /NewsGothic
    /NewsGothic-Bold
    /NewsGothicBT-Bold
    /NewsGothicBT-BoldItalic
    /NewsGothicBT-Italic
    /NewsGothicBT-Roman
    /NewsGothic-Condensed
    /NewsGothic-Italic
    /NewsGothicMT
    /NewsGothicMT-Bold
    /NewsGothicMT-Italic
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NimbusMonL-Bold
    /NimbusMonL-BoldObli
    /NimbusMonL-Regu
    /NimbusMonL-ReguObli
    /NimbusRomNo9L-Medi
    /NimbusRomNo9L-MediItal
    /NimbusRomNo9L-Regu
    /NimbusRomNo9L-ReguItal
    /NimbusSanL-Bold
    /NimbusSanL-BoldCond
    /NimbusSanL-BoldCondItal
    /NimbusSanL-BoldItal
    /NimbusSanL-Regu
    /NimbusSanL-ReguCond
    /NimbusSanL-ReguCondItal
    /NimbusSanL-ReguItal
    /Nimrod
    /Nimrod-Bold
    /Nimrod-BoldItalic
    /Nimrod-Italic
    /NSimSun
    /Nueva-BoldExtended
    /Nueva-BoldExtendedItalic
    /Nueva-Italic
    /Nueva-Roman
    /NuptialScript
    /OCRA
    /OCRA-Alternate
    /OCRAExtended
    /OCRB
    /OCRB-Alternate
    /OfficinaSans-Bold
    /OfficinaSans-BoldItalic
    /OfficinaSans-Book
    /OfficinaSans-BookItalic
    /OfficinaSerif-Bold
    /OfficinaSerif-BoldItalic
    /OfficinaSerif-Book
    /OfficinaSerif-BookItalic
    /OldEnglishTextMT
    /Onyx
    /OnyxBT-Regular
    /OzHandicraftBT-Roman
    /PalaceScriptMT
    /Palatino-Bold
    /Palatino-BoldItalic
    /Palatino-Italic
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Palatino-Roman
    /PapyrusPlain
    /Papyrus-Regular
    /Parchment-Regular
    /Parisian
    /ParkAvenue
    /Penumbra-SemiboldFlare
    /Penumbra-SemiboldSans
    /Penumbra-SemiboldSerif
    /PepitaMT
    /Perpetua
    /Perpetua-Bold
    /Perpetua-BoldItalic
    /Perpetua-Italic
    /PerpetuaTitlingMT-Bold
    /PerpetuaTitlingMT-Light
    /PhotinaCasualBlack
    /Playbill
    /PMingLiU
    /Poetica-SuppOrnaments
    /PoorRichard-Regular
    /PopplLaudatio-Italic
    /PopplLaudatio-Medium
    /PopplLaudatio-MediumItalic
    /PopplLaudatio-Regular
    /PrestigeElite
    /Pristina-Regular
    /PTBarnumBT-Regular
    /Raavi
    /RageItalic
    /Ravie
    /RefSpecialty
    /Ribbon131BT-Bold
    /Rockwell
    /Rockwell-Bold
    /Rockwell-BoldItalic
    /Rockwell-Condensed
    /Rockwell-CondensedBold
    /Rockwell-ExtraBold
    /Rockwell-Italic
    /Rockwell-Light
    /Rockwell-LightItalic
    /Rod
    /RodTransparent
    /RunicMT-Condensed
    /Sanvito-Light
    /Sanvito-Roman
    /ScriptC
    /ScriptMTBold
    /SegoeUI
    /SegoeUI-Bold
    /SegoeUI-BoldItalic
    /SegoeUI-Italic
    /Serpentine-BoldOblique
    /ShelleyVolanteBT-Regular
    /ShowcardGothic-Reg
    /Shruti
    /SILDoulosIPA
    /SimHei
    /SimSun
    /SimSun-PUA
    /SnapITC-Regular
    /StandardSymL
    /Stencil
    /StoneSans
    /StoneSans-Bold
    /StoneSans-BoldItalic
    /StoneSans-Italic
    /StoneSans-Semibold
    /StoneSans-SemiboldItalic
    /Stop
    /Swiss721BT-BlackExtended
    /Sylfaen
    /Symbol
    /SymbolMT
    /SymbolTiger
    /SymbolTigerExpert
    /Tahoma
    /Tahoma-Bold
    /Tci1
    /Tci1Bold
    /Tci1BoldItalic
    /Tci1Italic
    /Tci2
    /Tci2Bold
    /Tci2BoldItalic
    /Tci2Italic
    /Tci3
    /Tci3Bold
    /Tci3BoldItalic
    /Tci3Italic
    /Tci4
    /Tci4Bold
    /Tci4BoldItalic
    /Tci4Italic
    /TechnicalItalic
    /TechnicalPlain
    /Tekton
    /Tekton-Bold
    /TektonMM
    /Tempo-HeavyCondensed
    /Tempo-HeavyCondensedItalic
    /TempusSansITC
    /Tiger
    /TigerExpert
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldItalicOsF
    /Times-BoldSC
    /Times-ExtraBold
    /Times-Italic
    /Times-ItalicOsF
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Times-RomanSC
    /Trajan-Bold
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /TwCenMT-Bold
    /TwCenMT-BoldItalic
    /TwCenMT-Condensed
    /TwCenMT-CondensedBold
    /TwCenMT-CondensedExtraBold
    /TwCenMT-CondensedMedium
    /TwCenMT-Italic
    /TwCenMT-Regular
    /Univers-Bold
    /Univers-BoldItalic
    /UniversCondensed-Bold
    /UniversCondensed-BoldItalic
    /UniversCondensed-Medium
    /UniversCondensed-MediumItalic
    /Univers-Medium
    /Univers-MediumItalic
    /URWBookmanL-DemiBold
    /URWBookmanL-DemiBoldItal
    /URWBookmanL-Ligh
    /URWBookmanL-LighItal
    /URWChanceryL-MediItal
    /URWGothicL-Book
    /URWGothicL-BookObli
    /URWGothicL-Demi
    /URWGothicL-DemiObli
    /URWPalladioL-Bold
    /URWPalladioL-BoldItal
    /URWPalladioL-Ital
    /URWPalladioL-Roma
    /USPSBarCode
    /VAGRounded-Black
    /VAGRounded-Bold
    /VAGRounded-Light
    /VAGRounded-Thin
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VerdanaRef
    /VinerHandITC
    /Viva-BoldExtraExtended
    /Vivaldii
    /Viva-LightCondensed
    /Viva-Regular
    /VladimirScript
    /Vrinda
    /Webdings
    /Westminster
    /Willow
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /WNCYB10
    /WNCYI10
    /WNCYR10
    /WNCYSC10
    /WNCYSS10
    /WoodtypeOrnaments-One
    /WoodtypeOrnaments-Two
    /WP-ArabicScriptSihafa
    /WP-ArabicSihafa
    /WP-BoxDrawing
    /WP-CyrillicA
    /WP-CyrillicB
    /WP-GreekCentury
    /WP-GreekCourier
    /WP-GreekHelve
    /WP-HebrewDavid
    /WP-IconicSymbolsA
    /WP-IconicSymbolsB
    /WP-Japanese
    /WP-MathA
    /WP-MathB
    /WP-MathExtendedA
    /WP-MathExtendedB
    /WP-MultinationalAHelve
    /WP-MultinationalARoman
    /WP-MultinationalBCourier
    /WP-MultinationalBHelve
    /WP-MultinationalBRoman
    /WP-MultinationalCourier
    /WP-Phonetic
    /WPTypographicSymbols
    /XYATIP10
    /XYBSQL10
    /XYBTIP10
    /XYCIRC10
    /XYCMAT10
    /XYCMBT10
    /XYDASH10
    /XYEUAT10
    /XYEUBT10
    /ZapfChancery-MediumItalic
    /ZapfDingbats
    /ZapfHumanist601BT-Bold
    /ZapfHumanist601BT-BoldItalic
    /ZapfHumanist601BT-Demi
    /ZapfHumanist601BT-DemiItalic
    /ZapfHumanist601BT-Italic
    /ZapfHumanist601BT-Roman
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata pogodnih za pouzdani prikaz i ispis poslovnih dokumenata koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice




