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Abstract

In recent years, deep learning has achieved great success in various fields such as computer vision,
speech recognition and natural language processing. The main principle of deep learning is to ex-
press or map the data through layers of features so that the data is linearly separable or linearly
fitable at the highest level of the model, which results in better classification or fitting results, be-
cause the number of model parameters at this point is relatively small compared to the general
shallow model. Although the application of neural networks has been successful in many fields,
there are still many problems that need to be solved. Most researchers are still unclear about how
neural networks internally learn effective feature representations from large-scale data, and the
“black box” nature of neural networks has contributed to the development of neural network vi-
sualization techniques. Visualization technique is to analyze the convolutional kernel inside the
neural network and the features extracted from the convolutional layers in an image visualization,
which helps to understand how features are extracted from each layer of the neural network, thus
avoiding blind tuning of parameters and trial and error during the network training process. The
visualization of neural networks is a good guide for tuning the parameters, which can make the
network structure performance to be optimized quickly. This paper summarizes the content ac-
cording to the following aspects: the initiation of visual research, visualization methods, neural
network models, visualization tools and visualization applications, focusing on the tools of visual
neural network models; finally, the difficulties in this field and the future research trends are
prospected. By discussing the development and application of visual programming tools for neural
network models, this paper aims to provide a reference and basis for the drawing of neural net-
work models and a more in-depth understanding of them.
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PN B R R IA e FLAERAGTE & S, MELLRIZE CNN B2 ) B 1 MRS RRAE 45 AE it B AR 2 DL R A TR 4
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iR CNN ISR TARML o WAL T A — R B RO 2% v (8] R AR 1 759, TR AR CNIN A2 7Y
FITAA IRIE . SCHR[12]43 S 25 2 (Deconvolution) 5 CNN - H ] 2 R0 328 2 Pk S B N 3 8], AT W ¢
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JE FITHE A4

2. MEMEIRE
2.1. LeNet-5

LeNet-5 [18]HARFEH IR LU, (HE & — AN I AP 25 . LeNet-5 == B2 Aok
TFEBFR IR, 3T LeNet-5 MIFFHFIRA RSAE 20 tHad 90 AL L E IR Z4RITHEH,
FHRR A2 P T 587, LeNet-5 IG5 Rtn & 1 s,

C3: f, maps 16@10 x 10
INPUT C1: feature maps S4: f. maps 16@5 x 5

32x32 S8 =38 $2: f. maps C5: layer Fé: layer OUTPUT
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Figure 1. LeNet-5 network structure

& 1. LeNet-5 f#& L5

LeNet-5 5 857 T CNN (&5, BARIX AN ZE LLI/IN, (HILFE VT 2 N 25 15 8L 1 Y 25 45 M 7E LeNet-5
IR AT LLE 2, B ZE . e 2EEE. BT ANk = RE BRI T IS, R
PEREAUIC, DAL, LeNet-5 P8 [0 45 £ AL R AT J5% ] U [ 35 R FEANEBRAR,  [R]IS)E TSR0k A ot s B T
FEH R Dt o
2.2. AlexNet

AlexNet [19152 55— MR G AE R, g i TR Z BUIR B GRS FIBORTTE, H
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Figure 2. AlexNet network structure
[&] 2. AlexNet W& 4EH

2.3. Inception 4%

TEBFMNZSH, & EERE P BRI/ NE— MBI F &, 7 Inception Mg H1[20], —4M4&
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Figure 3. Inception v1 module structure
3. Inception v1 =R E5EH)
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ZJa, WHREN R Ak St g HEAT BB, 7745 T GoogleNet fTHRAS, 5 G KA Inception v2
[21], Inception v3 [22], Inception v4 [23]. A ELE A AR HIHERZ Inception v3 (%%, Inception v3 X 4%
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2.4. ResNet

Bk 7= W 4% (Residual Network, ResNet) [24]3d@ ik 45 AR 2P [ 467 2 39 0 B 1 (L FR ik 22 % 42) (1) 5 5K
KPR EE B ERSE . B BRNEES AN R a2 b A EE B R R, TS,
[ B 3 2 5 EOBR B T R BB B R, S EURIR M ToiE I %5 . ResNet WIZSE— 2 B2 gk 11X A
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Figure 4. Residual unit structure

4. FREBGHN

T 22 R 248 52 22 /e 2 BTG FR B AEE SR A B PR — /N AR TR (1 I 45

HAl, BRMHEML CE O TH RN SURI F R . TEREMBZ G, N T — DR
AR, Huang 55 A$EH DenseNet #74[25], HAZ O BAEET @& TARZEZ BIFER R R, 7
PR THRHAE, Kigw> W28, #E—DR0e TR R, i B2 AR i . BRI,
XA E] B TERA 227K, SE/NE CNN 284 mf DU BE BT R A6, (A, landola 58 A2 SqeezeNet [ 2%
BiRI[26], ETE ImageNet b-SEHL T A1 AlexNet AHF [ IEAf2E, (HJ2 R T 1/50 IS4 Hik—4, fii
FRERUESEHR, 7 LK SqueezeNet [E4E %] 0.5MB, 1X & AlexNet f] 1/510.
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3. AL HZMEREIN TR

TEVRBE S I U, 2P WX 2 AR Bt Ak ] AL, DA TRRT 25 S0 I 28 AR 1) S e U7 vt e i o T Ak ) 7 =G
JEIRH K o H AT, 0BT AR R 4% 45 1) (1) T2 32 Z2404% Draw_Convnet [27]-NN-SVG [28].ENNUI
[29]. Netscope CNN Analyzer [30]. PlotNeuralNet [31]. Tensorboard [32]. Netron [33]. TensorSpace [34].
Keras.js [35]. CNN explainer [36]F1 CNNVis [37]% .

3.1. Draw_Convnet

Draw_Convnet T.H, & —/H python BIA KL T ERMAEME R T HE, LEo0THZ
matplotlib, 2l Hh R R 2 X 2 A5 7Y ER SRR 1T B, AELAT i b, ST LAz, R IE & 510U H .
WK 5 FiR, & H Draw_Convnet T2 (1) LeNet-5 PI2& 45 K . FoA TAT LA GG o AR A A 42 ol o 22
W LA 25 R BRI RN . BOR AR OSCR B R A B Ry, R EER G T, TS

Feature Feature Feature Feature
Inputs maps maps maps maps layer layer Outputs
1@32x32  6@28x28 6@l4x14 16@10>10 16@5 x5 120

BN NN
NN

Convolutions Subsampling Convolutions ~ Subsampling Fully Fully Gaussian
5x5kernel 2x2kernel 5x5kernel 2% 2kernel connected connected connected

Figure 5. LeNet-5 network structure drawn by Draw_Convnet
5. Draw_Convnet 22l LeNet-5 [X4& 4544

3.2. NN-SVG

NN-SVG & —FH T LASH07 i dEFah 7 e 4 M4 20 B TR . Bid B 5 G
HOA TR R R SO DIEE, & A SRR EM A . NN-SVG XA T E 1] LAIEH 75 [ H
FREARE . B, NN-SVG Al LAl LLF 4l 48 45 (1 2 =0 R LeNet B2, W& 6(a)fR,
efty 7, ATUAEE & — ERHEE N RGEIE S E , WS kR 2 E S+ 7. Lk, NN-SVG
AU AT LAZ] LeNet AAY, 38 0] LA 53 PR FIAN RIS BRI I 2%, 55 —Fho@ ml DA il B4 LA s X
JRIRI AN 2%, ] 6(b) PR, e AT DL i & SR B, 38 w] DL i — R R & e
e, I MRS, LRCE W DR TR CERE, XN G AL G 0 A i 42 0 2% 1)
Hilo 5 RhEALE AlexNet B%Y, 4114 6(c) iz, NN-SVG LL=4H ()R B AlexNet Xk, 7T LLE
IS R RS R S e B R BE R A8, H T A SRR R A2

NN-SVG #& 4t Tl 1VF 2 K/ BRI Jm 250 F - i s ar v E KA U se

NN-SVG XA TE 4458k, (FEIN Rk —Ma, SRS e MIMEC B A= BN B S 11
MSH Wl LISl HAER, XA TR, Ks554, TheEZ .

3.3. ENNUI
ENNUI 3= 2258 138 16 0488 N PR 1 TEAE S SEFl— N 26 45 M i mTaiAk, R IE 7 s o
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Publication-ready NN-architecture schematics.
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Figure 6. Three different types of network structures drawn by NN-SVG
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DOI: 10.12677/csa.2022.124102 994 THENUR 5 N H


https://doi.org/10.12677/csa.2022.124102

e
<
s
4

Dense
Convolution
Max Pooling

More )

ReLU
Sigmoid

Tanh

Figure 7. LeNet-5 network structure drawn by ENNUI
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TN FE P 2% (SR A R PR SRR, AT DAARAE X 2% 75 22 EL4 By I B AR SR H M B  ii,  ll fag B 5
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3.4. Netscope CNN Analyzer

Netscope CNN Analyzer & —k 2T web Sty 1145 B0 20 X 26 S8 K4 i AL AT A T, i) i Asi 2 %
ERZEE O, AEE EDWIEMNT, 0 & 8 fra, A2 Netscope CNN Analyzer T. E £ i) AlexNet
LAY, Fofn] LAYmAE L T 24, SR 4% T Shift+Enter BRI W] B )4 1R AE OB, W LAES
WA BB PTRALEE ), B AR BE A M B & 20, AT DU R N /s SRR/ N DL TE
& J2 H BTEAT B ERAE

ni
t)
<
i

96¢ch - 27x27

conv2

reluz

Figure 8. AlexNet network structure drawn by Netscope CNN Analyzer
8. Netscope CNN Analyzer £&HI#T AlexNet 4& 2544
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3.5. PlotNeuralNet

PlotNeuralNet H 7 2 22 FF R G E M 2%, HpEHE . E . Softmax 555 #L ZE AR
#A X, {HARAHR> RNN [381M15C T AL 2 FE7s . PlotNeuralNet 1% 4~ T2 3= B2 56T Latex ARG
B Python AR Ym 5 5 MR . A 1R 2210 SCH IR AR 42 I 2 A At A T XA TR AL . B )
SR LT AR

9 Z{¥ F PlotNeuralNet £ ) FCN [39] B Y (], W] LA 21X A AT WAL TR 21 i B 2 ARV
Wi, BT R RSN A], AT e . PlotNeuralNet 19 3 8045 S, JIAML, AHEE.

& Menu
& layers
iBallsty
i Box sty
inittex

[ RightBandedBox.sty

scats.jpg
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31 \pic[shift={(0,0,00}) at (cr2-east) {
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Figure 9. FCN network structure drawn by PlotNeuralNet
9. PlotNeuralNet £2#|#) FCN P4&£514

3.6. Tensorboard

Tensorboard 72 tensorflow P & —AIHAL TH, 7E%23% tensorflow () [F]I tensorboard &l C 4 72 3¢
T o BAVER NG BRI, WL TR SR IR 22 4075 % Ah Sk UL AN WL, bhin S 4cn a4z
th, HERREIAS AL, XU EAE 25 . {HE, Tensorboard it 45 & web B FH AFA THRALX —ThfE, &
W BRI SR R A 2071 LA R A0 20 5 ol W 2% T WAk R IRAE AT AT, sl ik i 77 QAT T o] LAY %
1 weight. bias. accuracy [)784k, IR IIZRAESH . Bk W E 10 fras, Abadi [31]% A Tensorboard
AR AL, RN T BRI A MBI Ia T I R TR SR b Bl I R AR L 34 DL
Sl B EHRE S, FRATE T LARIEIIZRE, AL 2 S S U AT PP &, Lhan AT o] LLE 45
P, ARHE R IR B e e IRk E o S5 AR M A5 N [AOT e 38 4o 228 I 4% AR 2 R 428 X 24 A 45 4 1)
Ji N R R G, R4 M4, 3@ 1L Tensorboard T SzBL Al #i4k, i@id Tensorboard SKid 3.
WMEEAS epoch FUBEFEME, 4K AT DARRHE A3 R IE IR S5 T % 2 i AR A BGE 35, A3 AT BB I TE R 7 0], 4R
S Ko R 25 P 8% 2 5] SRS 2 A A S ) B B R R . R A [41]48 0 Tensorboard R #1AL CNN 574 25 4 1l
SRR, SRS AR B A S BRI ER SCRE, HBR S TAESAS AR, 1R T
RS MG o0 2R B R S (R R T TR iz A RE F7 o S RTRRAL TV RS 2 I 50 . S HU A DA K
BORBRE RS S0, 9 SERR R RS B0 SR
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Figure 10. Tensorboard-visualized network structure
10. Tensorboard AT 4L P 4 &5

3.7. Netron

Netron & — MM PTG, SCRFA R Z e M iiiE . % CRBIER R, AHESA,
RBE TR DERENTT . 5, RAAPE, X Trrg®, g R EEn st —r, —53|
B, PRAEEIE ORI . % Netron BLRT DO s SR AR EUtE, HBRZEREGERR, Lz
H—ERASERR, BrEAREER. EAHGTH, PTCAEE 0 M0, bR, shar
DB E, mbdmETERE, G hInZZNEARE R, (EHEERRBTE. nE 11
Fi7m, {8 Netron A #1AL mobilenet v2 MIZ&45#[42], AT LAEMIE 216 — 2R N H S8, MK R
PRIZER, 177 H Netron SCHRESFIA IS HESS, [FIRTHEZE winy mac. linux S50 258, BIHLFH .

NODE PROPERTIES X

type  Convolution

Convolution name  conv2_1/expand

filter {32x3x3x=3)
ATTRIBUTES

bias_tern  false

BatchMorm
gamma (32) dilation
beta (32} kernel size 1

mean {1}
num_output 32
Scale

pad 0
scale (32}
bias {32} stride 1
RelU weight_filler  FillerParameter{"msra”}

INPUTS
Convolution

input  name: convi/bn
filter {32x32x1x1)

filter  kind: Blob

BatchNorm LA

gamma {32}
beta (32}
mean {1}

output  name: conv2_1/expand

Figure 11. Netron-visualized maobilenet_v2 network structure
11. Netron RJ#£4t mobilenet_v2 f4& &5+
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3.8. TensorSpace

TensorSpace #&— M4 N 4% — AERTALACHESE o L mT DALE A 7 {8 FH 00 W6 285 07 (o b ) 2 — AN W) 28 B IR
2% 3D 45K, 3D ARAIAMY AT L E VL 7S AP X 48 (R 45 MOREAE,  Lhdn, WIRERJZARIE, [RIH Fs T
DIFIH 3D BEAYMR R IR AL, EN A rh AT R T, RIS AT AU ZREF R S N\ i i 731
At 4, HEFEMEIAL, TensorSpace nJ PAAx Tt 7~ 2 A1 %#E . Wil 12 & TensorSpace mJ#i4k YOLO
W25 &5 [43], T SRIE A1 HH R vE Ye 3 3D sk b, A3 4 ] DL R W06 BB RS 45 M R0 2 () e, (5
BEEEE, HEW. mH LRI — BN R BB R, sE3k T R — 25— bR E
B TR 25

Figure 12. TensorSpace-visualized YOLO network structure
12. TensorSpace A4k YOLO R4g45+4)

3.9. Keras.js

Keras.js /& —#Zk Ll ffb TH, @ ~E 13 i, Keras.js HLHI €145 ResNet-50. Inception v3 &5 ¥ 4%
RARYBERE,  FRifn b7 AT AN e, T4 R 45 SR, IR U7 S R ] . AT AT DL — AN
IR 26 8 Ry N B A e 4 SR, XA SO (B . S B R AN ERUE LEVE BRI RN, K
KANFHLIHEATHE, FTERNPOE T N1 B AR08 . 78 Keras.js T.E [ Basic Convnet F5—
ANBUT N Z G AT N FRAT AT AR AL BREE B, SN BV A B ERA] T AR AT B PN SR

3.10. CNN Explainer
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