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Introduction



Image Editing in Deep Learning

Traditional Image Editing

● Less user control

● Hard to make precise control
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HyperStyle

Interactive Image Editing

● Precise control

● More creative

InstructPix2Pix

Alaluf et al., HyperStyle: StyleGAN Inversion with HyperNetworks for Real Image Editing. CVPR 2022

Brooks et al., InstructPix2Pix: Learning to Follow Image Editing Instructions. CVPR 2023



Interactive Image Editing

Text-based Image Editing

● Natural language instructions

● Lack of pixel level control
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Drag-based Image Editing

● Enable precise spatial control

● But often causing unintended modification

Prompt-to-prompt

DragGAN

Hertz et al., Prompt-to-Prompt Image Editing with Cross-Attention Control. ICLR 2023

Pan et al., Drag Your GAN: Interactive Point-based Manipulation on the Generative Image Manifold. SIGGRAPH 2023



Drag-based Image Editing

Typically require following input:

● RGB Image

● Mask Area

● Text prompt

● Multiple drag instructions

6 / 32Zhao et al., FastDrag: Manipulate Anything in One Step. NeurIPS 2024

FastDrag



Drag-based Image Editing

Three key challenges

● Precision — Make the dragged point reach the target

○ Metric: Mean Distance (MD)

● Visual Quality — Preserve realism and consistency

○ Metric: Image Fidelity (e.g., 1 - LPIPS)

● Efficiency — Fast and responsive editing

○ Metric: Average drag time per point
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Motivation

● Existing drag-based methods require manual mask and prompt

● Improper inputs lead to visual artifacts

● Workflow is complex and hard to control

● We simplify editing with only point inputs
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Contribution

● Without mask and prompt, results are distorted and 

unreliable

● We propose DirectDrag, a fully mask-free and prompt-

free drag-based image editing framework

● Our method includes three key contributions:

○ Auto Soft Mask Generation: Automatically infers 

editable regions from drag instruction

○ Readout-Guided Feature Alignment: Aligns 

intermediate features to maintain structural 

consistency

○ Latent Warpage Function: Provides geometry-

aware initialization for more accurate edits

9 / 32

DirectDrag (ours)
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Seminal Papers

DragGAN

● Build on StyleGAN

● Proposed motion supervision 

and point tracking
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DragDiffusion

● Build on LDM

● Latent Optimization

Shi et al., DragDiffusion: Harnessing Diffusion Models for Interactive Point-based Image Editing. CVPR 2024

Pan et al., Drag Your GAN: Interactive Point-based Manipulation on the Generative Image Manifold. SIGGRAPH 2023



Editing Result Improvement

GoodDrag

● Drag and denoise strategy
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LightningDrag

● Trained on video data

● Appearance Encoder

● Point embedding network

Zhang et al., GoodDrag: Towards Good Practices for Drag Editing with Diffusion Models. ICLR 2025

Shi et al., LightningDrag: Lightning Fast and Accurate Drag-based Image Editing Emerging from Videos. ICML 2025



Mask-free Drag-based Image Editing

AdaptiveDrag

● Rely on segmentation model

● Still require prompt input

13 / 32
Chen et al., AdaptiveDrag: Semantic-Driven Dragging on Diffusion-Based Image Editing. ArXiv 2024

Shin et al., InstantDrag: Improving Interactivity in Drag-based Image Editing. SIGGRAPH Asia 2024

InstantDrag

● Optical flow model

● Require training data, and huge 

computational resources
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Overview
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Drag-based Image Editing

● Motion Supervision : Supervises feature movement from handle to target points

● Point Tracking : Keeps track of the handle point's updated location after each editing step

16 / 32Zhang et al., GoodDrag: Towards Good Practices for Drag Editing with Diffusion Models. ICLR 2025

𝑛 : Number of dragging points

𝑞 : Spatial position in the feature map

𝑑𝑖 : Displacement vector

𝑍𝑡
𝑘 : Latent feature at timestep 𝑡 during the 𝑘-th drag step

Ƹ𝑐𝑘 : Conditioning input (e.g., text, semantic map, etc.)

𝐹𝑞(𝑧, Ƹ𝑐) : Feature vector at position 𝑞 given latent and condition

𝑠𝑔(⋅) : Stop-gradient operation (no backpropagation)



AlDD Strategy

● Alternative Drag and Denoising strategy from GoodDrag

● Alternates between dragging and denoising at each timestep instead of separating them

● Prevents feature drift and quality degradation caused by editing everything before denoising

17 / 32Zhang et al., GoodDrag: Towards Good Practices for Drag Editing with Diffusion Models. ICLR 2025



Auto Soft Mask Generation (1/2)

● Automatically generates a soft mask along the drag trajectory

● Places 1's along interpolated points from handle to target

● Applies Gaussian blur to smooth the mask and expand its region

● Normalizes the result to get a soft, differentiable mask

● Eliminates the need for manual mask annotation
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Auto Soft Mask Generation (2/2)
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Readout-Guided Feature Alignment (1/2)

Readout Network

● Lightweight model extracts appearance-preserving features from frozen denoiser

● Trained via triplet loss to separate distorted vs. preserved appearances

Inference-Time Guidance

● Compare edited latent features with original image features

● Apply L2 loss to align current appearance with initial image

20 / 32Luo et al., Readout Guidance: Learning Control from Diffusion Features. CVPR 2024



Readout-Guided Feature Alignment (2/2)
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Latent Warpage Function

● Initializes latent features with geometry-aware deformation

● Computes pixel-wise displacement as a weighted sum of drag vectors

● Introduces a scaling ratio 𝜌 to prevent over-deformation

22 / 32Zhao et al., FastDrag: Manipulate Anything in One Step. NeurIPS 2024

𝑤𝑗
𝑖 : inverse distance weight to each handle point

𝜆𝑗
𝑖  : geometric stretch factor based on path intersection



Method Summary
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Implementation Details

● Built on Stable Diffusion v1.5, using DDIM inversion with 50 steps and guidance scale 1.0

● All experiments run on NVIDIA RTX 4090 GPU

● Dataset : DragBench (Proposed by DragDiffusion)

● Key configurations:

○ Soft Mask: Gaussian blur with 𝜎=30 for smooth transitions

○ Readout-Guided Weight: Loss scaled by 350× to emphasize appearance preservation

○ Latent Warpage Function: Apply only 15% of displacement to prevent over-dragging

● All other settings follow GoodDrag baseline

● Readout Network

○ Trained on Pascale VOC (Image edit by SDEdit)

○ NVIDIA A40 40G for 3 hours training
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Quantitative Evaluation
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Qualitative Comparison
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Ablation Study
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Conclusion

● Contributions

○ Auto Soft Mask Generation

○ Readout-Guided Feature Alignment

○ Latent Warpage Function

● Achieves

○ SOTA on mask-free methods

○ SOTA on IF scores

● Limitation

○ Over fidelity preserving

○ Lower drag accuracy

30 / 32Limitation Examples
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Extended Qualitative Examples
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Qualitative Results of the Ablation Study
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Thank you for your attention!
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