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[Abstract]

This study proposes a method to optimize the performance of a deep learning-based watermarking model in a mobile Neural
Processing Unit (NPU) environment. Executing the Lightweight-Mark model on the Snapdragon 8 Gen 3 NPU revealed a
significant bottleneck in which the ConvTranspose2d operation accounted for 99.5% of the total inference time. To address this
issue, ConvTranspose was decomposed into nearest neighbor upsampling and standard convolution, and knowledge distillation was
applied to compensate for accuracy loss. An ablation study across 129 experimental configurations showed that the proposed
method achieved a 98.3x speedup and a 0.67% reduction in average device temperature compared with the original

Lightweight-Mark model, demonstrating the feasibility of mobile real-time watermarking.
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Table 1. Layer-wise NPU inference time analysis
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Layer Type Inference Time (ms) Ratio (%)
Co”("STtrr%r;iﬂ%s)GZd 117.45 99.53
BatchNorm 0.23 0.20
RelU 0.16 0.14
Others (Encoder) 0.23 0.20
Total 118.00 100.0
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Table 2. Architecture comparison between original and
proposed method

Method Implementation Ex$put|on
ime
Original ConvTranspose2d(stride=16) 123.4 ms
Upsample(mode='nearest', scale=16)
Proposed + Conv2d(kernel=16) 1.06 ms
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Table 3. Ablation study for knowledge distillation result

KD Scope #Configs LR Epoch Accuracy(%)
Output only 35 1e-3 40 85.24
Feature only 37 1e—4 60 88.12

Combined 33 1e—4 80 92.89

Combined Distillation2 Output-only$} Feature—only
o] 7Y =& AEE 9 Al EE Helom, o]%
Epoch®} Learning Rate &4 Ao = A9 A% /WA
o] #&FIt} Knowledge Distillation ol A AF%??F
Distillation Lossi= Teacher X493} Student 2]
Embedding Fe] Azl 78k &4 s Aojeh & AT



ZHIY NPU 7152 28t Al RIE{DHY =2

A= &3 72+o] Mean Squared Error(MSE)E &85}
o] Distillation Loss& AXFeF3ITE Teacher RElo] #F

=97 Student XHO] HF FHo] oA EF FAATIE
Hk2lel combinedE $13 'MSE Loss'S 4 3H=&= 4] (5)

9} o] waHLY,

N
1 . ‘
Lgp= N Z (0¥)— 0é1>)2 ®)
i=1

o]7)A O, Teacher B2 (YE Lightweight-Mark)<]
=9, 0% Student RH(AIRFeh= el ®E)o] &3, N&
vl %] Z7](batch size)E &gttt
| W22 E53he 31 9 A (feature) til HF A3}=ol

o

Fo 24 Student FElo] Teacher BElo] FHF o5&
A BEEE st gvA o R HIRE B gt
Knowledge Distillation= 1145 E4<] %
= A}__&o}oil x{ELXh: UE\]O -o‘aﬂ;\] ] ]
Ar F2E deskliadE s AskE Aiﬁ}ﬁ =5
AHE k=t 11]. ¥ Aol A= Output MSE Loss
KD &4 g5 =99l er, CIFAR-10< 855 HoJE
Aoz ARgste] F 129719 A9 748 S 4 210
SASHI .

\I

3
w
u

HU mlo

>9 2y EXL
0o fo

(-

—

ol

[¢]

E 4 XA 7 AY 74
Table 4. Knowledge distillation experimental configuration

Component Setting
Original Lightweight—Mark (99.84%)
Decomposed Model
Output MSE Loss
CIFAR-10
Total Configurations 129

Teacher Model
Student Model

Loss Function

Training Dataset
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Table 5. Performance comparison after ConvTranspose
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Metric Original Optimized Improvement
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Table 6. Results of fine-tuning experiment

Configuration | Epochs Le;;’;;”g BitAcc | PSNR
A4 (Optimal) 80 Te-4 | 92.89% | 40.01 dB
A5 100 T4 | 92.34% | 40.16 dB
C1-100 100 T4 | 92.34% | 39.83 dB
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Model Avg Temp (°C) | Max Temp (°C) | Min Temp (°C)
Baseline 31.19 31.98 29.07
Optimized 30.98 31.71 29.09
Improvement -0.21 -0.27 +0.02
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