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[Abstract]

In this paper, we propose NA-Search, a novel differentiable neural architecture search framework that
targets normalization-activation operations to achieve both efficiency and lightweight design in on-device
environments. Conventional differentiable neural architecture search methods evaluate all candidate
operations during search, resulting in computational and memory overhead that limits applicability on
resource-constrained devices. To address this limitation, NA-Search reconstructs the search space around
normalization-activation combinations and applies a %-sampling that selects only % candidates, reducing
the computational and memory cost of neural network evaluation. Experiments on CIFAR-10 dataset
show that the proposed model achieves 89.75% accuracy with 0.124M parameters, outperforming widely
used lightweight neural network in terms of accuracy-efficiency trade-off. Additional analyses show that
adjusting the value of % during search contributes to improved stability and enhanced final performance,

highlighting the effectiveness of the proposed sampling-based search design.
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Differentiable Architecture Search, Operation Sampling Strategy
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I. Introduction
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II. Related Works

1. Efficient CNNs based on manual design
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2. Differentiable neural architecture search
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NA-Search DARTS

k-Sampling (k = 2
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Fig. 2. Overview of the proposed NA-Search,
illustrating £—sampling with £ =2

III. The Proposed Method

1. Motivation
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IV. Experimental Results

1. Experimental settings
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Table 1. Normalization-activation
selected by NA-Search for each cell
architecture.

Cell Index Selected Operation
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LN + GELU

BN + Swish

BN + Swish

BN + Swish

N
N
"
BN + Swish
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V(0 N~ W|IN

Table 2. Comparison of classification accuracy and
model size between the proposed NA-Search
architecture and baseline CNN models.

Model Ach:apc; %) Params (M)
Proposed 89.75 0.124
ResNet-18 89.14 11.182
EfficientNet 87.53 4.020

MobileNetV2 85.27 2.237
ShuffleNetV2 80.40 1.264
MobileNetV3 73.86 1.528

Table 3. Comparison of inference latency and peak
training memory between the proposed NA-Search
architecture and baseline CNN models.

Peak Train
Model Latency (ms) Memory (MB)
Proposed 0.99 115.23
ResNet-18 2.60 201.13
EfficientNet 8.07 188.00
MobileNetV2 5.25 139.81
ShuffleNetV2 6.48 90.44
MobileNetV3 5.29 75.30
2 Aqold= AQkeE NA-Search7t B8 412 &
g, A4t 284, 2] 584 FHOAN 7| E%%L}
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CIFAR10 — Accuracy vs Params
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Fig. 3. Comparison of Top—1 accuracy and
parameter size among NA-Search(Proposed) and
baseline models on CIFAR-10.

CIFAR10 — Accuracy vs Latency
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Fig. 4. Comparison of Top—1 accuracy and
single-batch latency among NA-Search(Proposed)
and baseline models on CIFAR-10.

CIFAR10 — Accuracy vs Peak Train Memory
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Fig. 5. Comparison of Top—1 accuracy and peak
training memory usage among NA-Search(Proposed)
and baseline models on CIFAR-10.

Table 4. Comparison of classification accuracy and
inference latency on CIFAR-100 dataset.

Model Ach:apc; %) Latency (ms)
Proposed 65.74 1.32
ResNet-18 60.47 2.59

EfficientNet 57.86 8.38
MobileNetV2 58.50 5.33
ShuffleNetV2 53.14 6.91
MobileNetV3 45.57 5.65
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