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Dynamic graph convolutional neural network for image sentiment

distribution prediction
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(1. School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China; 2. Tianjin International
Engineering Institute , Tianjin University, Tianjin 300072, China)

Abstract: Aiming at the problem that there exists semantic gap between visual features and high—level
emotional semantics and the subjectivity and ambiguity of emotional labels in image sentiment distribution
learning, this paper proposes an Emotional Semantic Dynamic Graph Convolution Network (ESDGCN).
In this framework, the Emotion Activation Module (EAM) is constructed to automatically locate the
emotional semantic regions to effectively mine the content representation that fits the emotional semantics.
In addition, the Semantic Dynamic Graph Convolution Network (SDGCN) is to adaptively capture the
semantic relevance between labels. Finally, we adopt the parallel structure to jointly consider local
semantic emotional information and label correlations. Experimental results on three open emotional
datasets demonstrate the effectiveness of the proposed method.
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Fig.1 Emotional dynamic graph convolution network for image sentiment distribution prediction
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Table 1 Comparison of different combination of module

Tk KL Cos Inter Cheb SqC Soren
B 0.467 0.804 0.602 0.355 0.581 0.392
B+E 0.553 0.816 0.640 0.293 0.375 0.367
B+D 0.482 0.820 0.659 0.276 0.404 0.366
B+D—+S 0.428 0.843 0.669 0.251 0.347 0.331

B+E+D+S 0.369 0.847 0.705 0.249 0.338 0.327
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Table 4 Comparison of different GCN structure

E45ty KL Cos Inter ~ Cheb SqC  Soren

T+T 0549 0.801 0.626  0.290 0.366  0.374
D+D 0436 0.818 0.666 0.284  0.335  0.355
S+S 0504 0.801  0.660 0.285  0.402  0.368

Ratios KL Cos Inter  Cheb SqC  Soren

0.0 0.427 0.828 0.666  0.27 0.347  0.353
0.1 0.488 0.811 0.650 0.278 0.390  0.368
0.3 0.575 0.795 0.625 0.292 0.398  0.381
0.5 0.369  0.847 0.705 0.249 0.338  0.327
0.7 0.570  0.784 0.626 0.302 0.448 0.396
0.9 0.450 0.834 0.664 0.262 0.332 0.342
1.0 0.553 0.816  0.640 0.293 0.375  0.367
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Table 3 Comparison of different number of GCN layers

JZH KL Cos Inter Cheb SqC Soren

1 0.520  0.819  0.651  0.273  0.343 0.349
2 0.369  0.847  0.705  0.249  0.338 0.327
3 0.461  0.823  0.671 0.274  0.340 0.345
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Fig.3 Prediction results of different graph convolution structures
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Table 5 Comparison of different dimension

of GCN layers
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Table 6 Comparison of ESDGCN with
others for Flickr—LDL

FE4EEE KL Cos Inter  Cheb SqC  Soren Bk KL  Cos Inter Cheb SqC Soren
256 0474 0.840 0.674 0.255 0.311  0.326 AA-KNN'™ 0737 0.777 0.599 0.308 0.447 0.401
512 0.506 0.818 0.649 0.274  0.359  0.357 CPNN!'" 1.001 0.695 0.538 0.353 0.555 0.462
1024 0.369  0.847 0705 0.249  0.338  0.327 EDL-LRL™  0.864 0.791 0.596 0.303 0.463 0.402
2048  0.511 0.827 0.659 0.265 0.337  0.341 LDLLC™" 0.785 0.768 0.570 0.329 0.503 0.430
4096 0.511  0.819  0.651 0.273  0.339  0.350 LDL-SCL”™  0.731 0.769 0.529 0.357 0.555 0.471
ResNet101. [ b2 4b . A SR % H. T 50 37 1 3 AlexNet 0.480 0.834 0.656 0.262 0.335 0.343
VGGNet 0.479 0.844 0.668 0.255 0.317 0.329

3T NN 5 R O3 A 35000 B R or 5 08 ResNet101 0.467 0.804 0.602 0.355 0.581 0.392
ACPNN"" JCDL™H1 SSDL"!, ESDGCN F14 ACPNN# 1179 0.650 0.506 0.378 0.614 0.494
AKX FE SRR AR 3N TR T s 4R b 0y HAR S8R JCDL* 0.528 0.837 0.676 0.266 0.292 0.348
ZE BN 6~ QT Hih " R 1% AT S b SSDL# 0.450 0.849 0.646 0.267 0.356 0.349
ESDGCN 0.369 0.847 0.705 0.249 0.338 0.327
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Table 7 Comparison of ESDGCN with other
for Twitter—-LDL

Ik KL Cos Inter Cheb SqC  Soren
AA-KNN'™ 2628 0763 0.570 0.345 0.542 0.430
CPNN' 1.179  0.735 0.552 0.358 0.547 0.448
EDL-LRL™ 2837 0.525 0.376 0.504 0.855 0.623
LDLLC™ 1.541 0.523 0.367 0.512 0.875 0.633
LDL-SCL™' 1.034 0.515 0.430 0.577 1.447 0.664
AlexNet 0.489 0.855 0.679 0.251 0.316 0.320
VGGNet 0.501 0.869 0.676 0.249 0.306 0.334
ResNet101 0.522  0.830 0.649 0.274 0.340 0.351
ACPNN*' 1502 0.642  0.481 0.413 0.678 0.519
JCDL* 0.543  0.855 0.698 0.254 0.283 0.345
SSDL* 0.514 0.859 0.685 0.253 0.291 0.339

ESDGCN 0.408 0.862 0.693 0.247 0.334 0.328
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Table 8 Comparison of ESDGCN with others for

Emotion6

YIR7S KL Cos Inter Cheb SqC Soren
AA-KNN"™ 0708 0.602 0.538 0.353 0.356 0.462
CPNN' 0.564 0.685 0.569 0.331 0.295 0.431
EDL-LRL™Y 3.699 0.780 0.653 0.279 0.404 0.327
LDLLC™ 0.424 0.796 0.664 0.247 0.210 0.336
LDL-SCL™®! 0.405 0.788 0.637 0.268 0.219 0.363
AlexNet 0.506 0.743 0.619 0.276 0.246 0.384
VGGNet 0.384 0.825 0.676 0.234 0.238 0.316
ResNet101 0.472  0.750 0.619 0.279 0.325 0.383
ACPNN#' 1950 0475 0.403 0.476 0.701 0.597
JCDL** 0.438 0.805 0.668 0.251 0.260 0.325
SSDL* 0.400 0.803 0.658 0.237 0.242 0.369

ESDGCN 0.286 0.835 0.725 0.228 0.260 0.307
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