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MFPG presents the strongest consistency and robustness compared to the evaluated 
off-dynamics RL baselines

Robot control tasks: MuJoCo Hopper, HalfCheetah
High-fidelity environment: changed gravity, friction
Baselines: off-dynamics RL (DARC [1], PAR [2]), Low-Fidelity Only
Common baseline: High-Fidelity Only

[1] Eysenbach et al. “Off-Dynamics Reinforcement Learning: Training for Transfer with Domain Classifiers”, ICLR 2021. 
[2] Lyu et al. “Cross-Domain Policy Adaptation by Capturing Representation Mismatch”, ICML 2024. 

• When low-fidelity data are neutral/beneficial and dynamics gaps are mild/moderate, MFPG is the only method that 
consistently outperforms High-Fidelity Only across all settings

Hopper: gravity shift

Performance 
relative to High-

Fidelity Only

• Error bars: 95% bootstrap confidence intervals; bars strictly above 0 indicate significant improvement vs. High-Fidelity Only

0: High-Fidelity Only
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• When low-fidelity data are neutral/beneficial and dynamics gaps are mild/moderate, MFPG is the only method that 
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• When low-fidelity data are harmful, MFPG presents the strongest robustness

High-Fidelity OnlyMFPG

Baselines

• MFPG tracks High-Fidelity Only for most of training (cautious use of low-fidelity data only for variance reduction) 
• Baselines fail catastrophically (aggressive exploitation of low-fidelity data)

Extreme case: 
HalfCheetah 
(5× friction)
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👍 cheap, fast, safe … but ❌ biased

👎 expensive, slow, even unsafe … but ✅ accurate

Challenge: Data Scarcity in Reinforcement 
Learning (RL)

A Multi-Fidelity Control Variate Approach for Policy Gradient Estimation
Xinjie Liu*, Cyrus Neary*, Kushagra Gupta, Wesley A. Suttle, Christian Ellis, Ufuk Topcu, and David Fridovich-Keil

*Equal contribution

Preliminaries: Policy Gradient Methods

The Multi-Fidelity Policy Gradient (MFPG) Framework

Experimental Takeaways

Transactions on Machine Learning Research (TMLR)
J2C Certification (selected to NeurIPS/ICLR/ICML J2C Track)

• Online RL algorithms require excessive interaction with 
real environments/high-fidelity simulations

Power systems Robotics Combustion simulation

• Low-fidelity simulation tools provide cheap, abundant, 
but biased data: reduced-order models, generative world 
models, heuristic reward functions, digital twins, etc.

≠
High-Fidelity:

Low-Fidelity:

Q: How can we enable sample-efficient RL 
in the real world by mixing multi-fidelity 
data, while being robust to low-fidelity 

data biases?

$$$$, slow, 
unsafe 

✅ accurate

$, fast, safe 
❌ biased

… How do we build the blender?

• Objective: Learn a policy to maximize the high-
fidelity environment performance

• Strategy: Gradient ascent

Random variable (R.V.): 
per-trajectory contribution 
to policy gradient

PPO 
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REINFORCE
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…
• Challenge: High-fidelity data scarcity (small 𝑁!) 

causing high estimation variance for           and slow 
convergence

• Idea: Ground learning in high-fidelity samples 
(unbiased); use abundant low-fidelity samples to 
reduce variance for policy gradient estimation

Multi-fidelity 
sampling mechanism

High-Fidelity Env.

Low-Fidelity Env.

MFPG Estimator

Small amount of 
correlated samples

Large amount of 
uncorrelated low-
fidelity samples

Apply Policy Gradient Step
Current policy
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ωω(·|s)
• The MFPG estimator mixes scarce high-fidelity samples with abundant low-fidelity samples

• Uses abundant low-fidelity samples to form a control variate that corrects high-fidelity estimates
• Instantiate MFPG with an existing policy gradient method, e.g., REINFORCE

• Properties of the multi-fidelity estimator                                                      :
• Unbiasedness:
• Reduced variance:                                                           (driven by correlation                  )
• Faster finite-sample convergence of MFPG-REINFORCE than the standard, single-fidelity baseline 

(via shared 𝑠! + policy 
reparameterization trick)

faster MFPG convergence

https://xinjie-liu.github.io/mfpg-rl/

MFPG
• Can achieve substantially greater variance 

reduction than single-fidelity baseline subtraction
• Handles both dynamics and reward gaps, even when 

the low-fidelity environment is anti-correlated
• Demonstrates the strongest consistency and 

robustness compared to off-dynamics RL baselines, 
thanks to MFPG’s unbiasedness
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MFPG benefits from negative correlation (negated low-fidelity reward)

24

Robot control task: MuJoCo Hopper
Low-fidelity environment: negated reward model
Baseline: High-Fidelity Only, Low-Fidelity Only

!

Motivation Preliminaries Approach & Theory Experiments Summary

Even when the low-fidelity environment is substantially different or even adversarial, it might 
still provide useful information for multi-fidelity training, e.g., negative correlation
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