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Abstract Deep neural networks (DNNs) have become increasingly popular as machine learning
technique in applications, due to their ability to achieve high accuracy for tasks such as speech/image
recognition. However, with the rapid growth on the scale of data and precision of recognition, the
topology of neural network is becoming more and more complicated. Thus, how to design the energy-
efficiency and programmability, neural or deep learning accelerator plays an essential role in next
generation computer. In this paper, we propose a layer granularity analysis method, which could
extract computation operations and memory requirement features through general expression and basic
operation attributions. We also propose a max value replacement schedule strategy, which schedules
the computation hardware resource based on the network feature we extract. Evaluation results show

our method can increase computational efficiency and lead to a higher resource utilization.
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Fig. 1 Design of network feature extraction

1 PSR AR B2 ORI IR i i

TR AU A 22 e, 455 R A 4 BB R hin 28 BT 2R 15 19
I8 23k 20 DL R A B SE Ak 3 T 10 R AE il A S, 3R
3501 N AL B 0 3 N A A Js SRR R S A B
FEAH 5 F G D0 55 RR AR, T AR A5 00 1 55 R0 U A7 R AE A
RIB AT B A A S B R A SRS S L
I FPGA it i BE 8 SRR 0 Jin i & Fl e i & 1> 4, is
A V8 B A TR P i KA S 0 1 03 L A 4 A
BEUR T Fe KA BT IR T 28 0 0 2% 3 AT R R O 2.

1.2 BETEFHEISERE

SR A OR SRR S AT LA 2o fn 2 4R i s
4 TC 8 SO Cprofile) Sk fff A7 G2 T Hh in 12 1 3fe 12 45 Ak
ARHRAE T2 2 A YRR AR B2 HORE B £ 3 AR 4 01 5A
5 OO i AR R AT R R 0 R AE B B T AR R B
() i A ALHE 2 F8 53 0 SO AR Y i ] Rk 2, H
rh AR 7R ] 3 38 O R Y i ATy 2% 4% 3 1 0 5 B b
2 SARAT T 1) 43 B 285 51, it 2 I A pf 4ot B Ak
PATIZBE RN AE AT B0 B 2549 58 FRAE 4 ik
SO T AR R HLAR B I R AE.

MR A5 23 FH AR Y Al R SO R E AR R A
A J5 i Iy AR 3% P 28 155 780 1) (1 25 4 AT AR R AR AR AR
SR X AN B AT SRR A R B R 5E i
SN SO B R AR 2 =X AT AR A vk F
T 1 FEAS B A VR BAE P 25 0 28 1 RRAE , X0 BT A
TEFEAT G it 5 204,

HFFRE R BOR R K 2 pros . B e HIW R T
Xof 107 P4 248 AU A TC SO PR A S QR A T A
RERUSE 7 AP n 48, 4% B S T A
A SO B X I 1) 3 7k R A5 FE A B AE A R
B, 00 5 R R RRAE s A SR L SR A
SC W HEATEE 2 A0 H W K 2R 8 N BB A A N A
TEfHT 7 1 5 A DU FH 45 BBURRAIE 1 pR B R i 58
HEAT A AT 5 T - T i 115 25 R AIE.

FEAE 32 OB P I e SR A A ok A BT A
FBC B SCOF AP 2 T A B ) B L Gk
FERIA9) U £k 2 K0 0% A B R 9k L Al R T YRR AIE A
PR B RLY) 6 1k 2 8000 45 380K B A B ) Y
S ABO) TR A A, B3 S A B T A R A A B OE SR
SN A B P R AR 0 R A L AE D
Conv2D H5 R il i 5 F B & SO 2, 408 Var
F1 Feature Wi K &R 5. 4 ff #7255+ 0 Re A B 17 56
A B Var W5 € 19 5 8 47 28 500 46 1k, B 4%
TP DA Var Hisz BURS A2 19 722t 48 O 125, 9F 5 BT
D7 A% B 0 25 FAE AR R 1Y AR 6 TR
DI R R N N W SR SR TIANE S & /T NV NN - ]
YR € = R ) = I = el I Ak U A



7 SRR 2 2 28 45 0 B T S AR AR A vk

1173

JIT b B 1) i A A A X o T R 1) G A A
AR B RN KN Cbatch _size ) S50 A0 & W
26 SRR h A () D) B8 1 B - 3d o AN TR A 3% 4 O K
20 R N B R~ R g g BT i €/ TR B NN
SRR —FE I LAXS TR AR SR OB 10 3 B
HUIE ] T4 A ) AT T SR SRR AR A A1)

Input operator

Load formula of operator
feature

l

Compute formula results /

)

Compute feature based on
feature profiles

Have built-in
corresponding feature

I A A RO R BN B AR RN B s AP K
0HE 2 /N R I A REAR I B A B R A5 %
SRR B RHAE. O T O A IE 2 BRORE B A Hi
AN T S A 2 RS SO A B A R T B
P58 B 30 25 = AR s S A
R B L A OGS 7 ) T S A

Yes Operator
feature
is none

Use built-in function
to get features

Features of input <
operator

Fig. 2 Operator-based feature extraction process
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Table 1 Typical Operation Input Parameters
k1 HBETWMASH
Operator Involved Partial Parameters and Method Corresponding Explanation
Input[ batch _size ,in_height yin_width ,in_channels] The Number/Height/Width and Channels of the Input
) Filter[ f_height , f _width sin_channels sout _channels] The Height/Width of the Filter, Input/Output Channels
ConvzD strides The Stride of the Filter
padding Padding Pixels
Avg_Pool ksize Pooling Window Size
Max_Pool out put Output Matrix
Bias_Add bias Offset Value Vector
x The Number of Rows in Multiplicand Matrix
y The Number of Columns in Multiplier Matrix
MatMul
. The Number of Rows in Multiplier and the Columns in
Multiplicand Matrix
nl2 Normalization Radius
I3 Offset Value
a Input Featuremap
LRN b Output Featuremap
a Constant Hyper-parameters
B Constant Hyper-parameters
dimy sdimy sdims sdim, The Values of Each Dimension in a Four-dimensional Tensor
Softmax logits Non-empty Two-dim-Tensor
Sigmoid
tanh Output _index The Index of Hidden Layer Output Vector
RelLU

batch _size

num _classes

Global Variable

Built-in Method shape ()

IO

The Number of Samples Propagated Through the Network
The Total Classes Number
The Dimension of a Matrix

Matrix Multiplication

Table 2 Analysis of Add Operation Feature of Typical

Operators

®2 BEBETFNEFMES N

Operator Formula of Calculating Number of Addition Operation
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Conv2D  batch_size X ((in_height — f_height)/[strides +1) X
(Gn_width — f_width)|[strides +1) X out _channels
Avg_Pool [I(shape Coutput) X (II(ksize) —1))
Max_Pool [I(shape Coutput) X (I1(ksize) —1))
Softmax batch _size X num _classes X (num _classes —1)
Bias_Add shape (bias)
MatMul Xy X (m—1)
LRN (n+3) Xdim Xdimy Xdims X dim,
Sigmoid 1
tanh 2
RelLU 1

WU B 38 I (shape Coutput ) X (11 (ksize) — 1))
W T2 R A A% 9 I A7 8 AT L, Y
AT ZH R Ik,
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Table 3 Six Classical Neural Network Models

RI NEAMEMEER
Application NN Model Operators
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Image Recognition Inception Conv2D,Max_Pool, Avg_Pool,MatMul, Bias_Add, Softmax
VGG19tz2l Conv2D, Max_Pool, MatMul, Bias_Add, Softmax
Audio Recognition VGGish Conv2D,Max_Pool, MatMul,Bias_Add, Softmax
Video Recognition SSDLzsl Conv2D, Softmax, MatMul, Bias_ Add, Max_Pool
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MatMul, Bias_Add, tanh, Softmax, Sigmoid, Conv2D
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The visualization model of AlexNet
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