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Abstract: At present, the ex resgrch on speech emotion recognition mainly considers speech data collection

in an experimental environm otion recognition, without considering the influence of various noises in the real
world. For this reason, con e influence of noise, this paper proposes a robust speech emotion recognition method
for confrontational att alize classification of emotional speech with noise. Firstly, fast gradient sign method is used
to generate confrontation which is mixed with the real data. Then the mixed data is input into the defense module to
conduct confrontation attack training of the model. Finally, experimental results on the IEMOCAP dataset show that the
method used in speech emotion recognition can effectively improve the robustness and recognition accuracy of the deep
learning model.
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Fig.1 The schematic diagram of a robust speech emotion
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. generation diagram of confrontational data
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Tab.1 The network structure parameters of CNN-5,
VGG—16 and ResNet—50
CNN-5

VGG-16 ResNet—50

Conv: [5 x 5, 64] x 1 Conv: |:3 x 3, 64] x 3 Conv: |:7 x 7, 64:| x 1

MP: [3 x 3], stride=2

[1x1, 64
Conv:|3x3,64 |x3

MP: [2 x 2], stride=2  MP: [2 x 2], stride=2

Conv: [5 x 5, 128] x 1 Conv: [3 x 3, 128] x 3

WP:[2 x 2], stride=2  MP:[2x 2], stride=2 1x 1,256
Conv:[5x5256]x1  Conv:[3x3,256]x 3 [1x1,128

Conv:|3x3,128|x 4
MP: |:2 x 2], stride=2 MP: ‘:2 X 2:|, stride=2 1x1,512

[1x1,256
Conv:|3 x 3,256
1x1,1024

}x6
[1x1,512
x 3

Conv:[5x5,512] x 1 Conv:[3x 3,512] x 3

MP: [2 x 2:|, stride=2

WP:[2x 2], stride=2  Conv:[3x3,512]x3  Conv:|3x 3,512

|1x1,2048

MP AP

Fully Connected Layer
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Tab.2 The number distribution of emotio
samples in IEMOCAP dataset‘
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2% it P “ 4 s
P\

1 278 194 » 220

2 327 1 362 137

3 286 305 320 240
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5 442 245 384 170
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Fig.3 The performance of the CNN model obtained
through a single training when adding

confrontational attacks
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%3 CNN-5. ResNet-50MVGG-161&E ZEIEMOCAPL
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Tab.3 The performance comparison of CNN—5, ResNet—50
and VGG—16 models in the IEMOCAP dataset

JRTF 44 (UAR)
o CNN-5 ResNet—50 VGG-16
U ik ]H(’t;;m e
S RHE 0% MEL SO W
WA WL EEA AGR W AR
Single 0.000 0.582 — 0.521 — 0.538 —

Vanilla 0.020 0.584  0.511 0.560 0.405 0.573 0.492
Vanilla 0.040 0.597 0.460 0.562 0.369 0.585 0.455
Vanilla 0.060 0.591  0.431 0.560 0.338 0.584 0.469
Vanilla 0.080 0.588 0.416  0.548 0.334 0.592 0.437

Vanilla 0.100 0.582  0.404  0.571 0.332 0.579 0.442

4 #5i(Conclusion)
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