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Analyzing Latent Representation of Deep Neural Networks Based on Feature Visualization

SHANG Jun-yuan, YANG Le-han and HE Kun
School of Computer Science and Technology, Huazhong University of Science and Technology, Wuhan 430074, China

Abstract The working mechanism of deep neural networks can be intuitively uncovered by visualization technique. Visualizing
deep neural networks can provide the interpretability on the decision made by the black box model, which is critically important in
many fields,such as medical diagnosis and autopilot. Current existing works are mostly based on the activation maximization tech-
nique, which optimizes the input, the hidden feature map or the original image,in condition to the neuron that we want to ob-
serve, Qualitatively,the change in the input value can be taken as explanation when the neuron has reached nearly the maximum
activation value. However,such method lacks the quantitative analysis of deep neural networks. To fill this gap, this paper propo-
ses two meta methods, namely, structure visualization and rule-based visualization. Structure visualization works by visualizing
from the shallow layers to the deep layers,and find that neurons in shallow layers learn global characteristics while neurons in
deep layers learn more specific features. The rule-based visualization includes intersection and difference selection rule,and it is
helpful to find the existence of shared neurons and inhibition neurons that learns the common features of different categories and
inhibits unrelated features respectively. Experiments on two representative deep networks, namely the convolutional network
VGG and the residual network ResNet, by using ImageNet and COCO datasets. Quantitative analysis shows that ResNet and
VGG are highly sparse in representation. Thus.by removing some low activation-value “noisy” neurons,the networks can keep or
even improve the classification accuracy. This paper discovers the Latent representation of deep neural networks by visualizing
and quantitatively analyzing hidden features, thus providing guidance and reference for the design of high-performance deep neural
networks.

Keywords Deep neural network, Feature visualization, Internal representation,Shared neuron.Inhibition neuron
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Table 1 Neural network parameters

LERES ZHEA K K % K /N /MB
VGG-16 138357544 528
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Fig. 1 Visualization features
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FIABRAR EHANEBREMEERZZEHMT Re-
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Table 2 Performance comparison of AlexNet, VGG-16 and

ResNet-50
AlexNet 8 61.0 42.90 19. 80 14.56
VGG-16 16 138.0 27.00 8. 80 128.62
ResNet-50 50 25.5 24.01 7.02 103. 58
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Fig.2 Top 9 activation feature map of No. 71 neuron
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Fig. 4 No. 71,No. 274 and No. 446 neurons show that they share

some common features of cats and dogs
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Table 3 Cosine correlation distances among 12 categories

mElfy  FRE W HE Nm EH4e MF O OHSTFW O BAFE O OER O TH O EBEX®
fE IR ] 1 0.31  0.34 0.26 0.40  0.42 0.39 0.27 0.69 0.26  0.37 0.43
FRE 0.31 1 0.54 0.43 0.59  0.54 0.68 0.57 0.45 0.44  0.61 0.42
A 0. 34 0.54 1 0.38 0.8 0.68 0.65 0. 50 0.47 0.36  0.52 0.51
HHE 0.26 0.43 0.38 1 0.39 0.41 0.59 0.36 0.33 0.63  0.46 0.32
I # 0.40 0.59 0.82 0.39 1 0.69 0. 66 0.50 0.53 0.37  0.52 0.49
& & 0.42 0.54  0.68 0.41 0.69 1 0.66 0.52 0.47 0.39  0.55 0.62
ol 0.39 0.68 0.65 0.59 0.66  0.66 1 0.54 0.48 0.58 0.70 0.51
TR 0.27 0.57 0.5 0.36 0.50  0.52 0.54 1 0. 36 0.35 0.46 0.46
X 0.69 0.45  0.47 0.33 0.53  0.47 0.48 0.36 1 0.34  0.49 0.43
W Ak 0.26 0.44  0.36 0.63 0.37  0.39 0.58 0.35 0.34 1 0.53 0.32
LS 0.37 0.61 0.52 0.46 0.52  0.55 0.70 0.46 0.49 0.53 1 0.45

E X 0.43 0.42 0.51 0.32 0.49 0.62 0.51 0.46 0.43 0.32  0.45 1
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Table 4 Classification accuracy comparison of Topl and Top5 for

low-valued neuron removal operation on single image

bR ECES VGG-16 ResNet-50
TOPI p 0.64274 0.67692
TOP1 p’ 0.64284 0.68102
TOP5 p 0.85592 0.87494
TOP5 p’ 0. 85586 0.88296

o, p Ry JE UG T 7 A p7 A 2% Bl 8 0T TN o A
GERLR 2R R B RTAA A 2 JC X VGG-16 TR 25 31 1
T B LA L T %) ResNet-50 I 45 5 04 i i A — 5 2
Fho T UL X6 o A 1 T L BRSO T R R A
CHEHS 4y B STk, A7 AE TR O T U (B L0 A B RRAE ]
T, XeF ) 45 A5 R (3% TO 0 o 0 R s 1) 559 AR
4.4.2 A BEXDRKMATZT

FEAHE B 46 L, A3 i B P AS W 4 B R — )2 10 & R oF
BISsE (R 1A 512 dEmd fl 14> 2048 4wy ik , 43 51 %)
HIT R HHFAT T HED G #4550 F1 200 5 ReAE [&] 1% 3F
AR AR (50 A1 200 (3% B IRRAED - (8 45 4 Jm) 076 45
A L3 6 F000 ) BT RRAS R 0L MM T RE AT T Mk 454, g

TR 4 BE L, N3k 5 A,

#5 RRELHAREMZITH Topl, Tops 43S M H B

Table 5

Classification accuracy comparison of Topl and Top5 for

low-valued neuron removal operation on all images

iSRS VGG-16 ResNet-50
TOP1 p 0.64274 0.67692
TOP1 p’ 0.60724 0.67730
TOP5 p 0.85592 0.874 94
TOP5 p’ 0.83230 0.88008
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Fig. 5 Activation value distribution of the last convolutional

layer in ResNet-50 (better view in electronic version)
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Fig. 6 Activation value distribution of the last convolutional

layer in VGG-16 (better view in electronic version)
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Fig. 7 Random perturbation comparison of images in Microsoft

COCO dataset
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