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Recap – Team 3
• Existing CLIP-based retrievals focus solely on visual similarity, missing structural 

information ​ essential for 3D generation.

• Optimization of the retrieval model via the REINFORCE algorithm prioritizes assets with 

high actual 3D output quality, rather than relying on simple visual similarity.

• A meta-controller verifies geometric consistency across multiple viewpoints (frontal, left, 

and right), effectively filtering out false positives that only appear plausible from a single 

perspective.
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[1] Surís et al. "Vipergpt: Visual inference via python execution for reasoning." ICCV. 2023.

[2] Gupta et al. "Visual programming: Compositional visual reasoning without training." CVPR. 2023.

Recap – VisProg[1] & ViperGPT[2]
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• Visual Programming paradigm : instead of an end-to-end model, an LLM generates a 

program that calls vision modules.

• VisProg: the LLM emits a pseudocode program; each line calls an off-the-shelf vision model.

• ViperGPT : a code-generation LLM composes vision–language modules via a Python API.

• Shared traits: execution-traceable, training-free, strong on compositional reasoning.



After ViperGPT: Tool-using Agents
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[1] Yang et al. "Mm-react: Prompting chatgpt for multimodal reasoning and action." arXiv 2023.

[2] Shen et al. "Hugginggpt: Solving ai tasks with chatgpt and its friends in hugging face." NeurIPS 2023.

[3] Lu et al. "Chameleon: Plug-and-play compositional reasoning with large language models." NeurIPS 2023.

MM-ReAct[1] HuggingGPT[2] Chameleon[3]

• Interleaved reason–act 

(ReAct)

• Thought → Action → 

Observation loop per step

• Compositional program

• A sequence of module 

calls composed in one 

shot

• Natural-language step 

plan

• NL list of subtasks; each 

delegated to a 

HuggingFace model



2. Introduction
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Motivation
• End-to-end editing often causes unintended 

changes in non-target regions.

• Instead of relying on a single generative 

model, we explore modular tool-use for 

controllable image editing.
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[1] Wang et al. "Genartist: Multimodal llm as an agent for unified image generation and editing." NeurIPS 2024.

GenArtist[1]
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• Unified agent orchestrating image edit tools via a planning tree.

• After tool execution, the MLLM decides whether the result satisfies the user's instruction.

• Failure triggers self-correction / planning-tree backtracking.

• Applies generically to arbitrary natural-language instructions.



Limitation of VLM Verifier
• High inference cost: an extra VLM call per step dominates the agent-loop budget.

• Hallucination risk : if the VLM wrongly says "passed", the error propagates to later steps.

• Opacity : the pass/fail rationale is free-form text, making it hard to reproduce or debug.
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Contribution of the proposed system

• Proposed the interleaving tool use instead of existing end-to-end pipeline

• Simulates the agent system via tool-use and feedback loop

• Proposed the MLLM-free verifier system in the field of image editing

• The result applying certain tool is verified via rule-based procedure

9



4. Our Method
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Our Proposed System: Tool-wise Verification
• Goal: Reduce the cost of verification via MLLM-querying latency in multi-step image editing

• LLM planner outputs a sequence of editing tools according to the user query

• Each intermediate result is checked by a lightweight tool-wise verifier.

• Pass → Proceed to the next tool; Fail → Retry for few times, and then re-generate the plan
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Tool-wise Verifier Examples
• Each editing operation is paired with a lightweight verifier

• Each verifier checks local editing success using task-specific visual cues

• This avoids repeated MLLM-based verification for simple object-level edits
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def verify_object_addition(target, orig_img, edited_img):
    orig_boxes = detector(orig_img, target)

edit_boxes = detector(edited_img, target)
return len(edit_boxes) > len(orig_boxes)

def verify_object_removal(target, orig_img, edited_img):
    orig_boxes = detector(orig_img, target)

edit_boxes = detector(edited_img, target)
return len(edit_boxes) < len(orig_boxes)

def verify_object_replacement(old_obj, new_obj, orig_img, edited_img):
    old_orig = detector(orig_img, old_obj)

old_edit = detector(edited_img, old_obj)
new_orig = detector(orig_img, new_obj)
new_edit = detector(edited_img, new_obj)
old_removed = len(old_edit) < len(old_orig)
new_added = len(new_edit) > len(new_orig)
return old_removed and new_added



Baseline PoC
• Gemini hallucinates by adding a shadow that doesn't exists in the original image

• Our tool-use baseline performs the requested edit while preserving the details

13
Input image

Question: Change the color yellow to red

Gemini Our Baseline



Baseline PoC
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Input image

Question: Move the blue circle to the right

Gemini Our Baseline

• Gemini moves the text's location, which is unintended, and doesn't move the circle in a visible scale

• Our baseline follows the instruction well



Baseline PoC: Failure case
• Our tool-use baseline shows the below fail cases, which shows the need of verification;

• Shows the complete

15Input image

Question: Delete the text "But first" in the cup

Input image



Next Plan & Role
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• Next Plan

• Editing Tool Inventory Expansion

• Verifier Tool Inventory Construction

• Self-correction method Improvement

• Experiments

• Role

• Jin-Woo Kong: 

• Related work, problem framing, & experiment setup

• Yohan Park: 

• Verification system proposal and design & baseline Implementation 

• Yejin Yeo

• Agentic Image Editing Idea and baseline architecture proposal & related work & method design



Thank you
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