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1. MOTIVATION

Why A/H matters
Ambivalence/Hesitancy (A/H) reflects uncertainty, reduced commitment, or 
conflicting positive and negative evaluations during decision-making.

TEMPORALLY SPARSE MULTIMODAL BEHAVIORAL

Pauses and delayed responses
Slower speech, pitch variation, and intonation changes
Hedging, self-corrections, and epistemic markers
Simultaneous positive and negative statements

Approaches exploit multimodal representations:
▶ visual / facial behavior;
▶ speech / audio;
▶ textual information.

2. RESEARCH GAP & CONTRIBUTIONS

Research Question
Can attention-based temporal aggregation + explicit prosodic and 
psycholinguistic support improve audio–text A/H recognition over 
generic embeddings and uniform mean pooling?
Hypotheses

H1 Attention-based MIL improves temporal aggregation over mean 
pooling.

H2 Explicit psycholinguistic support complements generic audio–text 
embeddings.

Contributions
✓ Audio→text cross-attention over aligned temporal windows.

✓
74-D interpretable support vector for uncertainty, hedging, context, and 
ambivalence.

✓ Gated MIL pooling to learn which windows contribute most to video-level A/H.

✓ Ensemble Based Approach
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5. PSYCHOLINGUISTIC SUPPORT VECTOR (74-D)

▶ MIL vs. mean pooling: small but 
consistent gain (∆F1 = +0.004; ∆AP = 
+0.007).

▶ Acoustic support: degrades AP 
(0.835 → 0.744), likely due to 
redundancy/noise. 

▶ Text support: improves AP (0.835 → 
0.842), but slightly reduces Macro-F1.

▶ All support: best single-model result 
(F1 = 0.710; AP = 0.857), supporting H2.

 ▶ 5-seed ensemble: further improves 
performance (F1 = 0.722; AP = 0.875).

3rd PLACE

4. WINDOW-BASED REPRESENTATIONS AND TEMPORAL ALIGNMET

3. METHOD OVERVIEW
6. CROSS-ATTENTION AND MIL-BASED AGGREGATION

7. EXPERIMENTAL PROTOCOL

8. RESULTS: FEATURE ABLATION
9. RESULTS: ENSEMBLE SIZE ABLATION

▶ Performance gain saturates beyond 
three models
▶ Five-seed ensemble provides the best 
trade-off: 

▶ ranking quality;
▶ classification stability;
▶ computational cost
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