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Table 1: Quantitative results compared with baselines on Drag-Bench.
Method TTO-Req MD → SC ↑ PQ ↑ O ↑

DragNoise (Liu et al., 2024a) ✁ 37.87 ± 0.23 7.793 ± 0.04 8.058 ± 0.01 7.704 ± 0.01
DragDiffusion (Shi et al., 2024) ✁ 34.84 ± 0.30 7.905 ± 0.01 8.325 ± 0.02 7.798 ± 0.03
FreeDrag (Ling et al., 2024) ✁ 34.09 ± 0.60 7.928 ± 0.02 8.281 ± 0.03 7.816 ± 0.02
DiffEditor (Mou et al., 2024a) ✁ 26.95 ± 0.24 7.603 ± 0.01 8.266 ± 0.01 7.715 ± 0.01
GoodDrag (Zhang et al., 2025) ✁ 22.17 ± 0.16 7.834 ± 0.03 8.318 ± 0.01 7.795 ± 0.01
DragText (Choi et al., 2025) ✁ 21.51 ± 0.21 7.992 ± 0.02 8.227 ± 0.03 7.886 ± 0.01
FastDrag (Zhao et al., 2024) ✂ 31.84 ± 0.96 7.935 ± 0.09 8.278 ± 0.01 7.904 ± 0.06
Inpaint4Drag (Lu & Han, 2025) ✂ 23.68 ± 0.05 7.802 ± 0.06 7.961 ± 0.04 7.615 ± 0.06

Ours ✂ 21.49 ± 0.04 8.205 ± 0.03 8.395 ± 0.03 8.210 ± 0.03
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Figure 4: Qualitative results compared with baselines on Drag-Bench. Best viewed with zoom-in.

Benchmark and evaluation protocol. We evaluate on DragBench (Shi et al., 2024), which con-
tains 205 images with 349 handle and target point pairs. Our primary accuracy metric is MD (mean
distance) (Pan et al., 2023). Although IF (image fidelity) (Kawar et al., 2023), typically computed
with LPIPS (Zhang et al., 2018), is widely used, we do not report IF. Previous work (Choi et al.,
2025; Lu et al., 2024) shows that successful drag edits necessarily change the image, often increasing
LPIPS, whereas an unchanged image trivially attains the best score. Hence, IF can be misleading for
drag editing. To obtain a complementary, perceptually grounded view, we adopt the VIEScore (Ku
et al., 2024) metrics from GEdit-Bench (Liu et al., 2025b): SC (Semantic Consistency): whether
the intended edit has been achieved. PQ (Perceptual Quality): the naturalness of the result and ab-
sence of artifacts. O (Overall): the overall performance defined in Liu et al. (2025b). In our setting,
the “intended edit” is specified by the dragging instruction rather than a natural-language instruc-
tion, but the scoring criteria remain unchanged. Each score ranges from 0 to 10 (higher is better)
and is produced by the state-of-the-art MLLM evaluator, GPT-4o2 (Hurst et al., 2024). To mitigate
stochasticity in evaluation, we run every evaluation metrics three times and report both the mean and
standard deviation. We additionally report a binary TTO-Req (Test-Time Optimization Required)
flag indicating whether a method requires per-edit test-time optimization (e.g., LoRA fine-tuning or
multi-step latent optimization) during inference. More evaluation details are in Appendix A.3.

4.2 QUANTITATIVE EVALUATION

Tab. 1 presents the benchmark results on DragBench. Despite not requiring LoRA fine-tuning or
multi-step latent optimization for each image and drag operation, our method consistently outper-
forms existing approaches in all metrics, especially in terms of drag accuracy and the perceptual
quality of the generated images. Notably, our approach achieves SOTA performance out-of-the-box,
without the need for test-time optimization, making it both efficient and effective. Specifically, In-
paint4Drag (Lu & Han, 2025) often produces boundary artifacts and color shifts between edited and
unedited regions. Consequently, the LLM evaluator assigns lower scores under its over-editing rule.
This indicates that, even with additional optimization of masks and point pairs, mask sensitivity of
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