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Task: Human-Object Interaction（HOI） Image Editing

• Inputs: Original Image + Edit Prompt

• Outputs: Image preserving the original content and matching human-object

interactions in the edit prompt.
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Core Challenge

• No Benchmark：Need basic interaction & high-level reasoning in HOI editing.

• Weak Metrics：Need region-sensitive pair assessment.

• Dynamic Remodeling：Need interaction remodeling, not static visual 

appearance.

HOIEdit：A benchmark assessing across 3 progressive cognitive tiers. 

• L1 Foundational Editing：Edit basic human-object interactions.

• L2 Spatial Understanding ：Ground interactions in right objects and places.

• L3 Causal & Physical Reasoning: Ensure logical steps and physical effects.

Data Curation：Fine-grained HOI evaluation data.

• Scene-aware editing instructions

• Human / object / context region annotations

• Questions for identity, interaction, space, and 

reasoning

HOI-Eval：Region-grounded HOI assessment.

• Localize: track target human-object regions

• Verify: compare human/object identity

• Assess: VLM judges interaction, spatial grounding, and 

reasoning ability

• Dynamic Playbook：Reusable memory for 

prompt correction.

• Stores strategies, pitfalls, and templates

• Learns from failure cases

• Guides precise HOI prompt generation

• SCPE：Self-correcting HOI editing with I2V 

traces.

• Generator: refine prompt with Playbook

• Analyzer: detect frame-level failures

• Reflector: turn failures into insights

• Curator: update reusable strategies

• Output: select the best edited frame
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Robustness Analysis

• Consistent gains across evaluators and VLM agents.

• Proving improvements come from video-feedback correctionand Playbook 

memory, not evaluator bias or a specific VLM.

Ablation study

• SCPE performs best on 

both I and IDS.

• OPE gives small interaction 

gains but damages identity.

• Playbook memory is key to 

stable correction.
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