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Design of Visual Context-driven Interactive Bot System

LIU Yubo,GUO Bin,MA Ke,QIU Chen and LIU Sicong

School of Computer Science, Northwestern Polytechnical University, Xi’an 710129, China
Abstract Bots are intelligent software that can interact with people,and usually have the characteristics of real-time and interac-
tivity. This paper takes the bots driven by visual context awareness as the theme,and explores from four aspects:lightweight tar-
get detection model and compression, real-time key frame extraction, system optimization, and interaction strategy, and builds
strong real-time on edge resource-constrained devices. A flexible, highly interactive and highly scalable bots system. Specifically,
in terms of lightweight target detection models and compression, we first explore the performance and accuracy of different light-
weight target detection models,and compress the SSD model based on the VGG16 network to find a suitable compression strate-
gy. Compression on the latest SSD model can increase the frame rate by 187 % compared with the original model, under the pre-
mise that the accuracy loss does not exceed 0. 1%. In terms of real-time key frame extraction, the input video stream is pre-
screened to reduce system pressure,which is equivalent to reducing inference delay by 90%. In terms of system optimization, the
use of microservices reduces the cold start delay by about 98%. In terms of interaction strategy,a state machine with timer is used

to model the situation to achieve situation-driven., and the output of human-computer interaction is completed in the form of

speech.

Keywords Resource-constrained, Lightweight model, Model compression, Object detection,Context-driven
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Table 2 Model startup performance
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Fig. 6 Monolithic architecture and microservice architecture of

system
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Table 3 Comparison of target detection network metrics

EFHE # A KN/ MB 4 3 At #E /ms COCO VOC
ResNet50 110. 2 109 59.2 76.8
MobileNet v2 44,0 44 34.5 67.6

Xf e ResNet50 M4 5 MobileNet v2 ¥ 4% (1 #8 k7 7] LL &
HH L RS Af B o 5 FLRG BE R M 06 . ResNet50 R H &H T
1R PR B 4 S A 5 v, SR AE R 2 BR 7 & ik
Frofe s, B X H T LU, COCO B4 46 19 B b K i
MERE TR 3k 2t T VOC BOHE 4 09 75 6 DU 497 44 38 8 7E 1 1
Ha] H S 4R 2s kL i COCO iR A & H 2125,
KT /N RBEAT 45 1 5 B R0 T 4 5 BT A 58 9 He i 1K
EHEE

FEANTA T 143 00 % T 3 1% 52 I 4 B8 P a8 3 A7 00 4t T
VIAS AN 7 J97 73 AR 78 4f 2 I 8 45 A .

2000

1500 1441

1000

500 470
46 109 19 44
0 — —
ResNet50 MobileNet v2

0 TPU3E N GPURA B AR

B 7 MORTER PG 54T 6 LEXT L
Fig.7 Comparison of runtime latency on different platforms
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Table 4 Different sparsity and accuracy of VGG backbone network

WHE/%  EHNEEK/MB - AP50/% AP75/% AP95/ %
0 93.01 89.67 83.95 3.15
20 79.62 89. 44 83.51 2.88
10 63. 80 87.78 80.76 1.30
60 46.26 67.36 52.02 0. 36
80 27.70 0.62 0.01 0.00
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Table 5 floatl6 quantification of VGG model

HwE/% AP50/ % AP75/% AP95/%
0 87. 46 79. 80 1.90
20 87. 44 79.76 1.90
40 87.29 79.50 1.30
60 66. 28 48.76 0.36
80 0.62 0.01 0.00
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Table 6 Comparison of different quantitative methods

B EA 43R ol 2 #EE/ms  AP50/%
*E A 13.98 72 83. 66
x 17.49 57 83.65
int8 .
SOl g 40,18 25 83. 66
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Table 7 Average number of frames per second of dynamic threshold

method
LR FE 5 B 4 b 3 i B8
1 56 0.933
2 58 0.967
3 60 1. 000
4 59 0.983
5 58 0.967
6 59 0.983
3 58.3 0.972
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Table 8 Average number of frames per second of HOG

ERFET O BRHEK PHMERK
1 372 6. 20
2 379 6.32
3 358 5.97
1 380 6.33
5 378 6.30
6 367 6.12
3 372.3 6.21
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Fig. 8 Selection effectiveness of composite methods
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Table 9 Parameter comparison before and after system
optimization
A i B e E s B WA s H/MB KA A B/ s
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Fig. 9 Keyframe extraction phase of system
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Fig. 10 Invoke object detection microservice
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Fig. 11  Generate contextual responses based on object detection

results
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