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Current action recognition research excessively relies on deterministic feature correlation mechanisms, strug-
gling to address core challenges including spatiotemporal heterogeneity, action category ambiguity, and
cross-frame semantic discontinuity prevalent in video stream data. To this end, this study proposes the Deep
Robust Recognition Transformer (DAUfomer), to reconstruct action recognition paradigms through three syn-
ergistic modules. Multi-granularity feature extraction module employs Transformer with dual attentions to
extract low-dimensional and high-information-density spatiotemporal features from high-dimensional video
streams, preserving local motion details while establishing global contextual correlations. Uncertainty-driven
spatial-temporal aggregation module innovatively constructs a hybrid Gaussian-Dirichlet distribution model,
transforming deterministic spatiotemporal attention into a probabilistic learnable Bayesian network. This
enables dynamic adaptation to data distribution shifts through latent space uncertainty quantification. Proactive
semantic enhancement architecture breaks traditional causal constraints in temporal modeling by designing a
bidirectional temporal distillation mechanism. It leverages latent semantic cues from future frames to construct
cross-frame attention correlation graphs, enhancing current action features via gated recurrent unit-based
spatiotemporal context refinement. Finally, extensive results on two real world datasets, especially on the MS-
DanceAction dataset with a 4.48% ACC improvement compared to the second-best result, verify that DAUfomer
conducts a new standard baseline in the action recognition task.
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1. Introduction

Action recognition has become a cornerstone task in com-
puter vision, driving advancements across diverse domains
such as security, human-computer interaction, and health-
care [1, 2]. Despite its widespread applicability, existing
models often grapple with critical limitations, particularly
in handling the inherent complexity of spatiotemporal data.
Video streams exhibit challenges like spatiotemporal het-
erogeneity, ambiguous action categories, and semantic dis-

continuities across frames. These issues are exacerbated
by the reliance of current methods on deterministic feature
correlations, which restrict their adaptability to dynamic
environments and varying data distributions [3–6].

Traditional action recognition approaches can be cate-
gorized into CNN-based and Transformer-based methods.
CNN-based architectures [7–9] are adept at extracting local
spatial features through hierarchical convolutional layers,
offering computational efficiency and structural simplicity.
However, they struggle to model long-range temporal de-
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pendencies and global contextual relationships effectively.
For example, the local receptive fields of CNNs limit their
ability to capture interactions between distant frames in a
video sequence, which is crucial for understanding actions
that evolve over time. Transformer-based frameworks [10–
12], on the other hand, utilize self-attention mechanisms
to capture intricate inter-frame dependencies, achieving
superior performance in modeling sequential data. Yet,
their computational overhead and sensitivity to noisy or
redundant features pose significant challenges, especially
in resource-constrained scenarios. The self-attention mech-
anisms in Transformers require quadratic computational
complexity with respect to the sequence length, making
them less efficient for long video sequences. Additionally,
Transformers are more susceptible to noisy or redundant
features in the input data, which can degrade their perfor-
mance.

A common challenge faced by both CNN-based and
Transformer-based approaches is the issue of spatiotempo-
ral redundancy. Irrelevant features in the data can intro-
duce noise, which not only degrades recognition accuracy
but also complicates the feature selection process. This
often leads to overfitting and suboptimal generalization
in real-world settings where data variability and complex-
ity are prevalent. For instance, in scenes with cluttered
backgrounds or abrupt camera movements, both types of
models may struggle to distinguish relevant action features
from noise, resulting in decreased recognition performance.

To address these limitations, we propose the Deep Adap-
tive Uncertainty-Driven Transformer (DAUformer), a novel
architecture that redefines action recognition through three
synergistic innovations. First, the multi-granularity feature
extraction module leverages dual-attention Transformers
to distill low-dimensional and information-rich spatiotem-
poral features from high-dimensional inputs, effectively
preserving both fine-grained motion details and global
contextual patterns. Building on this, uncertainty-driven
spatial-temporal aggregation module replaces determinis-
tic attention mechanisms by modeling attention masks as a
hybrid Gaussian-Dirichlet distribution, transforming them
into a probabilistic Bayesian network. This innovation en-
ables latent space uncertainty quantification, significantly
enhancing robustness to data scarcity and distribution
shifts. Meanwhile, the proactive semantic enhancement
component introduces a bidirectional temporal distillation
mechanism that breaks traditional causal constraints, inte-
grating latent semantic cues from future frames to refine
current action representations through spatiotemporally
gated context fusion. Together, these components form
a cohesive framework that addresses spatiotemporal re-

dundancy, adapts to dynamic environments, and leverages
cross-frame dependencies to achieve robust and precise ac-
tion recognition. Finally, Extensive experiments on bench-
mark datasets validate DAUEformer’s superiority, achiev-
ing state-of-the-art accuracy of 70.24% on InDanceAction
and 77.97% on MSDanceAction, outperforming prior meth-
ods by 4.38% and 4.69%, respectively.

The key contributions of DAUformer include:

• A probabilistic spatiotemporal aggregation framework
that replaces deterministic attention with uncertainty-
aware Bayesian learning, enhancing adaptability to
dynamic environments.

• A proactive semantic enhancement strategy that tran-
scends traditional causal modeling, is proposed via
leveraging cross-frame dependencies to refine action
context.

• Empirical validation of a new performance benchmark
in action recognition, particularly in scenarios requir-
ing robustness to data variability and complex motion
patterns.

DAUformer is organized as follows: Section 2 shows
DAUformer. Section 3 provides a thorough evaluation
using benchmark datasets. Section 4 summarizes the key
contributions.

Fig. 1. The overall framework of DAUfomer, containing
multi-granularity feature extraction, uncertainty-driven

spatial-temporal aggregation, proactive semantic
enhancement

2. Method

In this section, the problem description of action recogni-
tion is firstly defined, and then the detailed architecture
of DAUfomer is introduced, containing multi-granularity
feature extraction, probability-driven spatiotemporal ag-
gregation, proactive semantics enhancement.
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2.1. Problem Description

The goal of DAUEformer is to identify the currently oc-
curring action by analyzing video frames from a historical
period, where the video stream may contain multiple ac-
tions. Let V = { ft}0

t=−H , f0, and yidenote the video stream
of the historical period H, the current action frame, the
category of f0, respectively. The problem description of
real-time action recognition can be defined:

yi = argmaxi(P(yi|ϕ(V))) (1)

Here, ϕ is the mapping neural network that converts
the feature vector V of historical period into scores for each
action category. By taking the maximum of the output
scores, the action category yi for the current frame block
can be determined.

2.2. Multi-Granularity Feature Extraction

Dual-level information extraction strategy first processes
the input video stream V = { ft}0

t=−H by using a video
feature extractor, to generate a one-dimensional feature
sequence. The purpose of this process is to transform high-
dimensional raw data into lower-dimensional features with
higher information density, enabling more efficient subse-
quent model training and action recognition. Next, an
additional linear projection layer maps each vectorized
frame feature into a D-dimensional representation space,
generating the resulting anchor sequence expressed as

F = {anchort}0
t=−H ∈ R(T+1)×D (2)

Meanwhile, the dual-level information extraction strat-
egy extends a learnable category anchor anchorc ∈ RD to
representation sequence F, resulting in the anchor repre-
sentation sequence:

F̃ = Concat({anchort}0
t=−H , anchorc) ∈ R(H+2)×D (3)

where Concat() denotes concatenation function.
anchort aims to capture local information that refers

to the details of each frame feature, which provides spe-
cific data about the instantaneous changes in movements.
anchort focuses on the features of each frame, helping the
model understand the details of actions at each moment.
This information includes posture, movement speed, and
the positions of hands and feet, allowing the model to
make precise judgments about the state of each moment.
However, relying solely on local information may not fully
capture the overall characteristics of the movements, lead-
ing to an insufficient understanding of the actions, thus
necessitating the introduction of global information to ad-
dress this shortcoming. The global information is realized

through anchorc, which is used to learn global distinguish-
ing features related to the action detection task. Global in-
formation is about understanding the entire video stream,
providing contextual and background information that en-
ables the model to determine the continuity and relation-
ships between actions. This combination allows the model
to not only depend on local features during action recog-
nition but also integrate the contextual information of the
entire video stream. For example, in recognizing move-
ments, global information helps understand the overall
rhythm and style of the actions. Without anchorc, the final
representation obtained from other anchors inevitably lean
towards the overall specified anchors, making it challeng-
ing for the model to effectively represent the learning task.
In contrast, the semantic embedding of anchorc enhances
the model capability for action detection through adaptive
interaction with other anchors in the extractor, resulting in
a more flexible and comprehensive feature representation.

Additionally, due to the lack of frame order information
in the extractor, the multi-granularity feature extraction
strategy also requires embedding positional encoding. Po-
sitional encoding can take the form of sinusoidal inputs or
learnable embeddings to capture the relative positions of
frames in the time series. The introduction of positional
encoding is crucial as it allows the model to comprehend
the importance and relative positions of each frame in the
time series, which is vital for understanding the temporal
changes in movements. Positional encoding is added to the
anchor sequence through element-wise addition to retain
positional information:

Z = F̃ + Epos, Epos ∈ R(T+2)×D (4)

The inclusion of this positional encoding is essential as it
enables the model to understand the temporal relationships
between different frames, allowing for effective capture of
the temporal variations and continuity of actions when
recognizing dynamic movements. For instance, the model
can recognize the start and end of movements at specific
time points, ensuring the accuracy of action recognition.

To enhance the spatiotemporal information interaction
among various anchors and capture long-distance semantic
dependencies, the uncertainty-driven spatial-temporal ag-
gregation is designed, whose the specific detail is presented
in Section 3.3.

Z̄ = TA × (SA × Z) (5)

where TA and SA denote spatial and temporal aggregation
functions, respectively.

The information is further processed through the multi-
layer perception with a GELU activation function with the
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layer normalization and residual connections to facilitate
information flow and prevent gradient vanishing:

Ẑ = Z̄ + MLP(Norm(Z̄), GELU) (6)

Then, the spatial-temporal aggregation function and the
multi-layer perception function are encapsulated into a
block mechanism for iterative information extraction.

Z̄i = TA × (SA × Zi)

Ẑi = Z̄i + MLP(Norm(Z̄i), GELU)
(7)

where i = 1, 2, ..., N denote the number of blocks. ẐN

denotes final output of the multi-granularity feature extrac-
tion.

2.3. Uncertainty-driven spatial-temporal aggregation

The attention strategy in Transformers typically employs a
deterministic information aggregation method, using fixed
weighted calculations between features to capture key de-
pendencies. However, this deterministic approach can limit
the model’s generalization ability when faced with data
scarcity or distribution shifts (e.g., changes in styles or en-
vironmental factors), leading to performance degradation.
In applications or dynamic environments, traditional atten-
tion mechanisms lack the capability to model uncertainty in
the data, making it difficult to adapt to such variations. To
address this issue, an uncertainty-driven spatial-temporal
aggregation method is proposed, which introduces uncer-
tainty modeling, enabling the model to adaptively adjust to
different spatial-temporal feature regions, thereby enhanc-
ing its robustness and generalization in diverse scenarios.

2.3.1. Uncertainty-aware spatial attention

The goal of spatial aggregation is to identify correlation in-
formation among samples via applying a spatial attention
mask to representations of each frame with a Hadamard
product. Traditional attention mechanisms are determinis-
tic and often ignore the inherent randomness in the data.
Therefore, an uncertainty-aware spatial aggregation func-
tion is designed via modelling masks as the a prior distri-
bution, e.g. the Gaussian distribution:

SA(i,j) ∼ N (µij, σij) (8)

In the optimization, the forward pass of DAUformer
adopts the reparameterization trick to capture the spatial
randomness of representations and further quantify the
uncertainty of predictions:

SA(i,j) = µij + ϵσij, ϵ ∼ N (0, 1) (9)

It is important to note that, apart from the spatial at-
tention mask, all other parameters of DAUformer remain

deterministic and fixed during inference. In the inference
phase, multiple outputs are generated by sampling from
the learned distribution of spatial attention masks. Specif-
ically, the representation Zi is propagated via producing
different masks, i.e., {SA1

i,j, . . . , SAK
i,j}. The uncertainty of

the representation Zi is then estimated from these samples:

ISAk
i,j
(i, j) =H

[
1
K

K

∑
k=1

P
(

y | z, SAk
i,j(i, j)

)]

− 1
K

K

∑
k=1

H
[
y | z, SAk

i,j(i, j)
] (10)

where H[] denotes the entropy function. Then, the spa-
tial attention mask is updated via weighting learned uncer-
tainty:

SA(i,j) = 1 +
USA(i, j)

∑i,j USA(i, j) (11)

where USA(i, j) is defined as follows:

USA(i, j) = Ep(ϕp |Zi ,ϕ∗
d)
[
H
[
y | Zi, ϕp

]]
(12)

where ϕp and ϕd stands for deterministic and proba-
bilistic parameters of DAUformer. The Eq. (9) shows that
regions with higher uncertainty are assigned larger weights
to guide representation learning. The final representation
is updated via the spatial aggregation as:

ZSA
i = USA(i, j)⊙ Zi (13)

This uncertainty-aware spatial aggregation method en-
ables the model to capture the inherent spatial randomness
of input features while identifying critical discriminative
regions more effectively.

2.3.2. Uncertainty-aware temporal attention

The goal of temporal aggregation is to identify important
frames from the video stream V, via applying a temporal
attention mask to representations of various frames with
a Hadamard product. Similar to the spatial aggregation
function, temporal aggregation aims to model the temporal
attention mask probabilistically, ensuring that all aggre-
gated information is weighted and used for current action
recognition. This modeling approach allows for dynamic
adjustments of the temporal attention weights, making the
model more adaptable in different situations. Specifically,
the parameter ϕ is assumed to follow a Gaussian distribu-
tion with a mean µ and a covariance matrix Σ, expressed
as: ϕ = µ + ϵΣ, ϵ ∼ N (0, I). ϕ can be predicted via
modelling the mean and covariance to achieve quantifying
uncertainty. This enables the model to make more informed
decisions based on historical information when faced with
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complex data. Next, K samples are drawn from the input,
and the corresponding cognitive uncertainty is estimated:

ITAk = H

[
1
K

K

∑
k=1

p(yk)

]
− 1

K

K

∑
k=1

H
(

p(yk)
)

(14)

By evaluating cognitive uncertainty, important frames
can be effectively distinguished, as these frames are cru-
cial for the final recognition result. The temporal attention
weights are positively correlated with cognitive uncertainty,
indicating that higher uncertainty reflects greater impor-
tance of the frame. Temporal attention is calculated by
importance weighting of all frames as follows:

TA = 1 +
UTA

∑0
t=−H Ut;TA

(15)

where H is the history frame number. This mechanism
not only improves the efficiency of the model but also en-
hances its adaptability to new scenarios. Unlike existing
attention aggregation functions, the uncertainty-aware at-
tention mechanism is based on predictive uncertainty, mak-
ing the generation process more interpretable and allowing
users to understand the model’s decision-making basis in
specific situations. This approach better addresses changes
that may arise in complex environments, improving the
accuracy and reliability of action recognition.

2.3.3. Spatio-temporal joint information aggregation

To jointly optimize importance weighting of spatial and
temporal feature, they are combined to form a unified
spatio-temporal joint information aggregation:

Z̄i = TA × (SA × Zi) (16)

This combination allows spatial and temporal features
to be processed within the same framework, thereby en-
hancing the model’s expressive capability. The advantage
of this approach lies in its ability to fully leverage the infor-
mation contained in the same input data, thereby improv-
ing the accuracy and consistency of the estimates. Thus,
spatial and temporal importance weighting is obtained
via using learned uncertainty in a same manner. This effi-
ciency not only reduces the consumption of computational
resources but also enhances the model’s responsiveness in
applications, enabling it to adapt more flexibly to changes
in dynamic environments.

2.4. Proactive Semantic Enhancement

Generally, during training, the model has access to future
video frames, and the semantic information contained in
these frames can be combined with past observations to
help the model anticipate upcoming actions. This predic-
tion mechanism effectively guides the model in learning

discriminative features, thereby improving its accuracy and
efficiency in action recognition and differentiation.

Specifically, the learnable future semantic encoding is
defined as Zt, t = 1, 2, ..., H, and H future frames are gener-
ated in parallel using the generator, whose forward com-
putation is as follows:

Z̄t = TA × (SA × Zt) (17)

Ẑt = Z̄t + MLP(Norm(Z̄t), GELU) (18)

Z̃t = MCA(Ẑt, Ẑ0) (19)

Z̃t = Z̃t + MLP(Norm(Z̃t), GELU) (20)

where MCA denotes multi-head cross attention. Z̃t de-
notes the output of the generator.

For the recognition of actions in the current frame, the
representations relevant to the task from the extractor are
first concatenated with the pooled representations from
the generator to fully leverage information from different
sources, and then the probability distribution of the current
action is output through the classification head:

y0 = so f tmax
(

MLPc
(
Concat

[
ẐN , Avg − pool

(
Z̃1, Z̃2, . . . , Z̃H

)]))
(21)

where MLPc represents the parameters of the classifi-
cation head, while y0 is the estimated probability of the
current action.

By performing average pooling on the relevant represen-
tations, representative features can be extracted, reducing
the influence of noise and focusing on the primary informa-
tion. Next, the probability distribution of the current action
is output through the classification head:

In addition to estimating the current action, DAUformer
also outputs predictions for the actions in the next H time
frames. This design considers the temporal characteristics
of actions, enabling the model to make decisions over a
larger temporal window. Since future information can be
utilized during training, it is essential to perform super-
vised training on the future predictions to ensure the model
learns good representations:

yt = so f tmax((MLPf Z̃t))), t = 1, 2, . . . , H (22)

where MLPf represents the parameters of the classifi-
cation head of future frames. By supervising the future
frames, DAUformer can better learn how to integrate past
information with future predictions, thereby improving its
generalization ability.

The final joint training loss is defined as:

L = −
C

∑
c=1

pc
0 log(y0) + λ

H

∑
t=1

(
−

C

∑
c=1

pc
t log(yc

i )

)
(23)
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Table 1. Comparisons of the Top-1 and Top-5 accuracy metrics with current recognition methods on mobile devices

Method
MSDanceAction InDanceAction

Top-1 (%) Top-5 (%) Top-1 (%) Top-5 (%)

MnasNet 56.78 76.98 44.09 66.23
NASNet 57.12 77.12 49.09 68.56
PNASNet 60.78 80.88 55.70 72.19
Hyperformer 67.85 76.59 60.40 79.86
HD-GCN 69.92 82.90 61.00 80.10
DAR-DCNN 73.59 84.08 65.55 84.74
DAUformer 77.97 87.50 70.24 88.65

This loss function not only considers the predictions
of the current action but also supervises the predictions
of future actions, enhancing the model learning capability.
The parameter λ is a balancing parameter to control the
impact of current and future prediction losses within the
overall loss. where p0 and pt denotes labels of the current
and future frames, respectively.

3. Results and discussion

3.1. Dataset and Setup

Dataset and metric: Two action recognition datasets are
used to evaluate the performance of DAUformer. MSDance-
Action dataset contains 3100 action videos where each ac-
tion has 50 videos. It presents a wide array of action videos,
marked by its complex backgrounds and diverse characters,
showcasing both its variety and intricacy. InDanceAction
dataset contains 2232 action videos where each action has
62 videos. To ensure result robustness and generalization,
a random split is employed, with 70% of the data allocated
for training and 30% for testing. Following Zhu and Zhu
[12], recognition performance is measured using Top-1 and
Top-5 accuracy metrics. DAUformer is trained on the train-
ing subset, and is evaluated on the testing portion.

Implementation Details: For model training, DAU-
former is implemented in PyTorch, and all experiments
are conducted on Nvidia V100 GPUs to ensure efficient
computation. The Adam optimizer is employed for opti-
mization, with the batch size set to 128 to balance memory
usage and convergence speed. The learning rate is fixed
at 0.0001 to provide gradual updates, while weight decay
is set to 0.0005 to prevent overfitting by adding regular-
ization. Throughout the process, the network is trained
in a stable environment, ensuring consistent evaluation
across all experimental runs. To perform video inference
on mobile devices, a Huawei Mate 40 phone is used, which
is equipped with a Kirin 970 CPU and 6GB of RAM. It is
important to note that the neural network chip in the Kirin
is not utilized for computational acceleration. For mobile

platforms, TFLite and related projects are employed. λ is
set to 0.5.

3.2. Comparison analysis

Comparison method: MnasNetcite[7], NASNet[8], PNAS-
Net[9], Hyperformer [10], HD-GCN[11], and DAR-DCNN
[12].

Comparison results: Based on the results shown in Ta-
ble 1, DAUformer outperforms other comparison methods
on both the MSDanceAction and InDanceAction datasets.
For instance, on the MSDanceAction dataset, DAUformer
achieved a Top-1 accuracy of 77.97%, which is 4.38 percent-
age points higher than the second-ranked DAR-DCNN
(73.59%); on the InDanceAction dataset, DAUformer’s
Top-1 accuracy is 70.24%, 4.69 percentage points higher
than DAR-DCNN (65.55%). Similarly, in terms of Top-5
accuracy, DAUformer reached 87.50% on the MSDance-
Action dataset and 88.65% on the InDanceAction dataset,
both higher than other methods. This is due to its three
core strengths. Firstly, the multi-granularity feature extrac-
tion strategy adopted by DAUformer effectively extracts
low-dimensional features with high information density
from high-dimensional raw data, while combining local
and global information allows the model to fully under-
stand the details and context of movements. Secondly, the
uncertainty-driven spatial-temporal aggregation method
models spatial and temporal attention masks using a Gaus-
sian distribution, enabling the model to adapt automati-
cally, enhancing robustness and generalization in situations
with scarce data or distribution changes. Lastly, proactive
semantic enhancement uses semantic information from fu-
ture frames to predict upcoming actions, improving the
recognition accuracy of current actions and enhancing the
model’s generalization ability through the supervision of
future frames. The combination of these strategies, along
with the potential use of advanced network architectures
and optimization techniques, as well as targeted model
training and tuning, makes DAUformer perform excel-
lently in the task of action recognition on mobile devices.
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Table 2. Ablation Analysis of DAUformer

Method
MSDanceAction InDanceAction

Top-1 (%) Top-5 (%) Top-1 (%) Top-5 (%)

DAUformer_1 66.12 78.98 50.98 76.24
DAUformer_2 74.74 83.63 65.19 85.58
DAUformer_3 73.87 82.47 66.19 85.99
DAUformer 77.97 87.50 70.24 88.65

3.3. Ablation analysis

Following previous works [13–15], we designed three ab-
lation experiments to evaluate the effectiveness of each
module in DAUformer. DAUformer_1 only conducts
multi-granularity feature extraction to mine action patterns.
DAUformer_2 combines multi-granularity feature extrac-
tion with uncertainty-driven spatial-temporal aggregation.
DAUformer_3 combines multi-granularity feature extrac-
tion with proactive semantic enhancement.

The experimental results are shown in Table 2. Three
key observations can be made from the results: 1. DAU-
former_1 achieves a Top-1 accuracy of 66.12% on MSDance-
Action and 50.98% on InDanceAction. This indicates that
while multi-granularity feature extraction is beneficial, it is
not sufficient on its own to achieve optimal performance.
2. DAUformer_2 shows a significant improvement over
DAUformer_1, with a Top-1 accuracy of 74.74% on MS-
DanceAction and 65.19% on InDanceAction. This demon-
strates that integrating uncertainty-driven spatial-temporal
aggregation enhances the model’s ability to capture com-
plex action patterns. 3. DAUformer_3 slightly outperforms
DAUformer_2, achieving a Top-1 accuracy of 73.87% on
MSDanceAction and 66.19% on InDanceAction. However,
the complete DAUformer model surpasses DAUformer_3,
indicating that the integration of all components is crucial
for optimal performance. The ablation study shows that
each component of DAUformer contributes to its overall
performance. The multi-granularity feature extraction pro-
vides a solid foundation. The uncertainty-driven spatial-
temporal aggregation significantly improves the model’s
ability to handle complex and dynamic actions. The proac-
tive semantic enhancement further refines the model’s pre-
dictive accuracy. The complete model achieves the highest
accuracy rates, highlighting the importance of a holistic ap-
proach in developing effective action recognition systems.

4. Conclusion

In this study, we address the critical challenges of spa-
tiotemporal redundancy, dynamic environment adaptabil-
ity, and semantic discontinuity in action recognition by
proposing the DAUformer, a novel uncertainty-driven

Transformer framework. Our approach integrates three
core innovations to redefine feature learning and spatiotem-
poral modeling in video analysis. Extensive empirical val-
idation demonstrates DAUformer’s superiority over ex-
isting methods, achieving state-of-the-art accuracy. The
integration of uncertainty quantification further enhances
its practicality for real-world scenarios characterized by
data scarcity or distribution shifts, such as healthcare mon-
itoring or security surveillance. Future work will focus
on two main directions. First, we will explore the integra-
tion of lightweight neural operators to optimize computa-
tional efficiency without compromising recognition accu-
racy. This could involve replacing certain components of
the model with more efficient alternatives, such as using ap-
proximate Bayesian methods or distilling the uncertainty-
aware model into a lighter architecture. Second, we will
investigate automated hyperparameter tuning methods to
enhance the model’s adaptability to various scenarios.
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