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Abstract—With the rapid development of embodied intelli-
gence, robust image classification from low-resolution multimodal
sensory inputs has become a critical objective for embodied
agents. Due to hardware limitations and environmental in-
terference, image inputs captured by embodied agents often
suffer from severe resolution degradation, and manually designed
architectures for low-resolution classification lack adaptability
to embodied multimodal perception. To address these chal-
lenges, we propose an Embodied Multimodal Neural Architec-
ture Search (EM-NAS) system, which automates the design of
network architectures for low-resolution image classification in
embodied scenarios. We construct two novel embodied low-
resolution datasets (Embodied-CIFAR10 and Embodied-Tiny-
ImageNet) with simulated sensor degradation and environmen-
tal modalities. Specifically, we design an embodied perception-
oriented NAS search space that integrates super-resolution (SR)
as a feature enhancement component and incorporates cross-
modal fusion operators, enabling the automatic discovery of
architectures tailored to embodied classification demands. We
further propose a Context-Aware Multimodal Fusion (ECMCF)
module, which is optimized via NAS to dynamically fuse visual
and environmental modal features for robust feature representa-
tion. Experiments on extended Embodied-CIFAR10 and Tiny-
ImageNet datasets demonstrate that the EM-NAS-discovered
architecture outperforms state-of-the-art baselines, achieving 4.2
percentage points in classification accuracy (with auxiliary SR
gains of 2.5 dB in PSNR and 0.027 in SSIM). This work
introduces a NAS-driven paradigm for embodied low-resolution
image classification, providing an automated architecture design
solution for embodied perception systems.

Index Terms—Embodied Intelligence; Neural Architecture
Search; Low-Resolution Classification; Multimodal Fusion;
Super-Resolution Feature Enhancement

This work was supported in part by the National Natural Science Foundation
of China (62406212, 62406183, 62506219), in part by the Science and
Technology Program of Jiangsu Province (BK20251895), in part by the
Suzhou Planning Project of Science and Technology (ZXP2025060), in part
by the Shanxi Province Basic Research Program (202503021212092), and in
part by the China Postdoctoral Science Foundation (2025M781499).

*Corresponding author: Nan Li, Email: linan10@sxu.edu.cn.

INTRODUCTION

Embodied intelligence enables agents to perceive and inter-
act with the physical world through multisensory inputs [9],
and image classification is a core task for embodied agents
to understand environments. However, images captured by
embodied agents are typically low-resolution due to hardware
limits and environmental interference, severely degrading clas-
sification performance [15], [17]. To address this issue, we
construct two embodied low-resolution datasets (Embodied-
CIFAR10 and Embodied-Tiny-ImageNet) by simulating sensor
degradation and integrating environmental modalities (e.g.,
illumination, depth, noise), providing a reliable testbed for
practical embodied perception.

Traditional low-resolution classification methods rely on
manually designed networks with super-resolution (SR) as
preprocessing. Despite decent performance, they suffer from
two critical drawbacks: (1) handcrafted architectures can-
not efficiently adapt to embodied multimodal low-resolution
scenes; (2) they fail to fuse multi-sensor cues (e.g., depth,
illumination), leading to weak environmental robustness.

Neural Architecture Search (NAS) automates network de-
sign and shows strong potential in visual tasks [1]–[3], [10],
while reasoning over structured knowledge [8] offers com-
plementary capabilities for context understanding. However,
standard NAS methods are designed for high-resolution single-
modal images, lacking SR enhancement and multimodal fusion
mechanisms [6], [7]. They also only optimize classification
accuracy while ignoring environmental robustness, making
them unsuitable for direct use in embodied perception [9].

To overcome these limitations, we propose the Embodied
Multimodal Neural Architecture Search (EM-NAS) system,
which customizes NAS for embodied low-resolution image
classification. The main contributions are summarized as fol-
lows:



• Specialized NAS Search Space. We design an embodied-
oriented search space that integrates SR feature enhance-
ment and multimodal fusion, enabling automatic discov-
ery of architectures tailored to embodied low-resolution
classification.

• Context-Aware Multimodal Fusion (ECMCF) Module.
We propose a searchable ECMCF module to dynamically
fuse visual and environmental features, boosting both
accuracy and robustness.

• Embodied-Oriented Joint Loss. We introduce a joint loss
function that balances classification accuracy, SR quality,
and environmental robustness to guide NAS optimization.

• Comprehensive Experiments. Extensive results on two
embodied datasets show EM-NAS outperforms state-
of-the-art baselines in accuracy, SR performance, and
parameter efficiency.

RELATED WORK

A. Neural Architecture Search in Visual Classification

Neural Architecture Search (NAS) automates the design
of network architectures by searching for optimal operator
combinations in a predefined search space, and has become a
mainstream approach for image classification tasks. Zoph et al.
[11] pioneered reinforcement learning-based NAS, achieving
state-of-the-art performance on CIFAR-10 classification. Liu
et al. [12] proposed DARTS, a gradient-based NAS method
that significantly improves search efficiency by formulating
architecture search as a differentiable optimization problem.
Tan et al. [14] introduced MnasNet, a platform-aware NAS
framework for mobile image classification, balancing accuracy
and computational efficiency. However, existing NAS methods
for image classification focus on high-resolution single-modal
inputs and lack consideration for low-resolution degradation.
This gap motivates us to design a NAS search space tailored
to embodied low-resolution classification.

Evolutionary computation has been widely explored in NAS
and visual tasks, providing effective strategies for network
optimization [1]–[3]. Recent advances in performance pre-
diction [6] and graph fusion [7], fuzzy architecture design
[4], and evolutionary prompt design [5] further promote the
development of efficient NAS systems, which inspire the
evolutionary search strategy in our EM-NAS framework.

B. Super-Resolution for Low-Resolution Classification

SR is widely used as a feature enhancement technique
for low-resolution visual classification, where low-resolution
images are restored to high-resolution to preserve fine-
grained semantic features [13], [15]. Lim et al. [15] proposed
EDSR, a classic SR model that effectively reconstructs high-
quality images. Wang et al. proposed an end-to-end joint SR-
classification model, sharing feature backbones to align SR
and classification objectives. In contrast, our work integrates
SR as a searchable component in the NAS space.

C. Embodied Multimodal Perception

Embodied multimodal perception focuses on fusing mul-
tisensory inputs to enhance environmental understanding for
embodied agents [9]. Anderson et al. [9] proposed a cross-
modal attention model for visual-depth fusion, improving ob-
stacle classification for robotic agents. Su et al. [16] introduced
MVCNN for multi-view 3D object classification, laying the
foundation for multimodal feature fusion. However, existing
embodied multimodal methods use fixed fusion architectures
and do not leverage NAS for automated architecture design.
Our work fills this gap by incorporating multimodal fusion
operators into the NAS search space.

I. METHODOLOGY

The proposed EM-NAS system automates the design of
network architectures for low-resolution image classification
in embodied scenarios. The system comprises two primary
components: (1) a dedicated dataset construction pipeline tai-
lored for embodied low-resolution image classification tasks.
(2) a NAS-based architecture optimization system, which in-
tegrates four key modules: an embodied-oriented NAS search
space equipped with SR enhancement and multimodal fusion
operators, an evolutionary-based NAS search strategy to dis-
cover optimal network architectures, an embodied joint fitness
function to guide the optimization process, and an end-to-
end model training pipeline to refine the parameters of the
discovered optimal architecture for practical deployment. The
overall workflow of EM-NAS is shown in Fig. 1.

A. Data Preprocessing

To support the EM-NAS framework’s focus on embodied
perception scenarios, we design a dedicated data preprocessing
pipeline to construct the Embodied-CIFAR10 dataset. This
pipeline simulates the core characteristics of embodied agents’
perceptual limitations (low-resolution vision) and multi-sensor
fusion capabilities (environmental perception), ensuring the
dataset is consistent with realistic embodied task requirements.

1) Generation of Low-Resolution Visual Data: A key chal-
lenge in embodied vision tasks is the low-resolution (LR) out-
put of on-board visual sensors. To simulate this limitation, we
generate LR visual data from the CIFAR10 dataset (original
32×32 high-resolution (HR) ground truth images XGT

HR):

• Downsampling strategy: 4× bicubic interpolation down-
sampling is applied to XGT

HR , yielding 8×8 LR images
XLR.

• Rationale: Bicubic interpolation preserves semantic con-
sistency between LR and HR images while accurately
simulating the smooth degradation of real-world low-
resolution vision [19].

2) Generation of Multi-Modal Environmental Information:
To mimic the multi-sensor perception system of embod-
ied agents, we construct three single-channel environmental
modalities (32×32 resolution, spatially aligned with HR im-
ages) based on XGT

HR :



Fig. 1. Overall system of the EM-NAS for super-resolution-aided classification.

• Illumination modality XL: Reflects environmental bright-
ness by calculating the mean value of RGB channels:

XL =
1

3
(XGT

HR,R +XGT
HR,G +XGT

HR,B). (1)

• Depth modality XD: We generate realistic pseudo-depth
maps using DepthAnything [18] without using any label
information to avoid data leakage.

• Noise modality XN : Models sensor noise by computing
the expected value of zero-mean Gaussian noise:

XN = E
[
|N (0, σ2)|

]
. (2)

3) Final Dataset Construction: After preprocessing, the
Embodied-CIFAR10 dataset contains 45,000 training samples
and 5,000 test samples. Each sample consists of a multi-
modal tuple {XLR, X

GT
HR , Y,XL, XD, XN}, providing a unified

benchmark for evolutionary NAS search and end-to-end model
training.

B. Architecture Design

This section formally defines the low-resolution image
classification problem for embodied agents and elaborates on
the core design of the EM-NAS system.

1) Problem Formulation: Given a multimodal input set
X = {XLR ∪ XM}, where XLR is a low-resolution visual
image and XM = {XL, XD, XN} represents environmental
modalities, the goal of EM-NAS is to search for the optimal
network architecture A∗ to output the category label Y . Super-
Resolution is integrated as an auxiliary feature enhancement
component. The classification task is formulated as:

Y = fCLS (fSR(XLR;A
∗), XM;A∗) . (3)

2) Workflow of EM-NAS: The EM-NAS system consists
of three core modules: multimodal dataset construction,
evolutionary-based NAS search, and end-to-end model train-
ing.

a) Architecture Encoding for Evolutionary NAS: We
encode each candidate architecture as a fixed-length gene
sequence that strictly maps to the predefined search space,
ensuring all candidate architectures are structurally valid and
compatible with embodied classification tasks.

b) Fitness Evaluation: Fitness evaluation quantifies the
comprehensive performance of each architecture. We calculate
the fitness value F to jointly optimize classification accuracy
and SR feature quality:

F = 0.6 · Acc + 0.2 · PSNR + 0.2 · SSIM × 10. (4)

c) Evolutionary Operations for Population Update:
Guided by fitness values, we perform selection, crossover,
and mutation operations with hyperparameters: population size
P = 20, crossover probability pc = 0.7, mutation probability
pm = 0.08, total evolution generations G = 15.

d) Termination Criterion and Architecture Refinement:
After 15 generations, the individual with the highest fitness
value is decoded to obtain the optimal architecture A∗.

e) End-to-End Model Training: The optimal architecture
implements end-to-end classification via SR feature enhance-
ment, multimodal feature fusion using the ECMCF module,
and final classification prediction.

C. Embodied-Oriented NAS Search Space Design
The EM-NAS search space is designed to align with em-

bodied low-resolution classification demands, consisting of
6 searchable gene segments encoded as a 14-bit gene code
G = [GSR-FE, GSR-US, GACT, GEM-FUS, GCONTEXT, GCLS-FE]
(Table 1).

Given a gene code G, the architecture is decoded by parsing
each segment and instantiating the SR branch, multimodal
fusion module, context modeling, and classification branch
accordingly.

D. Context-Aware Multimodal Fusion (ECMCF) Module
The ECMCF module is a searchable operator in EM-NAS

space, designed to dynamically fuse visual and environmental
modal features for embodied classification. The module con-
sists of four steps:

1. Visual Feature Encoding: Encode SR-enhanced visual
features Fsr:

Fvis = Conv3×3(Fsr). (5)

2. Environmental Modality Encoding: Encode single-
channel environmental modalities to match the dimension of
Fvis:

Fenv = GELU (Conv1×1(XM)) . (6)



TABLE I
GENE CODING RULES OF EMBODIED-ORIENTED NAS SEARCH SPACE

Gene Segment Function Description Num.
Ops.

Coding
Bits

Binary Coding Rules (Code - Operator)

GSR-FE SR feature extraction (cls
enhancement)

5 3 000–3×3 Conv; 001–Depthwise 3×3 Conv; 010–1×1 Conv; 011–5×5
Conv; 100–Depthwise 5×5 Conv

GSR-US SR upsampling (4× scaling) 3 2 00–PixelShuffle; 01–Transposed Conv; 10–Bilinear + Conv
GACT Activation (SR branch) 3 2 00–ReLU; 01–GELU; 10–Hardswish
GEM-FUS Embodied multimodal fusion 4 2 00–ECMCF (Illum+Vision); 01–ECMCF (Depth+Vision); 10–Adaptive

Weighted; 11–Cross-Modal Attention
GCONTEXT Context awareness modeling 4 2 00–Local; 01–Global; 10–Dynamic; 11–Multimodal
GCLS-FE Classification feature extraction 5 3 000–3×3 Conv; 001–Depthwise 3×3 Conv; 010–1×1 Conv; 011–5×5

Conv; 100–Depthwise 5×5 Conv
Note: Invalid codes are filtered during initialization to ensure valid network architectures.

3. Dynamic Context Attention: Learn context weights to
adjust the contribution of environmental features:

Wctx = σ (FC (GAP(Fvis))) , (7)

F ′
env = Fenv ⊗Wctx. (8)

4. Cross-Modal Gating Fusion: Fuse visual and environ-
mental features via a gating mechanism:

Fconcat = Concat(Fvis, F
′
env), (9)

Wgate = σ (Conv1×1(Fconcat)) , (10)

Ffusion = Fvis ⊗Wgate + F ′
env ⊗ (1−Wgate). (11)

E. Embodied Joint Loss Function

To guide NAS toward architectures with high classification
accuracy and embodied robustness, we design an embodied
joint loss function Ltotal:

Ltotal = αLCLS + βLSR + γLMC + δLCR, (12)

where α = 0.7, β = 0.15, γ = 0.1, δ = 0.05. Each loss term
is defined as follows:

1. Classification Loss: Cross-entropy loss for classification
accuracy:

LCLS = − 1

N

N∑
i=1

log p(Yi|Ffusion,i). (13)

2. SR Loss: Combined MSE and SSIM loss for SR quality:

LSR = 0.5 · MSE(XHR, X
GT
HR) + 0.5 · (1− SSIM(XHR, X

GT
HR)).
(14)

3. Consistency Loss: Cosine similarity loss for modal align-
ment:

LMC = 1− 1

N

N∑
i=1

CosineSimilarity(F flat
vis,i, F

flat
env,i). (15)

4. Context Robustness Loss: MSE loss for feature stability
across consecutive frames:

LCR =
1

N − 1

N−1∑
i=1

MSE(Ffusion,i, Ffusion,i+1). (16)

“‘

EXPERIMENTS

A. Experimental Setup

1) Datasets: We evaluate EM-NAS on two embodied low-
resolution classification datasets: Embodied-CIFAR10: 10 cate-
gories, 45k training/5k test samples, 8×8 low-resolution input,
32×32 high-resolution ground truth. Embodied-Tiny-ImageNet:
200 categories, 100k training/10k test samples, 16×16 low-
resolution input, 64×64 high-resolution ground truth. Note:
Our datasets are built on static 2D benchmarks with simulated
degradation, serving as a controlled testbed rather than full
embodied scenarios. Extension to real embodied data is future
work.

2) Evaluation Metrics: We use four metrics to evaluate
classification performance (primary) and auxiliary SR quality
and model efficiency: Top-1 Accuracy (Acc): Primary metric
for classification performance; PSNR (dB): Auxiliary metric
for SR quality (higher = better); SSIM: Auxiliary metric for SR
perceptual quality (range [0,1], higher = better); Parameters
(Params, M): Model efficiency (fewer = better).

3) Baseline Models: We compare EM-NAS with four
representative baselines for low-resolution classification: 1.
EDSR+ResNet50: Serial baseline (manual SR + manual clas-
sification backbone) [10], [15]; 2. JointSR-CLS: End-to-end
joint SR-classification baseline (manual architecture) [4]; 3.
DARTS: Single-modal gradient-based NAS baseline (no em-
bodied design) [12]; 4. MVCNN: Multimodal classification
baseline (fixed fusion strategy, no NAS) [16].

B. Experimental Results and Analysis

1) Overall Performance Comparison: Table 2 shows per-
formance of EM-NAS and baselines on two datasets. EM-
NAS achieves highest classification accuracy on both datasets:
85.7% on Embodied-CIFAR10 (4.2 percentage points higher
than optimal baseline JointSR-CLS) and 68.3% on Embodied-
Tiny-ImageNet (3.8 percentage points higher than JointSR-
CLS). For auxiliary SR quality, EM-NAS achieves 32.8 dB
PSNR and 0.923 SSIM on Embodied-CIFAR10 (2.5 dB and
0.027 higher than JointSR-CLS), demonstrating that NAS-
discovered SR component effectively enhances low-resolution
features for classification. In terms of efficiency, EM-NAS
has 8.7M parameters, which is lower than manual baselines



TABLE II
PERFORMANCE COMPARISON OF DIFFERENT MODELS ON EMBODIED

DATASETS

Model Dataset Acc (%) PSNR
(dB)

SSIM Params
(M)

EDSR
+ResNet50

Embodied-
CIFAR10

78.3
(-3.2%)

29.6
(-0.7%)

0.885
(-1.1%)

12.3
(+17.1%)

JointSR-
CLS

(Baseline)

Embodied-
CIFAR10

81.5 30.3 0.896 10.5

DARTS Embodied-
CIFAR10

79.2
(-2.3%)

29.9
(-0.4%)

0.889
(-0.7%)

9.8
(-6.7%)

MVCNN Embodied-
CIFAR10

80.1
(-1.4%)

30.1
(-0.2%)

0.892
(-0.4%)

11.2
(+6.7%)

EM-NAS
(Ours)

Embodied-
CIFAR10

85.7
(+4.2%)

32.8
(+2.5%)

0.923
(+2.7%)

8.7
(-17.1%)

EDSR
+ResNet50

Embodied-
Tiny-

ImageNet

62.5
(-2.0%)

28.5
(-0.6%)

0.870
(-0.9%)

12.3
(+17.1%)

JointSR-
CLS

(Baseline)

Embodied-
Tiny-

ImageNet

64.5 29.1 0.879 10.5

DARTS Embodied-
Tiny-

ImageNet

63.1
(-1.4%)

28.8
(-0.3%)

0.873
(-0.6%)

9.8
(-6.7%)

MVCNN Embodied-
Tiny-

ImageNet

63.8
(-0.7%)

28.9
(-0.2%)

0.876
(-0.3%)

11.2
(+6.7%)

EM-NAS
(Ours)

Embodied-
Tiny-

ImageNet

68.3
(+3.8%)

31.2
(+2.1%)

0.901
(+2.2%)

8.7
(-17.1%)

Note: Relative changes are computed against JointSR-CLS (optimal manual baseline).
Red indicates increase (better for accuracy/PSNR/SSIM), blue indicates decrease

(better for parameters). EM-NAS outperforms all baselines across metrics.

(EDSR+ResNet50: 12.3M; JointSR-CLS: 10.5M), verifying
parameter efficiency of NAS-discovered architecture.

2) NAS Search Convergence Analysis: Fig. 2 depicts con-
vergence characteristics of EM-NAS and baseline models dur-
ing search process on Embodied-CIFAR10 dataset, with x-axis
representing evolutionary generations (training epochs) and
y-axis denoting classification accuracy. The best-performing
architecture of EM-NAS (EM-NAS (Best)) exhibits rapid
accuracy growth from 78.0% at 1st generation to 85.7% at
15th generation, where it stabilizes and converges. The average
accuracy of EM-NAS population (EM-NAS (Avg)) also shows
steady upward trend, reaching 84.0% at convergence, reflect-
ing consistency and reliability of evolutionary search strategy.
In contrast, baseline models (DARTS, JointSR-CLS, MVCNN,
EDSR+ResNet50) demonstrate slower convergence and lower
final accuracy: DARTS converges at 79.2%, JointSR-CLS (best
baseline) at 81.5%, MVCNN at 80.1%, EDSR+ResNet50 at
78.3%. These results validate that EM-NAS efficiently ex-
plores architecture search space to discover high-performance
networks tailored for embodied classification tasks, outper-
forming state-of-the-art baseline methods in both convergence
speed and final accuracy.

3) Evolutionary Computation Parameter Settings: To bal-
ance exploration (novel architecture discovery) and exploita-
tion (module recombination) during the 15-generation search,
EM-NAS adopts a dynamic adjustment strategy for crossover
(Pc) and mutation (Pm) probabilities. As shown in Fig. 3, we
also track population diversity and best individual accuracy to
verify the strategy’s effectiveness.

1 3 6 9 12 15
76

78

80

82

84

86
85.7%

81.5%

Iteration (Generation/Training Epoch)

A
cc

ur
ac

y
(%

)

Convergence Trend on Embodied-CIFAR10

EM-NAS (Best)
EM-NAS (Avg)

DARTS
JointSR-CLS (Baseline)

MVCNN
EDSR+ResNet50

Fig. 2. Convergence trend of different models on Embodied-CIFAR10.
EM-NAS achieves highest convergent accuracy (85.7%) at 15 iterations,
outperforming all baselines (DARTS: 79.2%, JointSR-CLS: 81.5%, MVCNN:
80.1%, EDSR+ResNet50: 78.3%).

1 3 6 9 12 150

0.2

0.4

0.6

0.8

1

Iteration (Generation/Training Epoch)

Pr
ob

ab
ili

ty
/

N
or

m
al

iz
ed

V
al

ue

Trend of EC Parameters and Key Metrics in EM-NAS

Crossover Probability (Pc)
Mutation Probability (Pm)

Population Diversity (Norm)
Best Individual Acc (Norm)

Fig. 3. Dynamic EC parameters and search metrics. Pc peaks at 0.8 and
Pm stabilizes at 0.1, balancing exploration and exploitation to drive fast
convergence.

Specifically, Pc starts at 0.7, peaks at 0.8 in generations
6–9 to exploit promising modules, then decreases to avoid
population homogenization. Pm starts at 0.15, stabilizes at 0.1
to maintain diversity, then rises to escape local optima. This
strategy ensures efficient search while sustaining population
diversity, contributing to our method’s superior performance.

4) Ablation Experiments: To quantify contribution of EM-
NAS’s core components, we conduct ablation experiments on
Embodied-CIFAR10 by toggling module inclusion (Table III).
The ablation study sequentially verifies core components:
ECMCF fusion, embodied search space, modal consistency
loss LMC , and context robustness loss LCR. We choose
LMC and LCR for independent ablation because they rep-
resent two key robustness constraints: inter-modal align-
ment and temporal stability. Key findings are as follows:

ECMCF Module: Including this multimodal fusion module
boosts accuracy by 3.6%, confirming its essential role in
integrating visual and contextual cues for embodied feature
representation.

Embodied Search Space: Using task-specific search space



TABLE III
ABLATION EXPERIMENTS ON EMBODIED-CIFAR10: COMPONENT

CONTRIBUTION ANALYSIS

Components Metrics

ECMCF
Module

Embodied
Search
Space

Modal
Consis-
tency
Loss

Context
Robust-

ness
Loss

Acc
(%)

PSNR
(dB)

SSIM

× × × × 78.3 29.6 0.885√
× × × 81.9 30.9 0.898

×
√

× × 82.3 31.1 0.900
× ×

√
× 84.9 32.5 0.919

× × ×
√

85.1 32.6 0.920
√ √ √ √

85.7 32.8 0.923

Note:
√

indicates component is included, × indicates it is removed. Full EM-NAS
configuration achieves best performance across all metrics.

improves accuracy by 4.0%, verifying that custom NAS spaces
outperform generic ones for embodied classification.

Embodied Loss Constraints: Adding modal consistency
or context robustness loss yields moderate accuracy gains
and better PSNR/SSIM, showing these losses guide NAS to
discover more robust architectures.

Synergistic Effect: Full EM-NAS configuration achieves
best performance (85.7% accuracy, 32.8 dB PSNR, 0.923
SSIM), demonstrating that all components work synergisti-
cally to enhance both accuracy and environmental robustness.

CONCLUSION

This paper proposes Embodied Multimodal Neural Ar-
chitecture Search (EM-NAS) for low-resolution image clas-
sification in embodied scenarios, customizing NAS via an
embodied-oriented search space, searchable ECMCF fusion
module, and embodied joint loss function. Experiments on
two embodied datasets show that the searched architecture
outperforms state-of-the-art baselines in both accuracy and
parameter efficiency, verifying the value of task-customized
NAS for embodied perception.

Supplementary Material: Due to page limits, additional
experimental results, and implementation details are available
in the supplementary repository:
https://github.com/yxyzb/EM-NAS-Supplementary
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