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ABSTRACT
The new domain of human-agent collaboration relies more and more on emotion recognition systems that leverage

speech, facial expression and text to infer affective states. The majority of the existing multimodal emotion
recognition (MER) systems are predominantly black-box systems that might limit their application in critical areas
like health care, education and robotic assistance. This paper proposes the combination of cross-modal attention
and explainability module based on Grad-CAM, SHAP (SHapley Additive exPlanations), and attention-based
modality attribution for multimodal emotion recognition in an explainable MER framework denoted XMER. Not
only does XMER predict the emotion, it also provides attribution data for the input modalities and features, which
enables understanding of the important factors influencing the prediction. The training goal is a combination of
classification loss function and explanation-fidelity regularization. Experimental results on IEMOCAP, CMU-
MOSEI and RAVDESS show that they achieve reported accuracies of 81.7% to 84.9% with higher human trust
ratings. The framework offers a potential route towards more transparent and human-centered affective computing

systems.
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1. INTRODUCTION

Affective computing is a technology that seeks to have machines perceive and respond to human affect;
it ranges from virtual tutors to clinical decision support and intelligent driver-monitoring systems. The research
on computational recognition and interpretation of affective states [1] was the formal beginning of affective
computing as a research area. However, no single modality is consistently able to capture the complete range of
human affect, and contemporary systems are increasingly designed using a multi-modal approach, which
integrates audio, visual and textual information. This complementary information can be learned from multiple
channels, and a number of multimodal datasets, like IEMOCAP [3] and CMU-MOSEI [4] have been used to
develop these models. Furthermore, the analysis of multimodal sentiment and emotion studies shows the need for
the proper design of fusion strategies [5].

However, the depth and complexity of modern multimodal architectures can reduce transparency. Users
may receive only a final label such as angry, sad, or neutral without knowing which modality or cue contributed
to that decision. Explainability is therefore an important consideration when Al-based affect recognition
contributes to decisions affecting people [6]. Reviews of affective computing have also identified interpretability
and deployment as continuing challenges [7]. Transparency and explainability are recognized as important
principles for trustworthy Al in the European Commission's Ethics Guidelines for Trustworthy AI [8]. The broader
debate concerning explanations for automated decisions further emphasizes the importance of understanding the
basis of consequential algorithmic decisions [9].

The present paper addresses this gap through XMER, an Explainable Multimodal Emotion Recognition
framework for trustworthy human—AlI collaboration. XMER combines modality-specific encoders, cross-modal
attention fusion, instance-adaptive gated fusion, and a parallel explainability module. The explainability module
provides modality-level attribution, visual saliency through Grad-CAM, and acoustic/lexical feature attribution
through SHAP.

The major contributions of this work are:

(1) A unified formulation for explainable multimodal fusion.

(2) Model-native modality-wise explanations.

(3) Complementary visual and feature-level attribution.

(4) An explanation-fidelity-aware training objective.
(5) Evaluation on three affective datasets with a human trust assessment.

2. RELATED WORK

2.1 Multimodal Emotion Recognition

Early multimodal emotion-recognition systems commonly processed modalities independently and
combined decisions or features. With the development of deep learning, learned multimodal fusion became more
prominent. Convolutional architectures have been widely used for facial affect recognition, while CNN-LSTM

approaches have been applied to speech emotion recognition, as summarized in recent surveys [10]. The
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RAVDESS database has also supported audiovisual and speech emotion-recognition research [11]. Quaternion
convolutional approaches have been investigated for speech emotion recognition [12].

Attention-based fusion subsequently became an important approach for multimodal representation
learning. Tensor Fusion Network explicitly models multimodal interactions [13], while the Multimodal
Transformer uses directional cross-modal attention for unaligned multimodal sequences [14]. MISA separates
modality-invariant and modality-specific representations for multimodal sentiment analysis [15]. These studies
demonstrate that fusion strategy can strongly influence multimodal performance.

2.2 Explainable Al for Perception Models

Explainable Al techniques can be generally categorized into intrinsic and post-hoc methods. LIME
provides explanations of individual predictions through “local perturbations” [16]. The technique of Shapley-
value-based attribution has been adapted to estimate feature contributions in SHAP [17] and the visual explanation
technique of Grad-CAM has been adapted to convolutional neural networks [18]. These approaches have been
used for perception models such as facial emotion recognition. However, post-hoc explanations should not be
taken as a given to be faithful. It has been demonstrated that LIME and SHAP explanations can be adversarially
attacked [19]. This incentive is a reason why explanation-fidelity aspects are incorporated into the design and
validation of XMER instead of being a separate layer of visualization.

2.3 Trust in Human—AI Collaboration

Human—AlI studies indicate that explanations can influence user understanding, task performance, and
trust. Research on Human—Al team performance demonstrates that explanations can have an impact on
complementary team performance [20]. The human—AlI collaboration research also highlights the significance of
transparency, explainability, and situation awareness in the process of collaboration [21]. The results inspire a

study of the human trust in addition to the predictive performance in XMER.
3. RESEARCH GAP

Although there has been improvement in multilabel emotional recognition and explainable Artificial
Intelligence, there are still three gaps. First, there are systems that are efficient that can attend to themselves
without revealing useful modality level information to the user. Second, most XAl methods have been tested in a
unimodal visual, tabular or textual setting, and there is relatively little XAl work that addresses the audio-visual-
textual setting. Third, there are fewer studies directly assessing the impact of explanations on human trust in
multimodal emotion recognition. XMER fills these gaps by using integrated multimodal fusion, explanation-

fidelity regularization and human trust evaluation.

4. PROPOSED XMER FRAMEWORK
XMER consists of four principal components: modality-specific encoders, a cross-modal attention fusion
layer, an emotion classification head, and a parallel explainability module that reads intermediate representations

without changing the forward inference path.
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The facial branch uses a CNN on aligned face crops. The speech branch uses a CNN on log-Mel spectrograms
followed by a bidirectional recurrent layer. The text branch uses a transformer encoder on transcripts or ASR
output. Each branch produces a fixed-dimensional embedding that is projected into a common latent space.

The fusion layer uses multi-head cross-modal attention to update each modality using information from
the other modalities. The architecture is motivated by transformer-based multimodal attention methods for
unaligned multimodal sequences [14]. Gated fusion then learns per-instance reliability weights, allowing the

system to reduce the contribution of noisy or unavailable modalities.

The same fusion gates and intermediate representations are used for explanation generation. This design links the
explanation mechanism to the actual computations of the model rather than constructing a separate surrogate

explanation model.

5. MATHEMATICAL MODEL
Let the three modality encoders produce embeddings for the facial (f), speech (s), and text (t) channels:
hm = Em(Xm), m € {f, s, t}, hm € R (1)
For query modality m and key/value modality m’, scaled dot-product attention is defined as:
A(hm, hyy) = softmax(QuKm™ / Vdi) Var )

where Qm = hnWq, Kn = hwWk, and Vi = hyyWy are learned projections [22].
The refined embedding is:

ﬁm =hm + Zn #m A(hm, hm’) (3)
Gated fusion combines the refined embeddings using instance-adaptive reliability weights:

Z=2%nme {fs,t} Em ﬁm (4)

[gr, g, g = softmax(G(hy, hs, hy)) ®)]
The fused vector is passed to the classification head:
¥ = softmax(W, z + bc) (6)
Training minimizes a composite objective combining cross-entropy classification loss with explanation-fidelity
regularization:
L = Lci(y, 9) + A1 Ig® — g®Dl,2 + X5(1 — Consistency(SHAP, Grad-CAM)) (7

where A1 =0.01 and A2 = 0.05 in the reported experiments. The second term penalizes instability in modality gates,

while the third term penalizes disagreement between complementary attribution mechanisms.

6. EXPLAINABLE A1 MODULE
6.1 Modality-Level Attribution

The learned gate weights gr, g, and g; are directly exposed as normalized modality contributions. For
example, a prediction may be represented as 62% facial, 25% vocal, and 13% textual contribution. This provides

a model-native answer to which modality influenced a prediction.
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6.2 Spatial Attribution Using Grad-CAM

For the facial branch, Grad-CAM is used to identify spatial regions associated with the target emotion
[18]. The gradients of the target class with respect to convolutional feature maps are globally averaged to obtain
channel weights, which are combined and passed through a ReL U to highlight positive contribution regions.

6.3 Feature-Level Attribution Using SHAP

SHAP values are calculated for interpretable speech and text features, including pitch, energy, speaking
rate, and token-level contributions [17]. Kernel SHAP is used to balance attribution stability and latency. A
background sample of 100 instances per class is used in the reported implementation. Explanation consistency is

monitored during validation to identify potentially unreliable attribution patterns.

7. EXPERIMENTAL DESIGN

Three benchmark datasets were used. IEMOCAP provides synchronized speech, video, and transcripts
and is evaluated using a leave-one-session-out protocol [3]. CMU-MOSEI contains more than 23,000 video
segments annotated for sentiment and emotion-related analysis [4]. RAVDESS is used as an audiovisual speech

and face benchmark [11].

The baselines are a unimodal facial CNN, a unimodal CNN-LSTM speech model, a black-box late-fusion
model, and a cross-modal transformer without explainability. All models use the same modality encoders and the

reported training budget of 50 epochs, Adam optimization, learning rate 10, and batch size 32.

Classification performance is evaluated using accuracy and weighted F1-score. Human trust is measured
using a five-point Likert scale. Forty postgraduate students and faculty reviewers evaluated label-only,

confidence-score, and complete-explanation conditions in the reported study.

8. RESULTS AND DISCUSSION

Dataset Accuracy (%) | Weighted F1 (%) Trust (1-5)

Unimodal CNN (facial only) IEMOCAP 68.4 64.9 2.9

CNN-LSTM (speech only) IEMOCAP 70.1 66.3 2.8

Black-box late fusion IEMOCAP 74.2 70.8 3.1
Cross-modal Transformer

(10 XAD) CMU-MOSEI 82.6 79.4 3.3

XMER (proposed) IEMOCAP 81.7 78.9 4.5

XMER (proposed) CMU-MOSEI 84.9 81.6 4.6

XMER (proposed) RAVDESS 83.1 80.2 4.4

Table 1. Accuracy, F1-score, and human trust ratings across models and datasets.
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The reported experiments show that XMER achieves 81.7% accuracy on IEMOCAP, 84.9% on CMU-
MOSEI, and 83.1% on RAVDESS. The reported weighted F1 scores are 78.9%, 81.6%, and 80.2%, respectively.
The results indicate that multimodal fusion can provide complementary information compared with the unimodal

baselines.

The reported accuracy loss associated with the explanation-fidelity regularization was within 1-2
percentage points of the strongest black-box comparator. The human trust ratings for the complete XMER
explanation condition were 4.5, 4.6, and 4.4 on IEMOCAP, CMU-MOSEI, and RAVDESS, respectively. The

manuscript reports that these ratings were higher than those obtained under black-box conditions.

Qualitative feedback indicated that Grad-CAM heatmaps were particularly useful for facial emotion
predictions, while SHAP feature rankings were useful for ambiguous cases. The reported SHAP computation time

was approximately 180 ms per prediction, which may be a limitation for real-time applications.
9. CONCLUSION

This paper introduced XMER, an explainable multimodal emotion recognition framework that integrates
cross-modal attention fusion with a model-native explainability module combining modality-gate weights, Grad-
CAM spatial attribution, and SHAP feature attribution, trained using an explanation-fidelity-aware objective
function. When evaluated on IEMOCAP, CMU-MOSEI, and RAVDESS, XMER achieved accuracy comparable
to black-box baselines while yielding significantly higher human-rated trust in its predictions. The results support
the view that explainability and predictive performance are not mutually exclusive in affective computing, and
that in emotion-sensitive applications explainability should be built into the system rather than added as an

afterthought, in order to achieve trustworthy human—AlI interaction.
10. FUTURE WORK

XMER will be extended in three directions in future work. First, the Shapley attribution values will be
distilled into a lightweight surrogate network to reduce SHAP inference latency, making the framework more
feasible for interactive real-time applications such as driver-monitoring dashboards or tutoring systems. Second,
an explanation-fidelity loss will be incorporated into the objective function, in the manner used for fairness-
auditing techniques, to make XMER more suitable for deployment across diverse user populations. Third, a
longitudinal study will examine whether trust built from XMER's explanations persists or fades over time, and
whether trust in explanations leads to over-reliance on attributions that are not always accurate — providing a

more comprehensive understanding of the role of explainability in sustained, in-the-wild human—AlI collaboration.
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