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Overview

• Background and Motivation

• Benchmark Design and Data Annotation

• Experiments and Analysis



Why LMM-as-a-Judge? Automated Evaluation

Multiple-choice & Short-Answer QAs: 
verifiable 

Question: Imagine the fragrance 
of the fruits in the image. How 
would you describe this to 
someone who has never had this 
fruit before?

Response: The fragrance of the mangosteens in the image can 

be described as sweet and slightly floral, with a hint of citrus 
aroma. It is a delicate and pleasant smell that entices you to try 
the fruit.

Open-ended Questions In-the-Wild: 
more challenging , hard to verify 



LMM-as-a-Judge Paradigm

Xiong, Tianyi, et al. "Llava-critic: Learning to evaluate multimodal models." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Input: image, question, response (s), Evaluation prompt, 

Output: Reason, Score



Why is LMM-as-a-Judge popular?

Reliable judgment at scale

Provide human-aligned evaluation across 

diverse multimodal tasks. 

Flexible evaluation interface

Follow user-specified instructions and 

evaluation criteria.



LMM-as-a-Judge is flexible

MMHal-Bench: Hallucination Detection

Help me evaluate whether the response by the LMM is 
informative, and whether hallucination exists in it, based 
on the comparison between the LMM's response and the 
factual information provided in the image contents, 
question, and the standard human-generated answer 
below.

To evaluate the LMM responses, first, begin your evaluation 
by providing a short explanation. Second, after providing 
your explanation, you must rate the response by choosing 
from the following options:

- Rating: 6, very informative with good analysis or 
reasoning, no hallucination

- Rating: 5, very informative, no hallucination

- Rating: 4, somewhat informative, no hallucination

- Rating: 3, not informative, no hallucination

- Rating: 2, very informative, with hallucination

- Rating: 1, somewhat informative, with hallucination

- Rating: 0, not informative, with hallucination

DriveBench: Autonomous Driving

Please evaluate the predicted answer on a scale from 0 to 100, where a higher score 
reflects precise alignment with the correct answer and well-supported reasoning. Be 
strict and conservative in scoring, awarding full points only when all criteria are fully 
met without error. Deduct points for minor inaccuracies, omissions, or lack of clarity. 
Distribute the Total Score across the following criteria:

1. Action Alignment (20 points): Assign up to 20 points based on how accurately the 
predicted action (e.g., forward, turn left, turn right) matches the correct answer.

2. Motion Precision (20 points): Award up to 20 points based on how closely the 
predicted motion (e.g., speed up, decelerate) aligns with the correct motion in the 
answer. motion prediction is provided.
  
3. Driving Context Appropriateness (15 points): Score up to 15 points for the relevance 
of the predicted answer to the driving context implied by the correct answer, 
emphasizing logical alignment with the situation.

4. Situational Awareness (15 points): Award up to 15 points for demonstrated 
awareness of environmental factors (e.g., traffic participants, obstacles) relevant to the 
action or motion.
…



Limitation of Existing Benchmarks

Existing reward benchmarks focus on how well judges align with overall human 

preference, but overlook their ability to follow user-defined evaluation instructions.



Li, Lei, et al. "VL-RewardBench: a challenging benchmark for vision-language generative reward models." Proceedings of the Computer Vision and Pattern 
Recognition Conference. 2025.



Limitation of Existing Benchmarks

Existing reward benchmarks focus on how well judges align with overall human 

preference, but overlook their ability to follow user-defined evaluation instructions.



Can LMM-based judges follow diverse evaluation criteria and 
recognize trade-offs and conflicts among criterion-level judgments?



Criterion-level 
human annotations 
revealing 
preference conflicts

Challenging 
response pairs 
beyond overall 
preference



How We Build Multi-Crit



How We Build Multi-Crit

Two Judgment Scenarios

• Open-ended generation: where fixed 

metrics are limited. 

• Verifiable reasoning: evaluation on

model-generated reasoning processes.

Challenging Response pairs

• Pre-filtering: select pairs with subtle yet 

meaningful quality differences.



Constructing Criteria

• Surveyed existing benchmarks that 

use LMM judges and analyzed their 

evaluation prompt designs

• Three design principles:
• Practicality: reflect common use cases of LMM judges

• Specificity: capture distinct response-quality 

dimensions

• Generality: evaluate fundamental model behaviors, 

not prompt-specific content

• 5 criteria for each evaluation setting



How We Build Multi-Crit

Human Annotation

• Annotators: PhDs in AI

• Each criterion is 

independently assigned 

to 3 annotators

• Iterative discussions 

are conducted to align 

annotation standards

and refine the 

annotation guidelines



Verification and Aggregation



Data Statistics

425 response pairs, 1,425 criterion-level judgments, and 782 conflicting criterion pairs.



Metrics for Evaluating Criteria Following





Key Finding 1:

Strongest proprietary models 
struggle to maintain consistent 

pluralistic criteria following. 



Key Finding 2:

Open-source LMMs lag behind not only 

in criterion-level accuracy but also in 

their ability to recognize trade-offs 

and preference conflicts.



Key Finding 3:

Critic models fine-tuned on single-preference critic data improve judgment consistency 

in visual grounding but generalize poorly to pluralistic, criterion-driven evaluation.



What Are the Upper Bounds of Current LMM Judges?

• Proprietary models’ upper-bound 

judgment patterns align closely 

with inter-human agreement

• Open-source models show weaker, 

less consistent alignment,

reflecting limited capacity to 

internalize evaluation criteria

→ would benefit from scaling high-

quality human preference 

annotations.



Domain-specific reasoning fine-tuning does not consistently improve reasoning 

judgment and weakens trade-off recognition.

Analysis – Does reasoning improve judging capacity?



Analysis – Does reasoning improve judging capacity?

Models with general thinking capacities benefit from explicit reasoning during 

judgment, with larger gains for smaller models and reasoning-judgment tasks. 



Key Takeaways & Industry Relevance

• Pluralistic criteria-following remains challenging for LMM judges.

• The best judge model differs across evaluation criteria. Judge selection 

and deployment should therefore be criterion-specific.

• Specialized judges and critics trained on holistic preferences can improve 

visual-grounding evaluation but struggle to generalize to fine-grained 

criteria-following.



Thanks!

Project Page: https://multi-crit.github.io/
Contact: txiong23@umd.edu

https://multi-crit.github.io/
https://multi-crit.github.io/
https://multi-crit.github.io/
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