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Preference-based RL (PbRL) has emgered as a promising paradigm for teaching 
robots complex behaviors without reward engineering.
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Preference-based Reinforcement Learning

(Lee et al., 2022) 
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Preference-based Reinforcement Learning

However, the reliance on extensive human labels prevents its scalability

~10000 rounds of human preference are needed!

~84 hours
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Foundation Models for Synthetic Feedback 

VLM agents giving preference labels 
by analyzing state images

LLM agents giving preference label 
by analyzing textual trj descriptions

(Wang et al., 2024) (Tu et al., 2025) 

However, existing work still faces challenges in ensuring reliable synthetic 
feedback due to the single-modal evalution patterns.



12/3/2025 5

Limitations of Single-Modal Evaluation

(Answers are from gpt-4o)

A

B
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Limitations of Single-Modal Evaluation

(Answers are from gpt-4o)

A

B



12/3/2025 7

Limitations of Single-Modal Evaluation

Visual-modal-only (VLMs) → reliable spatial grounding and key events 
assessment, but limited ability to interpret temporal progression or subtle 
motion dynamics.

Textual-modal-only (LLMs) → good temporal and logical reasoning, but 
often hallucinate or miss fine-grained spatial interactions and key events.

Calls for multimodal evaluation methods for reliable synthetic feedback!
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PbRL Inherent Challenges

Even if feedback from FMs reaches human-expert-level quality, PbRL still 
faces two inherent challenges in reward learning.

 - Query Ambiguity

 - Preference Credit Assignment Uncertainty
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PbRL Inherent Challenges - Query Ambiguity
Early trajectories from randomly initialized policies are uniformly low quality 
lacking meaningful task differences 
→ cannot provide informative comparisons
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PbRL Inherent Challenges - Preference Credit Assignment Uncertainty
Preferences are given at trajectory level, but desired reward models operate 
at state-action level
→ uncertainty in attributing preference credit to specific steps in the 
trajectory, impairing the alignment of the learned reward model
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Our Goal

Enable scalable, efficient, and zero-shot PbRL with FMs

• Improve the quality and reliability of synthetic feedback

• Reduce query ambiguity 

• Enhance preference credit assignment
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Method - PRIMT
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PRIMT - Multimodal Preference Generation and Fusion

Leverage the complementary collective intelligence of VLMs and LLMs for 
multimodal evaluation of robot behaviors
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PRIMT - Hierarchical Preference Fusion
Intra-modal Fusion

i) query LLM or VLM multiple times with randomly permuted trajectory orderings

ii) get final intra-modal labels via major voting

iii) calculate label confidence
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PRIMT - Hierarchical Preference Fusion
Inter-modal Fusion

Consider intra-modal uncertainty, inter-modal conflicts, and trajectory 
context that reflects the relative difficulty of visual v.s. textual evaluation.

To model latent dependencies across these factors, we employ the 
Probabilistic Soft Logic (PSL) framework
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PRIMT - Hierarchical Preference Fusion
Defined Rules in PSL:

i) Agreement Rule:

ii) Conflict Resolution Rules:

iii) Indecision Rule:
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PRIMT - Hierarchical Preference Fusion
PSL turns these rules into one or one more hinge-loss penalties 
and solves an online convex optimization to find the label that best 
fits all rules
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PRIMT - Bidirectional Trajectory Synthesis 
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PRIMT - Foresight Trajectory Generation 
Before training, we proactively generate diverse, 
task-aligned trajectory samples using LLMs:

high-level multi-step plan → code for each step 
→ rollout trajectories under varied conditions

serve as informative preference anchors rather 
than optimal demonstrations, making early 
comparisons easier when combined with query 
sampling strategies 
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PRIMT - Hindsight Trajectory Augmentation 

Once we have a clear preference for a trajectory pair, we perform the 
hindsight counterfactual reasoning by asking:

 “What minimal change would make the preferred trajectory less preferred?”

identify key steps in the preferred trj → minimal edits → create counterfactuals 
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PRIMT - Hindsight Trajectory Augmentation 
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PRIMT - Hindsight Trajectory Augmentation 
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PRIMT - Auxiliary Causal Loss 

ii) enforce consistency 
on unedited regions

i) contrast rewards at edited 
(causal) steps
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Evaluation - Task Performance on Manipulation and Locomotion Tasks 

• PRIMT (red) outperforms all FM-based baselines and the naïve multimodal fusion 

• PRIMT matches the oracle PrefGT (black, with ground-truth preference labels) 
and even surpasses it on 2 of 8 tasks

• PRIMT learns more efficiently in early training -> less query ambiguity
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Evaluation - Synthetic Feedback Quality 

• Improved label accuracy (green)

• Reduced indecision and query ambiguity (blue)
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Evaluation - Reward Alignment 

• Aligned more closely with ground-truth rewards and task progress

-> Enhanced Preference Credit Assignment
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Evaluation - Cost-Performance Efficiency

Improved cost–performance efficiency and increased robustness to weaker FMs 
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Evaluation - Real-World Experiments 
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