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Abstract; To address the problems of insufficient research on modality complementarity at the feature extraction level in existing audio—
visual emotion recognition methods,as well as the traditional methods” inability to fully exploit the complementary relationship between
the audio and video modalities, we propose an emotion recognition model based on Kolmogorov-Arnold Networks ( KAN) convolution,
multi-scale feature extraction, and cross—modal attention mechanisms. The model introduces KAN convolution during the audio and
video feature extraction process, capturing emotion—related features at different levels through multi—scale convolution kernels. KAN con-
volution models the nonlinear patterns in the data using learnable B -spline functions, thereby enhancing the model s ability to learn
complex emotional patterns. To improve the complementarity of information between modalities,a cross—modal attention mechanism is
adopted during the feature fusion stage. This mechanism effectively weights and fuses the audio and video features, allowing the model to
better capture the interactive relationships between the two modalities, thus enhancing emotion recognition performance. Experiments on
the RAVDESS dataset show that the proposed model achieves the accuracy of 75.62% and the F'| score of 77.23% ,significantly outper-
forming traditional methods. The study demonstrates that the proposed model exhibits stronger robustness and adaptability in multi-modal
emotion recognition tasks, providing a new and effective solution for audio-visual emotion recognition applications.
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R 34 015 AR AL T e 6% O v A5 b il 41 B S

3 SKIRTGHE

X4t 2 RUBE KAN £ F1U 5 5 B3 11 2 0 1 A
Wi 28 UM BRI AE A TP AR S RAVDESS bitf47 T 58
5, JF R AR 0% (Accuracy , V..., ) Bl F, (EVERIT
PR PEAN Tk IR RE
3.1 XEEE

RAVDESS 445 4 4 /> it 51 ¢ il 6 A~ W04 ¥
G BB E R 3.6 B, X R FHFEIKE,
X FE AL EL, T 10 4> Mel A50R 4803 2 50t 17k
—AbH XS N 3. 6 RPN h ik B 15
ANEES 3 A BT, D ARG 0 B 3 ok K BT i 01 1Y
oo MG /INJRIEE g 204 %224 12 2%, 1% SCHE R IR 10
15 WORRAR YIRS AY 1% SOK7E AffectNet ™ 45 5
EFSEYIZE OpenFace A TR %, W 508 0 M U1 45
£ BIEEMMILE, RS S5 HE N SR A SEEE
B, B T 4435504 A~ 5
HHATEAE, 16 2 5 #H TR, I TR
i S IEER, AEBE 4E RN (0,1 ] R, I (8 Rl
MUAKT- Bl P BEATL R e A T B 1 it . P A S R
FH SGD #47 100 /> epochs FII 25, 2 3 %9 0. 04, 5l
0.9, FEZH N 1e-3,
3.2 FfHIEtR

PSR R % (Accuracy , V..., ) FF, {EAEA
TEAEFEARPEY T MKCC ik itk AT .

N, + N,
VA('(‘urax:v = = = (12)
’ NTP+NT\I+NFP+NFN
Foo2x(PxR) (13)

! P +R
KA, Nyp Ny Ny Ny 73508 TP TN FP FN 4 %L
i, PRKER, R A bR
3.3 XftEEIe
TEAWT S 2RI 55 1, X B A MKCC A8 i
177 Z 000 b9 LIPS HAERE
# 3 RAVDESS # &£ L 2% %

B Accuracy F,
3DRexNent50 62.99 63.02
1D CNN 56.53 58.34
Averaging 68.82 68.57
Concat + FC%! 71.04 72.56
MMTM 26! 73.12 73.37
MSAF!?] 74.86 76.95
MERC! %! 75.57 76.89
MKCC 75.62 77.23

KT 32 3 nJLIAG Y, SCH R 4545 A LE AR S G
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25 /%% 3D RexNent50 F1 1D CNN K43 4 i 17
12.63 43R A1 19.09 H4rpi, 5 R WRENG JrE A 1,
SO B HERG RAEE T 4.58 T4, SR &
AR PR T 6.80 H 43 s, 5 MMTM AH LL 42 T
2.50 A4y, 5 MSFA MHHLEER T 0.76 B s, 5
MERC A T 0. 05 H 4085, F, {EAH EH A 7
WA T,

SCRAIER , 22 R KAN 25 AU 1o 334 5 X 0 W A5
A 2 FE R BB ), A RGH R T S I aE 2
() 5 R 0 B0 22 B AE . A BT T, 2 R KAN
& BB SR R IO 3 b i 5 BRI T 22 AR 4k 5 Bl
TR G b, PHR A e 55 IR ) ) TR 3 19 AR A s AR LB T
B A R A T[] RUBE (9 1 S AR AE, R S
B A DG JRy 8 X3, AT B T T R AR A RS

AN | BEAEAS T T AL RE % AT R AL B 25 KA
FER T RS T A ) (] S 2D Pk P L, A 4 PE TR R |
B AR B3 R — /N BN ) 77 3 55 A 1 SRR ik )
BONFESE, BB RUSE B AL BRI RE A 2 R
JEERRAE rh 3 SRR 2 B[] A 52 4[] 25 AR IR BRI — 30
S, DT BEAS M b AT 17 & A R A SR8
3.4 HEAXI

MKCC X £ 53T CNN R ik ik, o T3
TIE A AR R A AR B A S ) 182 9 S K L A
HERLHCZ J5 B, N3k 4 B .

%4 7 RAVDESS ##%4& Loy ilia L4 R

Y BRWAS Accuracy/%  Fy /%
CNN 56.53 58.34
KAN — 72.21 74.24
KAN () +Attention 3x3 72.35 74.40
KAN( HLRUEE ) +Attention 5x5 72.40 74.50
KAN( B REE ) +Attention %7 72.45 74.60
KAN( SUUJE ) +Attention  3x3, 5x5 74.10 75.80

KAN( WURJE) +Attention  3x3, 7x7 74.20 75.90

KAN( SUJE ) +Attention 55, 7x7 74.25 76.00

KAN( £ &) +Attention 3x3,5x5, 7x7  75.62 77.23
MR 4 g g Rl LUE L Z S CGR IR T 2 R
JE KAN R RIE RS 10 2 T AL A 17 & R 0 52 A A
RAVDESS ##i4E [ UG 1 iy tEae e+, Bk
F AT LS CNN AL T A KAN 53 5 1858 i) o
R M 56.53% $2TF 2 72.21% , F, {E M 58.34% $& T+
2 74.24% R W] KAN BRTE AR e M Ap Ak 42 17 i 1Y
et L5l AZ REEFRESIRS , A [F &R A
G RO T RIS R E A R T, o 3x3
5x5 FlTx7T BB H G WA T BAERCR i %
FF B BB 75.62% F177.23% . BLAb, BRI
TR ALH L E T T S PO 18] 19 2328 BAOR | i

— AR TRRE LA A e XS ZE LI T 2 R
J& KAN & RS54 558 1 B LG 2 B 4510
SR AT R
3.5 EBMxE

PR PRSI0 | 30 e X AR LA R A T AN
R LA, WS T AR R R B S A5 BAS A 15 00 T
(RN, LA B HAE T 175 45 R AT 45 b ity 17 4 A
FasE e, FEH A JZ 20 590 X 5 A0 R AR 4R i I T AR
WEWNER o MW EN 1-a, B AFRIEE X
.

x=aXy+ (l-a) Xz (14)
o« ROREARHE , y TR T IRAE | 2 Fom U AR
fiE o, A o WHBUETEFE 4 0.0.25,0.5,0.75 F1 1,
DA AR (2 0 =0 B a =1 W) FIRLIT B4 (24
a=0.25,0.5,0.75 i) (B FEREACE(E T 2EFT
M, iE SRR A Accuracy Fl F, {8, LAPEAS AL AE AN
[Fi) 35 MRATASE A T2 & T AR

%5 7 RAVDESS ##%%& Loy & LR

A ERAE  UMEANEE  Accuracy/% Fy /%

0 0 1.00 73.50 75.52
0.25 0.25 0.75 74.10 76.01
0.50 0.50 0.50 75.62 77.23
0.75 0.75 0.25 74.80 76.80
1.00 1.00 0 72.80 74.85

M S SEEGLE R AT LA Y, SR R A E R ]
WRSACE 20 & T RIS e RE N, B
PRI, FE BRSSO 0 (A3 A sl A AT )
BRI MR AN F AERAT TR AR DR T 1 15U
B S MAE Z B Al A B8 b R i) 2 3 U AR
AE Y4 iy A (AL E g 0. 5) I, B 580 36 30 A 4, 3k )
75.62% WIHERTR A 77.23% B F, Al X0, SCrpis
TR TR (5 BB 15 DL T MR AT 3kl 1 4
FRAE 5 B T B AL AN 2 RO KAN SRR T
HlSE T AR R X 22 MRS 4 R BT S5 1 R T R AR
FEME,

4 LERIE

WOCHR T — R 2 RE KAN 2815 B8 A5
JTEIRRIT R 25 PR B R (MKCC ), 2245 70 5 i 4 31
PSR T F8 025 18 T AR Z [ i B AME B R
BB AERSTA 2 A 4% 33 DG B A . I BB AE B MBS Y
PR T A RO RRIE S L, T3 58 R SCRFIE A R iK 5
fLibfie ), ZRE KAN BG5S ARG THERBR
LI R R i R RICR R S A 3 1Y S A
TG D7 s BAR R ST R M A, 7 RAVDES
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