L'K o) Bol{t Z1k

ACTA AUTOMATICA SINICA

HETRREFTRENSESEES 5 ETNIrE

WRE AT s Lt HHRE IVEF

Multimodal Student Engagement Prediction Method Based on Vision-language Models

SHEN Shuang—Hong, QIN Zi—Xuan, SU Yu, WANG Shi-Jin, HUANG Zhen-Ya, SUN Deng-Di

TELR %152 View online:
http://www.aas.net.cn/article/current/fdef3506a8410e7da4127h1265d346{78f25a38d85aal aef638a11d93d06h94a

L] RERGBR Y HAN S R

MUBETE T BRI ZRIAR: MR S B AT
Vision—-Language—Action Models: From the Early Foundations to the State—of-the—Art
B Zh k2447 2025, 51(9): 1922-1950  https://doi.org/10.16383/j.aas.¢250417

BT AL S M) RS T R R 3 207 1
Multimodal Interpretable Image Classification Method Based on Visual Attributes
H sl fb2A4i. 2025, 51(2): 445-456  https://doi.org/10.16383/j.aas.c240218

22 RO E T8 SCHE 5 1) 2o A6 285 i 44 SRR 7 i
Multi-scale Visual Semantic Enhancement for Multimodal Named Entity Recognition Method
A Zh L2447 2024, 50(6): 1234-1245  htips://doi.org/10.16383/j.aas.¢230573

BT S AR He o~ B U T R U T 12
Multi-modal Video Action Recognition Method Based on Language—visual Contrastive Learning

H sl fb2A4. 2024, 502): 417-430  https://doi.org/10.16383/j.aas.c230159

TE [1) 8 B A AL S50 28 RO ML AS B . RER S Rl R
Robot Perception, Planning, and Control Technologies for Intelligent Biochemical Laboratories

A 3 L2447 2025, 51(9): 1899-1921  htips://doi.org/10.16383/j.aas.¢240714

T 1] 2B AR A LS T 5 SRR LA
Survey of Vision—Language—Action Models for Embodied Manipulation
H sl k274, 2026, 52(1): 18-51  https://doi.org/10.16383/j.aas.¢250394


http://www.aas.net.cn/article/current/fdef3506a8410e7da4127b1265d346f78f25a38d85aa1aef638a11d93d06b94a
http://www.aas.net.cn/article/doi/10.16383/j.aas.c250417
http://www.aas.net.cn/article/doi/10.16383/j.aas.c240218
http://www.aas.net.cn/article/doi/10.16383/j.aas.c230573
http://www.aas.net.cn/article/doi/10.16383/j.aas.c230159
http://www.aas.net.cn/article/doi/10.16383/j.aas.c230159
http://www.aas.net.cn/article/doi/10.16383/j.aas.c240714
http://www.aas.net.cn/article/doi/10.16383/j.aas.c250394

Fxx & B x H 3 tb % #k Vol. xx, No. x
xxxx F xx A ACTA AUTOMATICA SINICA XXXX XXXX
messfm =+ H 4
ETMRIESRENZEEZEESSENGE
WHE' R¥HT Fw’ Ei#T ERKRE RS
i B METRHE MY K, FESE5ETN (SEP) TV #E M REMZ T 5. REMEIE S A (VLMs) 7RI

FZ ARSI h RO A, HEHILHE E SEP A, xﬁﬁ?ﬁéﬁﬂﬁfﬁjﬁﬁﬁfﬁ&’ﬁ%ﬂ% BT 2O £ 1R R
T, A DL ST DR AE 5 1 B 15 AR 2 R TR 55, DNt IR HIEE T VLMs I 2 A4S 5 T /7% VLM-SEP. #%
JIESHAT 2 B IR S 5 ERHEARRN, WIHRE S ELE T RGNS 5 ERHE; T35 AFRE] 203 2 5 B
B BB RHIE S 2 5 FORATE S R 0 B Rl RS G R, i 6 M S CRE RS 5 R Uk
FIR. FE=EANIFEARE LR SRie g WKW, %0775 838 T VLMs 78 SEP SUgiE AL 1, N2 482 5 1 T 52 it v 7
B TT £

kIR MBS EAY, BESERETN; 2RSS, 2 XEE

IR RE, ??H Jiign, EobE, IR, PVER. BTSSR 2 A RS 5N B R,
XXXX, XX(X): X—XX

DOI 10.16383/j.aas.c260173 CSTR 10.16383/j.aas.c260173

Multimodal Student Engagement Prediction Method Based on Vision-language Models

SHEN Shuang-Hong' QIN Zi-Xuan® SU Yu*' WANG Shi-Jin® HUANG Zhen-Ya® SUN Deng-Di’

Abstract With the widespread adoption of online education, student engagement prediction (SEP) has emerged as
a core task in evaluating teaching effectiveness. Although vision-language models (VLMs) have demonstrated excep-
tional performance in general multimodal representation learning, their direct transfer to the SEP domain is
hindered by perceptual bottlenecks regarding fine-grained facial micro-expressions and macro-emotions within specif-
ic pedagogical contexts. Consequently, it remains challenging to achieve a precise alignment between visual features
and high-level semantic labels. To address this issue, we propose VLM-SEP, a multimodal student engagement pre-
diction method based on VLMs. Specifically, this method first performs multi-level engagement feature decoupling
to extract structured engagement features from facial expressions and body postures; Subsequently, it introduces
knowledge-guided attention concentration reasoning to establish an explicit mapping between discrete visual fea-
tures and linguistic descriptions of engagement states; Finally, through cross-modal fusion decision-making, it integ-
rates visual and textual information to achieve accurate engagement assessment. Experimental results on three pub-
lic datasets demonstrate that the proposed method effectively enhances the adaptability of VLMs in the SEP do-
main, offering an interpretable solution for student engagement prediction.
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S xx 5

WE , B2 0 B LR AiE 2 5 7R B S B L B K
Z 5 E R IR R. AR ARG S LT @
b 72 HEBE AR 7R ] Preqson TIEANTE AL RN R =
{ri, ro, -, v} (B130, vy “RRERJE T A IREG IR
— AT RZEER), M Rt A R KEE, MiEE
VAR W AR U R e S g S AT R
NAEREE. 25 =L B A = AN B IR
1) AT NHRFAE A U 3 F Fredricks T NS
SYERE, 8 XL kiR &S BT N IE R 53
GFHE; 2) 15 EOPRA BRI BETHERS 54
B, AL TH R A S G BAE SR BRI R OE R 3)
INF 7 325 40 5E KL TE SORFS RAR S5 e A1)
PO, _EIREE DL E R E S TS T Prompt
W VLM 1R 325 ) B8 77 S MHI ) 2 4 2
(1) B 5

BRI, A JTVEFEAMKRE T VLM
FI P 2515 KL E 5 Heilporn 2520 $2 H 1) £ 4E1F4h
FEbrR REL Fredricks & $2H 2 5 =480,
FHI, ARSI O BTS2 FIRHE OB 2R A
P UG D N HEBE AR IR 1] Preqson TR 20AR RN
EHEAREN (a0l 3 Frw), FIHKIUE 5 B8 58K 1)
TR SCEE TR T, AR R A HE B T A A VN
FIVHE SR AT B SV . X — TR 2 R 6 A
17515 B AR B N BT AR IF w48 7 17
2, VLMs 5T 75 1% 2 30 2% (8] N 04T 12 45 4 1.
PRI, 27755 VLM Pl Zrif kel i eutelRs: i e 2
KRR, BA RIS ATy k.

WK 3 Fros, BT I A 5| T A R A
Frc () FHIAE 5 A AR H R S, S B B IR B
BHEERNXARIETFY T, 5% Em L,
VLMs {ERAIAT 51 88, diat B [B)E 5428 o 206
P RHAE 5 Se 50 T AT A MR HE . 45 BN
M fiid S; 5RIR G SN Preason (B HLIN

RAR), BRAMKE N p KISCARFHETF AT, =
. w,) HIMEZI A1
P(T;|Si; Preason, R) =

[wi, wa, -

p
H Pvlm (’U.)k"UJ<k7 Siv Preason) (6)

k=1
Horb, Py R RS AL IR B BER 70 AT wep,
TR kAN WA SO TR/ & — 1 A 8
13000, B2 i tH M8 e KK SO SRR P 81 T -
Ti - al"gm?LXP(ﬂSm Preason; R) = ]:IC(Siv Preason)
T
(7)

A SCARFFAEF A T, = {t; 1, -+, ti, T} €
RY>Pe | Joh BAMISCARSRAE ¢, 4 /& VLM FaUZ 4%

AESRBUERTF 0 Dy 2170 B 3K — AL AN S B0 41
BEAE T AT S AP, SEEE R, Wil (6) %
PEA AR, i DRI B AR AR IR R E I #OA
MEZR. A 4l 40 B Bh 9V 7 /0 20 BE ML AR P el 2
IR S RSB A R ) A SR AR X ot
AT BRI P R S5 v o B AU 2 A )57

ZR ERTIR, 2 HEEAR BAR N BT ORAT 9 3h 1
R 2 D HEURES 18] B A R HK, SEOLAVRZ B Ak
RLBERFAL 17 5 2= 45 R A AR 5 40 138 SO,
TR R A R A S BRI S R A B0E LR
B2 4 S

BEIRSR A REIER

S R A T RS 5 R B
RSO R SR B, A S S U 2 WA A 25 23
7 78 P 1 SCAHEER S5 BT L 3N JE G KL
PR, T — A A Al 2 e SR A M A
FENLSEVE 2 B0, B e SE L B R AT 5 A
S A R RO ), S R S SR (R E RN 5
Gr— 8 SUAS WG, SETTN 2 2 8 2 5 AT
BIEEEHD).

BT, T RS 02 2 2 5 B AT R
WA 202, 7 SCHE H — R T 58 XL 2 1B
I A A %, B TR AR 4 R B 1A 1
VU, LT 51 b R (B 2 R
Z. B DAL F, € REXTXD: IS Ak
{E F, € RET<Dc Rk N, S84 E % 55 50 B
R LSRR A L I b R SO 4R
WA DU/ BB HE N B, B IR SR B A, B2
H A B S R KTRIN. Fob, B KN, D,
SO [ AR 4E

1T IR A R B REAE 5 S AR S 43 A5 T 4
[ S5 ) L P AR — B, LB 0 31 NI 7 O
BEL RSB A A 125 B A0 . S R T2 50 [y 2
S R AU A AT 4 B 5 5% [T s

F,=F,W,+b, F =FW,+b (8

H, w, e RP>*P W, e RPXP 4R, D
NG —WIFSEHERE; b, by N E I

F 8B 2 547 R BA B3 R )3 A0 4
P (3 1 BRI AR ), AR B AU S
I} PP AR, A T VR AE X 5 I IREAE AR 93 N ] 2 5
FRIRS 5 A7 B G R

F,=F,+E},,, 9)

Hr, By« B, € RTP AL BN 2
K, SRR REAE 1510 N 1 i i R (B R] 2 )5 DR R
T AR AR 68 5] 5 (¥ 1E 5% /AR 5L .

3.3

F,=F/ + E}

pos



x TEXUE A BT UL TE B BRI 2SS 5 R J7 7% 7

FL— 7 1] A P RS VE R AR A B BUE BRI,
EPEE RS = SR AR, BA s 1 (E B ptik
PV IR, N7 A PE R AL S SRS ) (K FLAME
B, SEILARRLEE 1915 SO 55, AR SCBRTE— AR
XL A SR R AR, B R IE i X ) £ i AL
SeR 1) P PR A A A ELIE S, B A T w2 R
PRAN XS FR (R PSR A VE B 0 49 3 — A B SCAR T
MRS UAEAFIE F, /B R, SCRYFAE
Fy fENEAME, @R AN ETH, sh SRS
TR R A U SUM G SOA R 3L (2= R
15 5550 B2 AT AR 2 18] R SGHK ) -
FUWQ(FtW}()T>

(10)

A,_; = Soft
it 0 max( NI

Hv—)t - Av—)t(ﬁ‘tW\t/)

T AR BN (A AR S DUOSCARREE Fy AR

AW, BRI F, {E A, R & E 8 AE

P 73 8] FR AT RRAE 33k, SR 6T S BEA  [X 85 (T
THERRNE S B BE) 1o

B FWL(F,WE)T

A;_,, = Softmax <\/D7 > ()

Ht—)’u = At—)v(ﬁvwlq})

H, Wy Wi Wy e RPPx 23 BRI 50
FERIE ) (query). B8 (key) FUHE (value) Z& 145
W, Why W Wi e RP*Pr 53 BT SUA 4
(IRETN %L%ME%%W“ CHIRE; Dy, NTER Ik
%?EQEF R FER £ kiR ML B £ T
BRFEATH ], AR EERESER—hifse
RESIES
H'_,, = LN(F, + MHA,(F,, F,, F,))
{Ht’% = LN(F, + MHA(F,, F,, F,))

Her MHA, « MHA,; 4351 327~ DA 58 SRR AE 8 2596
PASCARHAE N EE ) 1) 2 3kiE B /) (multi-head at-
tention) fik; LN E/RZIH—4L (layer normaliza-
tion) #1E.

B, R A 73 SR A R AR R R 4E P HEAT P,
Il ARG R E W, e RPPP g2
D, 13 B 25 & X 1) 15 LSRR #5125 Rl A R AE

F c RBXTXD .
F=[H,,, || H_|W;+bs (13)

Horfr, by NIZENERGE R W B || s iR AE
YL PSR, ZERAE T ORI AP 2 R 5 3Ok
T LR AE M SR AR 7.

FESE MR I 2 SRS )5, fdt— D

(12)

PRATUY 51 ) 4 Joy I 25 Y AR R (2 55 B 1 i A2 B
FAR). FBRH L /2 Transformer gt # X fll &4
fE F BT P R RER. B2 2 LAEENSE
HI L5 I 5%
FO = FEN® (LN (FOD 4 MESAY (FO-)) ),
=1, .., L (14)

Hr, FO = F N0 N AT 51 MESAY 2%
AN RISk HER RS, F T 4 34 SR I )
i &R, FENY N 1 E AT N4 (feed-
forward network).

bliBUNEREO= WAL /IR 1| W Eith: A A= B VAL IS SR Y
FWr 2 5 2 0 E A SR BEMT B (05 AR R AR
ke RIGRUEMAT ), MR BKBRC R,
B AR E N SURMEI FRAE Z € RPXT<P

NARAGAIRZ ) ) 42 R R AL, T BRvila) TR I
TR B a5 B F I VE A5 IS, B I FPARF ik Z A I [A]
S N H 4 R FtAL (global average pooling,
GAP) #AE:

Zglobal = S RBXD (15)

L
T;Z:,t, A

A, Ry B B AR R G O B N TR] 5 B BURK B, [
IF 51 NS TR) Y 5 AR A 9 B, @I 27 2] I [R] AL
H oy ERINBURHIE, B 5 54 R P AR R D4
T 86 e () ik 3R ALE.

R4, BRRFRIE 2g00a BOENHPELIEZ.
GELU ¥ B $0R Dropout 1E AL ZH 1% 1) 22 J2 18
FIML (multi-layer perceptron, MLP) 43283k, Bt
B K ANZS5FR5 (. BOKS5E) 12
(ERSEIE

Yy = MLP(zglobal) = GELU(Zglobalwl + bl)WQ + by

(16)
Hp w, e 5w, e RP»*K 43514 MLP
AN AN R AL FERE, D,,, NESGRELESL; by
by AN IR BT GELU 3R i iz 22 26 PR B e
(Gaussian error linear unit) ¥i% R $; y € RE*K
BTV X AN [F) 25 5 B 45 2 1) T 1, I e ik
Softmax BRHUE HOYBER I3, T 1H 528 S5 47
KIS AAL.

- exp(yi k)
Pik=—F—

Z: exp(y;, i)

RDXDm

(17)

B K
‘CCE:* ZZ zklngl
i=1 k=1



8 H

S xx 5

Hdr )y BRI  MEARTE T kK12
B AR pi, kW2 i,k € (0, 1) Hzlepi, k=1;
Y NESEFRES PR GRD, iR MEARR R
LRGNk, MY =1, HWY;, » =0.

VLM-SEP [ EARFIEMEE 1 Fis.

B3 1. VLM-SEP BN 43

BN RIGWIMTH X = {X1, Xo, ---, X}, HH
X; € RTXOHIW gsp 2 GRS Y € {0, 1}P%K, #H
(O B S I RN

WM. HESSEMMNERS A P, BRI XHE K
Lop.

1) Wi BB W, W, Wy, B ST B
E;os7 Transformer = & 53253k MLP 241
for FMHLIXK X; € X do

PRI B B R AE 5

W N
= O =

4) R EEALERHIE R (o SO A

5 KB GERFE F, € RP*T*Pv 530 ARRE
F, € RBXTxD:.

6) F) «+— F,W, + b,;

) F| «— F,W, + by;

8) F,« F,+E.,;

9)  F,« F/+E!,;

10) H!_,, + LN(F, + MHA,(query = F,, key =
E,, value = 13}));

11) HJ_,, < LN(F; + MHA,(query = F}, key =
F,, value = Fv));

12)  PHEHEE: F « [H._, || H_ W} + by;

13) FO — F;

14) for /=1 to L do

15) FO « LN(FU-D 4 MHSAW (FU-1)y);

16) FO « FFNO (FO);

17)  end for

18) Z « FW);

19) BRI Zgopa ¢ S0y Zit,

20)  y <+ MLP(Zgi0bal);

21) AT p, g < exp(y, k)/Z]K:1 exp(yi, j);

22) Lo+ -5 38 K Y log(pi k)

23)  HFIME SO RIMERE Lok .

24) end for

25) return P. Log

4 =W

AT PP AR SCHR Y 5 T AL v i 5 R 2
S HES H5EWNITE (VLM-SEP) H1A 2t S
ZACRET), AT Z YL RIS b, %, Wl

Gt — W BAEAE SEIG RS, JEVEEN R B =5
2 H5EAITTREERFEE (DAISEE®Y, Emo-
tiW20230 5 DIPSERPY) DL i 55 1% Gi iR 5 2 2
SR iE R e L. B S, JEa
12 (R0 L SEES 8 B IR 1% T VAR TS 2 5 Stk
R A, IR B SR IR TR AT 2 AR A R
fIE R B S AU 1) 58 S 7 7 55 A% 0 LA 1) B AR TR,
A, AFTIE#E— P FH t-SNE (t-distributed
stochastic neighbor embedding) Hy%EX} fE#E HT )5
(RVRFAIE 73 AT EAT AT AL, B8 UE 22 2 CRFE AR AR AT B
| M 75 PR A 0 38 A — SO AR AR S R ) A
JIBE I3 W, IR WAL A 5 S 1 SO AR b FRA #E x
FRE. W, &E BRI A S S AU B
BEAT E B 53 BT, EDWL RN VLM-SEP AU T H
O RSB0 SR R AR, S0k FLAE L SE AU )
SR v AT AR S N P ANMA

4.1 SCIRIfEE

R SIS S5 R AT I ST PR RE R — 2L
P, AR ST A LI IE S — HURE A 55 A PR 55T B
17. WA 53 Intel(R) Xeon(R) Platinum
8470Q L AbHEE (25 vCPU) LA K NVIDIA Ge-
Force RTX 5090 EJEALPE #.50 (graphics pro-
cessing unit, GPU). HAFH Ei T Ubuntu 22.04
BE R, KM PyTorch R % SJHEZEM 2 IF 11 2
BAY . AR TE & AR I8 S5 S AR B, &R
% Transformers -5 OpenCV [ i) 581 £ € fUAS.
D B S M R A0 g i A X 5N S 22, P A
NARATAE FiAL BE B B35 283 I 7 ER A, S — i
FRiEN 30 fps, SLI PRS2 AERLATCR F 16 Mt ik
Fram A, FER R by 5l Zrseng b, AR A
IARACITT 2. O 1 P R B 1 T B A 2
RRAE 52 B 5 SCA G A A BRAE B 40 Tl 4k 252 Iy B 2 4%
TE . LR A R T I 2 I ZRad A, T
SR D015 F AR AL TR 85I, A3 5 )
Fedl, DB AT 22 2] BRI RE 2 W) s A A T
BT UL K5 S R I i R 2 2E AT i 3 i 2 4
ST

VLM-SEP 173 B RSN 73 9B Be: 1) 28
LT FF Be: 5 3.1 W 2 B IRS 5 LR
555 3.2 I AR 5] 3 (0 R ) HE R I E R A
T BB 2 e R AR BLBY B, X T A AR A IZ T
P VLMs $EHURFAEIF 2247 %I FEH VLM 12
RE PR 72 Al i) RGN 51 38, VLM AU 58 4 IR 45 .
IR TH T P R B B 1 S R R i M 1 10
5. S5 W0 EE 4R AUSGHE T VLMSs



x TEXUE A BT UL TE B BRI 2SS 5 R J7 7% 9

TR 25 B SO RLEE 2 1R AT 4 2 Hiom 320 v i,
W G R AR A=, Fd A 2 A A RAE R T
FLR RS2 PR T M U B4 DL S RAF RS, 2) 78
NZRBY B 285 3.3 719 A ES LA il A v SRAE 42 DA
GAT AL 5 SR RS I 7 5 HIAE i N 34T v
Bl g, M B, AT 22 S IR E W,
W, XA AE XyE R IR B Transformer Zfd
a8 MLP 432 Sk vh 5006 FE 9 5 %, VLM IS BE 46
LARFFHEEDIRE. W 1 PR, IR 3) FUDIER 4)
XN B LR IESE R, D IR 5) M LLJE N EL AR S i
B XX A R U 5 SR AN AR R B2 I 2R R0
HAg%E T A —% VLMs FrAEEF X AR I R A8 B
AT R g T .

4.2 HEESITHIER

NEIE AT R T IE A S SRR T, ALk
= ANT 2 N T 545 5 5 B VP4 1 R HE S0 4
DAISEE. EmotiW2023 5 DIPSER. #4715 5.
Wk 1 s, BAEANBuT:

R HHEENMER

Table 1  Dataset distribution table
EAEiTES I ZR5E LAl S Mt it
DAISEE 5 466 1712 1 708 8 886
Emotiw2023 5443 1427 1074 7 944
DIPSER 5 560 1470 1 644 8 674

e DAISEE #(¥i4E. ZHiREL S RE 112 4
ZARE I 9 068 ML IRZA B, ML 25 h,
TR 25 DU b 175 JEOIR S I DY RV o bnvE . NI 5 IA
FHOC AR B AT B, AR SC ™ % 3475 o 14 1 55090 X1 20
PRI AT B T U S A AR SR

e EmotiW2023 $idide. ZHn4E L T 244
W Z5E 00, MR BLA RN 10s. £ETH
TR EFR S AR AT, ASCK RGN 8 4% 52 i
HEFELAZ) 5 ¢ 1 LR BRI A I 2R S AR,
TR 1) 5 R S 1 o A D 40 e AR 0 ok o
S e H R JR I AN IE bR [ M P R

o DIPSER $ a4, 1250 52 — /M ) 24
A0 HELRA R H R A R, R &
RPLAT (W1 25 fps), B 6 A R B 552
RF RS IREIEF) . LR A AT NIRRT,
HARZERH 5 Sh Ry, AN TR HbRiE. A
S8 R FH b 2 B A B8R0 w7 B O e AT AR 2
5, BN EAEREARLL 10 fps R AR HEAT DI
FHABRFFAEA ERIREA JG, A5 =A%
Wiz5, h%s5, aEs 5.

N T ATH VPG BRI R R, A SR v A
(accuracy)~ F1 7344 (F1-score) UL P35 480} iR 22
(mean absolute error, MAE) 1E % 0 PEAG FE Ax.
HAKRTE, HERA 2 FH T B S A Y A 1 000 1
BHECH; F1 0 BRI 2 5 A B3, T oR Al
RAEEAREAR B IERE 7 KRRE; I 4antir 20
T EA TIN5 5 L SR 25 AN~ 34 e B R L

4.3 XttbiEHRY

AR S B A SR SRR T 2 2] T AN B T A0
TS B IR E N EE AT X EE. D9 PRAIEXT LY
AR, A BT fE G — A N B Bk AT
HIG . BARK R EELAE LT

o LRIRIE STk, R EF BT 5
TR 2 X 4% Y Transformer 424 $2 B AL 58 4F1E
M BEASHRFAE. X BT B R Video InceptionNet 2,
C3D + LSTM®. ResNet + LSTMFP, Swin-Trans-
former®), ViViT® EfficientNet + LSTMF", Effi-
cientNet 4+ Bi-LSTMEPT, MGAFR!"), Vis-
ioPhysioENet™, MIST® DL f& FANNEY. 7E50 4 4
NJZTH, R 53 BORFE SRS, RIS LAIRE 45 35 %]
939 16 AR B, BB 1M, DAV IR P UUAR.

o ML TE F AL IR I R PRI ZR i T A
58 SR K IE AL RE ), A SCIR B JLAE R AT A AR
MM TE T A, B3 Qwen3-VL., Video-
LLaVAP Jz LLaVA-NeXT! 44 H W 75224
Z 5 REPHEES .

E1%t VisioPhysioENet 4 5 Z A HE 5 1
%, BT DAISEE 1 EmotiW2023 ¥ 4 R H 4t
JR AR IR 2 Bk (BVP) SN A 25 5, A3
TR VisioPhysioENet Ji 6 S e #0077
%, FHEBELBEERHILE (remote pho-
toplethysmography, rPPG)(HE /&N CHROM
(chrominance-based) J7i%) MAREALS 2 BUZ 2
ORGSR B RN X ORIE T X
TIER 2 W 5 AR BB A E L. Ak,
DIPSER #4f& 5 FU IR AR iR 3 2 v PP G Joik4R
R AR S 0 A A, DR T VR A i R A
ERIRIRBEAER 2 2t (Dh—"4rE). B4
R, RN FERE R A B b, AR STIRGIN 1 EE RS
Z BT BGR A (multimodal emotion recognition,
MER) £ % WL ARTIR B A (0 MGAFR 5
MIST). M¥ 2 &, SEP 5 MER 7E [ # sh1E
Yt R4 (facial action coding system, FACS) [
RO R R H R E S NRZEHE, 268G
F R Rl S5 I PR AR AN P R Rk R. DRIt
TESGE— I SR Ie B vE N T &2 ATV MER 284, 2 DUE
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NGB A SC S AR S AL i B A RE (AT I 2 L
4.4 MEESLWSERDF

N4 THAVEAS BT AR VLM-SEP )48 %k, &
W AE DAISEE. EmotiW2023 } DIPSER =424
Z 5N LT e e TG oK
06 45 B DA 2 OIS AT I 3ME £+ Frifk 2 T AR
PR R B 1t e, N RIZR RN IR T
BAEMERE, " RARZITVEAE N N AR & L ICVEVE
i, VEAREHE N3 2 FroR. ARG LRI, VLM-
SEP 7E 2 M EAG 45 ¥ R B H B3 ik RE A 34
B, VLM-SEP [T R TS, /£ DAISEE.
EmotiW2023 M DIPSER %4 £ I 7 il Bt 15
59.01% =+ 0.20%- 61.08% + 0.10% VLK 65.82% +
0.20% [MHERZE, 75 FTA S VPR Hh 351k 2 K
AR E AR, FERE A A AR BE AN ¥ i HLA 5
W 7 5 1) DAISEE #0445 I, VLM-SEP {356 {#%
FRAG, UE IR RUAE AR SZ 4 A 5T T 1 Bk

BEAN, A BE TSR 8 B 25 AR5 AE $2 B A% Ge R
M 2% (W1 Video InceptionNet. C3D + LSTM %§),
VLM-SEP eIl i %%, £ DIPSER L, # Ef-
ficientNet + Bi-LSTM #&F 1.28%. iX J M Hi £ 4t
TR TS V8 SCWTJZE ) U, A B 1R 2 AR AE
LG U 3R 2 5 B I 8 85 O BE, T 9l N 24
BURIEE SRS AE R TR A, Bl R afi il e 25 JE 3 A
B IR 2 R AT MR E R N R B 8. AE
DAISEE #1 EmotiW2023 F, VLM-SEP % #x %
2k MGAFR 735427t 0.65% A1 1.69%, XHTH T4
SCHEH ARG S HEE R B GIN T SOA,
B I 20 2 S0 50 e s RS fl A AT B a0
W, BRZRESE RN S. &5, R4 RE
AN EEIG, R E B TR 8 v S AR
A (W1 Video-LLaVA (7B). LLaVA-NeXT (7B) Fl
Qwen3-VL (8B)) N T 40HLFE () 544 2 5 FE fil
B, e H ™ B R, BRI AR RUR 2]
FRE . Ay AT HARYR, ORI A AR B AT R A
W, H R WL 7R A A AT 21 B A7 7E S R
BTG, M LUK VB W04k O 7% S5 I ) R 155
1M VLM-SEP i iE NBE 2= AR, T2 2
UCRFAE AR 5 SORALHERE ) A 20 e 7 3 P OB A
i UL B B HE R 5 ST OU AR AIE (1) 1) 8, S AGE
FHRIL G 0] 25 IR HEAT 9 ) 1) ) L 2 5 R

JHRASEIY

NEGAE AT VLM-SEP HEZE dh & Ol 1A
RME 5 0 BV AR SO T IR T R A T RV Rk SE G
L IZ D i Bl B e S SRR R I B X AR T

4.5

FERER e, B TEIR N AR AT 25 LA i Bk sk,
DR VPl 1) 2 P 5 AT St BT A8 4k S8 1) 78 ™
¥ G — AR 43 S B AR A R AT

SCIS W B FIS AL O Y R TT: — e
BWBEEDHT, WA AR 5 AN SCA S 2k
FEEIRY ST VP B — RS R A X T A B 1 TR
TRAFE AR A HLE A RO I, A R A (A
Pt sOR e w AN BRI 5] S “HLE
P51 F AR Je “ B ) SCAR B AR DU AN 6 2.
BB B FEIR FE A 28 E R JIHLEE B B R
ZE PR, BARSTIG A RV IR 3, RS
W

o LB RAE Bl A 1 0h E . SeI6 4k LR
ZRREYE T BT B E T s — B oy
3. UL DAISEE 4 4 A 10, 56 8B 1) i A R 1A
F 59.01%, B A GE? AN A F 28 43 53l $2 T
1.05 F1 5.97 AN 4 55, H P4t 5 2 B 2 el
(1 0.418 6. X —&5 AR, W5k Az BRRRAIE 55 A4 f5
() SCAE XA B A S 25 (PR AE EL AN

o X[ A YRR ML AR R . AR T
Prez. B AS AR AR SCHR AR 22 S R AL
il e 1% B 1y 2k b, S B B S R AE (R IR FE XY 5. TR
DAISEE 1 EmotiW2023 #¥5 4 b, BB HAL
1 F1 %0 (5518 0.555 4 F10.597 0), IERH 7 W
] A8 FLAE S $E B 2% 2 B AS L 5% 28 Fp () S A 1

o HIR G| FALH L EME . B AR 7
FECER i B sz a (BB S 3.2 90 AR 5] S4B &
AR O3S R 2 SR8 FH SR IR, 1T
DA By B A Z BB I PR DTk 7E DAISEE %4
£ 1, BBRAMIAE SEHREM 59.01% FHFEE
56.79%, F1 73 %M 0.555 4 F£% 0.525 9. 7€ Emoti-
W2023 F, HHIEM 61.08% K% 60.04%. 1F
DIPSER I, I Z M 65.82% [£% 65.15%. XL
SE WA BE O B 2R 50 MR E S A 99 B )
AR DB FR 5] SR IR i v N AR )
LT, AR TR A S I R b LA SR AR X
H5RE

o A LE B Sz bEE ). R XTI
75w R ER T ke b R I e Es A B (4
EmotiW2023 H “ B [a) MLz 5] T SCA” B HE ff 22 B
=1, B DIPSER #¥a 4 {0 SCAR” (-3 4a Xt i 2
153 0.365 6), (HHPM = REHE M & D% O 3R bx
CEE R, SERBUN R SRS EEM. ZALH
A SRR 1) A8 THL B AT BRI A TR S A TR
Syt B A O 2 R e, L % R 1) AT Rk
1hig 7.



x RS He T ALEAE 5 BB ) 2 B A 2 5 T 77 32 11
#® 2 EEAERIRSE F VLM-SEP S54£4005 AR L (%)
Table 2 Accuracy comparison between VLM-SEP and traditional methods on three student datasets (%)
[ i\ DAISEE EmotiWw2023 DIPSER

Video InceptionNet AR AT 53.98 £ 0.30 52.05 £ 0.30 63.63 £ 0.20
C3D + LSTM LB 57.08 & 0.20 51.44 4 0.20 63.44 4 0.25
ResNet + LSTM PR 57.62 & 0.15 54.05 & 0.15 64.11 4 0.30
Swin-Transformer AT 55.62 = 0.30 52.52 & 0.30 63.44 £ 0.20
ViVviT LA 57.03 + 0.25 54.17 4 0.25 63.99 & 0.30
EfficientNet + LSTM FEl 56.98 & 0.25 58.13 4 0.25 63.56 & 0.20
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_— DAISEE EmotiW2023 DIPSER

FHER w0 moal pmmran AWE) FLAN CPSERWE  BWE (%) FLAN THAHRE

LR 57.96  0.533 0 0.430 9 50.78  0.585 7 0.563 3 64.90 0.611 6 0.402 7

3 53.04 05159 0.485 4 6043  0.5377 0.533 5 6344 04925 0.365 6

AR 5872 0.546 0 0.422 7 59.78  0.566 8 0.544 7 65.70 0.635 0 0.376 5

TE IR F] S e 56.79  0.525 9 0.441 5 60.04  0.580 1 0.499 1 65.15 0.550 3 0.357 1

EA RG] 5 e S 58.08  0.547 2 0.430 9 61.92 0.596 9 0.496 3 64.78 0.531 9 0.366 8

B SCA ] S 5773 04792 0.445 6 60.15 0.584 4 0.522 3 65.39 0.626 1 0.389 9

SEBHER (VLM-SEP) 59.01 0.555 4 0.418 6 61.08 0.597 0 0.533 5 65.82 0.610 8 0.374 7




XX%

¥ i

12 H )
DAISEE Ji s BURFHE (fRARAT)
100 ° 0
3 . o1
75 g . }-0 5
o 90 s B 3 3
ﬂ 25 ~. . i
%. -25
750 ek
=75 AR, s i Y
-100 i
-100 =75 =50 -25 0 25 50 75 100
t-SNE 4% 1
EmotiW2023 i EUSFHE (RFEHT)
100 )
75 N e 1
& | = i 2
o 90 LR .:!l 2 4 3
:hx 25 -, o : %~ 4 w? f
& 0 """ %, " oo ;‘f-gbi b
E Wy ’:. .
UID —95 » & - > . g é@. 2
~ 50 AR By
75 W oy TN S
‘%
-100
-100 =75 =50 —25 0 25 50 75 100
t-SNE 4% 1
DIPSER JE 45 EURHFFIE (FAERERT)
100 < )
75 o, e " o 1
o e B E". o' e 2
~ 90 PR A L
251 e gy e avestig, T2 g o
g T e o gt TS
;\ 0 . : .;‘- .ﬁ",.j" = ': K d.:’z',z .:.’-w n
z o hgdeFen Tl T e
i"j —25 4 :’ o .3; j;, :.J :::‘:‘"’ i
-50 » N o _!:{-.‘L . e - e
-5 s oad ety
-
-100 *

—-100 =75 =50 —25 0 25 50
t+-SNE 4:/¥ 1

75 100

t-SNE 4:/% 2
o

t-SNE 4% 2

t-SNE 4% 2
o

DAISEE f##0J5 1038 SR IE (fRAI)S)

100

W N = O

—100

—-100 =75 =50 —25 0 25 50 75 100
t-SNE 4EF 1

EmotiW2023 )5 115 SURHIE (AR )5)

100
75 ~
50
25

0

-25

-50

-75

~100

W= O

-100 =75 —50 —25 0 25 50
t-SNE 4% 1

DIPSER fif#8 5 (18 SURFIE (f#8)5)

75 100

100

= o

—-100

-100 =75 —50 —25 0 25 50
t-SNE 4% 1

75 100

B4 FOEARRR AT S FEAS A X B

Fig.4

LA 75 92 B D A AR AT 55 40 5 B 7S T4, TR
RF AR X R SE AN AR B B R I BEAR R A 5 R AIE
RENS SR i 2 1) 5 27 21 25 5 FEAR SR A% 0 AT il
S, EMIIZARIRAE S 1 5t B MAAE 55 b A R
R BRI S R AE SR MR A 35 B2, Dy S vRohs 2 1 o
225 5 B I M B E M S AR R AL LA
4.7 R ARXRMES

N T IRIZRFA S 5 BRI S5 SOA
FRAE 5 AR AU B8 URRAIE 2 18] ) 38 SO SR A%, A 305
AN AE SCE B AT AL S IE S2 56, 15 A2 90 UE AR R
& RERE I R I E D B SORSA (U IR

Comparison of sample distributions before and after feature decoupling

7 AN ) WG 0T B R AT 5L
A AAL R B U Y5 T Transformer 4244
48 BOS FRE B I HLE. SSERFEF SN f, €
R SUARKFAEFHIA f e R”TP (P T =16
NIFFIMEL, D = 2 048 ARFIELERE). 15 A )
MAE I R SO AE R N B A R Q, K540
WIS N AR K
Q= fiWy,

WO REE i 4T 5B 5 PIRIEUE A AR
FOCAFEIR G 5 AT (8] FIAH DG 145 4, H
AL

K = vaIIé (18)



x TEXUE A BT UL TE B BRI 2SS 5 R J7 7% 13

K
A;, j = Softmax <Q J

Dy

KT
exp( L)

3

- (19)

QiK}!
&)
Hrr, /D, NAEHA T, FT B 1k AR oK
LV O, @ Softmax EEH—14k, B —1T
IBCE AT 1, B i 7R A5 Y 7E A B e SO
T SCESE XA 52 5 471 ) SR B e AT

K 5 BoRfE“ LS5, ‘s, sy
MBS S PR AR FER 1. NE
AT DL BU R S

o ML —EME. fETH SRS IEF, 5
B 35) 52 30 LR A R S 25 (P AR 2R e R AE (BP0 = 5
B Ay B 5 RAE) . SXUE B 7 A5 R SRS #E (1) R
L= SCATE U, BRES 4 WA AT R AIE A Y
VHEBiff b SR 5 R B B 26 ¢ 2% SOARE R, SR H B
JFEEAL.

o i X Fafdt:. [HAAERENE, BifE LSS
R, ALK IR B R A7 T8 0T BT AR 42 70 A 3K i
HFASE 3 4 42 28] 9 AH D% M I AN R T 27 A i R AR
%, M2 T RHAT AREE 8 FH EE A B

ZE ERTIR, A8 XGEE I T 45 AR SE T AR
SCHEH ) VLM-SEP 158 528 BT (1) B RS 1R Ut
YRE T, e N R SRS 5 G A e SR R T
13 A 2SR AR S 43, [ I 38 5 % 5 2 S AR R E 30
B W5t N AT AR

4.8 REHESIHARS R

RN BB RERG O FREA 5 5 K o B
ALEREE 1), I 6 451 T VLM-SEP J7i:/E =44
AL FWRIE A FE. 7R T 2 % FhriE HAAEAT]
WG W40 B 1) DIPSER $udlE 45 b, VRIEFRE S 30
AR B ZUE 22 8 R I 3 A R —— Y 1) iR 432
F LR IEA LS 2 0] (W J s eSS
FIE N CEmES ), s G BRI R A (a0 ik
K5 #RA R =ESE”) B di B er .
XRERES S5 EIX— e R AR L2 —MiEs:
I ROEDIRZS. AL, S REEA, T AR
BELFT AL TR AR T RES
it kWK S 5HFERE 5 5, VLM-SEP @i 5|
N T VB R AR 0 B0 R ) 2 1] 5 B AR A S AR X
IR, BE% H GRS AN BB K AR E 2,
MR IS B BRI A T S 5 . X
UEBH TR B 1 22 ST G R, I8 B A& R P bR

RE g e S
4.9 ZEHIoH

N T TSI A 22 VLM-SEP AR A A e s
SCARRFAE AT HEHL 3 H1 DA B 5 B 24 73 SR R BRPE AT
AT AR, AR S0 E I Hh B A AR R B B R
PR TR ) 4= 7. an i 7 0 R R AN ELAR 45 B
7~, VLM-SEP #8156 31T 2 2 IRFFE AR, 1 i

ST K A0 1 5 A A 8 A A B R IE F 3 7 41

BRI T7 1) BRAGCIRAS S Sk i A5 Ko W /1 s 55
BN, f£mES " Z4 ) SRS AL E .
RIS IE Sk EAL” RS FFIER; 72 “Hk S 57
S TR R ) R BG T TE  ALZR IRRS SE I
M R AR 1K — P AR e i AR Hth R AL A5 5
B R4k, NG S8 5 HE P PO nT 5 B SR
TESREEE AL J5 , BRI AR 5] S =
MBI E L R B HN B, X5 AR
AR ) 2 SRS AT IR B HESL. 5 o, e AR A
Z 5S4 MRS KM EERHE — 15K
BORAS — A ERIIREE/ BT E — 57 siE =
JIor a0 B A, BT RIS 57
LEEL, X T HE OEAZER S S U,
BT TR SEBRECE VAL TR RS R S N A
MHA.

A, JE I 5 A G v B iR B 2 IR AT AT
WAL E P B Xt b, A S — P 5AE T VLM-SEP
TER a5 R AR 4. SEie 4L 8 B
NI H BB —244 A S FZELR AL T
LM AR R RHE. R AL QiR T2 SRR
(tn ResNet + LSTM 4%), HyER I 32 BR 146
B IR B, SRR B8 8  BS eks v B A v T R
BRI E, BT 207 “B5 TR 1X— R BEAIR
BRI RN THRE, SEEERE MmN, H&
SHE R EES S HE, MK 8 s, Mk
T, VLM-SEP EHL RS HEMHEEIZ 4 5%, R4t
Wi 2 2 IS 5 FERHE RN, RS 2] 5 A 2k
)R HRES 3. AN RS M, B, 76 <%0
WEl FREEIHEE B, B SHF OH Y
JEI6 SR AT I R 2E, IR %R AR R
REAITNSS, (BRI AAAE D AL T [H m S Fl
WE T RS 5 E. e, BB SaE
RHRAELE, RGN IEAES R RA, Bl S
SEBRE AR S5 R .

5 ZEERIB
RS LV S B S 5 5 B O




14 H ) 1t &2 i xx 4
EEARIE: B 5 LR ARIIE: W25
0- 0- 0.6
1l — 0.6 1
2- 27
3- [ | . 3- 0.5
4- -5 4-
* 6 - 0.4 i 6 -
g 7- QT
#H 8- || 0.3 H 8- || 0.3
& 9- & 9-
H10- L M10- 0.2
11 0.2 11- ]
12 12 -
13- 0.1 13- -0.1
14- 14 - ||
15- ] 15- |
1 1 1 1 ) 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 Ll ' 1 1
0123456738 9101112131415 0123456738 9101112131415
HLBE 51t HBE 7 51t
HEARNE: hESY EEARNAE: mESS
0- 0-
0.6 0.6
1l e |
2- B 2 -
3- [ | 0.5 3- 0.5
4- 4-
B 9 u 04 =97 I 0.4
{& 6 - “& 6 -
QT KT
= 8- | 0.3 E 8- [ | 0.3
o B i B
=10 - =10 -
11- H 0.2 11- B 0.2
12- 12 -
13- || 0.1 13- -0.1
14- 14- [
15- 15 -
0123456 7389101112131415 012345 6 7 8 9101112131415
B 51 i AL 5 51 it
Bl 5 SCARRHESAUURHE IR IR 3 AH OGB4 T
Fig.5  Temporal correlation heatmap between text and video features
DAISEE EmotiW 2023 DIPSER
REE A4S ST (VLM-SEP) TRIE A% 4 (VLM-SEP) TRIE - AR %4 (VLM-SEP)
0.8
0.8
x$5 ° ’ ! 0.7 x25 ° ¢ ¢ 07 iz 52 2 0.8
0.6 0.6
yhiess o 0 & 05 Bizs5- 2 | s @ s 05 0.6
gt 0.4 'H< 0.4 ﬁ\*%?"? " “
Wpssg . o 0 133 03 Bhgzg . s 28 9% 124 0.3 S 0.4
0.2 02 0.2
mESY 0 0 287 01 m@EzH 21 36 63 431 0.1 HIESE " 2
YU s b e ow > > s 0
%%/ ?/ %,/‘/ %,/‘/ "4’7[‘/ %‘/ K%/ %/ "4/7"/ %,/‘/ %/
59// ,%Ssj// Z5{%/// %\{%‘W X)// )\%—\ // &%W éﬁ*” )\%’\%// &%W ég,?//
TR AR2E T bR TRbR2E

K6 VLM-SEP J5ikfE =itk b iiRIEHE I
Fig.6  Confusion matrices of the VLM-SEP method on the three datasets

55 BB RS I T I e £ 18 S8 ) 5 O e A JK FRANG 5 B F LA PR A M AL SRR AIE ;. LK,
KM, 38— P AL BEE SR B FINEE LB I0 AR HEBN | 22 57 1 K
S5 WML, 27k g At N 24 MBERFNES 2 5 BOIRZS B IRVE 5 13 8] (1 2 2N
HERLZEH: 5, B 2 RIXS 5 ERFL RS, A fR e, JE I 28 S R Sy WU AT P AR i R



R 2: WiKZH

—

LD R
%4 B

Fhl: hEESY

N
24 A

W TT ) HobE v, HRESIR
A RUHRIEH BT, Skifiaeds:

ST L, W ARSI WA T
H.

BRSNS 5 EE S,
] HEAL T BB SRS

T:
RIWMAT NZ G ER G,
BRSNS 5 R,
R Ak T RS

ZRENRB5E (I HIRGIFH)
FHIEfAAS VER
2 5T S5

113
MLITI: [/, IRKRES:
MR TE 3 T

TRAEER T
ResNet + LSTM % REUGA I

e SRR I R T

RIS 5K
REAEARAR

2 5EE
WL I: FCR T,
AR HE PR A& - SOUHR IE 6 H T
S A SR B
W TE: WA B

1
1

1

1

1

1

1

1

P MET5 A ) T,
: RISR A : XUIR IE T,
1
1
1
1
1

F2 RN

BRIRAS: 1126 F i,
SR SR,
WEERBNAE: WA T

Fig.8

L e e e e

Fig.7

t

RIWAT hS HES R, A
BRSNS 5 R, fakt
THEERZIRE

T:

ﬁfﬂ L A P TR 5 17 SR IR VB
fiE, 254 IR T &S B Uk E,

FEoR W] R AL T 9% 57 8RR )

SHURE, TREHAER SO

7 EH A

Case analysis

HIRE] 21
R R
S 5.

ZAHERPMAT NS 5 R

&, (ARSI S S EE S,

T REAL TR B AR
ZAFERI AT NS 5 ER

&, BRSNS 5EED,

AT AEAL TR IRA

o R T B R
M85, BLLEI T AT REAR TR )
4\1,}‘\\]{
Wt RILAT 195 5 P
&, W6 FIR T REARRIER S
Rerh,

K8 wEiair

Qualitative analysis

RGNS SR T F2E AT

REAE (WAL ST
WESL. WM H), E%WEP{%F?

R IE . Sk

— B, BT TR 5 E AT

HOER,.

PRIl & LSk
HEZE

HERERLHUE IS IRl — fi5 R

—

B — MR — HGRE — B
55 VLRI 53 0 1 R RN 6, 13
S RIS 5710

45ie.

AR A FEHIFFE

R R)3E R 4R rh T T
WL, R AN T 1%
S AR IR e s

BE RIS H & PR3
HEZE

—

5@

TS

RGN PRI T B A E 1)
AT NRHAE, 2 AEAE 2 i fRds—
—> B, ERD WP R B R )
A BT TS 5

PR L.

x M PO 55 FE T S 2 WS A S 5 R T 7 vk 15
LERS 5 MBS0 B e )
AR VER S w2 mEzs @
% 55 BE AR AE 2 5P
o oy b5 A
. t: t:
kA m&ﬁmywwm‘mw& FI 1515 5 R,



16 H )

¥ i

XX%

&, LI B RAE 5 SCAE A IR R
T2 T 5K 2 . #E DAISEE. EmotiW2023 A
DIPSER —/MATFEHREE 2 5850 3K 8, VLM-
SEP 0T Bl (4L G 7R BT 2 SR A 17 38 i A0
BEE OB b, T RS 6 S T AL o BTk —
WIGAE T 2 B2 X R) A2 EL AL 704l $2 52 2 B 40 e 5
KR R AR R DL R BT TN 45 SR AT R
75 TR FAZ AR 3

R VLM-SEP 7E H sh 6.2 5 B VPl R I
S BRI R S T R 2 AT g — B IR R
7. o, DA HESE 3 R R T AR AR 5 S
KIEHHEF R A, KRR 5 NS 5 S
AR B UE B (0K, IR B AR S, DRz
ZYEFE 15 21 EIRS VPl R & Fowk, BExk i AL
VLT AR S R K TR L, Rk T
EE IR A B R TR E R T2 %
TELRHUE W5 JOl Gt B3 28 T S g SE T 3 R
g, fla, ISR EAN S 5 R SHMBRERFT
FHEEREEAMEESR, Kk TIEBRR KN 7
BAS BTV, JENANFE S S 5 N EAT A3
LRRRE MU, USRS 8 e 2 ST RN A S
1T R .

B3k
1 Xiao Jian-Li, Huang Xing-Yu, Jiang Fei. A review of large lan-
guage models in intelligent education. CAAI Transactions on In-
telligent Systems, 2025, 20(5): 1054—1070
(Hi7y, AT, 2 HEEEPIRIE SRS, Bt R4
4R, 2025, 20(5): 1054-1070)

2 Doherty K, Doherty G. Engagement in HCI: Conception, the-
ory and measurement. ACM Computing Surveys, 2018, 51(5): 1—
39

3 D’'Mello S K. Improving Student Engagement in and With Di-
gital Learning Technologies. Cham: Springer, 2021. 79-104

4  Wei YT, Wang J X, Yang H H, Shi Y H, Zhou G W, Li X. Re-
search on the influence of students’ engagement in blended syn-
chronous learning. In: Proceedings of the 2023 International
Symposium on Educational Technology. Hong Kong, China:
IEEE, 2023. 37-41

Fredricks J A, Blumenfeld P C, Paris A H. School engagement:
Potential of the concept, state of the evidence. Review of Educa-
tional Research, 2004, 74(1): 59-109

6 Fredricks J A, Filsecker M, Lawson M A. Student engagement,
context, and adjustment: Addressing definitional, measurement,
and methodological issues. Learning and Instruction, 2016, 43:
1-4

7 Li T, Zhu A. How online classroom interaction tool change the
teaching and learning mode under the traditional computer-as-
sisted instruction? In: Proceedings of the International Confer-
ence on Computer Science and Educational Informatization.
Kunming, China: IEEE, 2019. 25-29

8 Smith J, Schreder K. Are they paying attention, or are they
shoe-shopping? Evidence from online learning. International
Journal of Multidisciplinary Perspectives in Higher Education,
2020, 5(1): 200209

9 Mo Yuan-Jiao. Classroom student engagement prediction meth-
od based on cross-branch attention learning. Industrial Control
Computer, 2025, 38(1): 118-120
(BETulh. BT 3B A IR E RS SR, T

[S2

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

ArFEHITEEL, 2025, 38(1): 118-120)

He K M, Zhang X Y, Ren S Q, Sun J. Deep residual learning for
image recognition. In: Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas, NV,
USA: IEEE, 2016. 770-778

Geng L, Xu M, Wei Z Q, Zhou X Z. Learning deep spatiotem-
poral feature for engagement recognition of online courses. In:
Proceedings of the Symposium Series on Computational Intelli-
gence. Xiamen, China: IEEE, 2019. 442447

Wo Yan, Liang Ji-Yun, Han Guo-Qiang. Cross-modal face re-
trieval method based on metric learning. Journal of South China
University of Technology (Natural Science Edition), 2022, 50(6):
1-9

(IR, Red o, ShE . BT HEY MBS NIRRTk, #
LR 4R (A AARFER), 2022, 50(6): 1-9)

Zhang H, Xiao X F, Huang T, Liu S Y, Xia Y, Li J. A novel
end-to-end network for automatic student engagement recogni-
tion. In: Proceedings of the 9th International Conference on
Electronics Information and Emergency Communication.
Beijing, China: IEEE, 2019. 342-345

Liao J C, Liang Y, Pan J H. Deep facial spatiotemporal net-
work for engagement prediction in online learning. Applied In-
telligence, 2021, 51(10): 6609-6621

Liu Z, Kong W Z, Peng X, Yang Z K, Liu S, Liu S Q, et al.
Dual-feature-embeddings-based semisupervised learning for cog-
nitive engagement classification in online course discussions.
Knowledge-Based Systems, 2023, 259: Article No. 110053

Huang T, Mei Y S, Zhang H, Liu S Y, Yang H L. Fine-grained
engagement recognition in online learning environment. In: Pro-
ceedings of the 9th International Conference on Electronics In-
formation and Emergency Communication. Beijing, China:
IEEE, 2019. 338-341

Singh M, Hoque X, Zeng D H, Wang Y N, Ikeda K, Dhall A. Do
I have your attention: A large scale engagement prediction data-
set and baselines. In: Proceedings of the 25th ACM Internation-
al Conference on Multimodal Interaction. New York, USA:
ACM, 2023. 174-182

Vedernikov A, Kumar P, Chen H Y, Seppdnen T, Li X B.
TCCT-Net: Two-stream network architecture for fast and effi-
cient engagement estimation via behavioral feature signals. In:
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Seattle, WA, USA: IEEE, 2024.
4723-4732

Deng Y Y, Bian J T, Wu S S, Lai J H, Xie X H. Multiplex
graph aggregation and feature refinement for unsupervised in-
complete multimodal emotion recognition. Information Fusion,
2025, 114: Article No. 102711

Singh A, Verma N, Goyal K, Singh A, Kumar P, Li X B. Vis-
ioPhysioENet: Multimodal engagement detection using visual
and physiological signals. arXiv preprint arXiv: 2409.16126,
2024.

Boitel E, Mohasseb A, Haig E. MIST: Multimodal emotion re-
cognition using DeBERTa for text, Semi-CNN for speech, Res-
Net-50 for facial, and 3D-CNN for motion analysis. Expert Sys-
tems With Applications, 2025, 270: Article No. 126236

Liu Y H, Kuang Z Y, Zhang H Y, Li C, Li F F, Ding X H.
PRADA: Prompt-guided representation alignment and dynamic
adaption for time series forecasting. Knowledge-Based Systems,
2025, 318: Article No. 113478

Zou X, Li X H, Hu P, Dong M. MrBalance: A framework for en-
hancing event causality identification in multi-agent debates via
role assignment. Knowledge-Based Systems, 2025: Article No.
114470

Qi XY, Zeng Y, Xie T H, Chen P Y, Jia R X, Mittal P, et al.
Fine-tuning aligned language models compromises safety, even

when users do not intend to! arXiv preprint arXiv: 2310.03693,
2023.

Heilporn G, Raynault A, Frenette E. Student engagement in a
higher education course: A multidimensional scale for different
course modalities. Social Sciences & Humanities Open, 2024, 9:
Article No. 100794

Fredricks J A, McColskey W. The measurement of student en-


https://doi.org/10.11992/tis.202406040
https://doi.org/10.11992/tis.202406040
https://doi.org/10.11992/tis.202406040
https://doi.org/10.3102/00346543074001059
https://doi.org/10.3102/00346543074001059
https://doi.org/10.3102/00346543074001059
https://doi.org/10.1016/j.learninstruc.2016.02.002
https://doi.org/10.3969/j.issn.1001-182X.2025.01.045
https://doi.org/10.3969/j.issn.1001-182X.2025.01.045
https://doi.org/10.1007/s10489-020-02139-8
https://doi.org/10.1007/s10489-020-02139-8
https://doi.org/10.1007/s10489-020-02139-8
https://doi.org/10.1016/j.knosys.2022.110053
https://doi.org/10.1016/j.knosys.2022.110053
https://doi.org/10.1016/j.knosys.2022.110053
https://doi.org/10.1016/j.inffus.2024.102711
https://doi.org/10.1016/j.eswa.2024.126236
https://doi.org/10.1016/j.eswa.2024.126236
https://doi.org/10.1016/j.eswa.2024.126236
https://doi.org/10.1016/j.knosys.2025.113478
https://doi.org/10.1016/j.knosys.2025.113478
https://doi.org/10.1016/j.knosys.2025.113478
https://doi.org/10.1016/j.ssaho.2023.100794

x TEXUE A BT UL TE B BRI 2SS 5 R J7 7% 17

27

28

29

30

31

32

33

34

35

36

37

38

39

40

gagement: A comparative analysis of various methods and stu-
dent self-report instruments. Handbook of Research on Student
Engagement. Boston, MA: Springer US, 2012. 763-782

Blikstein P. Multimodal learning analytics. In: Proceedings of
the 3rd International Conference on Learning Analytics and
Knowledge. New York, USA: ACM, 2013. 102-106

Yang A, Li A F, Yang B S, Zhang B C, Hui B Y, Zheng B, et
al. Qwen3 technical report. arXiv preprint arXiv: 2505.09388,
2025.

Gupta A, D’Cunha A, Awasthi K, Balasubramanian V. DAI-
SEE: Towards user engagement recognition in the wild. arXiv
preprint arXiv: 1609.01885, 2016.

Dhall A, Singh M, Goecke R, Gedeon T, Zeng D H, Wang Y N,
et al. EmotiW2023: Emotion recognition in the wild challenge.
In: Proceedings of the 25th ACM International Conference on
Multimodal Interaction. New York, USA: ACM, 2023. 746-749

Marquez-Carpintero L, Suescun-Ferrandiz S, Alvarez C L,
Fernandez-Herrero J, Viejo D, Roig-Vila R, et al. DIPSER: A
dataset for in-person student engagement recognition in the
wild. arXiv preprint arXiv: 2502.20209, 2025.

Szegedy C, Ioffe S, Vanhoucke V, Alemi A. Inception-v4, Incep-
tion-ResNet and the impact of residual connections on learning.
In: Proceedings of the AAAI Conference on Artificial Intelli-
gence. San Francisco, CA, USA: AAAI 2017. 4278-4284

Parmar P, Morris B. Action quality assessment across multiple
actions. In: Proceedings of the IEEE/CVF Winter Conference
on Applications of Computer Vision. Waikoloa Village, HI,
USA: IEEE, 2019. 1468-1476

Abedi A, Khan S S. Improving state-of-the-art in detecting stu-
dent engagement with ResNet and TCN hybrid network. In:
Proceedings of the 18th Conference on Robots and Vision. Burn-
aby, British Columbia, Canada: IEEE, 2021. 151-157

Liu Z, Lin Y T, Cao Y, Hu H, Wei Y X, Zhang Z, et al. Swin
Transformer: Hierarchical vision Transformer using shifted win-
dows. In: Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision. Montreal, QC, Canada: IEEE, 2021.
10012-10022

Arnab A, Dehghani M, Heigold G, Sun C, Lu¢i¢ M, Schmid C.
ViViT: A video vision Transformer. In: Proceedings of the
IEEE/CVF International Conference on Computer Vision.
Montreal, QC, Canada: IEEE, 2021. 6836-6846

Selim T, Elkabani I, Abdou M A. Students engagement level de-
tection in online e-learning using hybrid EfficientNetB7 togeth-
er with TCN, LSTM, and Bi-LSTM. IEEE Access, 2022, 10:
99573-99583

Wang H, Sun H M, Zhang W L, Chen Y X, Jia R S. FANN: A
novel frame attention neural network for student engagement re-
cognition in facial video. The Visual Computer, 2025, 41: 6011—
6025

Lin B, Ye Y, Zhu B, Cui J X, Ning M N, Jin P, et al. Video-
LLaVA: Learning united visual representation by alignment be-
fore projection. In: Proceedings of the 2024 Conference on Em-
pirical Methods in Natural Language Processing. Miami, Flor-
ida, USA: ACL, 2024. 59715984

Li B, Zhang K C, Zhang H, Guo D, Zhang R R, Li F, et al.
LLaVA-NeXT: Stronger LLMs supercharge multimodal capabil-
ities in the wild. arXiv preprint arXiv: 2408.01073, 2024.

ENE  AIRLEE I E KR LA
TR A BE I 9T 4. E BT
FABARIZIE, MEEHE.

E-mail: shshen@jiai.ustc.edu.cn
(SHEN Shuang-Hong Associate
researcher at the Institute of Artifi-
cial Intelligence, Hefei Comprehens-

ive National Science Center. His research interests in-
clude data mining and intelligent education.)

FFH  ZHORFEW LA, R
W7 R AT RN, SRS
FARGEVE B RN

E-mail: wa24201053@stu.ahu.edu.cn
(QIN Zi-Xuan Master student at
Anhui University. His research in-
terests include computer vision,
multimodal fusion, and the application of vision-lan-
guage models.)

75 M AR AR . AT
FOOT N HARE PR, B RS
E-mail: yusu@hfnu.edu.cn

(SU Yu Professor at Hefei Normal
University. His research interests in-
clude natural language understand-
ing and intelligent education.)

FLit BOGRERM AR A IER
RTARIT, Bl FEFRE MR
VNGRS Y&y - e

E-mail: sjwang3@Qiflytek.com
(WANG Shi-Jin  Professor-level
senior engineer, vice president at
iFLYTEK Co., Ltd. His research in-
terests include cognitive intelligence and smart educa-
tion.)

BRI P EBEEEORR LR
FHHEOR R . LT
NEARAZHE SN

E-mail: huangzy@Qustc.edu.cn
(HUANG Zhen-Ya Associate pro-
fessor at the School of Computer
Science and Technology, University
of Science and Technology of China. His research in-
terests include data mining and cognitive reasoning.)

NG ZERH AT EBE R
. EEBFTT AT RN, AL
ARSI IR 2] AR OEEIEE .
E-mail: sundengdi@ahu.edu.cn
(SUN Deng-Di  Professor at the
School of Artificial Intelligence, An-
\ hui University. His research in-
terests include computer vision, machine learning, and
deep learning. Corresponding author of this paper.)


https://doi.org/10.1109/ACCESS.2022.3206779
https://doi.org/10.1007/s00371-024-03768-7
mailto:shshen@iai.ustc.edu.cn
mailto:wa24201053@stu.ahu.edu.cn
mailto:yusu@hfnu.edu.cn
mailto:sjwang3@iflytek.com
mailto:huangzy@ustc.edu.cn
mailto:sundengdi@ahu.edu.cn

	1 学生参与度预测任务
	2 相关工作
	3 基于视觉语言模型的多模态学生参与度预测方法
	3.1 多层次参与度特征解耦
	3.2 知识引导的注意力推理
	3.3 跨模态融合决策框架

	4 实验
	4.1 实验环境
	4.2 数据集与评估指标
	4.3 对比模型
	4.4 对比实验与结果分析
	4.5 消融实验
	4.6 特征可视化分析
	4.7 视觉−文本相关性分析
	4.8 混淆矩阵与边界分析
	4.9 案例分析

	5 结束语
	参考文献

