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Abstract

Multimodal emotion recognition aims to achieve more accurate emotion recognition by integrating
information from multiple modalities, such as text, video, and audio. However, existing methods
often suffer from feature redundancy when capturing cross-modal complementary information and
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struggle to establish effective cross-modal emotional correlations. To address these challenges, we
propose a Hierarchical Collaborative Learning framework that combines clustering optimization
with cross-modal collaborative learning. Specifically, a clustering algorithm is first applied to opti-
mize the grouping of multimodal features, together with an attention-based weight allocation mech-
anism, to reduce redundant information and emphasize salient features. Subsequently, a cross-
modal collaborative learning module is designed to perform text-guided initial learning and mutual
guidance learning between audio and visual modalities through a cross-attention mechanism,
thereby enhancing multimodal representation ability. Experimental results on the public MOSI and
MOSEI datasets demonstrate that the proposed method achieves competitive performance across
multiple evaluation metrics, validating the effectiveness of the proposed method in improving mul-
timodal emotion recognition performance.
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Z RS AR 2 B ARE B A0 BN TR R A B A S T 1A, HAZ AR S RN OCA . AR
A 22 MBS EE R R B RIS BORAS . BEE 2 A BUR R IEAIE K, BB R B
D715 CHME L R SEPR R 753K . 2RSS BOR B B S A RIS I B AMS S, RRf% T A 1 H B R S R
M5 IRERIL, FERREBEIT 2 1], MBI RG[2]. AN H RG34 5 R B BRI RV /) -

AR HAR I B M KRG BB MR, I N T BERRETUR . TURFHEAMUI I
B, 38 AT BETBOK R H g A A E I S OCE AN T, AT I 99 R AR 2 s 1 0 M I BB A Ak ) o BTN
ZIR R, AR S REE RS A T R AR R Wi I IR (4] 802 RBESER (ST AR, LA
SO RS E AL (6] B KRR 7] B 5B REE . AT, B4 Re 2SS AR £ BT
WAL S B R R, MRS IEE S 2 A = M RN R R .

2o AR AR THI I PR 53— A T ZEPRRAE T QT A7 R & AN RS 1045 B . AL SRR & 77 08
W R FH T R P SRR, KR B AN RIS BRHIE ) 240 & R A m) B B R (8] [9]. XK ITVEEAR
SCPLTET L, (RATAT RS T S S (R B N AE ORI 22 et . AR, —Sei o S5 SRR AR O S
&, HT 5 SR E MBS FRFESE I [10] [11]. 28T, BUAA SCAR £ SRS ImIEM T AL : —2 58
) 5] 25 5 9 E AP S AR R E R R, FE T BRIE RS S BrP o R = J 50 2 [A]
() 42 A B DTRR AR AL, 3 SR AR X i 215 SR T 1) T R M DA HERA [X 73 55 1 3 AT, AT R
PRSP (R R RO

TEPSRSAS BT, FETERAIN AT A ER . Ahmad 55 A[12RH3E T2 0 EIEH
WL AR N IR, Wang 5 A[13138H T B & NALZEIIAL Transformer, {2 4> Softmax pR%AE Rl
AR S . Zadeh 55 A\ [14]7F] FH 2 ANE B BSOS A 1 B8 BN 300 XS 5T BARE A [F F2
FE F3RTE TSRS AC ELAE J), ARLE QrART S S A AR P AR W ] A ST AL g T AT A et s T

Bit ik ml 8, WA T —FR 5 J2E B [F] 2% STHE SR (Hierarchical Collaborative Learning, HCL), 184§
TE SR FANAANEE RS T 7] 5 I WL RS2 T 2 A1 BRI P e o ZAESE S5 R H Transformer 4 2 AR
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SRG— AR, BEEHETAEBRRHERS R 5 — B BeR R AL S A E 73 BU Y (Clustering
Optimization and Weight Allocation, COWA), i#id K-means RRFEIEXRESAT /04, 45 BB IBE Y
BCHLHI AR REAT B A, TIPS AR TORAS BRI BOR B E R R . 55 i BOl v B RS W 7] 2 I Ak
(Cross-modal Collaborative Learning, CCL), B 5oH| F SCARHIE 5] T & WUOAALAURFIE 1922 >, Bl J5 st 2 4
FRLATREAE (0 AH B 5| S SEIUIR FE RS H.2% 2], TG 58 2 B RIRGE /)« B )5, RIS HAS Rl Transformer

BEAT B 2% URFAL Rl A AR TN o F 72 9 3 ZE DT ik B 4 -

() Bt 7 — MR RS IHES HCL, @i SRR A b F 22 ST B, SEEL T BN 2

BT

(2) Rl T ERRMAEE BT COWA, IZHPUH R FFR R LT B Re 24, IR G

ESIHUE R BERF AR, A R T U AR IR R AN [R5 18] (1 ELAME 2

(3) TR TSRS IR CCL, 1ZAR IR SO 5] 5 F AR (IE 2% S R, 3
T3 X R I B 2T 1l AR 2 o 1 B W ) Bk, AT 2R MRS B R IFIR T 2 SRR EE T7 .
(4) 1 MOSI 1 MOSEI PN 2 A8 1A 8RS L AT 7 RESLL, 455K HCL &3] 17 2457

B ARVERE, I I8 I Rl LI AT AL 7 BT IGAIE 1 AR A R AL A
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Figure 1. Overall framework
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2.1. BEIESE

K1 R 10 2 U IR STHESR(HCL) RO B R S8, A28 T P e 22 SRS 1% IR . HCL e 04
TEODRALE: RIS IR . BRI S RE A, BERESFES . fa 5H. 56—
transformer AR 48— I BRI . 5 0B IE R FFIRITCRIFHE S8R B Z 1 & RAFIE. 55 =D UT
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2.2. FHERBSEA

FIH BERT. Librosa fl OpenFace #EHURIGHFETF. X FREAMES, FRIIVRHMER R R RN
U, (m e {Text, Audio,Video}) . 3| N=AMILH Transformer, H A& AMEABEHAILE L —MEKLE token H)) .
WiE, BEAKX)IRBEGE—IRERR H), .

H = Transformer(concat(H,?l |Um ), 0, ) e R™ @)

Concat FPHERAE, WG token H, SHMIBEBA U, P, 078 Transformer 4ihid 351
SR R ITIE, AR TR RHEYERE d 4r R E N 8 F1 128,
23. BAHUENED R

AW TR IR RACN LB AT TUR T BRFRFAEAL S %8, R K-means SVEXT 40— HHE H, BEAT
BH, BB (g umy ), RIS IR

Z, = K—means(H,ln,K)
= (ml,mz,w,mK ),m € {T,A,V}

Horr z, R SRS MRERR . SR, K KRERS, 5H, MEEHHE. ETR, BEES
HUBIEE Z, A RRA, BRFFRS, . S, WAL BT, AR & %A AL B E

=N
=D, .

2

Dm = kl
Hi:lNi (>

Fob N, BRI § ARG RN, k SRR S, (mony,en) T S, TEZE BB
(manysoon, ) RO, RJF, 4 D, IS0 A ReLU M 4, MTT3RAEHM 38 B & 7 P, .

) )Sm (s ) 3)
~

P = ReLU{BatchNorm[ > D, B “4)
me{T, 4, V}
Btijm, I softmax Wi s EL, H5 B, FeHONTER IR EREW,, o ZBCEHTERHEAE D 2 HASR
ik 1A) Y FE
PK
WmK _ exp( mn ) (5)

X e(E)

PX FRA K LR, WX R K R RUE . S5, R RSN W, S Z
WU, PERUIESE F, o % L R A s 2 T A o RS PR M N2

24. BSXESISSME

FEZ SR HTAESS D, SRS IR B0M5 B8 2B B AR FRRFAE . SCARES e 8 mlE
AR B 1 AR, 5 S RIE TN TE s 10 05 AR 25 o i MRS ) A A A T S Ak
Fefly, HIERARBONR, B2 T, MR ZA IR RIS W2, A0 17— “ %
SRS G L JEEAINE " SRS R 5 3D 5K, 51N Transformer 2% 3] R JOCARHIE, SR A XIER
JINUHISEISREAS 51 3255, SCARRFEIRIN 51 SR S SRS 12 2 o ASCARRHE F A Query, 43
S AR AE F RIS SRR AE F)AE N Key FI Value, 858 ERE ST FAUIERFE o F g -
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EWy(Fw,)
a =softmax| ————
A
Hrp i FoRgI S AMBE, d, RERIIRN4ESE . BE)E, @idE = IG5 FRHE
G, =aV,,G,=pV, (7

B, BIRFHIE G, F1 G 1EHT Query, 43l 5 WUIFT & SURFAEEAT 28 R R v, 19305
PIABAMERE R o' F0 B, SEILE I S IS 2 M 2% 2] . e, i iR Z G % )2 9] SFRHIE,
LR AR P55 DR 265 F s )«

Ghper =G +'G + 'V, ,ne{1,2,- N} (8)

hyper hyper

wJn, BPOURHE F AN Query, g1 FHRE G, 1F Key Ml Value. 2 kiER B3 L
IME R R E RN 258, A A

3. CI§
3.1. BEE&E

AR 12 A8 1) 2R R 48 FibAT 75850, MOSI: ZARERMERIET YouTube 115 /%
SRIEEE, 7 2,199 MNIHEM AT BREAR . BMEARR A A3 R T B3 AR B 1%
SRR . WIZREEE 1,284 MEAR, IRUFSEEE 229 MEA, ML ME 686 MEA . MOSEIL:
AR O S E 2 IR M A MAREA, it 22,856 . BREZEEIA[-3,+3]. iR, AR I
£ WIFERNRE, 2 HEE 16,3264 1,871 Al 4,659 MEA,

3.2. FNiERR
XHF RS, 5 P45 1% 2 (MAE) R Pearson 3% 2 E(Corn)/E Pk fEfaHR. XFTF 0 2RAE5,
K F1-Score (F1)s 73 JSUENAI R (Acc-2) FI-E P HER R (Ace-7)TE NIFALTEDR

33. AR E

FT A SEESAERL 45 51 RTX 4080 GPU ) Python M55 PyTorch #47 . #tK/NEE N 64, £ kit
BEANLEME R 4 NEE Sk ERANEBEEE EEH AdamW AL 2SI ZRAE R 100 4> epoch, FRAIZES]HR Ny
le—4.

3.4. XEEFGE

PPl 5 2 /> 2 RS 1 BN B R T kAT T AL, FRR AR A G

MFM [15]: = THE R - N BE I 2RI 2 B 1 B pr s AL

MISA [16]: FI A1 25 )8 /DA A 22 0, 438 5 7 SR iy R ARG W) ) 5 25 2R

FDMER [17]: 256 AILFIFAG Gl 355 ) AL HVRE B RHAE, OO A BRI BRAS I

ALMT [4]: 51N FIERGEEA S IR, Gl 2 REESCAR 5] SR ICH FRHE -1 65615 B .
SIMR [18]: St (IEEHEES transformer %% 2] 5 U1 & LRI Z AR R, SLMEBHALE.
MUTANet [19]: 388415 1B QAFEAN 2 A1 B R R oR 5], S sl X ok

JTUM [20]: SEEBEA G ARSI ARG HFAE, RIS FIF B 3Rt a5 5, SeBls ar kR .
TMBL [21]: $2HH T B A XU RN =B G0 B LA AR 45 BB (1 HE S

5 —sofunax| TP EH) ©)
, 8 =softmax| ———— 7/
de
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PEST [22]: fd SRS HEA AN B AL R ALRE SCAS . WU BE AN 2R AR A B A JE s R], sSEIl IR R

WA H.,
DLF [23]: IRHEAER 55 5 5] SALHIA S TR 5 rh 9R9F s 5 RAE .

3.5. MEEEXTEE

F B TR RS MET B TR RIS L gE B . 7E MOSIT $#E 45 |, HCL 7£ ACC-2. ACC-7. F1.
MAE 1 Corr 75 U fe tE45 . 75 MOSEI #4i54E [, FT# /5 i%AE ACC-7. F1 1 MAE J7 T HUS f 45
F. ACC-2 Fl Corr [HAE T KL HILLMA, (HEE55T TMBL Al JTUM.

BEFTHEEER 5 (I TSOAR B 3244 20 1) ALMT AT . 76 MOST R4 |, FrgfififE ACC-2. FI.
MAE F1 Corr J7 3T ALMT, tHgk—25kr | S ORISR < (Bl PRl 2 ) A 2%t . MFML MISA
H1SIMR J7 ik B FEIE IS AN R ik T A 2 ) ZRESRHER R . XA, AT HCL RImtE, &
HZ 1 BRI RS TSRS I EAMS B IXRE T HCL 75 2% 2] B B RFIE R /R 77 TH At

Table 1. Comparative experiments on MOSI and MOSEI datasets
# 1. MOSI 5 MOSEI ##& & 2ttt S04

. MOSI MOSEI

Acc-7 Acc-2 F1 MAE Corr Acc-7 Acc-2 F1 MAE Corr

MFM 354 81.7 81.6 0.877 0.706 50.2 84.4 82.1 0.593 0.7
MISA 423 83.4 83.6 0.783 0.761 522 85.5 85.3 0.555 0.756
FDMER 44.1 84.6 84.7 0.724 0.788 54.1 86.1 85.5 0.536 0.773
ALMT 47.38 85.21 85.31 0.703 0.801 54.28 85.16 85.73 0.532 0.779
SIMR - 86.10 86.10 0.706 0.795 - 82.9 82.9 0.58 0.696
MUTANet - 84.9 84.9 0.708 0.798 - 85.9 85.2 0.537 0.764
JTUM 44.9 86.28 86.15 0.721 0.798 53.29 85.58 85.44 0.548 0.796
TMBL - 83.84 84.29 0.867 0.762 - 85.84 85.29 0.545 0.766
PEST - 86.1 86.1 0.723 0.796 - 85.3 85.1 0.542 0.761
DLF 47.08 85.06 85.04 0.731 0.781 53.90 85.42 85.27 0.536 0.764

BTk 47.45 86.8 86.68 0.701 0.802 54.43 85.75 85.86 0.53 0.785

3.6. EREERE ST

NV TS INERITHE R, % 2 5 T HCL 5 =AMRRMEFE AR 10 8 nT Il 255 B A SR AR
HF RIS B (FLOPs). FrA AL fEAH R BEAF A RO EE, S AN SRS 1 = SRS 7 511

Table 2. Model complexity comparison

2. RESRERILE

it SR (M) FLOPs (G)
MFM 3.28 0.42
ALMT 6.42 1.08
TMBL 6.87 1.15
Fr % 5.51 0.98
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% 2 Al%0, HCL IS %& N 5.51 M, FLOPs A 0.98 G, kT ALMT 1 TMBL. S5& &Kk
) TMBL (6.87 M/1.15 G)ALt,, HCL I3 &1 19.8%, FLOPs [#1IK 14.8%; SFRIFERAH AT 35
H& ) ALMT (6.42 M/1.08 G)HLL, % & FLOPs 4 HIFEAK 14.2%M1 9.3%. 45435 1 FIMEREXT LR 45 3,
HCL 7£ MOSI ##54 Eff) ACC-2 5 ALMT 5 1.59 ME 73 s, 8 TMBL 5 2.96 NME 7 AL RFTETT
AR AR S 0 BE R BUAS T AR IO PERE . SHERARI MFM (3.28 M) ARG i i A &, (A
ACC-2 N 81.7%, SP#2777 HCL 12 5.1 N H 7 Mo

3.7. COWA &R pY;RiRh SCI8

R R IR 4 BOBEERAE HCL R IGEH, I8 LB Bt AT TIH M ae . ik 3 55 —A4T
FiR, &5 REHRBZHRIL S ACC2 NI 4.2%, Corr FF&E 1.3%. IXEEN [ W] 12 B Hu i i 58 28 PG
TUARFE T FER 4 O A EE R SR AR OCVE T T RHE T AR, NI 1 2 S 1 BRI R ik

[FRF, T 3E— Pl K-Means 2R MR, ¥ K-Means BRI ok [E e @iE /0 4H. k3 56—
AR, BB B K IR BRAR T PERE, TEW] K-Means B2 H 2. X AT K-Means FAEW RS
HH 0 23 A REAE B B R AN SR G AR UAFAE , AT 250800 TU AR A B3 SRS B V) [F] e

Table 3. Ablation experiments of COWA
& 3. COWA HYHRASELE

WaRrS ACC-2 Fl Corr
w/o COWA 82.6 85.21 0.789
w/o K-Means 83.1 84.59 0.781
B I i 86.8 86.68 0.802

3.8. CCL 1RH A HRESCIE

NS IERS BT A 22 S A 2k, #E MOSI B 4R FJRoR T L BR B4R R R . SEiRgs Rank
4 IR e 245 BRI 5 502 1R A B[] 2 SRRy, WLEEE] ACC-24 F1 A Corr [T Fé. %45 RE WA
S RGP SCHLR A [B) EAMS B SO TR ORBEAE  . BbAh, KBRCARSI R )E, S RIMERE TR,
XSCHF AR 51 T BE S AR SR AR ALE ) 17 185 B SRV

Table 4. Ablation experiments of CCL
% 4. CCL HYHRESEE

WaRrS ACC-2 Fl Corr

wi/o HhEl % 2] 82.5 83.35 0.785
wlo AT F 83.4 85.7 0.796
B2 86.8 86.68 0.802

N — B FA R G FEESHFZ, £35S b 7 S AR E N 5 RS HROR . 4 A
AN G FREASE, AL ACC-2/F1/Corr 435l T FE 5.9%/5.4%/2.9% . 448 FHALAIE N 5] FAEASET
FHRL T BEA 5.1%/3.6%/4.1%. XFLLE5 SUE R, 8 H USSR A 5] SRS R R I fE . X
AT VAR T SO A HL B SRR AT 25 FL AT 5 w3 15 S5 % R AT T

HNIRRBMZE, LT 2 2. 324 ZWIEZ 4. Wik 6 Fios, 3 JZ1hE %) g5 pkur i 2
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TRamE MR

Rfidede, Rft 1 imR) ACC-2. F1 M Corr 704, X ATRER A 2 JRA I TR R 78 70 22 L

M 4 J= 45K ELARRENB A 3R SR AR IE R &R, (HP B G .

Table S. Effect of different guidance modality
= 5. NESISESHRMm

7k ACC-2 F1 Corr
ARG F(R) 86.8 86.68 0.802
BT 81.6 81.96 0.778
G 82.3 83.52 0.769

Table 6. Effect of different guidance layers

F* 6. TEISISEHEM

Jitk ACC-2 F1 Corr
22 82.3 84.7 0.756
3RER) 86.8 86.68 0.802
4% 84.7 84.66 0.792

3.9. $HERS AT

B2 B TAEHAIAE ] COWA BB AY/E MOST a4 B IRHIERS AL . i FH COWA iR
REAE RS epoch HRSPRE TP, AR E R R F BRI, RUIA R T ICRIFIESE TR EEMWIZ. A
EEZ T, AMEH COWA b s R RS E 7R B IR AT, e 17 R B B U AR AR BRI 2R X 20
REELERRE | COWA BIBERE IR DB RAIE . FRARNE P MR i B oR T R

N w/o COWA
mun COWA

10 20 30 40 50 60 70 80 90 100 110 120 13.0 140 150 160 17.0 18.0 19.0 20.0

Epoch

Figure 2. Feature entropy analysis
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Figure 3. Visualization of attention weights from the audio modality under text guidance
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Figure 4. Visualization of attention weights from the video modality under text guidance

B 4. XASISHEENNETAL

r I TR)25 F S5 SRS IR R — BB S8 (05 U5 2, AT G e 75 T SR 5 SO X
o MLLZR, [ 4 R E AT NS, 2N (R0 R AR ACGE XKLL th), KWL
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3.11. AEEFHERTE AT

B S 45T CCL BLH A ANRRFAETE = 4E 75 1A t-SNE Al AL SE . T RLE B, HRHIE- 5 MUATURHAE
FE SR AR R 25 (0] PP A AE WS [ B, R RP RS I 0 A Z2 5 K RIS P AR AEAS s 1 8 J ) A
W T RS WIRIEZREE. 2T, MS R MR GRIEERR G, ZIH R SE RN, IF

fE e R L T RS USSR LR 0 (X X 2RH] CCL ML RS i I s D B 49 1 22
S MR A A R G — SRR 2.

100

Figure S. Visualization of different representations

B 5. NEHHERRHI TR

4. LRIE

BRI T —Fh 7 JZ VR 2 SIHESR(HCL), Sl SR AN AR 25 W 7] 25 ST WL S R0} 22 12175 IR
Bk . IR A TR S 7 BU(COWA)Y B AN ES A W A7 >J (CCL)REAER, 207 75SE8L T &4
HURTARRE I R Un o SRIREE SRR, HCL fEFEHERUR & Ll il s U VA Ik RE,  HA R AA A
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