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Abstract—Transferring policies learned in simulation to the

real world is a promising strategy for acquiring robot skills at
scale. However, sim-to-real approaches typically rely on manual
design and tuning of the task reward function as well as the
simulation physics parameters, rendering the process slow and
human-labor intensive. In this paper, we investigate using Large
Language Models (LLMs) to automate and accelerate sim-to-
real design. Our LLM-guided sim-to-real approach requires only
the physics simulation for the target task and automatically
constructs suitable reward functions and domain randomization
distributions to support real-world transfer. We first demonstrate
our approach can discover sim-to-real configurations that are
competitive with existing human-designed ones on quadruped
locomotion and dexterous manipulation tasks. Then, we showcase
that our approach is capable of solving novel robot tasks, such
as quadruped balancing and walking atop a yoga ball, without
iterative manual design.

I. INTRODUCTION

Given their internet-scale training data, large language
models (LLMs) have emerged as effective sources of common
sense priors for robotics [1–6]. Directly synthesizing robot
policies from LLMs is difficult because it does not explicitly
reason through the physics of the environment, however, when
a simulator is available, we can combine the impressive world
knowledge of LLMs together with the approximate physics
knowledge in the simulator to learn complex low-level skills.
Recent works have pursued this intersection and use LLMs
to synthesize reward functions [7–9] that can supervise robot
reinforcement learning. However, thus far, these approaches
have only been used in simulation, and transferring the policies
to the real world still requires significant manual tuning of
the simulators. In a typical process for sim-to-real policy
synthesis, human engineers must manually and iteratively
design reward functions and adjust simulation parameters until
the configurations converge to enable stable policy learning.
[10]. Thus, a natural question is whether we can additionally use
LLMs to automate the components in the sim-to-real process
that require intensive human efforts.

In this work, we propose DrEureka (Domain
Randomization Eureka), a novel algorithm that leverages
LLMs to automate reward design and domain randomization
parameter configuration simultaneously for sim-to-real transfer.
While there are many sim-to-real techniques [11–13], we
focus on domain randomization because we believe that it
is primed for LLMs to automate. Domain randomization
(DR) is a family of approaches that apply randomization
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over a distribution of physical parameters in simulation, so
that the learned policy can be robust against perturbance
and transfers to the real world better [13–15]. In DR, it is
critical to select the right parameter distribution to ensure a
successful transfer [16, 17]. This step is often manually tuned
by humans, because it is a challenging optimization problem
that requires common sense physical reasoning (e.g., friction
is important for walking on different surfaces) and knowledge
of the robot system. These characteristics of designing DR
parameters make it an ideal problem for LLMs to tackle
because of their strong grasp of physical knowledge [1, 18]
and effectiveness in generating hypotheses, providing good
initializations to complex search and black-box optimization
problems in a zero-shot manner [9, 19–22]. In DrEureka,
we show that these two distinct capabilities of LLMs can make
them effective automated designers for DR configurations.

However, jointly optimizing for both reward functions and
domain randomization parameters requires searching in a
vast, infinite-dimensional function space, which is expensive
and inefficient for LLMs to perform. Instead, DrEureka
decomposes the optimization into three stages: an LLM first
synthesizes reward functions, then an initial policy is rolled
out in perturbed simulations to create a suitable sampling
range for physics parameters, which is finally used by the
LLM to generate valid domain randomization configurations.
Specifically, to generate the highest quality of reward functions,
we build on Eureka [9], a state-of-the-art LLM-based reward
design algorithm that can generate free-form, effective reward
functions in code. To make Eureka reward functions more
amenable for real-world transfer, we propose to include safety
instructions in the prompt to automatically generate reward
functions that induce safer behavior. Then, equipped with
the best reward candidate as well as the associated policy,
DrEureka constructs reward-aware physics priors (RAPP)
over environment physics parameters by evaluating the policy
on various perturbed simulation dynamics; this procedure
grounds the effective search ranges for LLM sampling of do-
main randomization configurations. Finally, the LLM receives
the reward-aware prior as context and generates several DR
distribution candidates to re-train policies more suitable for real-
world deployment. Altogether, DrEureka is a language-model
driven pipeline for sim-to-real transfer with minimal human
intervention. A conceptual overview of the full algorithm is
shown in Figure 1.

We evaluate DrEureka on quadruped and dexterous ma-
nipulator platforms, demonstrating that our method is general
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Fig. 1: DrEureka takes the task and safety instruction, along with environment source code, and runs Eureka to generate a regularized
reward function and policy. Then, it tests the policy under different simulation conditions to build a reward-aware physics prior, which is
provided to the LLM to generate a set of domain randomization (DR) parameters. Finally, using the synthesized reward and DR parameters,
it trains policies for real-world deployment.

and applicable to diverse robots and tasks. Our experiments
primarily focus on quadruped locomotion and dexterous
manipulation because reward design, domain randomization,
and sim-to-real reinforcement learning at large have already
established as critical components of effective policy learning
strategies within these domains [17, 23–29]. Naturally, there
are well-tested, open-sourced simulation environments that
provide ideal testbeds for assessing DrEureka’s capability
for supervising sim-to-real transfer [23, 26, 30]; as a reference
point, our main comparison is with two existing human-
designed configurations [25, 30] in order to demonstrate that
DrEureka can autonomously achieve useful level of sim-
to-real design. On quadruped locomotion, DrEureka-trained
policies outperform those trained with human-designed reward
functions and DR parameters by 34% in forward velocity and
20% in distance travelled across various real-world evaluation
terrains. In dexterous manipulation, DrEureka’s best policy
performs nearly 300% more in-hand cube rotations than the
human-developed policy within a fixed time period. Through
extensive ablation studies, we first confirm that DrEureka
generates effective safety-regularized reward functions that are
more effective than either human-designed or Eureka reward
functions without our safety instruction mechanism. Then,
we demonstrate that DrEureka’s DR sampling mechanism
is indispensable and efficient via several DR-optimization
baselines and ablations that probe the importance of both
the reward-aware physics priors as well as using LLM for
sampling. Finally, to demonstrate how DrEureka can be used
to accelerate sim-to-real on a new task, we test DrEureka on
the novel and challenging walking globe task commonly seen
in circus, where the quadruped attempts to balance and walk on
a yoga ball for as long as possible. Trained with DrEureka,

Fig. 2: Our quadruped locomotion, dexterous cube rotation, and walk-
ing globe tasks. Walking globe is a novel task to show DrEureka’s
capability for guiding the sim-to-real transfer of a challenging new
task without pre-existing sim-to-real configurations.

our policy can stay balanced on a real yoga ball for minutes
on diverse indoor and ourdoor terrains with minimal safety
support.

In summary, our contributions are:
1) DrEureka, an LLM-guided sim-to-real algorithm that

can automatically synthesize effective reward and domain
randomization designs for sim-to-real transfer;

2) Extensive real world validation and analysis of
DrEureka on representative robot tasks; and

3) Demonstration on a novel, challenging task.

II. RELATED WORK

Large Language Models for Robotics. Large Language
Models (LLMs) have demonstrated capabilities as semantic
planners [1–3, 31], action models [5, 32, 33], and symbolic
programmers [2, 4, 34–41] for robotics applications. Recent
works have explored using LLMs to guide the learning of
low-level skills via reward function [7, 9, 42] and environment
design [43, 44]; however, to the best of our knowledge, no
prior work has explicitly studied whether LLMs can automate



various design aspects of the sim-to-real procedure. In this work,
we focus on the two important bottlenecks of reward design
and domain randomization and introduce a novel technique
that leverages LLMs' capability as solution generators for
challenging optimization problems to automate sim-to-real
transfer design.

Domain Randomization. To bridge the gap in physical
dynamics between the real world and its simulation counter-
part, domain randomization (DR) perturbs simulation physics
parameters, such as friction and restitution, to improve the
transferability of policies trained in simulation [13–15]. The
most common DR approach is to uniformly sample simulation
parameters from a �xed distribution [10, 14, 15, 17, 29]. To
improve upon this simple randomization strategy, some works
propose to automatically adjust the randomization distribution
based on simulation training performance [27, 28, 45]. Beyond
feedback from simulation, some works have sought to use
small amount of real-world policy trajectories to iteratively
calibrate the randomization distributions in simulation to better
adapt to the real world [46–49]. Despite progress in DR
algorithms, the form (i.e., which parameters to randomize) and
the initial sampling distributions are typically manually chosen
by practitioners with domain expertise, and these design choices
have been shown to have large effect on the downstream policy
performance [8, 16]. Our work is the �rst to study whether
LLMs can automatically synthesize domain randomization
con�gurations.

Sim-to-Real Robot Learning. Beyond domain randomiza-
tion, sim-to-real robot learning has been extensively studied in
the literature with many complementary techniques, such as
system identi�cation [11, 50, 51], domain adaptation [52–56],
transfer learning [12], and many others [13]. These approaches
differ from domain randomization in that they assume some
interaction data with the real-world environment to bridge the
sim-to-real gap. At the intersection of sim-to-real and LLMs,
prior works have demonstrated policies synthesized in LLM-
guided simulation training environments can transfer to the
real world [7, 42, 43, 57]. However, aspects of the training
pipelines pertaining to the sim-to-real transfer itself are still
manually designed in these prior works. To the best of our
knowledge, ours is the �rst work to investigate whether LLMs
themselves can be used to guide sim-to-real transfer, and in
particular, combining automated reward design and domain
randomization for highly agile skills.

III. PROBLEM SETTING

We formalize the sim-to-real design problem setting. In a
sim-to-real design instance, we assume a target real-world
environment and a simulation environment without a built-in
reward function or domain randomization con�guration. The
goal of sim-to-real RL is to train a policy in the simulation
environment and then directly transfer it to the target real-world
environment without further training.

Mathematically, the simulation environment can be de�ned
as a Markov ProcessM = ( S; A; T ), in which S is the
environment state space,A the action space, andT the

transition function. This assumption is easy to satisfy in practice,
e.g., by porting the URDF �les of the robot and object models
into a simulator. For a task, we represent the true task objective
with F : � ! R, which maps a policy to a numerical value
that indicates its performance. A sim-to-real algorithmAlgo
for reward design and domain randomization takesM and task
speci�cation l task as inputs, and outputs a reward functionR
and adistribution over transition functions,T :

T ; R  Algo (M; l task) (1)

Then, a policy learning algorithmA outputs a policy

�  A (M; T ; R); (2)

which is evaluated in the unknown true MDP (i.e., the real
world environment)M �

f � := FM � (� ) (3)

The goal of sim-to-real is to designP andR to maximizef � :

max
T ;R

FM � (A (M; T ; R)) (4)

Commonly, Algo is a human engineer who manually
designsT (i.e., domain randomization) andR (i.e., reward
engineering). Speci�cally, the simulator comes with a set of
physics parameters (e.g., mass and friction of objects)P whose
values can be set and sampled according to a distribution.
Domain randomization (DR) involves (1) selecting a set of
physics parametersf pg � P , and (2) selecting a randomization
range for each of the chosen parameters. On the other hand,
reward engineering tasks the human to write a dense reward
function code for taskl , and typically involves a trial-and-error
procedure where the human observes policies trained using
the current reward function and tries new reward function
candidates [58–60].

In this work, we investigate whether LLMs, equipped with
their physical common sense priors and solution generation
capability, can guide and automate the sim-to-real design steps.
That is,Algo is a language model (LLM) that ingests task
speci�cation l task in natural language andM as a program,
which is satis�ed in practice as simulation environments are
implemented in code. The LLM then outputsT and R as
strings, which are compiled into suitable programmatic formats
for downstream policy learning.

IV. M ETHOD

In this section, we introduceDrEureka , which uses LLMs
to automate two important bottlenecks in sim-to-real design:
reward design and domain randomization. At a high level,
DrEureka �rst uses the LLM to generate a reward function
that is both effective at the task and safe (SectionIV-A &
IV-B), then uses the resulting simulation policy to construct a
prior distribution over randomizable parameters (SectionIV-C),
and �nally instructs the LLM to generate suitable domain
randomization con�gurations based on the prior (SectionIV-D).



Algorithm 1 DrEureka Reward Design

1: Require: Task descriptionl task, safety instructionlsafety,
RL algorithmA , environment codeM , coding LLM LLM, �tness
function F , initial prompt prompt

2: Hyperparameters: search iterationN , iteration batch sizeK
3: for N iterationsdo
4: // Sample reward functions from LLM
5: R1 ; :::; Rk � LLM(l task :: lsafety; M; prompt )
6: // Train policies in simulation
7: � 1 = A (M; R 1); :::; � k = A (M; R k )
8: // Evaluate policies in simulation
9: s1 = F (� 1); :::; sK = F (� k )

10: // Reward reflection
11: prompt := prompt :: Reflection (Rn

best ; sn
best ),

wherebest = arg max k s1 ; :::; sK

12: // Update best reward and policy
13: RDrEureka; � initial ; sDrEureka = ( Rn

best; � n
bests

n
best), if sn

best >
sEureka

14: Output : RDrEureka; � initial

A. Background: Eureka Reward Design

Our reward design component builds on Eureka [9] due to its
simplicity and expressivity but introduces several improvements
to enhance its applicability for sim-to-real settings. In Eureka,
the LLM �rst takes the task descriptionl task and a summary
of the environment state and action spaces (provided by
environment codeM ) as input, and then samples several reward
functions as code. Each reward function candidate is evaluated
by training policies using reinforcement learning using that
reward, and computing task scoresF for these policies. These
scores as well as other training statistics (e.g., values of the
reward components during training) are provided as feedback
to the LLM to iterativelyevolvebetter reward functions that
maximizeF . The �nal output of Eureka is the best reward and
policy pair

REureka; � Eureka := Eureka (M; l task) (5)

B. Safety Instruction

In Eureka, an implicit assumption is that the target environ-
mentM � is the training simulation environmentM . This is un-
desirable in the sim-to-real setting because a higher simulation
score can often be achieved by over-exerting the robot motors or
learning unnatural behavior, which consequently encourages the
LLM reward candidate sampler to favor reward functions that
do not include safety terms (e.g., torque magnitude penalty).
To mitigate this problem, one approach is post-hoc adding
safety terms toREureka. But this approach requires manually
de�ning the safety terms and also fails to consider how the
safety terms interact with other task-relevant components in
REureka. If the scale of the safety term dominates other terms,
this approach may inadvertently induce degenerate behavior
that is overly conservative [61].

Instead, we propose to directly exploit the strong instruction-
following capability of instruction-tuned LLMs [62] and prompt
the LLM to explicitly consider including safety terms for
stability, smoothness, and desirable task-speci�c attributes as a

part of the language speci�cationl :

RDrEureka; � initial := Eureka (M; l task+ lsafety) (6)

We hypothesize that this allows the LLM to naturally balance
the weighting and potentially non-additive interactions of all
reward components, thereby enabling better real-world transfer.
See Algorithm 1 for pseudocode.

C. Reward-Aware Physics Prior

A safe reward function can regularize the policy behavior
�xing a choice of environment, but is not in itself suf�cient for
sim-to-real transfer. GivenRDrEureka and� initial , how should we
prompt the LLM to generate effective domain randomization
con�gurations? This is a challenging problem because we do
not have access to the real-world environmentM � at training
time. However, we do have access toM , which comes with
default values for simulation physics parameters. Even so, the
default values themselves are not suf�cient as guidance for the
LLM because they reveal no information about the parameter
scales and base ranges from which to sample. Simulation
physical parameters often have built-in ranges (i.e., max and
min values), but we hypothesize that these ranges are too wide
and may signi�cantly hamper policy learning [10, 16].

We introduce a simplereward aware physics prior (RAPP)
mechanism to restrict the base ranges for the LLM. At a
high level, RAPP seeks for the maximally diverse range of
environment parameters that� initial is still performant. Our
insight is that domain randomization should be dependent
on the task reward function and customized to the policy
behavior learned without domain randomization. For instance,
randomizing frictions over too wide of a range is likely
to sample friction values that are infeasible to learn given
the reward function. In practice, RAPP computes, for each
domain randomization parameter, a lower and upper bound of
values that are “feasible” for training. For each parameter, we
search through a general range of potential values at varying
magnitudes, and with each value, we set it in simulation
(keeping all other parameters at default) and roll out� Eureka in
this modi�ed simulation. If the policy's performance satis�es
a pre-de�ned success criterion, we deem this value as feasible
for this parameter. Given the set of all feasible values for each
parameter, our lower and upper bounds for a parameter are the
minimum and maximum feasible values. It is computationally
light since it requires only evaluating the policies under different
physics parameters and can be ef�ciently done in parallel.



Algorithm 2 Reward Aware Physics Prior (RAPP)

1: Require: Reinforcement learning policy� initial , simulator S,
success criteriaF , domain randomization parametersP and
their respective search valuesR ,

2: for randomization parameterp 2 P do
3: // Initialize output range to extremes
4: l = inf ; h = � inf
5: for search valuer 2 R do
6: // Change one randomization parameter

while leaving others at default value
7: S:p = r
8: // Evaluate policy in simulation,

record trajectory �
9: � = S(� initial)

10: // Evaluate success criteria, update
range if successful

11: if F (� ) then
12: l = min( l; r )
13: h = max( h; r )
14: Output : l; h for eachp 2 P

D. LLM for Domain Randomization

Given the RAPP ranges for each DR parameter, the �nal
step of DrEureka instructs the LLM to generate domain
randomization con�gurations within the limits of the RAPP
ranges. Compare this to automatic domain randomization [27,
28]: they too search for parameter ranges where the policy
performs well, but they directly set the DR parameters to this
range. Instead, we use it as a guide for LLM. Our experiments
show that this performs better as the base range can be too
wide and hampers policy learning. Concretely, we provide all
randomizable parametersP and their RAPP ranges in the LLM
context and ask the LLM (1) to choose a subset off pg � P
to randomize and (2) determine their randomization ranges.
See Figure 3 for the actual domain randomization prompt
DrEureka uses in our main experiments. In this manner, the
backbone LLM zero-shot generates several independent DR
con�guration samples,T1; :::; Tm . Finally, we use RL to train
policies for each reward and DR combination, resulting in a
set of policies where

� �nal,i = A(M; Ti ; RDrEureka); i = 1 ; :::m (7)

Unlike the reward design component, it is dif�cult to select
the bestDR con�guration and policy in simulation because
each policy is trained on its own DR distribution and cannot be
easily compared. Hence, we keep allm policies and report both
the best and the average performance in the real world. Finally,
note that some prior works prescribe continuing to tune the
DR con�guration to adapt to improving policy capabilities over
the course of training [27, 28, 45, 47]; we �nd in practice that
the initial DR con�gurations generated byDrEureka suf�ce
for sim-to-real transfer in our setups without intra-training
adaptation.

1In both Without Prior andUninformative Priorexperiments, 15 out of the
16 policies resulted in jerky and dangerous behavior, many times immediately
triggering the controller's motor power protection fault. We count these trials
as 0m/s, 0m traveled.

Fig. 3: DrEureka prompt for generating domain randomization
parameters. The blue paragraph describes the instruction, and the
green paragraph is the reward aware parameter prior computed in
Algorithm 2.

V. EXPERIMENTAL SETUP

Robots and Tasks. We adopt commercially available,
low-cost robots with well-supported open-sourced simulators
as our evaluation platforms. For our main experiments on
quadrupedal locomotion, we use Unitree Go1. The Go1 is a
small quadrupedal robot with 12 degrees of freedom across four
legs. Its observations include joint positions, joint velocities,
and a gravity vector in the robot's local frame, as well as a
history of past observations and actions. We use the simulation
environment as well as the real-world controller from Margolis
et al. [25]. The task of forward locomotion is to walk forward
at 2 meters-per-second on �at terrains; while it is possible for
the robot to walk forward at a higher speed, we �nd 2 m/s to
strike a good balance between task dif�culty and safety as our
goal is not to achieve the highest speed possible on the robot.
In the real world, we set up a 5-meter track in the lab (see
Figure 4) and measure the forward projected velocity and total
meters traveled in the track direction.

In addition to locomotion, we validateDrEureka 's applica-
bility to a second task category of dexterous manipulation.
Here, we use the LEAP hand [30], which is a low-cost
anthropomorphic robot hand, featuring 16 degrees of freedom
distributed among three �ngers and a thumb. The task involves
rotating a cube in-hand as many times as possible within a 20-
second interval. This task is challenging because the policy only
receives 16 joint angles and proprioceptive history, encoded
via GRU [63], as observation and does not have access to the
position and the pose of the cube. The policy then outputs
target joint angles as position commands to the motors.

Both robots cost less than 10K USD and admit simulators
in NVIDIA Isaac Gym [64] with sim-to-real training code that



has been tested in the real world.
Methods. DrEureka uses GPT-4 [65] as the backbone

LLM, and we use the original Eureka hyperparameters for
reward generation before sampling 16 DR con�gurations.
To understand the best and the average performance of
DrEureka , we train policies for all 16 con�gurations and
evaluate all policies in the real world. We primarily compare
to the human-designed reward function and DR con�guration
from the original task implementations [25, 30] as reference;
We refer to this baseline asHuman-Designed . Note that this
baseline for forward locomotion trains a velocity-conditioned
policy and utilizes a reward function with a velocity curriculum
that gradually increases as policy training progresses. For our
comparison, we train on the whole curriculum but evaluate the
policy at 2 m/s. We emphasize that the purpose of comparing to
Human-Designed is to determine whetherDrEureka can
beuseful– i.e., enabling sim-to-real transfer on a representative
robot task for which robotics researchers have devoted time
to designing effective sim-to-real pipelines. The absolute
performance ordering is of less importance as LLMs and
humans arrive at their respective sim-to-real con�gurations
using vastly different computational and cognitive mechanisms.

To verify that a policy outputted by a reward-design
algorithm itself is not effective for real-world deployment,
we also compare against Eureka [9], which designs rewards
using LLMs without safety consideration and trains policies
without domain randomization. Additionally, we consider two
classes of ablations that probe (1) whether some �xed DR
con�guration can generally outperformDrEureka samples,
and (2) the importance ofDrEureka 's reward-aware priors
(SectionIV-C) and LLM sampling (SectionIV-D). In the �rst
class, we �rst compare to an ablation that does not train
with domain randomization (No DR). Second, we consider a
baseline that trains with thehuman-designed DR (Human-
Designed DR) in the original implementation. Third, we
consider a baseline that directly uses the full ranges of the
RAPP parameter priors as the DR con�guration (Prompt DR);
this ablation can be viewed as applying domain randomization
algorithms [27, 28, 45] that seek to prescribe the maximally
diverse parameter ranges where the policy performs well as the
con�gurations. In the second category of ablations, we consider
an ablation that only has access to the set of physics parameters
but without the reward-aware priors (No Prior ). Additionally,
we consider an ablation that has only the default search range
for RAPP as the parameter priors (Uninformative Prior ).
Finally, we consider a baseline that randomly samples from the
RAPP ranges (Random Sampling); this baseline helps show
whether LLM-based sampling is a better hypothesis generator.
In all ablations, we �x theDrEureka reward function for the
task and only modify the DR con�gurations.

Finally, we compareDrEureka 's DR-generation with prior
methods based on Cross Entropy Method (CEM) [16, 66, 67]
and Bayesian Optimization (BayRn) [49, 68], which optimize
DR parameters by repeatedly training and evaluating policies
in real. Note that while CEM and BayRn tackle the same
problem, their iterative procedure is conceptually different

Sim-to-real Con�guration Forward Velocity (m/s) Meters Traveled (m)

Human-Designed [25] 1.32 � 0.44 4.17� 1.57
Eureka [9] 0.0 � 0.00 0.00� 0.00
Our Method (Best) 1.83 � 0.07 5.00 � 0.00
Our Method (Average) 1.66 � 0.25 4.64� 0.78

Ablations for Our Method

Without DR 1.21 � 0.39 4.17� 1.04
With Human-Designed DR 1.35 � 0.16 4.83� 0.29
With Prompt DR 1.43 � 0.45 4.33� 0.58
Without Prior 0.09 � 0.361 0.31 � 1.25
With Uninformative Prior 0.08 � 0.331 0.28 � 1.13
With Random Sampling 0.98 � 0.45 2.81� 1.80

DR Generation Baselines

CEM Random 0.00 � 0.00 0.00� 0.00
CEM RAPP 1.46 � 0.12 5.00� 0.00
BayRn RAPP 1.28 � 0.62 4.00� 1.73

TABLE I: Main comparison against baselines and ablations
for forward locomotion. DrEureka 's average and best policies
outperformHuman-Designed and a prior reward-design baseline.
Ablations of the DR formulation inDrEureka and alternative
baselines all result in decreased performance.

from DrEureka , which trains all policies in parallel; thus, this
comparison favors the baselines because they use additional
information from intermediate real-world evaluations. First,
we consider CEM initialized with mean at simulation default
values and variance 1 (CEM Random), following [16]. Second,
we consider CEM initialized by randomly sampling within
the RAPP bounds, (CEM RAPP), which provides a stronger
prior. Third, we consider BayRn with parameters bounded
by RAPP and initial samples randomly drawn from RAPP
(BayRn RAPP). Additional details are in the Appendix.

Policy Training and Evaluation. We train all policies
entirely in the simulation environment and use policy training
code framework provided by Margolis et al. [25] for forward
locomotion and Shaw et al.[30] for cube rotation. For both
tasks, the reinforcement learning algorithm is Proximal Policy
Optimization (PPO) [69]. Forward locomotion speci�cally
uses a teacher-student variant of PPO in which the teacher
policy receives privileged state information in simulation
to supervise a student policy that uses sensors available in
the real world. Adopting the evaluation protocol from Ma
et al. [9], we use the original policy training hyperparameters
for all policy training and do not modify or tune them for
DrEureka 's con�gurations. Therefore, the differences in
performance betweenDrEureka and Human-Designed
can be attributed to the different DR parameters as well
as reward functionsDrEureka produces. For every DR
con�guration, we train policies using 3 random seeds and
report average as well as standard deviation across trials and
seeds. Video results are included on our project website.

VI. RESULTS AND ANALYSIS

Our experiments are designed to answer the following:

1) CanDrEureka be competitive with manual, pre-existing
Sim2Real pipeline on known tasks?

2) How important is each component ofDrEureka ?
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