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Background 

Reward Models (RMs) are key for AI alignment.

InstructGPTRL (H/AI) F Framework



Background

As human feedback is costly and hard to scale, 
Generative Reward Models (LLM-as-a-Judge) are adopted to: 
(i) Model Assessment (ii) Data Curation …

Application Scenarios of GenRMs  [1]

[1] A Survey on LLM-as-a-Judge, Gu et al.



Motivation

Similarly, Vision-Language Generative Reward Models (VL-GenRMs) are crucial for:

- The Multimodal Data Flywheel: Enabling scalable data curation and model 
evaluation.

- Advanced Multimodal Reasoning: Facilitating test-time scaling of VL-GenRMs 
and enabling Reinforcement Learning (RL) feedback loops.

This critical importance underscores the need for a comprehensive benchmark to 
evaluate and ensure the effectiveness of VL-GenRMs.



Motivation

What constitutes an ideal benchmark for evaluating VL-GenRMs? 
It should possess the following characteristics:

Domain Diversity: Cover a wide range of real-world use cases to ensure 
comprehensive evaluation.
High Difficulty: Present a challenge even for state-of-the-art (SOTA) VL 
models (e.g., Gemini, GPT-4o, Claude 3.5).
Objective Labeling: Employ objective labeling criteria to eliminate common 
biases, such as verbosity bias.

Current benchmarks fail to meet these criteria! 😭
So how can we build such a benchmark efficiently?  🤔



VL-RewardBench: Overall Pipeline

Curation Pipeline of VL-RewardBench



VL-RewardBench: Diverse Sources

Five datasets with annotated preferences:

- General Queries: WildVision, VLFeedback

- Hallucination-oriented Tasks: 

POVID,RLHF-V,RLAIF-V

Two newly annotated reasoinng datasets

- MMMU-Pro

- MathVerse



VL-RewardBench: Increasing Difficulty with Ensemble Filtering 

Ensemble Filtering

- Constructing a small models ( ~7B) 

pools

- Filter out examples all models 

consistently misjudge

Filter out 3,785 samples from original ~ 100K 
preferences pairs 

Assumption: 
Samples consistently confuse all small models indicate inherent challenges for LVLMs.



VL-RewardBench: AI-Aided Reasoning Tasks Preference Annotation

For reasoning samples are already challenging while without preference labels:
Step 1: Generate candidate rationales and answers with state-of-the-art LVLMs 
Step 2: Construct comparison pairs with verbosity difference controlled
Step 3: Employ GPT-4o to provide the initial perference labels with rationales



VL-RewardBench: Human Verification

All pairs were checked by human annotators.

For General & Hallucination Samples:
- Ambigious pairs (style difference) were discarded;
- Error tags were annoatated;
- 932 out of 3785 are kept.

For Reasoning Samples:
- Correctness first, then Reasoning Path Quality;
- Responses both containing wrong answers were 

discarded;
- 318 out of 3114 are left.

Annotation GUI



VL-RewardBench: Statistics



VL-RewardBench: An Example

Our pipeline identifies challenging samples for both open-source and 
commercial models!



VL-RewardBench: Evaluation Results K=5



VL-RewardBench: Evaluation Results



VL-RewardBench: Correlation with Downstream Tasks 



Findings I: VL-GenRMs make most mistakes on Perception Tasks

- Fundamental perception capabilities emerge 

as the primary bottleneck

- Reasoning demonstrate relatively better

- Model scaling  improvements vary by task 

type



Findings II: Test-time scaling 

- Text-based scaling law may not directly 

transfer to  visual  judgment tasks

- Many open-source LVLMs show 

performance degradation with increased K



Findings III: Critic-training yields significant boost

- LLaVA-Critic brings 14.7% ↑

- The pointwise critic achieves better



Takeaway

Three key insights for advancing VL-GenRM development:

 Improving Visual Perception: potentially through visual search mechanisms 

and vision expert integration.

Advancing Scaling Strategies: explore advanced reasoning strategies,             

incorporating complex planning, process-level supervision or critic training.

 

Enabling Co-evolution: strong LVLMs improve VL-GenRMs, yielding better 

data and advancing LVLMs.



Thanks for listening.

Q & A

Project Page: 
https://vl-rewardbench.github.io/

Explore the dataset at:
https://hf.co/datasets/MMInstruction/VL-RewardBench

Support lmms-eval & VLMEvalKit for evaluation!

Project Paper

https://vl-rewardbench.github.io/

