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Abstract. Multimodal emotion recognition benefits affective computing appli- 

cations such as companion robots, driver monitoring, and assistive healthcare, yet 

most audio-visual systems rely on heavy backbones and static fusion mechanisms 

that are unsuitable for edge devices or cannot adapt to input-dependent modality 

reliability. This paper proposes a lightweight framework using EfficientNetV2-B0 

for facial features and a compact 1D-CNN for prosodic audio features (MFCC + 

Delta + Delta-Delta), integrated through a Gated Multimodal Unit (GMU) that 

adaptively weighs each modality via a learned gate. It targets a Raspberry Pi 4B 

with constraints of <12M parameters, <2 GFLOPs, <50 MB model size, and 

<100 ms inference time. Evaluation on RAVDESS (1,440 recordings, 8 emo- 

tion classes) uses actor-independent 5-fold group cross-validation, comparing 

GMU with static Concatenation and Cross-Attention fusion under identical pro- 

tocols, together with masking, ablation, and roofline analyses. GMU achieves 

94.17% ( 3.94%) mean cross-validation accuracy and held-out test accuracy of 

77.08% (single model) and 79.17% (5-fold ensemble), with 7.75M parameters, 

1.41 GFLOPs, 30.21 MB model size, and 15.22 ms inference latency, meeting all 

deployment constraints, unlike Cross-Attention (78.33% test accuracy, 19.69M pa- 

rameters). Masking shows audio adds 9.58 percentage points over the visual-only 

configuration, and roofline analysis indicates a compute-bound regime consistent 

with Raspberry Pi 4B characteristics. GMU offers the best accuracy-efficiency 

trade-off among constraint-compliant fusion methods and is recommended as the 

default intermediate fusion strategy for real-time, resource-constrained emotion 

recognition; Cross-Attention may suit settings without edge constraints, at the cost 

of a larger memory and parameter footprint. 
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1 Introduction 

Emotion recognition enables machines to perceive human affective states, supporting ap-
plications such as companion robots, driver monitoring, adaptive learning, and assistive
healthcare [5, 12, 14]. Because emotions are expressed jointly through facial expressions
and vocal characteristics, multimodal audio-visual approaches consistently outperform
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unimodal counterparts, particularly under degraded or partial sensory conditions [2,
6]. However, state-of-the-art multimodal systems typically rely on deep Transformers
or high-capacity CNN backbones, demanding computational resources unsuitable for
resource-constrained edge devices [13, 7].

Among fusion strategies, intermediate fusion offers a favorable trade-off: unlike early
fusion, it avoids strict temporal synchronization requirements, and unlike late (decision-
level) fusion, it preserves cross-modal correlations by combining modality embeddings
before the final classification stage [4, 11]. Static intermediate fusion methods such as
feature concatenation are parameter-free but cannot adapt the relative contribution of
each modality to input-dependent signal quality. The Gated Multimodal Unit (GMU)
[1] addresses this limitation through a learned gating mechanism that adaptively weighs
modality embeddings, offering a lightweight alternative to attention-based fusion.

We investigate four research questions: whether GMU improves accuracy over
static/attention fusion; the complementary contributions of each modality; satisfaction
of deployment constraints for Raspberry Pi 4B; and influential training/architectural
configurations. We use EfficientNetV2-B0 [17] for faces and a compact 1D-CNN for
prosodic audio, with masking, roofline, and ablation analyses under identical protocols.
All evaluations use actor-grouped 5-fold cross-validation on RAVDESS [8] to ensure
statistically reliable, subject-independent estimates.

The paper is organized as follows. Section 2 reviews related work. Section 3 presents
the methodology. Section 4 describes experiments and results. Section 5 discusses
findings. Section 6 concludes and provides recommendations.

2 Related Work

Prior multimodal emotion recognition studies confirm that combining facial expres-
sion and speech yields the most robust performance among modality pairs [11], but
achieving this typically requires architectures exceeding edge-device budgets. Luna-
Jiménez et al. [10] achieved 80.08% accuracy on RAVDESS through late fusion of
CNN-14 and STN features using 81M parameters. Chumachenko et al. [6] proposed
self-attention fusion with modality dropout, achieving 81.58% accuracy, and demon-
strated that attention-based intermediate fusion improves robustness to missing modal-
ities. Ben Letaifa and Boli [3] introduced transformer-based cross-attention fusion with
an EfficientNetV2-B0 backbone, achieving 88.33% accuracy with 14.9M parameters,
while their concatenation-based variant achieves 87.29% accuracy with 13.1M param-
eters – illustrating the accuracy-efficiency trade-off between static and attention-based
fusion that this work also investigates.

On the lightweight side, Radoi and Cioroiu [13] proposed uncertainty-based mul-
timodal learning using 2.7M parameters, reaching 76.30% accuracy. Lu et al. [9] re-
ported 97.56% accuracy with only 0.92M parameters using GhostNet and 1D-CNN
with decision-level fusion, though under a different (non-actor-independent) evaluation
protocol that limits direct comparability. EfficientNetV2-B0 offers a favorable accuracy-
complexity trade-off for visual feature extraction at 7.1M parameters and low FLOPs
[17], while compact 1D-CNNs on prosodic features provide low-latency alternatives
to spectrogram-based 2D architectures [15]. Boulahia et al. [4] concluded intermediate
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Fig. 1. Proposed architecture: visual pipeline with per-frame EfficientNetV2-B0 features aggre-
gated via mean pooling; audio pipeline with 1D-CNN over MFCC+Delta+Delta-Delta; Gated
Multimodal Unit (GMU) intermediate fusion; and classifier.

fusion achieves the best performance-complexity balance, and Arevalo et al. [1] intro-
duced GMU for adaptive weighting. We position GMU as a middle ground between
static concatenation and attention: adaptive like attention, yet with substantially lower
parameter overhead for edge constraints.

3 Proposed Methodology

3.1 System Overview

Fig. 1 illustrates the proposed architecture: two parallel feature-extraction pipelines for
visual and audio modalities, a GMU-based intermediate fusion module, and a classifi-
cation head.

3.2 Dataset and Protocol

RAVDESS [8] consists of 1,440 recordings from 24 actors (12 male, 12 female) covering
eight emotions: neutral, calm, happy, sad, angry, fearful, disgust, and surprised. A static
subject-wise split (16 training / 4 validation / 4 testing actors, i.e., 960/240/240 samples)
is used to report a held-out test set with no actor overlap. To obtain a more statistically
reliable estimate of generalization, multimodal models are additionally evaluated with
actor-grouped 5-fold cross-validation (GroupKFold), ensuring no actor appears in both
training and validation folds of any split. The 5-fold cross-validation serves as an in-
ternal stability check, whereas the static held-out split is preserved as the primary test
benchmark to maintain comparability with prior studies that use this fixed partition.
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3.3 Visual and Audio Feature Extraction
MTCNN is used for face detection and alignment; each video is sampled into 15
uniformly distributed frames, cropped and resized to 224×224×3. EfficientNetV2-B0
[17], pretrained on ImageNet, extracts a 1280-dimensional embedding per frame; frame-
level embeddings are aggregated via mean pooling into a video-level visual feature vector
f𝑣 ∈ R1280.

Each audio track is converted into Mel-Frequency Cepstral Coefficients (MFCC)
together with first and second-order derivatives (Delta and Delta-Delta), yielding a
120-channel, 224-frame representation. This representation is processed by a compact
1D-CNN with five convolutional blocks (channel widths 160-160-128-96-64) followed
by global average pooling and a linear projection, producing an audio embedding f𝑎 ∈
R1280, dimensionally matched to the visual embedding for fusion.

3.4 Gated Multimodal Unit (GMU) Fusion
Unlike static concatenation, GMU [1] learns an input-dependent gate 𝑧 that adaptively
controls the relative contribution of each modality. Each modality embedding is first
projected into a shared fusion space of dimension 𝑑 = 256:

h𝑎 = tanh(𝑊𝑎f𝑎), h𝑣 = tanh(𝑊𝑣f𝑣) (1)
𝑧 = 𝜎 𝑊𝑧 [f𝑎; f𝑣] (2)

f𝑎𝑣 = 𝑧 ⊙ h𝑎 + (1 − 𝑧) ⊙ h𝑣 (3)
where 𝑊𝑎,𝑊𝑣 ∈ R256×1280 project each modality embedding independently, 𝑊𝑧 ∈

R256×2560 computes the gate from the concatenation of the two unprojected 1280-d
embeddings, 𝜎 is the sigmoid function, and ⊙ denotes element-wise multiplication. The
fused representation f𝑎𝑣 ∈ R256 passes through a two-layer fully connected classification
head (256→128→8) to produce the emotion prediction. Fusion dimension 𝑑 = 256 is
the baseline configuration examined in the ablation study (Section 4.4).

3.5 Training Strategy and Deployment Constraints
Models are trained with cross-entropy loss using label smoothing (𝜖 = 0.1) [16] and
hard modality dropout (𝑝 = 0.3) [6], using AdamW with cosine annealing learning-rate
scheduling and early stopping. Feature caching accelerates multimodal training. Three
fusion variants are trained and compared under identical conditions: static Concatenation
(baseline), GMU (proposed), and Cross-Attention (upper-bound accuracy reference).
Table 1 presents deployment constraints derived from Raspberry Pi 4B specifications,
used to evaluate the practical feasibility of each fusion variant.

4 Experiments and Results

4.1 Experimental Setup
All experiments use PyTorch with an NVIDIA GPU for training; inference metrics
are measured per sample. Evaluation metrics include accuracy, weighted and macro
F1-score, parameter count, FLOPs, model size, and inference latency.
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Table 1. Lightweight Deployment Constraints (Raspberry Pi 4B Target)

Metric Target
Total Parameters < 12 M
Computational Comple y < 2 GFLOPxit
Model Size < 50 MB
Inference Time < 100 ms

Table 2. Unimodal Performance on RAVDESS Test Set

Model Acc (%) Best Val (%) F1-Macro Params (M) Size (MB) GFLOPs
Audio (1D-CNN) 52.92 73.44 0.5104 1.20 4.61 0.117
Visual (EffNetV2-B0 68.33) 94.27 0.6814 6.52 25.44 1.30

4.2 Unimodal Baseline Results

Table 2 presents unimodal performance. The visual model substantially outperforms
the audio model (68.33% vs. 52.92% test accuracy), indicating that facial expression
is a stronger emotion indicator than vocal prosody on RAVDESS, consistent with the
dataset’s acted, highly expressive facial recordings [8].

4.3 Multimodal Fusion Results

Table 3 compares the three fusion variants; all multimodal models use actor-grouped
5-fold cross-validation to estimate stability, followed by held-out test evaluation.

GMU achieves the highest constraint-compliant test accuracy (77.08% for the best
single model and 79.17% for the 5-fold ensemble) and F1-macro (0.8001), outperform-
ing Concatenation (77.92%) with only 0.66M extra parameters. Cross-Attention yields
78.33% but fails the parameter and size budgets (19.69M, 76.78 MB).

The confusion matrix (Fig. 2) shows highest per-class accuracy for Calm (93.75%)
and Angry (90.63%), while Fearful (62.50%) and Sad (65.63%) are lower, consistent
with prior work [6, 10]. Fearful is most often confused with Angry, and Sad with Calm,
reflecting overlapping prosodic/facial cues. GMU notably improves ambiguity resolution
over the unimodal visual matrix, confirming effective leverage of complementary audio
cues.

Masking Evaluation. Table 4 reports GMU accuracy when one modality is disabled
at inference time. Audio contributes a 9.58 percentage-point gain over the visual-only

Table 3. Multimodal Fusion Comparison on RAVDESS Test Set

Model 5-Fold CV (%) Test Acc (%) F1-Macro Params (M) GFLOPs Size (MB) Status
Concatenation 94.17 ±3.86 77.92 0.7863 7.09 1.41 27.65 Pass
GMU (best single) 94.17 ±3.94 77.08 0.7745 7.75 1.41 30.21 Pass
GMU (5-fold ensemble 94.17 ±3.94) 79.17 0.8001 7.75 1.41 30.21 Pass
Cross-Attention 95.00 ±3.35 78.33 0.7871 19.69 1.44 76.78 Fail
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Fig. 2. Confusion matrix of the GMU model (best single model) on the RAVDESS test

Table 4. GMU Masking Evaluation

Mode ccuracy (%) F1-MacroA
Audio + Visual 77.08 0.7745
Visual Only 67.50 0.6602
Audio Only 51.25 0.4842

configuration (77.08% vs. 67.50%), confirming that although audio is comparatively
weak unimodally, it provides complementary information that GMU exploits effectively.

4.4 Ablation Study

Table 5 presents GMU ablation results on the validation set, varying label smoothing,
modality dropout, and fusion dimension while holding other settings at baseline (fusion
dimension 256). Fusion dimension has the largest effect: increasing it from 128 to 512
improves accuracy by 4.17 points, though dimension 256 is retained as the primary
configuration to preserve the lightweight parameter budget. Modality dropout slightly
reduces validation accuracy (baseline vs. no-dropout: −1.67 points) due to the visual
modality’s dominance on RAVDESS, though it remains beneficial for robustness to
missing modalities at inference, as confirmed by the masking evaluation above.
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Table 5. GMU Ablation Study (Validation Set)

Variant Val Acc (%) F1-Macro Δ vs. Baseline
Baseline (LS + MD + dim 256) 73.75 0.7246 –
No Label Smoothing 73.33 0.7295 −0.42
No Modality Dropout 75.42 0.7426 +1.67
Fusion Dim 128 72.50 0.7194 −1.25
Fusion Dim 512 76.67 0.7639 +2.92

Table 6. Roofline Analysis of Multimodal Models

Model Arithmetic Intens y Ridge Pointit Regime
Concatenation 51.08 2.34 Compute-Bound
GMU 46.88 2.34 Compute-Bound
Cross-Attention 50.95 2.34 Compute-Bound

4.5 Efficiency, Roofline, and State-of-the-Art Comparison

The roofline ridge point is computed assuming a Raspberry Pi 4B with peak perfor-
mance of approximately 13.5 GFLOPS and memory bandwidth of approximately 5.8
GB/s, yielding a ridge point of 2.34 FLOPs/byte. Table 6 presents the roofline anal-
ysis, computed as the ratio of FLOPs to memory bytes moved (arithmetic intensity),
against this ridge point. All three multimodal variants operate well above the ridge
point, confirming a compute-bound regime in which performance is limited by proces-
sor throughput rather than memory bandwidth – consistent with the Raspberry Pi 4B’s
constrained compute-to-bandwidth ratio, and supporting the suitability of the proposed
models for this target device.

Table 7 compares GMU against related work on RAVDESS. Lu et al. [9] report
the highest accuracy (97.56%) with an ultra-compact architecture, but rely on decision-
level fusion under a different evaluation protocol, which limits direct comparability
and does not exploit semantic correlation between facial and vocal cues during rep-
resentation learning. Ben Letaifa and Boli [3] and Chumachenko et al. [6] achieve
higher accuracy through attention-based fusion, but at parameter counts (14.9M, and
architecturally comparable) that exceed or approach the edge budget targeted here.
Against Luna-Jiménez et al. [10], GMU trades 0.91 accuracy points for a 10× reduction
in parameters (7.75M vs. 81M). Compared to Radoi and Cioroiu’s uncertainty-based
lightweight fusion [13], GMU improves accuracy by 2.87 points while remaining within
the lightweight budget, indicating adaptive intermediate fusion provides tangible benefit
over uncertainty-weighted fusion at comparable model scale.

5 Discussion

GMU adaptively weights modalities via its learned gate, yielding a consistent edge over
static Concatenation in the ensemble setting (79.17% vs. 77.92%) with only 0.66M
added parameters. Against Cross-Attention, GMU trades 1.25 accuracy points in the
single-model setting but saves 2.5× parameters and memory; in the ensemble setting,
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Table 7. Comparison with State-of-the-Art on RAVDESS

Method Acc (%) Params (M) Fusion Note
Luna-Jiménez et al. (2021) [10 80.08] 81.00 Late Heavyweight
Chumachenko et al. (2022) [6] 81.58 – Self-Attention –
Radoi & Cioroiu (2024) [13] 76.30 2.70 Uncertainty-based Lightweight
Lu et al. (2026) [9] 97.56 0.92 Decision-level Different protocol
Ben Letaifa & Boli (2026) [3] 88.33 14.90 Cross-Attention Heavyweight
Ours (GMU, ensemble) 79.17 7.75 Intermediate GMU Meets edge constraint

GMU surpasses Cross-Attention (79.17% vs. 78.33%), making it preferable under edge
constraints. Visual features dominate RAVDESS (acted, expressive corpus), yet masking
shows audio adds a 9.58-point gain, confirming complementarity [2]. Limitations include
evaluation on a single acted dataset, the 1D-CNN’s moderate capacity versus pretrained
encoders, and reliance on simulated (not physical) profiling. Future work includes in-
the-wild validation, hardware profiling, temporal attention pooling, and higher fusion
dimensions.

To support independent verification and extension of this work, the full implemen-
tation is available at https://github.com/donnyhalim/multimodal-emotion-recognition.

6 Conclusion and Recommendation

This paper proposed a lightweight multimodal emotion recognition framework combin-
ing EfficientNetV2-B0 visual features and 1D-CNN audio features through GMU inter-
mediate fusion, targeting Raspberry Pi 4B. Using actor-grouped 5-fold cross-validation
on RAVDESS, GMU achieved 94.17% mean CV accuracy and held-out test accuracies
of 77.08% (single) and 79.17% (ensemble), with 7.75M parameters, 1.41 GFLOPs,
30.21 MB size, and 15.22 ms latency – meeting all constraints (<12M, <2 GFLOPs,
<50 MB, <100 ms). GMU outperformed static Concatenation and remained lighter than
Cross-Attention, which failed constraints. Masking and roofline analyses confirmed
complementarity and compute-bound suitability. Thus, GMU improves accuracy over
static fusion while staying lightweight, modalities are complementary (visual-dominant),
constraints are satisfied, and fusion dimension is the most influential ablation factor.

GMU-based intermediate fusion is recommended for edge deployment when <1M
extra parameters are acceptable, offering adaptive robustness. Cross-attention is reserved
for scenarios without strict budgets. Future extensions should prioritize in-the-wild
validation and physical profiling on Raspberry Pi 4B hardware.
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