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Background

✓ Reward functions are crucial for policy learning in embodied robotics.

✓ Designing high-quality reward signals typically requires extensive domain-specific knowledge, 
resulting in significant design costs.

✓ LLM-based methods (e.g., Eureka) generate goal-oriented rewards but lack exploration 
mechanisms, causing agents to get stuck in local optima.

➢ Eureka: LLM Design → Goal-oriented Reward → Train from Scratch

➢ ROSKA: LLM Design → Goal-oriented Reward → Train from Previous Policy

➢ PoRSE (Ours): LLM Design → Goal-oriented Reward + Affordance State Mapping → Dynamic 
Balance → Train from Previous Policy
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✓ Recently, Large Language Models (LLMs) have demonstrated extensive domain knowledge and 
remarkable coding capabilities.

✓ Existing LLM-driven approaches rely solely on task-specific textual descriptions, leading to overly 
goal-oriented rewards while neglecting state exploration.

✓ This limitation is particularly problematic in high-DoF robotic tasks (e.g., dexterous manipulation with 
sparse rewards), causing agents to get stuck in local optimal.

✓ Traditional exploration bonuses do not link exploration to task objectives, resulting in inefficient 
exploration of irrelevant states.

➢ Current LLM-based methods face a critical dilemma: pure goal-oriented rewards lack exploration 
guidance, while generic exploration wastes samples on task-irrelevant states.

➢ Manually tuning the trade-off ratio for each task is time-consuming and suboptimal.

Motivation
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Method

✓ Exploitation-Exploration Balance: PoRSE leverages LLMs to auto-set AFS mapping M and iteratively 
refine 𝑅𝑔 and 𝑀 via policy feedback, maintaining exploration-goal reward pairs (𝛽, 𝑅𝑒 , 𝑅𝑔) and applying 
LEF to explore the design space of 𝛽.

✓ Policy Inheritance: PoRSE blends 𝜃𝑏𝑒𝑠𝑡 with 𝜃𝑟𝑎𝑛𝑑𝑜𝑚 via fusion ratio 𝛼, dynamically adjusting 𝛼 through 
LEF to inherit prior knowledge and align policy performance with task completion preferences.
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Key Ideas

PoRSE decouples robotic skill acquisition 

into exploitation-exploration balance and 

policy inheritance for synergistic 

optimization.



Experiments

✓ PoRSE achieves the highest or near-highest performance on most benchmarks, outperforming 
Sparse, Human, Eureka, and ROSKA in the majority of evaluated tasks.
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Experiments

✓ On the LiftUnderarm task, PoRSE exhibits a faster convergence rate and achieves higher final 
success rates than EUREKA and ROSKA in later iterations, with its success rate rising rapidly to 
outperform the baselines.

✓ On the TwoCatch task, PoRSE achieves success rate improvements earlier across all iterations and 
attains higher final success rates in later iterations compared to EUREKA and ROSKA.
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Experiments

✓ For the DoorOpenInward and TwoCatch tasks, when using single-reward configurations (Eureka with 
Rg-only and LLMCount with Re-only) and training for 3000 epochs, the single-reward approaches 
failed completely with 0% success rate.

✓ Among the tested PoRSE reward ratios (0.5:1.5, 0.8:1.2, 1.2:0.8, 1.5:0.5, 1.0:1.0), the optimal fusion 
ratio (1.5:0.5) achieved significant improvements, reaching 97% success rate on DoorOpenInward and 
25% on TwoCatch, which outperformed prior methods (∼0% success rate).
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Experiments

✓ PoRSE significantly outperformed other methods in 23 tasks, achieving the best overall results: it 
far exceeded human-level HNS in complex fine-grained control tasks, matched human or state-of-
the-art performance in simpler tasks, and maintained positive HNS across all evaluated tasks.
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Experiments

✓ MTS Comparison of LLMCount and PoRSE methods, PoRSE method achieved higher MTS on 23 tasks.
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Experiments

✓ Removing θfusion caused the 
largest performance drops 
(Anymal ↓2783.33%, 
TwoCatch ↓95.13%).
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✓ Eliminating Rg or Re led to 
massive declines on Anymal 
(Rg ↓966.67%, Re ↓708.33%).

✓ Removing Rratio or θratio
brought moderate drops 
(BlockStack ↓60.70%, 
PushBlock ↓23.58%).



Experiments

✓ On BlockStack, PushBlock, LiftUnderarm, and CatchUnderarm, PoRSE-GPT-4o-mini outperforms 
all baselines while remaining below the full PoRSE.

✓ Even with randomly assembled invalid AFS dimensions, the framework still outperforms all 
baseline methods on BlockStack, PushBlock, and LiftUnderarm, while remaining below the full 
PoRSE.
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Experiments

Master Skill Learning with Policy-Grounded Synergy of LLM-based Reward Shaping and Exploring

✓ No significant MTS 
difference from the 
original PoRSE, even 
with redundant AFS 
dimensions introduced 
by guided prompts.

✓ No significant MTS 
differences across 1000, 
2000, and 3000 bins on 
BlockStack, PushBlock, 
and LiftUnderarm.

✓ Changing the reward 
coefficient sum from 2 
to 1 results in minimal 
MTS differences.



Conclusion

➢ PoRSE proposes a unified framework integrating LLM-generated goal-reward and dynamic curiosity-
driven bonus, enabling task-aligned efficient exploration without manual reward tuning.

➢ PoRSE’s IPG process optimizes reward configurations via real-time policy feedback, adopting fast 
LLM-aided methods instead of cumbersome Bayesian optimization.

➢ Experiments on 24 robotic tasks show PoRSE outperforms SOTA LLM-based reward-design methods 
and breaks through previously unsolved challenges.

➢ Unifying reward shaping, task-relevant exploration, and policy refinement in a self-reinforcing 
cycle, PoRSE sets a new paradigm for autonomous robotic skill acquisition.

➢ PoRSE’s synergistic optimization of goal-oriented rewards, AFS-guided exploration, and policy 
inheritance ensures robust cross-task performance, effective in sparse reward and high-dimensional 
action spaces.
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