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Abstract

Synthetic data addresses data scarcity in vision models but suffers from semantic gaps when applied to real-world scenarios.
This paper introduces a novel parameter-efficient fine-tuning (PEFT) architecture targeting the CLS token pathway to mitigate this
gap. We freeze the DINOv2 backbone to preserve geometric representations and perform post-hoc refinement using a Residual
LoRA module, cosine classifier, and contrastive alignment head. Under an extreme 10-shot real-data setting, our method updates
about 1% of parameters yet achieves an 8.7% accuracy improvement over synthetic-only training. t-SNE analysis confirms effective
semantic alignment between synthetic and real domains.
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Fig. 1. Overview of the proposed CLS-Residual LoRA architecture.

2 =9 A4S LoRAS A8 91X Transformer W
HQKV/FEN) 7FA(W,, W,)7t obd HE 59 54
5_’.7].Oi zﬂﬂﬂt‘i} /\].ﬁ 24 x{a}oﬂ on;]_ E-gHiD]— /\1/\]_
HlolE7F 107l E3ate] Hol SH7F Sz Aghe
BRAE, 2 R ATAE 9 ST A5 A 0
58 W87 slask 540 AERAA %) dolEol

A% A7 B 4ok
o] 3 4da}7] 915 DINOv2 W25 ¢hd FAste] 5
5EE BESEA, 4] ()3} 2o] 1 Aol $5
crs°l Adapter€t LoRA &8-S A2 vl §Hg-4

A RE RolE s A

A=

R

rd oy

%

i
>

2l C

FE TAFo=A E“ﬂ
A=) PI’OJCCthl’l Head%:

Contrastive Alignment LossE 2]-&3}o], < ’E‘EH’\

3 &4 O]Eifz} NA} slolE7F Al

1. HOJEfAl X A3 31

W crs = LayerNorm/ (heps + Fagap (heps) + Fropa (hers)) (m



&87%: CLS Token 7] LoRA PlAIFEE 58 FA-AAF =rldl A3 & Al 28 24 187
(Yunjeong Yong: CLS-Path LoRA Fine-Tuning for Synthetic-to-Real Domain Adaptation and Semantic Alignment Analysis)

I 1. CLS-Residual LoRA T4 24H Ablation Study Zt

Table 1. Ablation Study Results for Each Component of the Proposed CLS-Residual LoRA Method

Category Classifier Res. Lora Adapter Contrastive Target Train Data (10) Valid Accuracy (%)
Baseline (Source Only) Linear - - - 70.17
Cosine Baseline Cosine - - N 78.10
LoRA Only (Linear) Linear N - N 77.77
LoRA + Cosine Cosine N - N 77.61
LoRA + Cosine + Contrastive Cosine v v v 77.61
CLS-Residual LoRA Cosine v v v 78.87
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Table 2. Performance comparison with conventional baselines under the synthetic-to-real 10-shot setting

Method Head Backbone Update Trainable Parameters (%) Valid Accuracy (%)
Baseline (Source Only) Linear Frozen - 7017
Linear Probe®® 7 Linear Frozen <0.1 75.42
Cosine Baseline!® Cosine Frozen <0.1 78.10
Standard LoRA (QKV)“ Linear Partial 1.8 77.95
Adapter (Houlsby)® Linear Partial 3.2 77.63
Full Fine-tuning®® Linear Full 100 79.24
CLS-Residual LoRA (Ours) Cosine Frozen 1.1(0.26M) 78.87
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Table 3. Validation of CLS-token assumption under the synthetic-to-real 10-shot setting

Method Representation Valid Accuracy (%) Trainable Parameters (%) GFLOPs
Patch-only Mean pooling of patch tokens 76.45 0.28 1.84
CLS+Patch Concat (CLS, pooled patch) 78.92 0.52 2.31
Full Patch All patch tokens + attention pooling 77.89 2.14 18.42
CLS-only (Ours) CLS token 79.34 0.26 0.12
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Fig. 2. t-SNE visualization of CLS token embeddings (combined by
class and domain)
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