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Accurate emotion recognition for university students is essential for mental health monitoring and engagement
analysis, yet the intensive computational cost of standard Vision Transformers hinders their deployment on
resource-constrained edge devices. To address this challenge, we propose an Efficient Multi-view Transformer
(EFFormer) designed for real-time affective computing in campus environments. EFFormer first employs a
Bidirectional Mamba strategy to synthesize unified affective representations from multiple views, effectively
capturing complex cross-view correlations with linear complexity. Furthermore, we introduce an instance-
specific adaptive gating mechanism that dynamically executes patch pruning, attention head activation, and
transformer block skipping based on the complexity of each input sample. By jointly optimizing the backbone
with a resource-aware loss function and utilizing Gumbel-Softmax reparameterization, EFFormer achieves a
superior trade-off between recognition accuracy and inference efficiency. Experimental results demonstrate
that our framework significantly reduces computational overhead and latency while maintaining high-fidelity
emotional state recognition, providing a practical and robust solution for intelligent emotion monitoring in
university settings.
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1. Introduction

Emotion recognition has become an essential component
in modern educational technology, particularly for moni-
toring the mental health and learning engagement of uni-
versity students [1–5]. As academic environments become
increasingly digital and complex, the ability to accurately
perceive students’ affective states, such as stress, boredom,
or engagement, can provide invaluable feedback for per-
sonalized pedagogical interventions and psychological sup-
port. Traditionally, this task has relied on single-modality
observations; however, human emotion is inherently multi-
faceted, often requiring the integration of heterogeneous
data from various perspectives to ensure robust recognition
in diverse campus scenarios.

In recent years, Vision Transformers have demonstrated
remarkable performance in computer vision tasks by ex-
ploiting self-attention mechanisms to model long-range
dependencies within images [6, 7]. Following the success
of the original ViT, several variants have been adapted for
affective computing, utilizing stacked transformer blocks to
extract discriminative features from multi-view inputs [8–
10]. These multi-view transformer architectures allow for a
more comprehensive representation of a student’s state by
fusing information from different sensors or camera views,
significantly outperforming traditional convolutional neu-
ral networks in terms of accuracy and robustness [11–13].

Despite these advancements, a critical challenge re-
mains: the intensive computational cost of vision trans-
formers. The complexity of these models scales drasti-
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cally as the number of patches, attention heads, and trans-
former blocks increases. As argued in recent research, "one-
size-fits-all" networks are often computationally redundant
because the complexity required to model an emotional
state varies significantly between samples. For university
applications, which often demand real-time inference on
resource-constrained edge devices (e.g., campus smart cam-
eras or mobile terminals), this lack of efficiency hinders
practical deployment and limits the scalability of affective
monitoring systems.

To address these limitations, we propose an Efficient
Multi-view Transformer (EFFormer) specifically tailored
for student emotion recognition under resource constraints.
Our framework introduces an adaptive inference strategy
that learns to derive instance-specific usage policies on the
fly. Specifically, EFFormer utilizes a bidirectional Mamba
(Bi-Mamba) module to synthesize a unified affective rep-
resentation from multiple views, capturing intricate cross-
view correlations. This fused representation then guides a
light-weight gating mechanism to dynamically determine
essential affective patches, active attention heads, and re-
dundant transformer blocks for skipping. By jointly opti-
mizing the backbone with a resource-aware loss function,
EFFormer achieves a superior trade-off between recogni-
tion accuracy and inference efficiency, making it highly
suitable for real-time affective monitoring in university
settings.

The main contributions are summarized as follows:

• We introduce a bidirectional Mamba module to effec-
tively synthesize heterogeneous cues from multiple
student perspectives. Unlike traditional fusion meth-
ods, the Bi-Mamba strategy exploits selective state
spaces to capture complex inter-view correlations with
linear complexity, significantly improving the scalabil-
ity of multi-view affective feature integration.

• We propose a fine-grained adaptive inference frame-
work that operates across three dimensions: patches,
attention heads, and transformer blocks. By deriving
instance-specific usage policies, EFFormer dynami-
cally prunes non-informative affective patches, deacti-
vates redundant heads, and skips entire transformer
layers on the fly, ensuring optimal resource allocation
tailored to the difficulty of each input sample.

• Extensive experiments conducted on real-world
datasets show EFFormer achieves the state-of-the-art
performance in the emotion recognition of university
students.

The remainder of this paper is organized as follows. Sec-
tion 2 details the methodology of the proposed method.

Section 3 presents the experimental setup, provides a com-
parative analysis with existing state-of-the-art methods on
the FPR-3 and FPR-4 datasets, and includes a comprehen-
sive ablation study to validate the contribution of each
architectural component. Finally, Section 4 concludes the
paper and discusses potential directions for future research
in intelligent student monitoring.

2. Methodology

The objective of this study is to accurately recognize the
emotional states of university students by leveraging het-
erogeneous data from multiple views under resource con-
straints. Given multi-view data of the i-th student xi =

{x1
i , x2

i , . . . , xV
i }, where V is the view number, it aims to

find an optimal mapping function F that predicts the emo-
tional state yi from the multi-view space:

yi = F ({x1
i , x2

i , . . . , xV
i }; Θ) (1)

where Θ is the learnable parameters.
To achieve the objective above, an efficient multi-view

transformer (EFFormer) is proposed for the emotion recog-
nition of university students, which contains a view-
specific feature extraction module, an adaptive gate se-
lection module, and an emotion recognition module. The
architecture of EFFormer is depicted in Fig. 1

2.1. View-specific feature extraction

In EFFormer, we select T2T-ViT [14] that partitions each
image into a sequence of sliced patches, as the view-specific
feature extractor, which captures long-range dependencies
within patches from stacking multi-head self-attention and
feed-forward networks to learn discriminative representa-
tions of images. Formally, given the v-th view data xv

i of
the i-th student, EFFormer initiates processing by decom-
posing the input into a sequence of N distinct, fixed-size
patches, denoted as xi = [sv

1 , sv
2 , . . . , sv

N ], and then leverages
the linear transformation to extract view-specific patch rep-
resentations zi = [zv

1, zv
2, . . . , zv

N ]. Meanwhile, a trainable
class token zv

cls is integrated with positional representa-
tions zv

pos into these patch representations as the input of
the transformer block:

hv
i = [zv

cls; zv
1 ; zv

2; . . . ; zv
N ] + zv

pos (2)

where [·] is the concatenation operation.
The l transformer block in the vision transformers con-

tains a multi-head self-attention (MSA) network and a feed-
forward network (FFN), where each MSA aggregates infor-
mation from M parallel heads via discerning subtle emo-
tional nuances across diverse representation subspaces:
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Fig. 1. The illustration of EFFormer.

headv
m,l = Attention(hv

i WQ
m,l , hv

i WK
m,l , hv

i WV
m,l) (3)

MSA(hv
i ) = [(headv

1,l , . . . , headv
M,l)]W

O
l (4)

where WQ
m,l , WK

m,l , WV
m,l , and WO

l denote the learnable
weight parameters of the m-th head in the l-th block. To
refine the extracted features, the MSA output is processed
by an FFN, typically structured as a dual-layer perceptron.
Residual connections are strategically employed to pre-
serve gradient integrity and mitigate feature degradation
throughout the deep hierarchy:

h̄v
i,l = MSA(hv

i,l) + hi,l , hv
i,l+1 = FFN(h̄v

i,l) + h̄v
i,l (5)

2.2. Adaptive gate selection

Despite the impressive performance of large-scale vision
transformers in emotion recognition, their computational
demands escalate significantly with the expansion of
patches, attention heads, and depth. For student emotion
monitoring—often requiring real-time processing on edge
devices—a static, "one-size-fits-all" backbone is computa-
tionally inefficient, as many emotional expressions can be
identified through a fraction of the total parameters. To
address this, EFFormer introduces an adaptive inference
strategy. Specifically, at each transformer block, we first
synthesize a unified affective representation by fusing out-
puts from multiple views using a bidirectional Mamba
module. This fused representation then guides a light-
weight gating mechanism to dynamically determine: 1)

essential affective patches, 2) active attention heads, and 3)
redundant transformer blocks.
Multi-view fusion via bidirectional Mamba. To effectively
integrate heterogeneous cues from various student perspec-
tives, we employ a bidirectional Mamba (Bi-Mamba) strat-
egy. For the l-th block, let hv

i,l denote the v-th view represen-
tation. The Bi-Mamba strategy processes these multi-view
sequences through forward and backward selective state
spaces to capture cross-view correlations:

hi,l = Bi-Mamba([h1
i,l , . . . , hV

i,l)] (6)

where hi,l+1 represents the fusion representation for subse-
quent gating decisions.
Gating mechanism. Instead of a fixed computation path,
a gating network is integrated before each block to derive
instance-specific policies. This mechanism consists of gat-
ing heads with parameters Wl = {Wp

l , Wh
l , Wb

l }, which
map the fusion representation hi,l into sparse decision vec-
tors for patch selection, head activation, and block skipping.
Formally, the gating policies are computed as:

(gp
l , gh

l , gb
l ) = σ(Φ(Wl , hi,l))

s.t. gp
l ∈ [0, 1]N , gh

l ∈ [0, 1]M, gb
l ∈ [0, 1]

(7)

where σ(·) denotes the sigmoid activation and Φ represents
the linear gating transformation. Each element in the vec-
tors gp

l , gh
l , and gb

l represents the probability of retaining a
specific computation unit.
Patch pruning. We aim to isolate the most salient affec-
tive cues while discarding background or non-informative
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patches. For the l-th block, a patch is preserved only if
its corresponding gate Gp

l,n is active, sampled from gp
l dur-

ing training via Gumbel-Softmax. The input sequence is
modified as:

hv
i = [zv

cls; Gp
l,1zv

1; . . . ; Gp
l,Nzv

N ] (8)

The class token zv
cls is unconditionally retained to preserve

the global emotion descriptor.
Head activation. Multi-head attention allows the model to
explore various affective subspaces. However, for "easy"
samples with obvious emotional cues, fewer heads are
required. We adaptively deactivate attention heads based
on Gh

l,i. When a head is gated off, its complex attention
map calculation is replaced by an identity mapping to save
FLOPs:

MSA(hv
i ) = [(headv

l,m:1→M, if Gh
l,m = 1]WO

l (9)

Block Skipping. To further optimize the depth, the gating
mechanism independently controls the two primary sub-
layers: MSA and FFN. By expanding the block policy gb

l to
two dimensions, the computational flow is updated as:

h̄v
i,l = Gb

l,0MSA(hv
i,l) + hi,l , hv

i,l+1 = Gb
l,1FFN(h̄v

i,l) + h̄v
i,l

(10)
This allows the model to bypass redundant layers when
the student’s emotional state has already been confidently
encoded in earlier stages.

2.3. Emotion recognition

To strike an optimal balance between high-fidelity affective
state recognition and reduced inference latency, the learn-
ing objective of EFFormer is designed to simultaneously
maximize classification accuracy and minimize computa-
tional redundancy. The framework is optimized through a
joint objective function comprising a discriminative classi-
fication loss and a resource-aware regularization term.

Specifically, given the v-th view data xv
i of the i-th stu-

dent and the corresponding ground-truth emotion label yi,
the cross-entropy loss Lce is utilized to supervise the pre-
diction produced by the transformation F with parameters
Θ:

Lce =
V

∑
v

I

∑
i

CE(yi(F (xv
i ; Θ))) (11)

where CE(·) is the cross-entropy function. A significant
challenge in training the gating mechanism is the non-
differentiable nature of discrete selection decisions. To facil-
itate end-to-end backpropagation, we employ the Gumbel-
Softmax reparameterization. For each decision entry in g,
the continuous relaxation Gl,k is computed as:

Gl,k =
exp((log(gi,k) + Gl,k)/τ)

∑K
j=1 exp((log(gl,j) + Gl,j)/τ)

for k ∈ {1, . . . , K}

(12)

where τ is the temperature parameter controlling the
sparsity of the distribution, and Gl denotes the Gumbel
noise sampled via Gl = − log(− log(Ul)) with Ul ∼
Uniform(0, 1). K is the class number.

To enforce the model to operate within the specific com-
putational budgets required for real-time student moni-
toring, we introduce a resource regularization loss Lreg.
This term penalizes the deviation of the actual computation
usage from the target retention ratios:

Lreg = ∑
ϕ∈{p,h,b}

(
1

Dϕ

Dϕ

∑
d=1

Gϕ
d − γϕ

)2

(13)

where Dp, Dh, Db represent the total counts of patch gates,
attention head gates, and transformer sub-layer gates
across all L blocks, respectively. The hyperparameters
γp, γh, γb ∈ (0, 1] serve as pre-defined sparsity constraints
that dictate the desired computational intensity.

Ultimately, the total loss function L is minimized to
jointly optimize the backbone parameters Θ:

L = Lce + λLreg (14)

where λ is a balancing coefficient that weights the impor-
tance of efficiency relative to recognition performance.

3. Results and discussion

3.1. Set up

Dataset: To validate the performance of EFFormer, we uti-
lize two common datasets in the emotion recognition: FPR-
3 and FPR-4. The FPR-3 dataset comprises 1,536 images of
size 48 × 48, categorized into three distinct emotion classes,
i.e., angry, happy, and fear. For our experiments, it is par-
titioned into a training set of 1,024 images and a testing
set of 512 images. The training set is distributed with 194
samples for angry, 600 for happy, and 230 for fear. For the
test set, the samples are allocated as 100 for angry, 300 for
happy, and 112 for fear. The FPR-4 dataset consists of 3,000
images (48 × 48) across four emotion categories, i.e., angry,
happy, fear, and sad, split into 2,000 samples for training
and 1,000 for evaluation. Within the training set, the class
distribution is perfectly balanced, with each of the four
categories containing 500 samples. In contrast, the test set
exhibits a degree of imbalance, comprising 180 samples for
angry, 160 for happy, 230 for fear, and 430 for sad. Consis-
tent with our multi-view learning paradigm, the second
view of the input data is constructed through a comprehen-
sive augmentation pipeline. Specifically, we apply random
resized cropping followed by random horizontal flipping
to introduce geometric variations. To further diversify the
affective features, we implement color jittering, including



Journal of Applied Science and Engineering 32 (2026) 26032020 5

Table 1. Comparison results of EFFormer on the FPR-3 dataset.

Method Swin LocalViT-S TMER Mvgt TMH DAF-FER EFFormer

Accuracy(%) 0.7265 0.7425 0.7564 0.7785 0.8025 0.7725 0.8008
Precision(%) 0.5168 0.5467 0.5784 0.5724 0.6099 0.5706 0.5997
Recall(%) 0.4274 0.4438 0.4459 0.4647 0.4971 0.4796 0.4815
F1-score(%) 0.4377 0.4599 0.4736 0.4829 0.5177 0.4912 0.5042
Gflops(G) 4.9845 4.6568 14.984 5.6712 6.8000 5.9948 4.4340

Table 2. Comparison results of EFFormer on the FPR-4 dataset.

Method Swin LocalViT-S TMER Mvgt TMH DAF-FER EFFormer

Accuracy(%) 0.3512 0.3968 0.4154 0.4668 0.4705 0.4778 0.4726
Precision(%) 0.2495 0.2531 0.2638 0.2746 0.2799 0.2874 0.2893
Recall(%) 0.2657 0.2667 0.2768 0.2866 0.2998 0.3013 0.3043
F1-score(%) 0.2573 0.2597 0.2701 0.2805 0.2895 0.2942 0.2988
Gflops(G) 4.9845 4.7124 15.568 5.8711 6.9871 6.0125 4.5134

stochastic adjustments of brightness, contrast, saturation,
and hue, alongside random erasing techniques.

Evaluation metrics: To conduct a rigorous and multi-
faceted quantitative assessment of the proposed EFFormer,
we employ four widely-adopted classification metrics:
accuracy, precision, recall, F1-score, and Gflops (Giga
Floating-point Operations per second). Accuracy is de-
fined as the ratio of correctly predicted samples to the total
number of evaluation instances, reflecting the overall cor-
rectness of the model’s emotional state classification. Preci-
sion represents the proportion of true positive predictions
among all samples identified as a specific emotion, indi-
cating the model’s ability to minimize false positive errors.
Recall measures the ratio of correctly identified positive
instances to the total number of actual positive samples,
assessing the model’s capacity to capture all relevant emo-
tional cues without omission. The F1-score is the harmonic
mean of precision and recall, providing a consolidated met-
ric that balances the trade-off between the two, which is
particularly essential for assessing performance on poten-
tially imbalanced datasets. Finally, Gflops quantifies the
total number of floating-point operations required for a
single inference pass, serving as the primary indicator of
the model’s computational complexity and its suitability
for deployment on resource-constrained edge devices.

Implementation detail: For the backbone of EFFormer,
we adopt the T2T-ViT architecture, which is selected for
its ability to deliver competitive recognition accuracy on
large-scale datasets while maintaining a manageable com-
putational overhead. The structural configuration of the
backbone comprises L = 19 blocks, where each multi-head
self-attention is equipped with H = 7 heads. The patch
number is set as 196. The learning rate is set as 0.001. The

batch size is set as 64. To enable adaptive inference, our pro-
posed gate mechanism is integrated into every transformer
block, commencing from the second layer onwards. For
the training phase, we initialize the transformer backbone
using pre-trained weights sourced from the official T2T-ViT
repository to facilitate stable convergence.

3.2. Performance Comparison

Comparison methods: Six emotion recognition methods
are compared to verify the performance of EFFormer,
which contains Swin [15], LocalViT-S [16], TMER [7], Mvgt
[10], TMH [11], and DAF-FER [12].

Comparison analysis: As shown in Table 1 and 2,
EFFormer achieves a superior balance between recogni-
tion performance and computational efficiency across both
datasets. The following observations can be drawn from
the experimental results: First, compared to single-view
architectures such as Swin and LocalViT-S, EFFormer ex-
hibits a significant performance margin across all primary
metrics (Accuracy, Precision, Recall, and F1-score). This
advantage underscores the necessity of multi-view feature
integration for capturing the nuanced and multi-faceted
emotional states of students in complex campus environ-
ments. Second, while some heavy-weight multi-view mod-
els (e.g., TMH) show competitive accuracy on specific
datasets, they often suffer from excessive computational
overhead. In contrast, EFFormer maintains a state-of-
the-art performance level while operating at a substan-
tially lower computational cost. This makes our frame-
work more suitable for real-time deployment on resource-
constrained edge devices. On the more challenging FPR-4
dataset, EFFormer demonstrates even greater robustness,
leading most evaluation metrics, which validates its gen-
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Fig. 2. The comprehensive visual comparison.

eralization capability in higher-dimensional emotion clas-
sification tasks. The performance gains and efficiency of
EFFormer are mainly attributed to its architectural inno-
vations. The bidirectional Mamba replaces the standard
quadratic-complexity attention for multi-view fusion, effec-
tively capturing intricate inter-view correlations with linear
complexity. Furthermore, the adaptive gating mechanism
enables a sample-dependent inference path, which intelli-
gently prunes redundant patches and skips unnecessary
transformer blocks.

The radar charts in Fig. 2 provide a comprehensive
visual comparison of these methods. It is evident that EF-
Former covers a more balanced and expansive area across
the performance dimensions. This multi-dimensional vi-
sualization further confirms that our proposed framework
successfully harmonizes the conflict between high-fidelity
recognition and inference parsimony, providing an optimal
solution for intelligent student monitoring.

3.3. Ablation Analysis

To evaluate the individual contribution and the synergistic
effect of each proposed component in EFFormer, we con-
duct a comprehensive ablation study on the FPR-4 dataset
by designing five model variants to isolate the effects of
the Bidirectional Mamba (Bi-Mamba) module, the Adap-
tive Gating mechanism, and the joint loss functions: (1)
Baseline, representing a standard multi-view transformer
utilizing only cross-entropy loss without efficiency opti-
mization; (2) EFFormer w/o Bi-Mamba, which replaces the
Bi-Mamba fusion with standard feature concatenation; (3)
EFFormer w/o Gating, employing a fixed inference path
without dynamic pruning or skipping; (4) EFFormer w/o

Lreg, optimized without the resource-aware regularization
loss; and (5) EFFormer, integrating all components and the
joint optimization strategy.

As summarized in Table 3, several key insights can be
drawn from the results: first, the comparison between the
Baseline and the “w/o Bi-Mamba” variant underscores
the necessity of multi-view fusion, while the performance
decline observed when replacing Bi-Mamba with simple
concatenation proves its superior ability to capture complex
inter-view correlations for more discriminative representa-
tion learning. Simultaneously, the decrease in performance
for the “w/o Gating” variant suggests that the adaptive gat-
ing mechanism does not only reduce computational redun-
dancy but also functions as a learned attention filter that fo-
cuses the model on essential affective cues while mitigating
the impact of non-informative background noise. Further-
more, the fact that the model without Lreg performs inferi-
orly to the full model demonstrates that Lreg serves as more
than just an efficiency constraint; by enforcing structural
sparsity through Gumbel-Softmax reparameterization, it
regularizes the decision-making process and enhances the
model’s overall generalization capability. Ultimately, this
analysis confirms that the synergy of Bi-Mamba for effec-
tive feature synthesis, Adaptive Gating for inference path
optimization, and the Joint Loss for balancing accuracy
and sparsity is essential for the superior performance of
EFFormer in student emotion recognition.

3.4. Parameter Analysis

Following [17, 18], we investigate the sensitivity of EF-
Former to the balancing coefficient λ for the joint loss func-
tion (Eq. 14), which governs the trade-off between recog-
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Table 3. Ablation study of different components in EFFormer on the FPR-4 dataset.

Model Bi-Mamba Gating Lreg Lce Accuracy(%)

Baseline ✓ 0.4012
EFFormer w/o Bi-Mamba ✓ ✓ ✓ 0.4215
EFFormer w/o Gating ✓ ✓ ✓ 0.4658
EFFormer w/o Lreg ✓ ✓ ✓ 0.4658
EFFormer ✓ ✓ ✓ ✓ 0.4726

nition accuracy and computational efficiency. We conduct
experiments on both the FPR-3 and FPR-4 datasets by vary-
ing λ within the range {10, 1, 0.1, 0.01, 0.001}. The resulting
curves for Accuracy, Precision, and Recall are illustrated in
Fig. 3.

(a) FPR-3 (b) FPR-4

Fig. 3. Parameter analysis of λ on the two dataset.

As observed in Fig. 3(a) and 3(b), the model perfor-
mance is highly sensitive to the choice of λ. When λ is set
to a high value (e.g., 10), there is a noticeable decline in all
evaluation metrics. This is because an excessive penalty on
resource usage forces the gating mechanism to be overly
sparse, leading to the loss of critical affective features. As
λ decreases to 0.1, the performance reaches its peak across
both datasets. This "sweet spot" indicates that a moderate
regularization constraint allows the adaptive gating mech-
anism to effectively filter out non-informative background
noise while preserving the essential emotional cues. When
λ is further reduced below 0.1, the performance tends to
plateau or slightly decrease, as the model reverts toward
a dense architecture that lacks the beneficial "feature de-
noising" effect of the sparse gating strategy. Consequently,
λ = 0.1 is selected as the default parameter to ensure an
optimal balance between high-fidelity recognition and in-
ference efficiency.

4. Conclusion

In this paper, we proposed EFFormer, an Efficient Multi-
view Transformer specifically designed for real-time
emotion recognition of university students in resource-
constrained campus environments. To address the high
computational complexity of standard Vision Transform-
ers, EFFormer introduces two key innovations. First, a

Bidirectional Mamba (Bi-Mamba) module is employed
to synthesize unified affective representations from mul-
tiple student perspectives. By exploiting selective state
spaces, this strategy captures complex cross-view correla-
tions with linear complexity, significantly improving the
scalability of multi-view fusion. Second, we developed an
instance-specific adaptive gating mechanism that dynami-
cally prunes non-informative patches, deactivates redun-
dant attention heads, and skips transformer blocks on the
fly based on the difficulty of each input sample. Exten-
sive experiments on the FPR-3 and FPR-4 datasets demon-
strate that EFFormer achieves state-of-the-art performance
while maintaining a significantly lower computational foot-
print (Gflops) compared to existing single-view and multi-
view methods. The comprehensive visual analysis further
confirms that our framework effectively harmonizes the
conflict between high-fidelity recognition and inference
parsimony. By combining efficient feature synthesis with
dynamic resource allocation, EFFormer provides a robust
and practical solution for intelligent emotion monitoring
on edge devices, paving the way for personalized pedagog-
ical interventions and mental health support in university
settings.
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