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A highly-elastic multimodal architecture for speech emotion recognition
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Abstract: Due to the highly abstract and subjective characteristics of speech emotion recognition itself, it is extremely challenging
at the single-modal level, which has led to an increasing number of explorations of multi-modal methods. Most previous multi-
modal studies have focused on improving recognition accuracy, which has triggered the uncontrolled growth of model scale.
Especially after the rise of deep learning, this demand for resources has limited its deployment in many application scenarios. From
a new perspective, this paper is committed to the efficient utilization of multi-modal information and then proposes a novel highly
elastic architecture. This architecture allows for the construction of complex multi-modal models in an extremely simple parallel
manner. Regardless of the input modality, it can freely and flexibly combine different models and can incorporate multi-task
models. At the same time, a method for explaining the effectiveness of this architecture based on probability distributions is
provided, and the conditions for making it work are clarified. This architecture can make good use of multi-modal information and
has achieved an advanced accuracy rate of 83.84% on the IEMOCAP dataset, which is an improvement of 4. 93% compared with
existing multi-modal methods and an improvement of 7.22% compared with single-modal methods.
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Fig.1 Multimodal (left) and multi-task framework ( right)
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Fig.2 The overview of proposed architecture
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Table 2 Comparison results of different methods
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Table 3 Results of interaction mode

PLs ACC A UBP loU
Baseline
S1 76.62% 3.29
S2 73.59% 3.25
Tl 70.02% 2.21
T2 68. 0% 3.58
MO 78.91% 2.35
2-cross
S1S2 78.55% 2.24 84.63%  73.24%
SI1T1 78.96% 3.35 88.17%  64.01%
S1T2 76.51% 2.07 87.55%  60.51%
SIMO 80. 73% 2.46 87.45%  73.49%
S2T1 77.99% 2.89 88.68%  59.41%
S2T2 76. 04% 2.01 87.92%  56.22%
S2MO 80.36% 2.6 87.57%  70.15%
TIT2 70.3% 2.63 78.64%  T72.18%
TIMO 79. 86% 3.32 87.39%  67.89%
T2MO 77.01% 2.6 87.05%  63.34%
3-cross
S1S2T1 81.15% 2.53 92.47% 51.8%
S1S2T2 81.2% 2.44 92.17%  48.72%
S1S2MO0 81.19% 2.72 91.08%  61.21%
SITIT2 77.38% 2.16 91.03%  51.53%
S1TIMO 82.45% 2.39 92.51%  55.19%
S1T2MO 82.23% 2.15 92.2% 52.33%
S2T1T2 77.49% 1.94 91.39%  48.05%
S2T1MO 82.5% 2.51 93.02%  52.25%
S2T2MO 82.42% 2.29 92.81%  48.47%
TIT2MO 77.51% 2.24 90.24%  55.38%
4-cross
S1S2T1T2 82.91% 2.33 94.19%  42.37%
SIS2TIMO 82.65% 2.37 94.72%  47.64%
S1S2T2MO 83.28% 2.2 94.53%  44.33%
S1T1T2MO 83.28% 2.28 93.96%  46.97%
S2T1T2MO 82.39% 2.27 94.51%  43.34%

5-cross

— 83. 84% 2.13

T A LIS AR UE 2 s AR AR FZIEARAE M 51 R RE A, UBP
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95.81% 40.13
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Table 4 Result of synchro mode

PLs ACC A

Baseline

S1 76. 62% 3.29

S2 73.59% 3.25

T1 70. 02% 2.21

T2 68. 00% 3.58

MO 78.91% 2.35
2-cross

S1S2 77.31% 3.25

SIT1 78.45% 3.44

SIT2 74. 11% 2.47

S1IMO 79.78% 2.59

S2T1 77.06% 2.78

S2T2 74.26% 2.70

S2MO0 79.37% 2.72

TIT2 69. 44% 2.92

TIMO 79. 10% 3.34

T2MO 74.28% 3.30
3-cross

S182T1 79. 94% 2.75

S1S2T2 79. 69% 2.55

S1S2M0 79.70% 3.09

SITIT2 76. 06% 2.00

SITIMO 81.47% 2.89

SIT2MO 81.00% 2.21

S2T1T2 76. 15% 1.78

S2T1MO 81.25% 2.61

S2T2MO 81.05% 2.19

T1T2MO 75.97% 2.28
4-cross

SIS2TIT2 80. 79% 2.26

S1S2T1MO 81.33% 2.65

S1S2T2M0 81.59% 2.60

SIT1T2MO 80. 94% 2.49

S2T1T2M0 80.91% 2.14
S-cross

81.98% 2.51

BT 2L, AT 2 A5 J7 kb A
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HERfR  H SR [E LS PL ALA M L, B/ ToU
(B8R IA, 1T, S2 F1 T2 (4 ToU (56. 22% ) G5 T
5 MO &R ToU(48.47%) .
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