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Abstract: Multimodal intent recognition (MIR) is a critical research for understanding human intent in the real
world. It aims to judge the speaker’s intent through multiple modalities including language, visual and audio modalities.
However, existing studies in MIR primarily focus on constructing multimodal semantic environments for textual data, while
the utilization of rich semantic information in visual and audio modalities, such as action and emotional semantics, remains
insufficiently explored. Despite the visual and audio modalities carrying intents-related semantics, their inherent redundant
information and noise hinder the effective use of these modalities. To address these challenges, this paper proposes a more
effective MIR model that better leverages audio and visual information while suppressing redundant information. The pro-
posed model understands the speaker’s intent by constructing primary semantic features that suppress redundant information
and guiding the learning of intra-modality and inter-modality semantic associations at different scales. Based on this, the
model leverages the potential intent consistency across different modalities and pair audio and visual representations with
textual features, which contain more explicit intent-related semantics, to filter out irrelevant semantics that cannot be elimi-
nated by intent recognition tasks. Furthermore, the model uses multi-modal fusion gating mechanism to integrate intent se-
mantics from different modalities. Experiments on several datasets of intents understanding tasks show that the proposed

method can effectively extract the modal semantics of audio and video and filter out the irrelevant semantics of intent recog-
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nition, and outperforms the existing MIR methods, achieving 0.7 to 1.8 percentage points improvement in accuracy (ACC),

precision (P), recall (R) and F, score (F,).
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he%, e 4 a2 B E T MIRATE 55

$=/,(BERT_Encoder(Zy,)) (28)

N

LOSSient == >, Yintent In ~
Z‘ >G)
T L oSS pyen 72 75 2 L HUM B 3532 5 £.(¢) Fe7m 43 2 o
B B P T A O RN 22 LS LX) 2 ) B A A AR i —
AL AL AR .

Loss

exp (V)

(29)

= LOSS o + LOSS 11 + LOSS 1y (30)

total intent

4 KBWHERSHH

4.1 HIEE

MIntRec ® & — MU 55 2 224 /> 5 o REAS () 2245
A URLEE B EHUNER AR, 5 20 D BRI SCA |
T AT RS A5 K00 , TR0 32 I 28] L 2% 1, MIntRec
BRE A G T EOE DL 2. YIZREE 58 R4 MLl AY kb
fiA3:1:1.

MintRec2.0"7 & — A~ KBRS (1 MIR B30 45 | 40 4
1 245 %G F 15 040 4~ B3 Bd . H rp i Bods A
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F1 MintRec #HEE RN EEE S LMBERE

TiH RERE fik R
Complain FEIRNSHE N R AN
Praise eSO YN == AL
Apologize XA (1 A R S
Thank XAl 25T B AR O (S R sl A 55 T A 7 o b s igags
Criticize JE PTG B R
BN IRl A Care PN YNTPOE R LRy
Agree Xof B R R 2
Taunt i FH R R 25 SR O TR A%
Flaunt S A C LRSS . S
Oppose IR AR —F
Joke TSI ST
Inform VRGBT RS S
Advise PRI
Arrange B UEH e =
Introduce 1R YNINLEZ RN 'E| ¥ =27
SERL H R Comfort JHEE il Ek RE e i v
Leave ETTRA 7
Prevent (e YN e
Greet TERF 38 s R A 1 1) 3 sl A AT
Ask for help TR S Bh
FR2 MinRec HIBEMGITER 4.2 XttbiER
T H Gei A T ELR M R BT B S AR AR A, AR
BRI R 2 — FR I EA 770 MIR B A7 LU, A T 1 1]
VR BE P2k 20 X b2k > 5 2 B i AL R Y (Temporal Contrastive
PR Berty 2t /B 2224 Learning with Multi-Attention Pooling, TCL-MAP) . 3 F
SORIARTD iR 15 658 U5 U 9 X6 i 4T 4 58 T HE 42 (Semantic Distance-
Iz’sffzzjfffiﬁi/ﬂ 2750642 based Interaction Framework for Dialogue Act,SDIF-DA) |
WYY s . e SN e N e .
R BT K > 38 A M 7 2 BB Y ( Cross-Attention Graph Convolu-

MiIntRec H A EUR A E 5, I HAHE T MIntRec £
£, MIntRec2.0 2 1% 30 R EI 2] . I ZR4E (B uE4E Al
LR L BE 72122,

MOSI (Multimodal Opinion-level Sentiment Intensity
dataset) 2 < T B AR A A 2 4R 1 — > A IRk
SRR AR IZ 85 A M YouTube - 93 4352 A 97
FIALA E AR BRI . 535 A 2 199 00 1 Be, H:
N ZRAE B0 TR SR AN 5350 5 47 1 284,229 F1 686
AR B

MELD-DA"™ & MELD i} & () DA (Dialogue Ac-
tion ) 38 W RRAS , & — A 0 35 AT R 23 BT A R AR
Bl e . 2B R A4 9 988 N RLEMEA  TE 121
T BR AT bR 2 v BEA TR YRR e A A ik
AT 122,

tion, CAGC). BRILZAN, i F IR AR &5 B 1) 2245
A A Tk LSRN W 25 (Cross-modal Embedding
NETwork , CENET) Fll 22 15 3541 55 H & W % >J (Adaptive
Learning for Multimodal Tasks, ALMT) 55 58U {1y 448 8 gk 47
LG . XS ORI 230 R

ZFEA Transformer (Multimodal Transformer, MulT,
2019 ACL) ' FIl I 5 S5 25 T2 B S WL R T A A =2
(8] 14 T B 2., Il Transformer 2245 FF1E .

Z WS 1 = 1 1] ¥ BERT (Multimodal Attention-
based Gating BERT, MAG-BERT, 2020 ACL) ™" i i 5%
FAT LR 2 RS S5 A 7 — i, {153 BERT B AU BE
I BSTIA .

Z WG B F 45 8] XF 5% (Multimodal Information
Subspace Alignment, MISA, 2020 ACM Multimedia) B2lyg
2 RS B WL IR B AN [R] (9 R AE 1 25 ], O Jl i 45 5 4%
T 2 RS (RIS 25 R B 461 2 A 285 ol A4 % ) LA~



2014 H, ¥

EE 2025 4F

SRS AN AL RIS 5 B ARFALE

CENET (2022 TMM) 4t A CE 58, i 32 4 40 3¢
A AU B AR LB TE 5 R AL ok I 5 SUAR SRR

ALMT (2023 EMNLP) “* 5[ A [ 3 I #8455 45 2% 2
(Adaptive Hyper-modality Learning, AHL) Btk  fFiES
FRIEAYHE 3 T DAL A E AR rh 2% 2] B SRR

AR B4 R A Transformer fill 5 M 2% (Text Enhanced
Transformer Fusion Network , TETFN, 2023 PR) "'~ > i
[i] SCAS (8 B0 B AR WL, DASRAS A 3L 5 — 23S
FR .

AR 2 B R s 5l G 7 1k (Effective Multi-
modal Representation and Fusion Method, EMRFM, 2023
NeuroComputing ) *"EE A 25 4% 5 1) 45 o 2 [A] f AL 52 7
23 8], e T 2 LR e A RS A

TCL-MAP (2023 AAAD 5 ABEZS A b1 i K 2%
) MRS S BV TE T8 SCRFAE 38 3 35 T AR RLBE fr A5
AN T NS AR TE B P il S 2 B

BE T RS X 5 BN 2 S B BRI B R 22 )
(Prompt learning for Multimodal intent recognition with
modal Alignment Perception, PMAP, 2024 Cognitive Com-
putation) "R H I TR 2 2] ROBTHR , LI SCAR IR,
T B RS RT 55 R i AR ) Y A — S

CAGC (2024 CVPR) M — A 1 F SChE s i 4
JRRE T TR - B4 R B R SCRHME , O 2
SRR .

SDIF-DA (2024 ICASSP) **'F FHl Chat-GPT %} 3 4
RS EE HEAT 38 0, 32 H i VAR Y B RS 52 L 45
MEREEZHEEFER.

4.3 FFMNHERR

7E MIntRec B0 46 |- 2% Z i TAE A8 4r ok Ji2
INEESE L GE R DU PR bR PPAL 45 AR R F A (F,
Score, F,) .1 1l Z& (Recall, R) . 4 i & (Precision, P)
{6 A1 ACC . 7€ MIntRec2. 0 R4 |, 2% Z /i T.
VE 6 A T R BB A ACC{E R AE B F {8
(Weighted F, Score, WF ) FlI AU i B2 (Weighted Pre-
cision, WP){H X Fb 32 5625

%f T MOSTEUE 8, A SCBAR 2 /i (9 TAE 1 H5
TR AR R (ACCuracy for binary classification, ACC-
2 F, £ JEUERT R (ACCuracy for seven-class classi-
fication, ACC-7){H . JZ /K b 48 3¢ £ %4 (Pearson Correla-
tion coefficient, Corr) FlF- 34 44 X % 22 (Mean Absolute
Error, MAE) 3845 5K e /R 253 . X F MELD-DA £ 45 4E
G 2 B AR SR A M, ACC{E R . WF, {E
WP (A X FURERIZE S
4.4 LWigE

TEFT 4 ) AR AL Y )2 R Ak 1 S 2] b T R

T8 B R 8, R EUE M S8 d B E N 16. W)
il SURRIE R AR IC K B R 8, J2 IR AKTE 24 2
KRB BN 3.

R TR L SR 25 S L RLAE MIntRec $504 £
FAEH Hugging-face & H1 1] bert-base-uncased F5 1§ 32 Bt
SCAHRAE 5 PUATRRAE S HR AR A [ R A 2 i 1A
PRFF—3 . BEEINGRAIR /NN 64, Bk Aol AR ft vk
K/ 32,48 F AdamW AL 28U 25, 3% B2 2] Ko
2.5 x 107, B I K /A 0.03.

FF MIntRec2.0 $dla 4 b REAR LRl T4 i3 E 45
HU FH bert-large-uncased £ B BCSCASARAE , H 35 #00
FRAE SR B AR P — 2. BN ZRAtt iR KN R 64,
6 I 1 2 L K/ 32, 18 AdamW 4k 25 I
Yk IFBEE SR RN 5 x 107, KU R R/ A 0.03. %
T IF PSR AR AR (1) S 06 45 T, S 6 A 88 < Hoag S o6
WSHE .

4.5 KWERSHH

PR 1) TAE 2 [R5 FH 9 800 46 2 MIntRec, R LA
SCHE XA A5 X H e 22 10 i R AR AR 5 T U &2
Bl A B . BEAh , AR SCHE 3 BT 55 #H X 1 MELD-
DA .MOSI Fl MIntRec2.0 £ 4 4 I 5 X SeBE A AT T 4
XTI

MiIntRec 5040 45 B 45 S 26 3 iR, I = AR 038
ARG R, PRI AT OGS R . P4 B AL AR
e =R AN SO O A S 7ie B B i R/ N B O
AR RLE ACC{H _F 47 0.90 4 0 5, 7 F, B4R
0.78 N H 43 s, TEPAH L 4E = T 1.84 N H 40 i, fERE
FARE 081 N4 A

3 MintRec H#ESE E MIR FIEEMRLE R T2 %

H Y ACCTH T F.1 P T R T
TEXT 70.88 67.40 68.07 67.44
MulT 72.52 69.25 70.25 69.24
MISA 72.29 69.32 70.85 69.24
MAG-BERT 72.65 68.64 69.08 69.28
ALMT 71.01 68.77 69.54 69.90
CENET 73.48 69.88 70.48 69.99
PMAP 72.94 69.64 69.66 70.39
EMRFM 72.58 70.46 71.90 70.45
TCL-MAP 73.62 — — 70.50
CAGC 73.39 70.09 71.21 70.39
SDIF-DA 7371 71.58 72.43 71.21
OURS 74.61 7236 7427 72.02

INFE 3 AT, CAGC F1 SDIF-DA S B A SC A i A
AU S B 2 B AR . MISA AT EMRFM 3 3 A
[ B9+ &6 11212 (Long Short-Term Memory , LSTM ) % &
Gt 2 7E I 723 RV RA A 45 i) HR 6 AS [ AEAS 1A 7



o6

RINIETZ AL — BT S ] i 2 RS R R 2015

AL o) ZRUSEAE . A, EMRFM 48 H —Fol SoR
BEAAE A 2 BRRAE (%) 13 2 1 Rl G ML, BE A% A A5 X
O3 N RIS 1 BTk, DA T 76 38 R A5 b A B 4y 1 3%
B A X T VA AR S RAE T 1A DR R (AR IR
SOCFR Ty H i AR TIRAIRER . PMAP 8@ 21 B SCA R
FNEF S ARRR , LA ai T U 24 R A B SCAR R,
T 3CAR RN E 2B TR UL () % 57 [R]85 SDIF-
DA W H 35 0 5B (R $ e 3 i vk, 34
SCARBLAS WAL, I LASCAR SR ot AT LS X 5% 5 il
B X SRR TR R 2 AR B AR e R B A
B 555 Fl A AL B K B8 78 70 A1 H & B S vh
B w1 UE B . CAGCIEE R, P58 A ATAR 2 2 It
B i O SCAFAE AR DR, G e 4 EL A A LT
S IR HE R B SCfE R > E]
T 2% . SR, J A8 AN ) A0 000 A Y8 ) & LA 7E 1 ¢ L A
(O (SN i SR RN =8 7y s W N [ B o = TR
B LRIRAFEZE S XA — R F IR T & KR
SRR

AT I MIR WF5Y AR T o 5 T SCARBES X 55 5
FRAERL A, (0208 T PR & BB T 1 ORI
T 5 I RS T ) T AR {7 8 R BELAR A K
M LR IR DL R S FoR i — DG 5 X 55 . Brde
HB RS R SRy AN [ A2 g R 00 ) TO A R AE B9 R SRR
I E AR TE S SRR RS N AR TR SR R L
e FR 5 AT TG A R B kg B A 8 SCAS B2 R il o, 2t
TOARTE MRS e F Z RS RA RO . R, 76 Mint-
Rec B4l 4E I, T th B IUAS e (IR

TE S AU ) 2 PRI TR B804 4 MIntRec2.0 | (19 %)
b SR S5 SR N2 4 firoR , Mo AR AR R B AR 25 5L, T 4
AR R GE R . A SO S R AR A 4 K 28048 45
LIS . I, 78 ACC A b AH Ho W P B A0 2 155 0.34
A SR TEWE A 4R 0.87 AN E 4305, fE WPAE
PER 1.00 N E 40 A, E R B4 0.90 N EH 43 AL 7E
MIntRec Fl MIntRec2.0 £ di 4 b FS e (1 52 56 25 J 15 ]
P2 Y AL RILE MIR AT 55 b, AR AR T HA B R B A BT 4f
Bz AR . H T MIntRec2.0 J2&— AR 808 Al R AR
B AL B 1Y MIR 98 7R 125008 48 L I e i) S 0 245
B DR AR S S R SRR A ) SR A
MulT . MAG-BERT LA J FF U 1Y) MISA , CENET 1 ALMT
ERIRIEATXT L

MulT #8258 17 Transformer J& {35 A [7) B [A] 25K B £
BT 9 8] 09 AH AR B — PP i R o) — R
A, 0 RS ERAE . SR, Mul T Ak — 2 H OB 2538
KF il H A B 7E R B s 4 L AH X T B . T MAG-
BERT 154 2B A% 145 )t Sl SO ST ), 42
P PN i B v 5 R B A DG 2R, T TE 2

F4 MIntRec2. 0#EE EF MIR IE{FER BN %

R ACCPH T | WEMET | WPfa?! R 1
TEXT 59.30 58.01 58.85 51.31
MulT 60.18 58.82 59.38 52.56
MISA 60.90 59.47 59.20 51.87
MAG-BERT 60.45 59.36 60.49 54.07
ALMT 58.09 57.67 57.59 52.23
CENET 60.65 59.40 60.47 53.55
OURS 61.24 60.34 61.49 54.97

AEHRAE E AR RS . ALMT #5503 52 A4 1 A SC
AR £ P AOR R EBCSRAE . SR, 72 LASCAR
h T A B AR IS R G AR S A B, AR g
TR H R TS B UE R, B A
FEAF A R R AT 55 (R R BT W . 76 T 42 H i 4 8
3l A 25 A AT A ST bR RN R LR S R i 22 IRORE AR
BE2- 2] TRIBMER , LB TS LT XFER.
CENET 5% 1 38 3 Yl /)N SCAS TN SUABUAS 25 22 18] (R 00 4
MZES AR T ZHERG I3 T SUARBUR IS 58 5
AT ES O RAE , M FEAS [ Bicd 4 e Bt €21

SFIEAT K43 AT 55 1 B B9S24 HE 630 A AE XHE 22
TR R S T 2 AR AR (A R 7
MELD-DA %45 45 b Mt A i & KRB R34 T L
a5 RNE SR I F AR R LS R, TRl
REFWRMEZE R . ASCHE BB AE ACCHA RME It
W5 5 0.76 4~ H 43 »5 F1 151 A4S H 43 4, 78 WE
FTWPAH 23 51 LR AR 25 5 &5 1.00 1~ 43 S F 1.20 4>
[ER: 9=

£5 MELD-DA#BRE FHBELER BT %
T ACCMET | WFME T | wPia? RE T
MulT 60.36 59.01 59.44 49.93
MAG-BERT 60.63 59.36 59.80 50.01
MISA 59.98 58.52 59.28 48.75
ALMT 59.71 57.90 57.90 50.93
CENET 61.26 58.74 58.91 46.24
TCL-MAP 61.75 59.77 60.33 50.14
OURS 62.51 60.77 60.53 52.44

TCL-MAP B %7 MELD-DA Bli4E |05, %
(CRBCBUR (e YIS WD Ol s = 3 AR =% SRS N ]
R 1 SCARFRIRAE T . IR F AU R DI 2]
2 2 WA AR TC R AR B SCA B R ) A LT Tk
BB 7 ), ELAG R A RS R R S L SR, TCL-
MAP {758 Bl 2 X6 A0 A5 45 AF P9 3 0 S TR A BB,
BAEZAFE bR LRI S S A

kT U PR AR TR ek N A TR T TR A U ) A AR
P, 7E CMU-MOSI I 5 2 U5 DL R I8 o3 AT e
HIPEFTXF F . HyCon , ConFEDE Fl1 self-MM #5 5 52 56 4%



2016 H, ¥

EE 2025 4F

YR A SCHRL10]. 85251 a3 6 o MU SR R fe il i 45
R, T RILACKRIALEE R . A AT B B R A
RSP H AR AR T T AT 55 b L RE AR 75 1k
ALK AR TR Y AR MR AR AR 2 R
T SOR R BRI 2505 BRARBOE 5 . BRI
AR RIS, selt-MM A I Sy BLAT ARER A A 20 1 A5 1 Ja
oI BT RIS A 22 T b b B AL DL ROR: , SR T, self-
MM SR A5 5 114175 TR PR A 28, DR IR I i IO 2
FIRIE S L

F6 MOSIHIEE FHBAER T2 %

H A ACC2M6 1T | F,T | ACC-7fH T | Corr 1 | MAE |
MulT 83.0 82.8 40.0 69.8 | 0.871
MAG-BERT 83.5 83.5 42.9 76.9 | 0.790
MISA 83.4 83.6 423 76.1 | 0.783
self-MM 85.5 85.4 46.6 79.6 | 0.708
HyCon 85.2 85.1 46.6 79.0 | 0.713
ConFEDE 85.5 85.5 423 784 | 0.742
EMRFM 84.7 84.8 46.1 785 | 0.722
CAGC 85.7 85.6 44.8 774 | 0.775
Ours 86.0 85.9 46.7 79.7 | 0.703

R T k2043 B BEAT 1 MIR S5 T £ Y 1 A5
R HER T b RN LAY (Y 3 AR 2% B RN S R
A SCA FH B APV 5 32 BB (FLoating point Operations
Per second , FLOPs ) R fiif i 11352 24 .t T RZHE
USRS R H] BERT 8 FE4 T SCARAE SR I, PRI
2l SO BERT BEUAE R B XS 1L . (A A5 11 =AY, TCL-
MAP F B 5 2Z 340 1SRG IR AT A8 . X2 T A
FHPA~ BERT 4551 70 51 X SCA B Hl AN s BEAT S, L
HEATAF A 2] M2 T MAG-BERT 5 A T2 (1]
FERLH, P ACR R BRI T3 A . 25Dl , ALMT 1Y
fii /D SOk S BES IR H IR T REZFEE,
FEAE R ERRSUE 55 T R RE B R 8K . i TR B AR
PR T AT T2 AR TR SC2F 20 AR SCHRE H Ay s 7Y
FIATHSNISECE BRI I A R . X
T3 AR T J2 AT S 2T A A MR IE AL
i A5 i th AR R A A AN Bl 2 3G B R A 1 Ol
T AR R AR A SR RE

LEA UL SR A R R 4R I AR ALE 2 B
P RIS A A B A OGAT 55 Hh i R4
ZALRE ST . R, S50 W U 2505 EOR RE 7270 &
FEVE R 29 2 EFONAS AU P BE $2 T SC B PR 3R
4.6 MHEEESEUR

R T SR b A3 A A S AR T A R R KT 32
AR, AR — e B2k (R R AR AR AT 6
F , PPAR X LEAB R E MIntRec $d 4 AR K325
FAE. LA RN 8 s, oA RUA R R L4 8 .

£R7 FEMIniRec EWIHEEZEMERSHXTLL

L FIOPs/G ZHEEIM
4li L4 BERT 40.8 85.6
MAG-BERT 43.1 88.6

MISA 51.1 115.9

MulT 115.6 106.1

ALMT 429 88.4

CENET 67.3 92.9
TCL-MAP 106.5 204.2

Ours 54.4 109.7

#8 TEMIntRec bRMPIERANK F EXFLL  H7:%
25 MAC- MulT | MISA | PMAP | EMRFM rel- OURS
BERT MAP

Complain | 67.65 | 65.48 | 63.91 | 67.12 | 61.54 |68.70| 66.67
Praise 86.03 | 84.72 | 86.63 | 88.85 | 89.16 |87.20| 88.37
Apologize | 97.76 |97.93|97.78 | 96.87 | 96.30 |97.70 | 100.00
Thank 96.52 | 96.83|98.03 | 97.66 | 96.15 |97.00| 98.04
Criticize | 49.02 | 49.72| 53.44| 50.28 | 62.50 |51.30| 47.83
Care 85.59 | 88.12| 87.14 | 87.51 | 89.47 |86.80| 85.00
Agree 91.60 |92.23|92.05 | 94.80 | 96.00 |93.10 | 100.00
Taunt 15.78 | 26.12 | 22.15| 21.49 | 15.38 |17.20| 32.26
Flaunt 47.09 | 48.91 | 46.44 | 4431 | 47.06 |50.80| 58.82
Joke 37.54 |33.95|38.74 | 36.06 | 37.50 |29.00| 50.00
Oppose 33.97 | 34.68 | 36.15 | 38.09 | 30.00 |35.90| 42.11
Comfort 76.43 | 76.44 | 78.78 | 78.27 | 83.33 |79.80| 81.08
Inform 71.00 | 70.85 | 70.18 | 68.90 | 67.83 |72.80| 74.07
Advise 69.30 | 69.43 | 69.56 | 70.43 | 75.86 |68.90| 70.00
Arrange 63.82 | 65.44|67.32 | 67.38 | 57.14 |65.40| 61.54
Introduce | 67.42 | 71.19| 67.22 | 66.53 | 70.00 |68.40| 72.00
Leave 75.77 | 75.58 | 77.23 | 79.59 | 83.87 |83.40| 83.87
Prevent 85.07 | 81.68 | 83.30 | 86.15 | 86.67 |83.60| 89.66
Greet 91.06 | 86.65| 82.71 | 83.95 | 85.71 [90.10| 85.71
Ask for Help | 64.44 | 69.12 | 67.57 | 64.97 | 77.78 |66.40| 56.00

P 48t AT £ 20 2850 A 114200 ik 3
w2 . R B JETE “ Apologize” F1“ Agree” 525 5 I+,
AR e BN RAF AOROR X5 45 TR 1ol o )
YA AR IC LA K — B S 2] A Rt i T
S 5 B TE O TE AE R . SR 45 T LAk
B, A B MIR AL B 7E “Taunt” “Oppose” “Flaunt” Fl
“Joke” AES bR 2E  IX I 1h T S B R FE B S 1
G RBUE BN Sk AR SCHR H B R A T 46 2%
) B IBCRE B AR AR, X FE A AR TR AR o AR
A TR ROBE T SRR AFZ A8 , DT {45 2R A 5
ok A SOAS T SCRY B AD S 28 B4 B DTG R
. B[] B A) L% B, i i AR A AE “ Criticize” Fl
“Ask for Help” 280 3R 2% X J& T — L4 A XF
oM B 2 1 AR SCAEBE T SO RS Y RHTE: 55
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gl U BT S B0
4.7 HREZWSHH
R T G o B A AR 43 Y A B v R H AR
i, 7525 T804 4E MIntRece A1 MIntRec2.0 | 3F 47 7 gl
R PR, M IR R ARG R . MRS
B S T AT RS . AR AT U A Y
TH S8 TR DL A B i e A e A T R
AR A B A BRI, 190 BH &5 A o 0B R 1IE R
AT R R D E R L AP e G 2 1
AT T S B A A A A
(1) EBRZBERAESS B ATE L 2E S g
SCRRAE A7 2] H o B R OIME 55 58 . 7E MIntRec 3%
i b ACCAE T % 0.90 1~ H 43 45, 7E MIntRec2.0 £ 45
4L L ACCAE T R 0.79 A 43 i, 33 Ui B I Be X 55 46
Il 5| G S WA — B TE A R
(2) £ )2 AL B 4518 4% > (Hierarchical Se-
mantics Learning, HSL) , ¥ & MU SRR LT
JFAE 55 . 7€ MIntRec $04E 45 I ACC{H FF# 1.80 1~ H 40
S TE MIntRec2.0 B4 N 0.54 4N F 40 4. X R
T A AN R J2 G 5 A S > SR o SURRE 5
N B A O
(3) [ B 2 B 2 R AL T8 S22 B 5 22 B e
PR B B UUREE L A B 2B RS 2 AT R
PR BE T B HL ) B K, 76 MIntRec 209545 | ACCH
[ 3.15 4N 43 A5, 76 MIntRec2.0 304842 | ACC {H T %
L6241 H 4 . X — 45 AR 2 R A iE 2k > B
I 22 55 28 TE X6 43 2% 19 B ) A D 6T i P A AR 1 B 1Y)
T
(4) B2 > (0 B AT 145 1) b, 8 AR TE )
A HEAE TTER [ 2 WA TE] . AE MIntRec 50854 E ACCHH
TRET 1.58 N1 43 55, 1E MIntRec2.0 B4R 4 | ACC1H
TFRET 0794 43 5. X R AS RIS X 2 R G
TUHRAFTE 22 5, T OUAL 1] 4 1) ol 3 2 25 ) R ] A
BB , R REA SOt Al A SR E
R TR )ZERATE 2 2 RS R 2 S T ST 45
9 MintRec F1 MIntRec2.0 3R EREBLIMER 0. %

. MIntRec T MIntRec2.0 T
ACCTH F, ACCH | WK, fH
w/o audio 71.91 69.31 60.80 59.28
w/o video 71.46 68.00 60.85 59.23
w/o Loss_pair 73.71 70.32 60.45 59.20
w/o HSL 72.81 68.72 60.7 59.42
w/o Loss_pair & HSL 71.46 68.12 59.62 57.94
w/o fusion gate 73.03 69.54 60.45 59.22
Overall 74.61 72.36 61.24 60.34

PRI AT R RCR  7E 3 10 R4 J i ax 4t
ABE XTI A 2 R TR AT 55 v B 52, TR 7
AR EAELE R . BRI R E )2 AE L2 2] B
He b B () A A AE SR AT P S0 6 55, il 1 3 )2 Trans-
former [ 45 FEHURFIE , F4 50 J5 1 )2 10 B T[] 25 R 25
Wt ARG T MIR. L8045 R . ETUAEE
FIE TS P i & TR T, Transformer P 26 Xk L A7
B 2 B H AR

R10 FUFESEBTHNEEIRLRER A%
F5 ACCET | F, 1 | PMET | RET
AT S + Transformer 26.52 | 21.35| 24.70 | 20.02
LA +HSL 66.07 | 63.60 | 65.50 | 65.34

TS +HSL+Loss_pair | 69.66 | 66.65 | 67.43 | 67.89
BT A+ Transformer 1461 | 965 | 9.80 | 10.03
AR S +HSL 65.17 | 6242 | 652 | 64.17
BB S +HSL+Loss_pair | 69.89 | 672 | 7057 | 68.02

YERXT E, AR SCH i 19 J2 U A i 2 > b
BEAC Transformer [ 4% . 38 1 )22 AL O R AIE ROR 5 B5 5L
DA H BT RENE AT s 1 A5 2, #2712 K]
PRI . Bl 5 A 2B BT 45, H5 Bhad nE e i
BTG X . LB g5 R R W 5 A B SRR IE 1R
IR AR B — 25 3T
4.8 AL

ST S R R A AR R VR R G R ARE e v
HEHESEAT T AL . 1S DARRABAR S hy 8], 7R AN [R) J2
RRHE Z! 22 Z2 o] b 2s S . RIS AT A AN[R] 2
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