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Low-Resolution Editing is All You Need for High-Resolution Editing 

Introduction1 Background2

▪ Key Contributions of ScaleEdit
▪ Propose a novel task: high-resolution image editing

▪ Enable zero-training editing via patch-wise test-time optimization

▪ Develop a feature transfer function and a patch synchronization strategy

▪ Achieve strong results on diverse editing scenarios

▪ High-resolution Image Editing using ScaleEdit
▪ Edit high-resolution source image into target image according to a given 

visual concept while preserving fine-grained details
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▪ Diffusion for Image-to-Image Translation

▪ Qualitative Comparisons with Real-ISR baselines

Framework3

▪ Naïve solutions: Real-ISR baselines

▪ Detail Enhancement Module
▪ Transfer fine-grained details via a learnable transfer function
▪ Manipulate the intermediate feature          by optimizing 

→ Practical design:                                           & 
▪ Inject              during the sampling of          , resulting in 

▪ Results (1K-Editing)

▪ Patch-wise Synchronization
▪ Apply Blended-Tweedie-based sampling for patch coherence
▪              is undefined for Blended-Tweedie
→ Use resampling to disentangle detail injection and sync.

▪ Perform (1) forward w/o detail injection & (2) backward w/ sync.

▪ Problem Setup
▪ Input: (a) High-res. src          , (b) Low-res. src         , (c) Low-res. tgt image

▪ Output: High-res. target image

▪ Patch-wise Operation for Detail Transfer
▪ Divide            into patches at the model-native resolution 
→ Fully inherit the model’s strong generative priors 

▪ Generate multiple detail-enhanced patches
& Refined by a synchronization for cross-patch consistency

▪ Forward & Reverse Diffusion Process

(Reverse)

▪ Performs super-resolution only using          with heavily trained model 

▪ Does not conditioned on           &         , fail to transfer fine-grained details

▪ ScaleEdit: Conditioned on source images, transfers details without training 
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Experiments4
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“Replace the man with a fire mage holding a staff.”

“Replace the wolf with a tiger under the stars.”

“Apply a comic-book style.”

“Replace the hammer with a sword stuck in the rock.”

Source (2K) Ours (2K) Source (Zoomed) Ours (Zoomed)

“Replace the dragon with a large bird with glowing wings.”

“Replace the turtle with a crab on the sand.”

“Replace the temple with a castle under the sunset.”

“Replace the ship with a flying castle.”

▪ Results (2K-Editing) ▪ Results (8K-Editing)
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▪ Results (1K Real Image Editing)

“Replace the man with a knight sitting on the bench.” “Change the background to a farm field.”

▪ Ablation Study
Source (2K) w/o Sync. (2K) Ours (2K)
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“Replace the dragon with a phoenix flying over the mountain.” “Replace the bridge with a stone bridge with lanterns.”

▪ Quantitative Comparisons with Real-ISR baselines
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“Change the background to a sunset sky.”

“Replace the man with a fire mage holding a staff.”

“Apply a warm photo style.”

“Replace the dragon with a plane flying through the clouds.”
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