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Abstract

Multimodal emotion recognition (MER) requires combining visual, acoustic, and textual
cues from short, noisy, and often ambiguous emotional expressions. While large pretrained
multimodal models provide strong general-purpose representations, their direct use for MER
can be limited by a mismatch between generic pretraining data and fine-grained affective
behavior, as well as by fusion mechanisms that do not explicitly account for modality relia-
bility. We study a two-stage framework for MER that isolates two factors: affective visual
representation adaptation and reliability-aware multimodal fusion. In the first stage, we
adapt a visual encoder to the emotion domain using predictive self-supervised learning on
unlabeled emotion videos, without using pseudo-labels or additional manual annotations. In
the second stage, we train a supervised multimodal classifier with Audio-Modulated Hybrid
Fusion (AMHF), where audio cues guide cross-modal interaction through audio spectral
gating, adaptive cross-modal routing, temporal memory, uncertainty estimation, and pro-
gressive fusion. On the MER2024-SEMI benchmark, visual predictive adaptation improves
performance by +7.92 weighted-average F1 (WAF) over the same model without domain
adaptation. Under matched encoders, parameter budgets, and training protocols, AMHF
improves performance by +7.25 WAF over a capacity-matched cross-attention fusion base-
line. Component-level ablations further show that each AMHF stage contributes to the
final performance. These results suggest that, for MER under limited supervision, domain-
aligned representation learning and reliability-aware fusion can be as important as increasing
model scale.

1 Introduction

Multimodal emotion recognition (MER) aims to infer affective states from visual, acoustic, and linguistic
signals. In practice, this problem remains difficult because emotional expressions are often subtle, short-
lived, and unevenly expressed across modalities. Facial cues may be weak, occluded, or affected by pose
and lighting, acoustic cues may vary with speaker characteristics, background noise, recording quality, and
prosodic expressiveness, and textual transcripts may be sparse, incomplete, or only weakly related to the
expressed emotion. These challenges are especially pronounced in settings with limited labeled data, where
a model must learn to combine heterogeneous and noisy cues without over-relying on any single modality.

Large pretrained multimodal models provide strong general-purpose representations and have shown impres-
sive transfer across video, audio, and language tasks (Alayrac et al.l [2022; Lin et al. 2024; [Liu et al. 2023).
However, their direct use for affective understanding is not always sufficient. First, visual encoders trained
on broad video corpora may emphasize scene-level semantics or action dynamics, while MER often depends
on fine-grained facial motion and subtle temporal changes. Second, standard fusion mechanisms, including
cross-attention-based designs (Vaswani et al.l 2017} Tsai et al.l 2019)), usually combine modalities in a largely
symmetric manner. Such mechanisms do not explicitly model the fact that modality reliability can vary from
sample to sample: audio may contain strong prosodic evidence when the face is partially occluded, while
visual cues may be more informative when speech is neutral or transcripts are uninformative. As a result,
improvements in MER can be difficult to attribute: they may come from larger pretrained backbones, from
better domain alignment, or from the inductive bias of the fusion mechanism itself.
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This paper studies these two factors separately. We ask whether predictive visual adaptation on unlabeled
emotion-domain videos improves affective representations, and whether audio-conditioned reliability-aware
fusion improves multimodal decision making under matched encoders and training protocols. Our approach
is motivated by the predictive learning view of V-JEPA-style video representation learning, where a model
learns by predicting masked latent spatiotemporal features rather than reconstructing pixels (Assran et al.)
2025). We use the term predictive visual adaptation in this restricted sense: the visual encoder is further
adapted on emotion-domain videos through latent feature prediction. We do not claim that the resulting
MER model performs planning, nor that predictive objectives are universally preferable to generative or
contrastive alternatives. Instead, we evaluate whether this form of in-domain predictive adaptation is useful
for fine-grained affect recognition.

We introduce Emotion-JEPA, a two-stage framework for multimodal emotion recognition. In the first stage,
the visual encoder is adapted using unlabeled emotion videos with a masked predictive objective. This stage
uses only video and does not rely on pseudo-labels, self-training, or additional manual annotations. To the
best of our knowledge, this is among the first studies to examine V-JEPA-style predictive visual adaptation
for multimodal emotion recognition. Its goal is to align the visual representation with affect-relevant facial
dynamics before supervised multimodal training. In the second stage, the adapted visual encoder is combined
with pretrained audio and text encoders through Audio-Modulated Hybrid Fusion (AMHF). AMHF uses
audio features as a reliability signal to guide multimodal interaction through audio spectral gating, adaptive
cross-modal routing, temporal memory, uncertainty estimation, and progressive fusion. This design reflects
the empirical observation that acoustic prosody is often a strong and stable cue in MER, while visual and
textual evidence can be more variable across samples.

Our emphasis is not on introducing a new large-scale pretrained model, but on a controlled analysis of
representation adaptation and fusion design. We compare the proposed model against ablations and capacity-
matched fusion baselines under the same modality encoders, parameter budgets, and optimization settings.
This allows us to separate the effect of visual domain adaptation from the effect of the multimodal fusion
mechanism. On MER2024-SEMI, predictive visual adaptation improves performance by +7.92 WAF over the
same model without domain adaptation. Under matched encoders and training protocols, AMHF improves
performance by +7.25 WAF over a capacity-matched cross-attention fusion baseline. Additional unimodal,
component-level, and diagnostic analyses show that the final performance depends on both affect-aligned
visual representations and reliability-aware multimodal fusion.

Contributions:

e An early study of V-JEPA-style predictive visual adaptation for MER: We adapt a V-
JEPA-style visual encoder to emotion-domain videos using unlabeled face-centric clips and a masked
latent prediction objective. This provides an early study of predictive video representation adapta-
tion for multimodal emotion recognition and improves affect-sensitive visual representations without
pseudo-labeling or additional manual supervision.

e Audio-Modulated Hybrid Fusion for reliability-aware multimodal learning: We introduce
AMHF, a fusion module in which audio features guide multimodal interaction through audio spectral
gating, adaptive cross-modal routing, temporal memory, uncertainty estimation, and progressive
fusion. Under matched encoders and training protocols, AMHF improves over a capacity-matched
cross-attention baseline.

e Controlled empirical analysis of adaptation and fusion: Through unimodal evaluation,
framework-level ablations, AMHF component ablations, comparisons with multimodal foundation
models, and transfer evaluation on MER2025-SEMI, we analyze how visual domain adaptation and
audio-conditioned fusion contribute to MER performance.

Together, these results suggest that robust MER under limited supervision depends not only on the scale
of pretrained models, but also on whether representations are aligned with affective dynamics and whether
fusion mechanisms can account for modality-specific reliability.
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2 Related Work

2.1 Benchmarks and Limited Supervision in Multimodal Emotion Recognition

Recent progress in multimodal emotion recognition (MER) has been shaped by both benchmark design and
model development. Early datasets such as IEMOCAP (Busso et al., [2008) enabled controlled studies of
audiovisual and linguistic emotion recognition, while MERBench (Lian et al., [2026) highlighted the need
for standardized evaluation across feature extractors, fusion modules, splits, and training protocols. The
MER challenge series further expands this setting: MER2024 introduced semi-supervised learning, noise
robustness, and open-vocabulary emotion recognition (Lian et al.,2024bf), and MER2025 extends the bench-
mark toward LMM-based affective computing, fine-grained recognition, descriptive emotion reasoning, and
personality-related prediction (Lian et al. 2025b)).

Limited labeled data remains a central difficulty in this setting. Recent MER2024-SEMI systems often
use pseudo-labeling, self-training, modality dropout, voting, or iterative refinement over unlabeled data (Qi
et al., 2024; (Ge et all [2024; [Shi & Gaol, |2024)). These strategies can improve benchmark performance by
converting unlabeled examples into additional supervisory signal, but they also make it harder to isolate
gains from model architecture or representation learning. In contrast, Emotion-JEPA uses unlabeled clips
only for predictive visual adaptation and does not assign pseudo-labels to unlabeled samples, allowing us to
study representation adaptation and reliability-aware fusion under a controlled supervision protocol.

2.2 Large Multimodal Models for Affective Understanding

Large multimodal models (LMMs) such as CLIP (Radford et all |2021)), Flamingo (Alayrac et al. 2022,
Video-LLaVA (Liu et al.| |2023)), Video-LLaMA (Zhang et al., 2023)), and Qwen-VL/Qwen-Omni (Bai et al.
2023; Xu et all [2025)) provide strong general-purpose multimodal representations. Their success has mo-
tivated affective computing methods based on prompting, instruction tuning, and multimodal reasoning.
For example, EmotionLLaMA (Cheng et al., 2024) adapts instruction-tuned multimodal models for emo-
tion recognition and reasoning, while AffectGPT and MER-Caption extend this direction with descriptive
emotion annotations and multimodal emotion understanding benchmarks (Lian et al.l [2025a)).

Recent work also explores open-vocabulary MER, where models predict flexible affective descriptions rather
than choosing from a fixed label set (Lian et al.| |2024a). These developments show the growing role of LMMs
in affective computing, but they also raise a complementary question: how should modality-specific evidence
be adapted and fused in compact discriminative MER systems? Emotion-JEPA addresses this question
by studying affective visual adaptation and audio-conditioned fusion under controlled encoder and training
settings, rather than relying primarily on instruction tuning, generative descriptions, or model scale.

2.3 Self-Supervised Video Learning and Affective Adaptation

Self-supervised learning has become a standard approach for learning transferable visual representations,
including contrastive methods (Chen et al., |2020; [He et al., [2020), non-contrastive methods (Grill et al.
2020), and masked prediction models (He et al. 2022)). In video understanding, predictive and masked
objectives are especially relevant because they encourage models to capture temporal structure across frames.

The Joint-Embedding Predictive Architecture (JEPA) (Assran et all |2023)) predicts representations in latent
space rather than reconstructing pixels. V-JEPA extends this idea to video through masked latent predic-
tion (Bardes et all 2024), and V-JEPA2 further scales predictive video representation learning (Assran
et al., [2025). These models provide strong generic video features, but direct transfer may be suboptimal for
MER because affective signals are often subtle, face-centric, and short-lived. Emotion recognition frequently
depends on brief facial movements, gaze shifts, and low-intensity expression changes that may be underrep-
resented in large action- or scene-oriented video corpora. Recent work has also begun to explore V-JEPA for
facial expression recognition using pretrained video encoders and shallow classifiers (Eing et al.l |2026)). Our
work differs by studying in-domain predictive visual adaptation for multimodal emotion recognition, where
the adapted visual representation is evaluated together with audio and text.
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We therefore use predictive self-supervised learning as an in-domain adaptation mechanism rather than as
a new pretraining objective. The visual encoder is adapted on unlabeled face-centric emotion videos before
supervised multimodal training, allowing us to test whether predictive adaptation reduces the domain gap
between generic video pretraining and affective visual recognition.

2.4 Reliability-Aware Multimodal Fusion

Fusion remains a central problem in MER because each modality can be informative, ambiguous, or mis-
leading depending on the sample. Classical approaches include early and late fusion, tensor-based fu-
sion (Zadeh et al.l 2017), attention-based fusion (Liang et al.l [2018; |Tsai et al., 2019)), and gated fusion
mechanisms (Arevalo et al., |2017). More recent methods emphasize sample-adaptive reliability modeling,
including audio-guided fusion (Shi & Gao, [2024)) and modality-specific dynamic emotion experts (Fang et al.)
2025). These approaches move beyond static fusion by estimating which modality or interaction pathway
should be emphasized for each example.

Emotion-JEPA follows this reliability-aware direction but uses audio as an explicit conditioning signal.
AMHF combines audio spectral gating, adaptive cross-modal routing, temporal memory, uncertainty esti-
mation, and progressive fusion to regulate how visual and textual evidence contribute to the final prediction.
This design uses acoustic prosody as a stabilizing cue when visual or textual evidence is weak, sparse, or
noisy.

Positioning. Emotion-JEPA complements prior work on MER, benchmarks, LMM-based affective under-
standing, semi-supervised learning, and adaptive fusion by isolating the effects of predictive visual adaptation
and audio-conditioned reliability-aware fusion under a controlled labeled protocol.

3 Methodology

Overview: Emotion-JEPA is a two-stage framework for multimodal emotion recognition. Stage 1 adapts
a pretrained visual video encoder to the affective domain using unlabeled emotion-domain videos and a
masked latent prediction objective. This stage is visual-only: it does not use audio, text, pseudo-labels, or
manual annotations. Stage 2 trains a supervised multimodal classifier that combines the adapted visual rep-
resentation with audio and text through Audio-Modulated Hybrid Fusion (AMHF). AMHF integrates audio
spectral gating, adaptive cross-modal routing, temporal memory, uncertainty estimation, and progressive
fusion to regulate cross-modal evidence. The resulting framework separates the representation question from
the fusion question: whether predictive adaptation improves affect-sensitive visual features, and whether
audio-conditioned fusion improves decision making when modality reliability varies across samples.

3.1 Problem Setup and Notation

We formulate multimodal emotion recognition as supervised classification over C' = 6 emotion categories in
MER2024-SEMI (Lian et al., [2024b). The labeled dataset is

D= {(xé)v'r;‘laxgvyi)}iila

a

where z¥ denotes a video clip, z¢ its synchronized audio segment, x! the corresponding transcript tokens,

and y; € {1,...,C} the emotion label. An unlabeled video set
U, = {33; }Jle

is used only during Stage 1 for visual predictive adaptation.

Each modality m € {v,a,t} is processed by an encoder f,, and projection head P,,:
Bon = P (fn(2™)),  hm €RY, d=512. (1)

All fusion operations in Stage 2 are performed in this shared embedding space.
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Figure 1: Overview of Emotion-JEPA. Stage 1 adapts the V-JEPA2 visual encoder on unlabeled emotion-
domain videos using masked latent prediction, without audio, text, or pseudo-labels. Stage 2 performs
supervised MER using projected visual, audio, and text representations. AMHF combines audio spectral
gating, adaptive cross-modal routing, temporal memory, uncertainty estimation, and progressive fusion for
classification.

Stage 1 updates only the visual branch using U,. Stage 2 performs supervised multimodal learning on
D, where projection heads and the fusion module are fully trainable, while only the upper layers of the
pretrained modality encoders are fine-tuned. Earlier encoder layers are kept frozen to preserve pretrained
representations and reduce overfitting under limited labeled supervision. We restrict predictive adaptation
to the visual encoder because the visual branch is most sensitive to the domain gap between generic video
pretraining and face-centric affect recognition, while the audio and text branches already benefit from large-
scale speech and language pretraining.

3.2 Stage 1: Affective Visual Domain Adaptation

The goal of Stage 1 is to adapt the visual encoder to emotion-domain video before supervised multimodal
training. Generic video encoders capture broad motion and scene dynamics, but MER often depends on
subtle visual cues such as brief facial movements, gaze changes, and low-intensity expression transitions. We
therefore continue training the visual encoder on unlabeled face-centric emotion videos using a masked latent
prediction objective.

Adaptation is performed on approximately 113k unlabeled clips from MER2024. Each clip is sampled at 4
FPS and resized or cropped to 256 x 256. We apply multi-scale spatiotemporal masking over a large portion
of the video volume, encouraging the model to infer masked latent targets from visible temporal context.
This objective encourages the encoder to represent short-range facial dynamics and stable facial structure
without requiring emotion labels.

Following a JEPA-style formulation (Assran et al. [2025)), each clip is divided into visible context regions
and masked target regions. Let fg denote the student encoder, f: the exponential-moving-average target
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encoder, and gy the predictor. The predictive adaptation objective is

Lpred = ||g0(fo(wetx)) — Sg(fs(fﬂtgt))H;’ (2)

where x4 denotes the visible context, @y denotes the masked target regions, and sg(-) stops gradients
through the EMA target branch. The target encoder parameters ¢ are updated as an exponential moving
average of the student parameters 6. During adaptation, only the upper transformer blocks of the visual
encoder and the predictor are updated and the lower visual layers remain frozen. This preserves general
visual features while allowing higher-level representations to specialize toward affective dynamics.

After adaptation, the resulting visual encoder f is used in Stage 2. Additional details on the trainable
visual subset, masking policy, EMA update, optimization settings, and compute budget are provided in
Appendix [B] Tables 8] and [0] summarize the Stage 1 parameter and masking configurations.

3.3 Stage 2: Supervised Multimodal Learning

Stage 2 trains the multimodal emotion classifier using the labeled set D. The adapted visual encoder f
processes the video stream, while pretrained HuBERT-Large and XLM-RoBERTa-Large encoders process the
audio and text streams, respectively. Each modality representation is projected into the shared embedding
space defined in Eq. |1} yielding (hy, ha, ht).

Video and audio are aligned at the clip level before fusion. Text is treated as an utterance-level semantic
cue rather than a temporally aligned stream, because transcripts are often short and do not provide reliable
token-level timing. Accordingly, temporal pooling is applied only to the video and audio representations in
the final configuration, while text is used as a global contextual feature. Full details on modality encoders,
projection heads, Stage 2 optimization, and training throughput are provided in Appendix [C]

3.4 Emotion-Aware Pooling

Before fusion, encoder outputs are converted into clip-level embeddings. Instead of relying only on average
pooling, we use learned emotion queries to aggregate modality evidence in a class-aware manner refered
as emotion-aware pooling(EAP). The same EAP operation is used for the visual Emotion-Aware Pooler
(VEAP), which aggregates V-JEPA2 visual tokens before projection, and the post-projection audiovisual
pooling path.

RLXd

Given an input sequence S € ¢ and learned emotion queries Q € RE*%  we compute

C
O =MHA(Q,S,5),  a=softmax(4)(0)),  EAP(S;Q) =) _ a0, (3)
c=1

where MHA denotes multi-head cross-attention, ¥ maps each query output to a scalar, and the softmax is
taken over the C' emotion-query outputs. The queries are learned end-to-end from the MER objective and
are not conditioned on the ground-truth label during inference. When enabled, we add an orthogonality
regularizer || QQT — I¢||% to encourage diverse emotion queries.

For the visual branch, let X, = f(z") be the sequence of visual tokens from the adapted V-JEPA2 encoder.
vEAP aggregates these tokens before projection:

Ty = EAP(Xva Qv)a hy = Pv(i'v)' (4)
This replaces generic visual average pooling with emotion-query-based aggregation over visual tokens.

For the post-projection pooling path, we apply the same EAP operation to the projected video and audio
representations, while text remains an utterance-level feature. We refer to this path as Emotion-Aware
Temporal Pooling (EATP), following the implementation name used in the ablations. In the final model,
EATP provides an additional emotion-query aggregation layer over projected audiovisual features rather
than a strict token-level temporal alignment module. For notational simplicity, we continue to denote the
resulting modality representations as (hy, ha, h¢) in the fusion module.



Under review as submission to TMLR

3.5 Audio-Modulated Hybrid Fusion

AMHF combines modality evidence while accounting for sample-dependent reliability. In MER, audio may
provide strong prosodic evidence when visual cues are weak, visual information may dominate when facial
expressions are clear, and text may help only when transcripts contain emotion-bearing content. AMHF
therefore uses audio as a conditioning signal for cross-modal fusion. As shown in Figure [, AMHF consists
of five components: audio spectral gating, adaptive cross-modal routing, temporal memory, uncertainty
estimation, and progressive fusion.

Audio spectral gating: Given projected embeddings h,, hq, hy € R?, AMHF first uses the audio repre-
sentation to modulate the video and text representations. For each non-audio modality = € {v,t}, h, is split

into G channel groups {h&g) §=1~ The audio embedding predicts group-level gates
c=o(Ah,), A e RE¥4,

and the non-audio features are modulated as

~

hﬂ(v.q) :Cghgcg)7 ze{vt}, g=1,...,G. (5)

Although the gates are applied to feature groups, we refer to this block as audio spectral gating because the
gating signal is predicted from the audio representation.

Adaptive cross-modal routing: After gating, AMHF routes each audio-modality pair through a sparse
mixture of experts. For z € {v,t}, the routed representation is computed from the concatenated pair [h||hz].
The audio-conditioned router produces expert weights

7 = softmax(Rh,), R e REX4,

and selects the top-k experts:

Ty = Z ﬂjEj([ha||fzx]), x € {v,t}, (6)

j€Top-k(m)

where each expert F; : R?? — R? is an MLP. A lightweight load-balancing regularizer is used to reduce
expert collapse. This routing step allows the model to use different interaction functions for different audio-
conditioned multimodal states.

Temporal memory: The routed features attend to a small set of learnable memory prototypes that
represent recurring affective patterns. This pathway provides temporal stabilization when the current sample
contains weak or ambiguous modality evidence. Let apen denote the memory-refined audio representation
obtained after attending to these prototypes. A lightweight transformer refinement layer then integrates the
memory-enhanced audio stream with the routed audio-video and audio-text streams.

Uncertainty estimation: AMHF estimates scalar uncertainty scores for the routed audio-video and
audio-text interactions:

Ugy = 0(¢av(rv))a Uat = U(¢at(rt))a (7)

where ¢, and ¢, are lightweight MLPs. Lower uncertainty corresponds to higher confidence. The normal-
ized confidence weights are

1-— Uagv 1-— Uqt (8)
Wav = y Wat = .
(1= ugp) + (1 — ) + e T (1= ttae) F (1 ug) +e
The uncertainty-weighted AMHF representation is
ZAMHF — Pf ([amcm”wavrvnwatrt])a (9)

where Py : R3¢ — R4,
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Progressive fusion: We preserve direct modality evidence through a residual projection of the original
modality embeddings:

Zres = Pres([hvnha”ht])a Zfused = ZAMHF + 7Y Zres- (10)

Unless otherwise specified, we use v = 1 in all controlled comparisons. We refer to the staged composition of
gating, routing, memory refinement, uncertainty weighting, and residual aggregation as progressive fusion.
The final embedding zpseq € R? is passed to a linear classifier for emotion prediction. AMHF hyperparam-
eters, including the number of gate groups, experts, top-k setting, memory slots, and refinement layers, are

listed in Appendix

3.6 Training Objective

Stage 2 is trained with supervised classification losses for the fused prediction and modality-specific auxiliary
heads. The auxiliary heads encourage each modality branch to retain discriminative emotion evidence during
joint multimodal training and are later used for post-hoc modality contribution analysis. The total objective

1S

Lo+ Lo+ L
L = Liused + )\modft + Aorth Lorth + AbalLbal, (11)

where Leseq is the cross-entropy loss for the final fused prediction, and £,,, L, and L; are cross-entropy losses
from the video, audio, and text auxiliary classifier heads. We use Ayoq = 0.3 in the saved best configuration.
The terms Lo4n and Ly, encourage diversity among emotion-query embeddings and reduce expert collapse
in the routing module, respectively. The final prediction is obtained from the fused representation:

§ = softmax(W zgysed + b).

4 Experiments and Results

This section evaluates Emotion-JEPA on the MER2024-SEMI benchmark and analyzes the contribution of
its two main design choices: predictive visual adaptation and Audio-Modulated Hybrid Fusion (AMHF). We
first describe the evaluation protocol, then compare Emotion-JEPA with large multimodal models and rep-
resentative MER2024-SEMI systems. We then examine modality contributions, fusion behavior, component
ablations, per-class performance, and training dynamics.

4.1 Evaluation Setup

Dataset: We evaluate on MER2024-SEMI (Lian et al., [2024b)), a multimodal emotion recognition bench-
mark containing short conversational clips with video, audio, and textual transcripts. Each clip is annotated
with one of six emotion categories: Angry, Happy, Neutral, Sad, Surprise, and Worried. The labeled portion
contains 5,030 clips. Following the official protocol, we split this labeled set into 4,275 training clips and 755
validation clips using an 85/15 split. Final evaluation is performed on the MER2024-SEMI test set, which
contains 1,169 clips.

MER2024 also provides over 110k unlabeled clips. In Emotion-JEPA, these clips are used only for Stage 1
predictive visual adaptation. They are not used for pseudo-labeling, self-training, voting, or ensembling.
This distinction is important because our goal is to isolate the effect of in-domain representation adaptation
and fusion design rather than to expand the supervised training set. Additional details on class distribution,
preprocessing, and modality-specific data characteristics are provided in Appendix [A]

Metrics: Following the MER2024 evaluation protocol, we use Weighted Average Fl-score (WAF) as the
primary metric because the dataset is class-imbalanced. We also report overall accuracy and Macro-F1 to
provide complementary views of classification performance.

Implementation: Emotion-JEPA uses three pretrained modality encoders. The video stream is processed
by a V-JEPA2 ViT-Giant encoder adapted in Stage 1 using predictive masked video learning. The audio
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stream is encoded with HuBERT-Large, and the text stream is encoded with XLM-RoBERTa-Large (Con-
neau et al. |2020). Each modality is projected into a shared 512-dimensional embedding space before fusion.
During supervised multimodal training, projection heads and AMHF are fully trainable, while only the upper
layers of the pretrained modality encoders are fine-tuned.

The full model contains approximately 1.9B parameters, of which approximately 0.6B are updated dur-
ing Stage 2 training. Details on optimization, hardware, throughput, and reproducibility are provided in

Appendices [C| and [F]

4.2 Comparison with Large Multimodal Models

We first compare Emotion-JEPA with open-source large multimodal models, including Apollo, Qwen-VL,
and Qwen-Omni. These models provide strong general-purpose multimodal representations and are evaluated
under modality configurations supported by each model. For Qwen-Omni, we include low-rank adaptation
(LoRA) fine-tuned variants because the model supports audio-conditioned multimodal input. Table [1|shows
that Emotion-JEPA achieves 85.72% WAF, outperforming the strongest Qwen-Omni configuration by more
than 6 WAF points. The best Qwen-Omni result is obtained with audio and text, while adding video does
not improve performance. This suggests that direct use of general-purpose multimodal models may not fully
exploit the fine-grained visual dynamics needed for MER, even when parameter-efficient fine-tuning is used.
In contrast, Emotion-JEPA benefits from affective visual adaptation and a task-specific fusion module while
using fewer total parameters than the 7B LMM baselines.

Table 1: Comparison with open-source large multimodal models on MER2024-SEMI.

Model Params Modality Acc (%) WAF (%) Macro-F1 (%)
Apollo 3B 3B V., T 51.92 51.92 44.84
Apollo 7B B V,T 46.54 45.47 38.19
Qwen-VL 3B 3B Vv, T 55.21 55.06 49.57
Qwen-VL 7B 7B V., T 55.38 55.53 49.33
Qwen-Omni 7B (LoRA) 7B AT 79.21 79.16 77.63
Qwen-Omni 7B (LoRA) B AV, T 78.87 78.56 73.80
Emotion-JEPA (ours) <2B A,V,T 85.89 85.72 84.25

Prompt templates, modality-specific instructions, and LoRA fine-tuning details for the LMM baselines are
provided in Appendix

4.3 Comparison with Representative MER2024-SEMI Methods

Table [2] compares Emotion-JEPA with representative MER2024-SEMI systems. Several high-performing
systems use pseudo-labeling, self-training, voting, or iterative refinement over the large unlabeled subset.
These strategies are effective because they convert unlabeled examples into additional supervisory signal.
Emotion-JEPA uses the same unlabeled pool differently: unlabeled clips are used only to adapt the V-JEPA2
visual encoder through masked latent prediction, and no pseudo-labels are assigned to unlabeled examples.

Under this protocol, Emotion-JEPA achieves 85.72% WAF. Although this is below the strongest pseudo-
labeling-based systems and slightly below the MERTools baseline reported for MER2024-SEMI, it remains
competitive without expanding the labeled training set through pseudo-labeling or ensembling. This result
is notable because it suggests that a V-JEPA2-style predictive video representation, originally developed for
physical-world video understanding and prediction, can be adapted effectively to affective video understand-
ing. Rather than relying on generative reconstruction or additional pseudo-labeled supervision, the visual
branch is adapted through latent prediction on emotion-domain videos and then combined with audio and
text through reliability-aware fusion. We therefore view this comparison not as a leaderboard claim, but as
evidence that in-domain predictive visual adaptation and audio-conditioned fusion offer a complementary
path to improving MER, under limited supervision.
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Table 2: Comparison with representative MER2024-SEMI systems.

Method Key Technique WAF (%) Pseudo-labeling
MERTools Baseline (Lian et al.|[2024b) HuBERT + CLIP + cross-attention fusion 86.73 No
EmoVCLIP (Qi et al.||2024) V-L prompting + self-training 90.51 Yes
Shi & Gao (Shi & Gao|[2024) Semi-supervised training 89.83 Yes
Ge et al. (Ge et al.|[2024) Audio-text fusion + voting 88.25 Yes
Emotion-JEPA (ours) Predictive adaptation + AMHEF fusion 85.72 No

4.4 Transfer to MER2025-SEMI

To evaluate transfer beyond MER2024-SEMI, we further test Emotion-JEPA on MER2025-SEMI, which
follows the same six-way categorical MER setting. We consider direct transfer from the MER2024-trained
checkpoint and target-domain adaptation by fine-tuning the same checkpoint on the MER2025 training set.

Table 3: MER2025-SEMI transfer and target-domain adaptation results

Method / setting MER2025 training WAF (%) Acc. (%)
Official MER2025 baseline (Lian et al.|[2025b) Yes 78.63 78.77
Emotion-JEPA, direct transfer No 74.47 74.98
Emotion-JEPA, fine-tuned Yes 79.15 79.07

Table [3] reports results on the MER2025-SEMI test set of 2,026 clips. The MER2024-trained model ob-
tains 74.47% WAF without MER2025 training, showing reasonable transfer to the newer MER2025-SEMI
benchmark. After fine-tuning on MER2025, Emotion-JEPA improves to 79.15% WAF, slightly exceeding
the official multimodal baseline. We use this experiment as a transfer and adaptation analysis rather than a
state-of-the-art comparison, since many MER2025 challenge systems use pseudo-labeling, label refinement,
ensembling, or additional auxiliary cues.

4.5 Modality Contributions and Fusion Behavior

Table[d reports modality-specific auxiliary-head performance alongside the full multimodal prediction. These
auxiliary heads are trained jointly with the fused classifier through the modality loss in Eq. they are
not separately trained unimodal models. Audio provides the strongest individual signal, reaching 75.74%
WAPF, while the video and text auxiliary heads reach 44.37% and 18.42% WAF, respectively. The weak text
performance is consistent with the dataset characteristics: many transcripts are short, incomplete, weakly
emotional, or not reliably aligned with the moment of peak affect, as further discussed in Appendix [A23]

Despite this modality imbalance, the full multimodal model achieves 85.72% WAF, improving by 9.98 WAF
over the audio auxiliary head. This indicates that visual and textual cues still provide complementary
information when their contribution is regulated by an effective fusion mechanism.

Table 4: Auxiliary-head unimodal and full multimodal performance on MER2024-SEMI. Unimodal rows are
obtained from modality-specific auxiliary classifier heads trained jointly with the fused classifier, not from
separately trained unimodal models.

Setting Acc (%) WAF (%) Macro-F1 (%)
Video auxiliary head 47.82 44.37 35.70
Audio auxiliary head 76.13 75.74 74.74
Text auxiliary head 23.61 18.42 17.57
Full multimodal model  85.89 85.72 84.25

We further compare AMHF with a standard cross-attention fusion baseline under the same encoders and
training protocol. Replacing AMHF with cross-attention reduces WAF from 85.72% to 78.47%, suggesting
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that symmetric fusion is less effective when modality reliability varies across samples. AMHF improves
performance by using audio to guide how visual and textual evidence are incorporated, especially when text
is sparse or visual cues are ambiguous.

4.6 Ablation Studies

To quantify the source of the gains, we conduct two sets of ablations on MER2024-SEMI: one over the main
framework components and another over the internal AMHF stages. For controlled comparison, both tables
use the conservative archived-best AMHF result as the full-model reference.

Framework-level ablations: Table [5| summarizes the contribution of the main framework components.
Freezing all encoders causes the largest degradation, reducing WAF from 85.72% to 72.07%, which indicates
that pretrained representations require task-specific adaptation for MER. Removing Stage 1 predictive visual
adaptation reduces WAF by 7.92 points, supporting the role of in-domain visual adaptation. Replacing
AMHF with cross-attention reduces WAF by 7.25 points, showing that the proposed fusion design contributes
beyond the choice of encoders. Face-centric preprocessing and emotion-aware pooling also provide measurable
gains.

Table 5: Framework-level ablation on MER2024-SEMI.

Configuration WAF (%) A Ay,
Full Model 85.72 - -
No vEAP 85.45 -0.27 -0.32%
No vEAP + No EATP 82.46 -3.26 -3.80%
No Face Detection 80.84 -4.88  -5.69%
Cross-attention fusion 78.47 -7.25 -8.46%
No Domain Adaptation 77.80 -7.92  -9.24%
Frozen Encoders 72.07 -13.65 -15.92%

AMHF component ablations: Table [6]analyzes the internal design of AMHF. Removing audio spectral
gating reduces WAF by 3.28 points, suggesting that audio-conditioned gating helps regulate noisy visual and
textual features. Removing adaptive cross-modal routing causes a larger drop of 5.56 WAF, indicating that
a fixed fusion pathway is less effective for heterogeneous multimodal interactions. Temporal memory and
uncertainty estimation each reduce WAF by 5.33 points when removed, showing that temporal stabilization
and reliability estimation both contribute to robust prediction. The largest drop occurs without progressive
fusion, which reduces WAF by 8.24 points, suggesting that staged integration of modality evidence is central
to AMHF.

Table 6: AMHF component ablation on MER2024-SEMI.

Configuration WAF (%) A Ag,
Full AMHF 85.72 - -
No Audio Spectral Gating 82.44 -3.28 -3.83%
No Adaptive Cross-Modal Routing 80.16 -5.56  -6.49%
No Temporal Memory 80.39 -5.33  -6.22%
No Uncertainty Estimation 80.39 -5.33  -6.22%
No Progressive Fusion 77.48 -8.24 -9.61%

4.7 Per-Class Behavior and Error Patterns

Figure [2[ shows the normalized confusion matrix on MER2024-SEMI. Emotion-JEPA performs strongly on
Happy, Sad, and Angry. Most remaining errors occur among Neutral, Worried, and Surprise, where af-
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fective differences are often subtle and may depend on short temporal expressions or prosodic cues. The
model does not collapse toward the dominant Neutral class, suggesting that affect-adapted visual features
and audio-modulated fusion help preserve discrimination among low-arousal categories. Additional diagnos-
tics, including per-class metrics, Top-K analysis, qualitative examples, and Stage 2 training dynamics, are
provided in Appendices [E] and [C.6
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Figure 2: Normalized confusion matrix on MER2024-SEMI.

4.8 Discussion

The results point to three main observations. First, in-domain predictive adaptation improves MER per-
formance: removing Stage 1 reduces WAF by 7.92 points, indicating that generic video features do not
fully capture affect-relevant facial dynamics. Second, fusion design matters under fixed encoders: replac-
ing AMHF with cross-attention reduces WAF by 7.25 points, and AMHF component ablations show that
routing, temporal memory, uncertainty estimation, and progressive fusion each contribute. Third, scale
alone is insufficient for this setting, as the evaluated LMM baselines remain below Emotion-JEPA even with
LoRA fine-tuning. At the same time, pseudo-labeling and self-training remain strong tools for maximiz-
ing MER2024-SEMI performance, so Emotion-JEPA is best viewed as a controlled study of representation
adaptation and reliability-aware fusion rather than as a replacement for semi-supervised pipelines.

5 Conclusion and Future Work

This paper studied two factors often entangled in multimodal emotion recognition: affective representation
adaptation and fusion design. Emotion-JEPA first adapts a visual encoder to emotion-domain videos through
masked latent prediction, then performs supervised multimodal classification with Audio-Modulated Hybrid
Fusion (AMHF). Unlabeled videos are used only for predictive visual adaptation, without pseudo-labeling
or self-training. Experiments on MER2024-SEMI show that predictive visual adaptation improves affect-
sensitive representations and that AMHF improves over a capacity-matched cross-attention baseline under
identical encoders and training protocols. Comparisons with large multimodal models further suggest that
model scale alone does not guarantee strong performance on fine-grained affect recognition.

Limitations and future work: Emotion-JEPA relies on independently pretrained visual, audio, and text
encoders whose objectives are not explicitly aligned for affective reasoning. The method also benefits from
face-centric preprocessing and reasonably synchronized audio-video inputs, which may limit robustness in
unconstrained settings with missing faces, off-screen speakers, noisy audio, or temporal misalignment. Future
work should explore joint multimodal self-supervised adaptation, robustness to missing or asynchronous
modalities, and transfer to fine-grained, open-vocabulary, and descriptive emotion recognition benchmarks.
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Appendix
A Dataset Description

A.1 Labeled and Unlabeled Splits

We use the official MER2024 dataset. The labeled portion contains 5,030 clips, each with synchronized video,
audio, and text transcripts. Following the competition protocol, we use 85% of the labeled set for training
and 15% for validation, stratified by emotion class. Final evaluation is performed on the MER2024-SEMI
test set with 1,169 labeled clips. The additional unlabeled set contains approximately 113k clips and is used
only for Stage 1 self-supervised visual adaptation.

Each clip is 4-6 seconds long and is annotated with one of six emotions: Angry, Happy, Neutral, Sad, Surprise,
and Worried. We do not use pseudo-labeling or self-training on the unlabeled or test sets.

Table [7] summarizes the class distribution for the 5,030-sample labeled set and the MER-SEMI test set.

Table 7: Class distribution for the MER2024 labeled set (5,030) and MER2024-SEMI test set (1,169).

MER2024 Labeled (5,030) MER2024-SEMI Test (1,169)

Emotion

Count Pct. Count Pct.
Sad 1,267 25.18% 317 27.12%
Happy 1,042 20.72% 246 21.04%
Neutral 901 17.92% 201 17.19%
Angry 703 13.98% 163 13.94%
Worried 670 13.32% 159 13.60%
Surprise 447 8.89% 83 7.10%
Total 5,030 100% 1,169 100%

A.2 Per-Modality Preprocessing

Video: Clips are decoded at 4 FPS and resized to 256 x 256. We detect faces with MediaPipe using a
confidence threshold of 0.5 and expand the bounding box by 40% to include head pose and shoulder context.
If no face is detected, a centered crop is used. During training, we apply light augmentation: random resized
cropping with scale in [0.7,1.0], aspect-ratio jitter in [0.9,1.1], and horizontal flipping.

Audio: Audio is resampled to 16 kHz mono and truncated or padded to match the clip duration. We op-
tionally apply cepstral mean and variance normalization (CMVN) to reduce channel and loudness variability
in heterogeneous recordings.

Text: We use the official Chinese and English transcripts. Text is normalized and tokenized with XLM-
RoBERTa-Large. We do not enforce forced alignment, text is treated as an utterance-level summary and
bypasses temporal alignment in Stage 2.

A.3 Text Modality Characteristics and Limitations

Although MER2024 provides Chinese and English transcripts for all clips, the text modality has several
dataset-specific limitations for fine-grained emotion recognition.

Short and weakly emotional utterances: As shown in Figure[3] most transcripts are short. The median
length is 16 words for Chinese and 13 words for English in the training split, and 9 words for Chinese and 5
words for English in MER2024-SEMI. Many utterances contain only a few semantically neutral words, and
spoken content is often task-oriented or contextually vague rather than emotionally expressive. This limits
the discriminative power of the text encoder.
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Missing, partial, or weakly aligned transcriptions: Some clips contain truncated text, transcription
errors, missing segments, or ambiguous speaker boundaries. In addition, transcripts are not force-aligned
with audio or video and often do not correspond to the moment of peak facial or vocal expression. For this
reason, we treat text as a global contextual cue rather than a temporally aligned signal in Stage 2.

Impact on fusion: These properties help explain the weak text auxiliary-head performance reported in
Table[d Text is therefore incorporated as a supporting modality, while AMHF can reduce reliance on text
when acoustic and visual cues provide stronger evidence.
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Figure 3: Word-count distributions for Chinese and English transcripts in the MER2024 training and
MER2024-SEMI test splits. Most transcripts are short, which contributes to weak unimodal text discrim-
inability.

B Additional Details for Stage 1: Self-Supervised Visual Adaptation

B.1 Model Overview and Trainable Subset

Stage 1 adapts the V-JEPA2 ViT-Giant backbone to the MER2024 video domain using masked predictive
learning. In our configuration, the V-JEPA2 encoder contains 1,012,173,952 parameters (~1.01B), and the
predictor network contains 22,381,312 parameters (/=22M), for a total of approximately 1.03B parameters.

During domain adaptation, we partially unfreeze the encoder and train the predictor:

the first 32 of 40 encoder layers remain frozen;
e the top 8 encoder layers are unfrozen;
¢ the predictor network is fully trainable;

o the EMA target encoder is updated without backpropagation.

Table |8 summarizes the parameter and compute breakdown for Stage 1. We use X to indicate non-trainable
components and v to indicate trainable ones.
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Table 8: V-JEPA2 components active during Stage 1 domain adaptation. X indicates non-trainable compo-
nents and v~ indicates trainable ones. FLOPs are forward-pass estimates.

Component Params Trainable % of Total FLOPs/sample (Estimate)
Frozen encoder blocks (layers 1-32) 810M X 78% ~140 GF
Trainable encoder blocks (layers 33-40) 202M v 20% ~35 GF
Predictor network 22M v 2% ~10 GF
Total (encoder + predictor) 1.03B - 100% ~185 GF
Trainable subset 224M - 22% ~45 GF

Note: FLOP values in Table |§| are forward-pass estimates for individual components and are not used as training-time
compute indicators. Practical cost is reported via throughput and GPU-hours in Appendix

B.2 Masking Strategy and Sampling

We use a hierarchical masking policy with 14 spatiotemporal blocks per clip. The masks cover approximately
60-70% of the spatiotemporal volume and are biased to preserve facial regions, as summarized in Table @
The masking hyperparameters are tuned for MER2024’s short 4-6 second clips sampled at 4 FPS.

Table 9: Multi-scale masking configuration used during Stage 1 visual adaptation.

Block Type # Spatial Temporal Aspect Purpose

Large temporal 6 6-10% 85-100% 1.2-2.0 Long-range motion
Medium temporal 4 8-12% 85-100% 0.5-0.9 Mid-range dynamics
Medium spatial 3 18-25% 70-100% 0.8-1.2 Structure + motion
Large spatial 1 35-45% 80-100%  0.75-1.5 Broad spatial context
Total 14 60-70% 80-100% - Multi-scale representation

B.3 EMA Target Network

We use the standard JEPA student-teacher setup, where a momentum-updated target encoder provides the
prediction targets:
Htgt — mﬁtgt + (]. — m)@stu, m = 0.9995.

Only the student encoder participates in backpropagation and the EMA target encoder stabilizes learning
and prevents collapse.

B.4 Training Configuration

Stage 1 uses the following settings:

o Batch size: 24 per GPU, 96 effective across 4 GPUs.

o Optimizer: AdamW with weight decay 0.04.

o Learning rate: 2 x 10™* with cosine decay and 2-epoch warmup.
o Precision: BF16.

o Augmentations: random resized cropping with scale in [0.7,1.0], aspect-ratio jitter in [0.9,1.1], and
horizontal flipping.

e Duration: 6 epochs, continuing from epochs 41-46 of a pretrained V-JEPA2 checkpoint with itera-
tions per epoch (IPE) of 800.
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B.5 Compute and Throughput

Stage 1 visual adaptation was conducted on 4xA100 40GB GPUs. Since only the top 8 encoder blocks and
the predictor are trainable, this stage is substantially lighter than full-network pretraining. All measurements
are taken from the steady-state training phase.

o Throughput: approximately 95 clips/s.
e Peak memory: approximately 28 GB per GPU.
o Total compute: approximately 164 GPU-hours for 6 adaptation epochs with IPE of 800.

The FLOP estimates in Table [§| are forward-pass estimates only. Practical training cost is better reflected
by throughput and GPU-hours.

B.6 Impact on Downstream Performance
Stage 1 visual adaptation produces a substantial gain in supervised MER performance:

WAFitn DA = 85.72%, WAF yithout DA = 77-80%.
This corresponds to an improvement of +7.92 WAF on MER2024-SEMI.

C Additional Details for Stage 2: Multimodal Training

C.1 Modality Encoders

Video: We use the domain-adapted V-JEPA2 ViT-Giant encoder from Stage 1. Face-centric crops are
resized to 256x256 and fed as 16-frame clips. The last eight Transformer blocks and the predictor remain
trainable.

Audio: HuBERT-Large (Hsu et al. [2021) processes 16 kHz waveforms with a 25 ms window and 10ms
hop. We extract hidden states from the last eight Transformer layers and apply mean pooling across time
to obtain a 1024-D representation.

Text: XLM-RoBERTa-Large (Conneau et al., |2020|) encodes Chinese and English transcripts. We average
hidden states from the final eight layers and mean-pool across tokens, yielding a 1024-D textual embedding.

C.2 Projection and Shared Embedding Space
Each modality output is projected into a shared d=512-dimensional space:
Proj(z) = GELU(LN(Wz)),

where W is a learnable linear mapping and LN is LayerNorm. The projected features (v,a,t) € R? are
used by modality-specific auxiliary classifiers and as inputs to the Audio-Modulated Hybrid Fusion (AMHF)
module.

C.3 AMHF Hyperparameters
AMHEF operates in the shared embedding space with the following configuration:

« Audio spectral gates: G=8 groups, each in R%.
o Routing experts: E=4 experts with hidden size h=512; top-k=2 experts are selected per sample.
e Temporal memory: M =10 memory slots per emotion class.

e Refinement Transformer: 3 encoder layers, 8 heads, hidden size h=>512.
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C.4 Training Configuration

Stage 2 uses the following settings:

e Batch size: 12 per GPU with 3x gradient accumulation, giving an effective batch size of 144 across
4 GPUs.

o Optimizer: AdamW with weight decay 0.05.

« Learning rate: 2 x 10~* with warmup-cosine decay, 3 warmup epochs, and minimum LR 1 x 1076,
e Layer-wise LR decay: factor 0.95 applied to all encoders.

o Precision: BF16.

o Regularization: dropout 0.15, stochastic depth 0.2, label smoothing 0.1, mixup (o = 0.2), and
cutmix (o = 0.3).

e Training duration: 80 epochs with early stopping and the best checkpoint is selected at epoch 14.

C.5 Compute and Throughput

Stage 2 multimodal training was performed on the same 4xA100 40 GB workstation used in Stage 1, hard-
ware details are provided in Appendix [F] Because only the top visual blocks, selected HuBERT and XLM-
RoBERTa-Large layers, and AMHF are trainable, Stage 2 is lighter than full-network training but heavier
than Stage 1 due to the multimodal forward pass.

o Throughput: approximately 32-35 clips/s aggregate.
e Peak memory: approximately 28-30 GB per GPU.

e Training duration: approximately 9-11 GPU-hours for a full run, with the best checkpoint selected
after approximately 2.5 hours.

Given the partially frozen encoders and multimodal architecture, FLOP counts are not reported. Throughput
and GPU-hours provide a more reliable measure of practical compute.

C.6 Training Dynamics

Figure [ presents the Stage 2 training curves, including WAF, accuracy, Macro-F1, precision-recall, loss
trajectories, and the learning-rate schedule. Validation metrics rise steadily during the first 10-15 epochs,
and no divergence or unstable optimization behavior is observed.

D LMM Evaluation Details

All LMM baselines evaluated in this work, including Apollo, Qwen-VL, and Qwen-Omni, accept raw video
input directly. Qwen-Omni additionally supports raw audio input. Therefore, we do not apply manual
windowing, frame segmentation, or model-specific sampling heuristics and each model processes the full clip
as provided.

D.1 Prompt Templates

To ensure a fair comparison across LMMs, we use a unified modality-aware instruction template. The
A+V+T, A+T, and V+T variants share the same output format and differ only in the sensory cues made
available to the model.
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Figure 4: Extended Stage 2 training curves showing WAF, accuracy, Macro-F1, precision-recall, loss, and
learning-rate schedule.

Unified template (abridged):

“You are an expert in emotion recognition. Based on the provided modality input, classify the
dominant emotional state as one of: happy, sad, angry, worried, surprised, neutral.
Respond with one word.”

Modality-specific cues:

o Audio-Video-Text (A,V,T): The model is instructed to consider facial expressions, body lan-
guage, eye behavior, gestures, and tone of voice.

o Audio-Text (A,T): Vision cues are removed, while prosodic descriptors such as pitch, speaking
rate, and pauses are retained.

o Video-Text (V,T): Audio cues are removed, while facial, gesture, and body-language descriptors
are retained.

Full verbatim prompts: Full verbatim prompt strings used for LMM inference under different settings
are provided as plain-text files in the supplementary archive under appendix/prompts/.

D.2 LoRA Fine-Tuning Configuration for Qwen-Omni

We fine-tune Qwen2.5-Omni 3B and 7B with parameter-efficient LoRA adapters using the LLaMA-Factory
framework. We use the mer-train split with 5,030 labeled clips formatted in the multimodal ShareGPT
conversation style. Each training example contains a user instruction requesting an emotion prediction
with <video> and <audio> tags, a single-word assistant response containing the ground-truth emotion, and
top-level fields specifying the corresponding video and audio paths.
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Adapter parameters:

¢ Rank r: 16.
e Scaling factor a: 16.

o Target modules: attention and MLP projections, expanded from "all" to q_proj, k_proj, v_proj,
o_proj, mlp.gate_proj, mlp.up_proj, and mlp.down_proj.

Training hyperparameters:

o Learning rate: 1.0 x 10~° with AdamW, cosine schedule, and warmup ratio 0.1.
e Precision: FP16.

e Per-device batch size: 1 with gradient accumulation of 4, giving an effective batch size of 8 on 2
GPUs.

e Epochs: 2.0, corresponding to approximately 2-3 effective passes depending on the internal
train/validation split.

Hardware: Fine-tuning runs are executed on up to 2xNVIDIA A100 40 GB GPUs, with typical VRAM
usage in the 20-40 GB range depending on model size and checkpointing configuration.

E Additional Results

E.1 Per-Class Metrics

Figure [5] reports per-class precision, recall, and F1 scores for the best Emotion-JEPA model on MER2024-
SEMI.

Per-Class Performance Metrics
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Figure 5: Per-class precision, recall, and F1 scores on MER2024-SEMI.

E.2 Oracle Top-K Analysis

In addition to standard Top-1 evaluation, we report Top-K metrics under an oracle protocol for single-label
classification. A prediction is counted as correct if the ground-truth class appears among the model’s Top-K
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probability-ranked outputs. This does not change the task into multi-label evaluation, instead, it measures
how often the correct label remains among the model’s most likely alternatives.

Table [I0] summarizes Oracle Top-K WAF and accuracy on MER2024-SEMI. Moving from Top-1 to Top-2
improves WAF by 9.33 points, and Top-3 improves WAF by 11.76 points, indicating that many remaining
errors are near-miss ambiguities rather than arbitrary misclassifications.

Table 10: Oracle Top-K metrics on MER2024-SEMI. Top-1 corresponds to standard single-label evaluation.

Metric Top-1 Top-2 Top-3

WAF (%) 8572 9552  97.93
Accuracy (%) 85.89  95.22  97.65

Figure [0 visualizes the per-class Top-K trends. The largest gains appear for Neutral, Worried, and Angry,
where the ground-truth label is frequently ranked second or third.
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Figure 6: Per-class Top-K F1 scores on MER2024-SEMI.

E.3 Qualitative Success and Failure Cases

To illustrate model behavior, Figure [7] presents two success cases and two failure cases from MER2024-SEMI.
Each example includes sampled video frames, the corresponding waveform and spectrogram, the transcript
when available, and the model’s probability distribution over the six emotion classes.

Successful predictions: The model performs reliably when visual affect, prosody, and textual cues are
well aligned. For example, samplenew3_00104570 (Happy) and samplenew3_00032314 (Sad) show cases
where facial expressions and audio patterns provide clear emotional evidence. These examples also illustrate
robustness under modality imbalance: even when transcripts are unavailable, the model uses visual dynamics
and audio cues to make confident predictions.

Failure cases: Most errors occur in ambiguous regions where facial motion, prosody, and conversational
context provide weak or conflicting emotional signals. A common pattern is confusion between Neutral
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and low-arousal states. In samplenew3_00097648, mild vocal tension leads to a Worried prediction despite
largely neutral visual cues. Similarly, samplenew3_00026688 is misclassified as Sad, likely due to low lighting
and an introspective gaze that reduce the salience of neutral facial features.

Sample: samplenew3_00104570 | ~ CORRECT | True: Happy | Predicted: Happy (conf: 0.676) Sample: samplenew3_00032314 | v CORRECT | True: Sad | Predicted: Sad (conf: 0.523)
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Figure 7: Qualitative examples from MER2024-SEMI. Top: success cases where Emotion-JEPA correctly
identifies the target emotion using visual cues and audio prosody. Bottom: failure cases showing low-arousal
ambiguity and modality conflict between facial expression and vocal tone.

Interpretation: Across failure cases, the true label often appears among the Top-K ranked predictions,

consistent with the analysis in Appendix This suggests that many remaining errors reflect intrinsic
ambiguity among low-arousal or closely related emotions. When prosodic signals are weak or conflicting,
audio-modulated routing in AMHF becomes less decisive, producing more diffuse confidence distributions.
These examples point to future directions such as stronger conflict-aware modality re-weighting.

E.4 Additional Confusion Matrices

Ablation confusion matrices: To visualize how major components affect inter-class confusions, Fig-
ure |8 shows normalized confusion matrices for three representative ablations: removing domain adaptation,

replacing AMHF with cross-attention, and freezing all encoders.

LMM baselines vs. Emotion-JEPA: Figure [J compares normalized confusion matrices for the best-
performing Qwen-Omni 7B AT baseline in zero-shot and LoRA-tuned settings against Emotion-JEPA.
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Figure 8: Normalized confusion matrices for major ablations on MER2024-SEMI.

F Compute and Reproducibility

F.1 Hardware and Runtime

Emotion-JEPA experiments were conducted on a workstation equipped with 4xNVIDIA A100-SXM4 40 GB
GPUs. The software environment was:

e OS: Ubuntu 22.04.5 LTS.

e« GPU driver: 550.144.03.

o CUDA: 12.4 system installation; 11.8 PyTorch runtime.
o Frameworks: Python 3.12, PyTorch 2.1, cuDNN 8.7.

Approximate runtimes are:

o Stage 1 visual adaptation: approximately 164 GPU-hours for 6 epochs with 24 clips/GPU, giving
an effective batch size of 96.

e Stage 2 multimodal training: approximately 9-11 GPU-hours on 4xA100 GPUs, with the best
checkpoint typically selected after approximately 2.5 hours via early stopping.

Peak GPU memory usage during Stage 2 was approximately 28-32 GB per GPU. Throughput and memory
measurements were collected using nvidia-smi and the PyTorch profiler.

F.2 Determinism and Seeding

We fix the global random seed to 42 for all Emotion-JEPA experiments. Determinism is enabled where
supported:

e torch.use_deterministic_algorithms(True).
e cuDNN deterministic mode enabled and benchmark mode disabled.

¢ Reproducible dataloader seeds using worker_seed = base_seed + worker_id.

Some low-level CUDA kernels, such as atomic operations inside attention modules, may remain nondeter-
ministic.
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Figure 9: Normalized confusion matrices for LMM baselines and Emotion-JEPA on MER2024-SEMI.

F.3 Implementation Notes

Emotion-JEPA builds on the official V-JEPA2 codebase and standard PyTorch-based libraries, including
timm, transformers, librosa, and mediapipe for face detection and alignment. LoRA fine-tuning of
Qwen2.5-Omni models is performed with the LLaMA-Factory toolkit, which provides parameter-efficient
adaptation and unified multimodal preprocessing. Hyperparameters for optimizer settings, learning-rate
schedules, masking policies, partial-freezing rules, AMHF configuration, and LoRA fine-tuning are provided
in the main paper and appendix to support reproducible implementation and evaluation.
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