Cross-modal Affinity-aligned Multimodal Learning Analytics for Predicting

‘ﬁ] i%@ﬁ’\% Student Collaboration Satisfaction in Game-Based Learning CVPR
% C 4

@ DENVER

Wen-Hsin Tsai, Chia-Ming Lee, Yuk-Ying Tung JUNE 3-7, 2026 CULURADU
National Chenge Kune Universi Insititute of Education, National Cheng Kung University .
195 5 5 v . CV4Edu Workshop Archival paper
yytung@mail.ncku.edu.tw
Abstract Afflnlty-AllgHEd Multimodal Learnlng Analytlcs (AAMLA) t-SNE Results and Afflnlty Score Ana]ysis
Motivation: In educational deployments, modalities : : _—
o p }/ / Multimodal \ ( MOdal.Ity ) Projection CAMA Mo?lule Afflnlty Score Between Students’ Activity (a) AAMLA (Full) (b) AAMLA w/o ASA (C) AAMLA W/0 Lag (d) AAMLA w/o ASA \& Lo
SUCh as eye gaze eXthIt fnconsistent Data Inputs Encoding Layer for Feature Alignment — ECAE oo . . s .
. . . [ — SN N N mas . & m s . te o e .,
informativeness across cohorts or may be entirely , - H | - ~ TSI W | R R T | = s =
. . . GRU ,| Linear | | LQ+HQAverage 1, iz S Ak 3D (Al %ﬁ;%& A n‘j&% e, i 135502
absent due to expensive data collection, causing Encoder Projection | " Stablization bl T B | T g v N, U o TR F NIRRT R - %c;iw% -
: . : : : T — i) L . : ‘ L P N 2 A L SR :-“";*“;;:? 3"y ' ot %“”’:?*ff?«’; 2t
implicit fusion to degrade satisfaction prediction. Facial Action Units :;C’ L B T e — — %":5 . R if? 2 AR ;;,% "“"‘"’i"';a’%%
Abstract: We propose AAMLA, which explicitly oy . _ Affinity Matrix o EARAN Lo
. . . . o et GRU ,| Linear LQ+HQ Average™ " - o 5 o
aligns heterogeneous behavioral signals via affinity Nl AN A Encoder Projection” T stablization - \ E o * e
. . . . . o . e : T AAMLA (Full) (b) AAMLA w/o CAMA L.a
matrices to predict student collaboration satisfaction Eyegaze Signal i m::: Feature Fusion and Classification (a) ,
robustly under real-world modality degradation. M o
y ) y g _ il ,, Linear __ LQ+HQAverage _ smen C(oncatenatk]n FC Layer Satlsfl.ca.tlon
Contribution: CAMA suppresses uninformative Encoder Projection | ~|Stablization L J Prediction
" : . : : - Head pose
modalities via affinity-guided contrastive learning, Dynamics i A o - - ——— —
ensuring robust cross-modal representations j o Loss updating without Supervision iy B e o pose
_ _ _ _ E L |,/ Linear LQ+HQAverage Gradient Return - Gaze & Gaze - Gaze
WlthOUt dISCardlng any mOdallty SR Projection Stablization =1 - - - = = — - }‘Ctotal = £CE + O!ﬁaff " 100 200 | 300 400 "0 100 200 , 300 400 >3 100 200 | 300 400 " 100 200 | 300 400
k Trace Logs / | \ (a) High-satisfaction (b) Low-satisfaction (c) Degraded high-satisfaction (d) Degraded low-satisfaction
Chat Overall pipeline: Four modalities (facial action units, pose, gaze, trace) are encoded by modality- affinity scores affinity scores affinity scores affinity scores
g;,;, specific GRU encoders and projected into a unified semantic space. CAMA explicitly aligns cross- t-SNE Feature Distribution: Full AAMLA yields well-separated clusters; removing
@ modal features via affinity matrices and contrastive learning, adaptively suppressing CAMA or contrastive loss progressively blurs class boundaries across modalities.
| f‘,’._‘j‘ uninformative modalities such as inconsistent gaze signals. Aligned embeddings are jointly Affinity Score Evolution: Trace embeddings converge stably while gaze remains
o optimized with classification and affinity alignment losses before a shared FC classifier produces most variable: high-satisfaction activities reach alignment earlier.
SR four-class satisfaction predictions, preventing cascading fusion errors under real-world degradation.
@ . . . . oy o .
g oo Key Insight - LQ-HQ Average Stablization: For each modality, original and perturbed features Quantitative Results and Companson
You arrive at the farm. Talk to — . . PE . . . . .
Diwa | > 1= are averaged within each batch, mitigating within-batch discrepancies caused by student Mode] Fl-Score  Accuracy  Modliy  Degradation Cross-Aun (1] AAMLA (Ours
: : behavioral variation and providing stable representations regardless of modality quality fluctuations. Dropout 30% 0.68 0.77
A 3D exploration view of the EcoJourneys P J P J y Quality AU (Unimodal) 066 1003 0.66 1003  Gare Drorowt 0% 061 07s
collaborative learninag environment. o o o ° o Pose (Unmimodal) 0.66 +£0.04 0.66 +0.04 Dropout 70% 0.52 0.72
. : I CrOSS_mOdal Afflnlty-gulded MOdahty Ahgnment (CAMA) Gaze (Unimodal) 0.65 £0.05 0.65 +0.05 AU + P N(0,0.01) 0.65 0.78
Dataset and Setting: 50 middle school students CAMA Module: Affinit i it Trace (Unimodal)  0.65 £0.04  0.65 +0.04 0% A(0,0.05) 0.54 0.72
across 164 game sessions in EcoJourneys, Low affinity score Optimization High affinity score , oduie- Afmni y. ma rl.ces gxp Ity Cross- Attention 111 0.72 . 072 - w/o AU 0.54 0.73
. . . . (Unaligned) ErOCess (Aligned) model inter-modal relationships via ross-Attention [1]0.72 £0.03 0.72 2003 . WwoPos 0.53 0.72
capturing facial action units, head pose, eye gaze, \ \ . . . . : wio Gaze 0.52 0.8
. . . . AO O contrastive learning, pulling same-class AAMLA (Ours)  0.79 £0.02 0.77 +£0.02 w/o Trace 0.56 0.70
and interaction trace logs. Inconsistent gaze signals . - 4 _ _ : : _ _
.. . OF a High Satisfication  embeddings together and pushing apart Unimodal vs. Multimodal Performance: Each modality contributes comparably;
across cohorts cause traditional fusion strategy to YO e _ _ _ _ _
. . .y . =7 g & ::> e cross-activity pairs, with average AAMLA consistently outperforms the cross-attention baseline.
over-weight noisy modalities, cascading into o I N\ oD o _ _ _ _ o _
. . ol VAN & stabilization further ensuring robust alignment Robustness under Modality Degradation and Missing: Cross-attention degrades
prediction failure under real-world deployment - P = O o/ _ N _ _ _ _ -
oo Pt without additional computational overhead. sharply under modality degradation; AAMLA remains stable across all conditions.

conditions, such as missing modality.



	Cross-modal Affinity-aligned Multimodal Learning Analytics for Predicting Student Collaboration Satisfaction in Game-Based Learning
	Wen-Hsin Tsai, Chia-Ming Lee, Yuk-Ying Tung
	Insititute of Education, National Cheng Kung University

	CV4Edu Workshop Archival paper
	yytung@mail.ncku.edu.tw

	Abstract
	Motivation: In educational deployments, modalities such as eye gaze exhibit inconsistent informativeness across cohorts or may be entirely absent due to expensive data collection, causing implicit fusion to degrade satisfaction prediction. Abstract: We propose AAMLA, which explicitly aligns heterogeneous behavioral signals via affinity matrices to predict student collaboration satisfaction robustly under real-world modality degradation. Contribution: CAMA suppresses uninformative modalities via affinity-guided contrastive learning, ensuring robust cross-modal representations without discarding any modality.
	▲ 3D exploration view of the EcoJourneys collaborative learning environment.

	Affinity-Aligned Multimodal Learning Analytics (AAMLA)
	Affinity Score Between Students’Activity
	Affinity Matrix
	Feature Fusion and Classification
	Loss updating without Gradient Return
	Overall pipeline: Four modalities (facial action units, pose, gaze, trace) are encoded by modality-specific GRU encoders and projected into a unified semantic space. CAMA explicitly aligns cross-modal features via affinity matrices and contrastive learning, adaptively suppressing uninformative modalities such as inconsistent gaze signals. Aligned embeddings are jointly optimized with classification and affinity alignment losses before a shared FC classifier produces four-class satisfaction predictions, preventing cascading fusion errors under real-world degradation. Key Insight - LQ-HQ Average Stablization: For each modality, original and perturbed features are averaged within each batch, mitigating within-batch discrepancies caused by student behavioral variation and providing stable representations regardless of modality quality fluctuations.

	t-SNE Results and Affinity Score Analysis
	t-SNE Feature Distribution: Full AAMLA yields well-separated clusters; removing CAMA or contrastive loss progressively blurs class boundaries across modalities. Affinity Score Evolution: Trace embeddings converge stably while gaze remains most variable; high-satisfaction activities reach alignment earlier.

	Quantitative Results and Comparison
	Unimodal vs. Multimodal Performance: Each modality contributes comparably; AAMLA consistently outperforms the cross-attention baseline. Robustness under Modality Degradation and Missing: Cross-attention degrades sharply under modality degradation; AAMLA remains stable across all conditions.

	Cross-modal Affinity-guided Modality Alignment (CAMA)
	Low affinity score (Unaligned)
	Optimization Process
	High affinity score (Aligned)
	CAMA Module: Affinity matrices explicitly model inter-modal relationships via contrastive learning, pulling same-class embeddings together and pushing apart cross-activity pairs, with average stabilization further ensuring robust alignment without additional computational overhead.
	Dataset and Setting: 50 middle school students across 164 game sessions in EcoJourneys, capturing facial action units, head pose, eye gaze, and interaction trace logs. Inconsistent gaze signals across cohorts cause traditional fusion strategy to over-weight noisy modalities, cascading into prediction failure under real-world deployment conditions, such as missing modality.



