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ABSTRACT

We present MimicAgent, a text-to-trajectory generation framework for learning dy-
namic quadruped skills. Although reward shaping is extensively used when training
quadruped policies, navigating the resulting reward landscape is notoriously diffi-
cult, requiring hours of ”graduate student descent”. Eureka attempts to automate
reward design with LLMs, but we find that it struggles to generalize across diverse
skills and morphologies. Motivated by the success of example-guided RL for
humanoids, we revisit skill learning from demonstrations for quadrupeds. Unlike
humanoids, which can exploit large-scale motion capture datasets for learning,
quadrupeds lack such reference motion data. We make the observation that manu-
ally keyframing quadruped reference motions can be more intuitive than reward
shaping; in particular, we find that rather coarse and even dynamically-infeasible
motions can still be effective reference targets for example-guided RL. However,
manual keyframing is still too cumbersome to create large-scale skill libraries. To
address this challenge, we propose an LLM-based pipeline that generates kinemati-
cally feasible quadruped trajectories for diverse skills. Although these trajectories
are not dynamically feasible, we show that they are sufficient to train successful
policies. Across all evaluated skills, human raters consistently prefer policies
generated by MimicAgent over those produced by Eureka. See our project page
for more details.

1 INTRODUCTION

In recent years, learning-based locomotion policies have demonstrated impressive agility and ro-
bustness across a wide range of behaviors Mahankali et al. (2024); Margolis & Agrawal (2023) and
terrains Lee et al. (2020). However, training such RL policies typically relies on carefully tuned
rewards. For complex and highly dynamic skills, designing bespoke reward functions is notoriously
difficult and often requires extensive trial-and-error Kumar et al. (2021); Nahrendra et al. (2023); Long
et al. (2023). This challenge has motivated recent efforts to eliminate manual reward engineering
entirely.

Automating Reward Design with LLMs. Recent work has explored using LLMs to automate reward
design Yu et al. (2023); Ma et al. (2023). For example, Eureka leverages coding LLMs to generate
and iteratively refine reward functions from natural language task descriptions. While promising,
these methods still depend on hand-engineered success metrics to evaluate candidate rewards and
often struggle to generalize across diverse skills and morphologies. In practice, generated reward
functions are brittle and often don’t accurately follow natural language guidance, particularly for
underexplored robot embodiments such as wheeled quadrupeds (Table 1).

Learning from Examples. An alternative to reward-centric RL is learning from demonstrations.
Example-guided RL has been a key enabler for recent progress in humanoid locomotion, where motion
capture datasets Mahmood et al. (2019); Allshire et al. (2025); Xu et al. (2025); He et al. (2024); Ji
et al. (2024); Yu et al. (2021); Luo et al. (2023); Peng et al. (2018b), or manually annotated keyframes
Peng et al. (2018a; 2021); Zhang et al. (2025) provide rich supervision. However, quadrupeds lack
such large-scale, publicly available datasets. Recent works Bellegarda et al. (2025); Tirumala et al.
(2019) curate libraries of simple quadruped motion patterns like walking, trotting, and galloping.
However, such efforts are orders of magnitude smaller and less diverse than comparable humanoid
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Figure 1: Overview. MimicAgent uses LLM coding agents to generate kinematically feasible
trajectories from natural language prompts (Step 1). We show that these coarse motions are effective
reference targets for example-guided RL policies, and that generating plausible trajectories with an
LLM is often easier than designing robust reward functions for the same behaviors (Step 2).

datasets. This data scarcity limits the applicability of demonstration-based methods despite their
strong empirical performance.

Agentic Trajectory Generation. To address this gap, we propose MimicAgent, an LLM-based
agentic pipeline that directly generates text-guided example trajectories for policy learning. Our key
observation is that it is far easier for a human – and by association, an LLM – to generate reference
motions than to generate reward functions. Given a natural language skill description, MimicAgent
produces executable code defining base motion and foot trajectories. This code is then executed in
a MuJoCo engine using forward kinematics to produce kinematically feasible trajectories, without
running a full physics simulator. Although the resulting trajectories are not dynamically feasible, they
provide structured, task-relevant supervision that can be consumed by a downstream imitation-based
RL pipeline like DeepMimic Peng et al. (2018a).

Contributions. We present three major contributions. First, we introduce MimicAgent, an LLM-
based text-to-trajectory framework for learning dynamic quadruped skills. Although MimicAgent
generates dynamically infeasible trajectories, we show that they are sufficient to train successful
policies. Our experiments highlight the limitations of prior LLM-based approaches for reward
shaping, and demonstrate the effectiveness of using LLMs for trajectory synthesis.

2 RELATED WORKS

Quadrupedal Locomotion has matured significantly in recent years Kumar et al. (2021); Lee et al.
(2020); Nahrendra et al. (2023); Margolis & Agrawal (2023); Mahankali et al. (2024); Smith et al.
(2023). Early work primarily focused on training legged robots to execute complex contact sequences
to achieve different locomotion gaits. A common approach is to use model predictive control (MPC)
to track predefined contact patterns Grandia et al. (2019); Villarreal et al. (2020), enabling canonical
gaits such as trotting Di Carlo et al. (2018), pacing Raibert (1990), bounding Eckert et al. (2015),
and galloping Marhefka et al. (2003), as well as non-conventional gaits with customized contact
timings Li et al. (2022); Winkler et al. (2018). Despite their success, MPC-based approaches require
hand-designed reference trajectories and incur high computational costs, limiting behavioral diversity.
Recent work extends these ideas to agile bipedal quadrupedal motions Li et al. (2024) and whole-
body loco-manipulation Qiu et al. (2025); Ouyang et al. (2025). In contrast, our approach leverages
example-guided reinforcement learning, which can be more intuitive than designing foot contact
sequences.

Text-to-Robot Control is an active area of research for both quadrupeds Tang et al. (2023); Zhou
et al. (2025); Jian et al. (2025) and humanoids Cui et al. (2024); Tessler et al. (2023); Cui et al. (2025);
Tirinzoni et al. (2025). Early methods relied on structured text templates or NLP tools like parse trees
to extract constraints and generate robot trajectories Kress-Gazit et al. (2008); Chai et al. (2018);
Howard et al. (2014). Other approaches used representation learning to train language-conditioned
policies that map free-form instructions directly to actions Stepputtis et al. (2020); Brohan et al.
(2022); Mees et al. (2022); Shridhar et al. (2022). However, such approaches require large annotated
datasets with paired text and robot control, which is difficult to collect for diverse locomotion
behaviors. More recent methods prompt LLMs to generate robot code, bridging the gap between
language and motor control via intermediate representations like high-level plans, primitive skills, or
trajectories Vemprala et al. (2024); Lin et al. (2023); Liang et al. (2022); Singh et al. (2022); Bucker
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Figure 2: Keyframing Reference Mo-
tion. We visualize a MuJoCo forward
kinematics model for puppeteering a
quadruped by manually keyframing
reference trajectories. We demonstrate
that such an interface is easier for both
humans and LLMs to tune, compared
to standard workflows for reward shap-
ing.

et al. (2022). Inspired by prior work, we leverage LLMs to directly generate reference trajectories for
imitation learning.

3 MIMICAGENT: LEARNING DYNAMIC SKILLS WITH LLM-BASED
TRAJECTORY SYNTHESIS

MimicAgent aims to automate motion imitation learning by replacing manual reward engineering
with an agentic motion synthesis pipeline. Given a natural language description of a quadruped skill
(e.g. wheeled quadruped doing a frontflip), MimicAgent generates reference motion
trajectories that can be directly used by imitation-based RL algorithms. Rather than navigating
a complex and brittle reward landscape, MimicAgent leverages the observation that generating a
plausible reference trajectory is often significantly easier than designing a robust reward function for
the same behavior.

Agentic Motion Synthesis Pipeline. MimicAgent is an iterative pipeline that decomposes motion
synthesis into motion planning, code generation, execution, and refinement (Algorithm 1).

The input to the system is a natural language skill description, which is processed by the motion
planner agent to produce a phase-based motion plan encoding the temporal and kinematic structure
of the skill over a cyclic phase variable. Each motion plan describes the overall motion intent and
stability strategy, the decomposition into sub-phases with associated leg contact states, coordination
patterns across leg groups, base linear and angular velocity commands in the body frame, and
qualitative leg trajectories relative to the body. It also provides handoff notes for the code generation
agent for controller implementation.

Each skill is represented over a normalized phase variable ϕ ∈ [0, 1], allowing motions of arbitrary
duration to be expressed in a unified, phase-indexed form. A trajectory is defined as a sequence of
keyframes sampled at discrete phase values. Each keyframe specifies the base position p(t), base
orientation q(t), and joint rotations θ(t).

pt ∈ R3, qt ∈ R4, ∥qt∥ = 1, θt ∈ Rn

X0:T =

{
xt =

[
pt

qt

θt

] ∣∣∣∣∣ t = 0, . . . , T

}

This representation enables a compact and interpretable parameterization capable of expressing a
wide range of locomotion behaviors.

Code Synthesis and Trajectory Execution. Given the motion plan, a coding agent synthesizes an
executable program that defines the temporal functions and sequence for base and foot trajectories.
The generated code is executed in a MuJoCo simulator. Importantly, we do not perform any physics
simulation. As a result, the synthesized trajectories are kinematically consistent but generally violate
dynamic constraints. MimicAgent explicitly embraces this tradeoff, delegating dynamic feasibility to
the imitation learning stage.
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Algorithm 1 MimicAgent Trajectory Generation

def mimic_agent(skill_description, N=4):
iters = 0
state = [skill_description]

motion_plan = motion_planner(skill_description)
state.append(motion_plan)

skill_code = coder_agent(motion_plan, state)
state.append(skill_code)

while not pass and iters < N:
trajectory = code_executor(skill_code)
pass = unit_test(trajectory)
state.append(result)

if pass:
return trajectory

llm_feedback = motion_diagnosis(state)
state.append(llm_feedback)

skill_code = code_modifier(skill_code, state, human_feedback=None
)

iters += 1

return None

Task-Agnostic Unit Tests. To validate generated trajectories without introducing task-specific
biases, MimicAgent employs a set of task-agnostic unit tests. Rather than optimizing task rewards,
MimicAgent filters generated motions using task-agnostic constraints, enabling scalable reference
trajectory generation without manually specifying task-specific success criteria. These tests are
designed to reject physically implausible or degenerate trajectories while remaining broadly applicable
across skills. Each unit test computes a scalar reward, and the aggregate score determines whether a
trajectory passes validation. The unit tests include:

• Base Height Envelope. The base height is constrained to remain within a reasonable envelope
relative to the ground. Heights below 0.1 meters or those exceeding twice the standing base
height are penalized. This test returns a binary reward of +1 or −1.

• Joint Violation Penalty. Joint limit violations are penalized proportional to their frequency.
The reward is computed as rjoint = −1 × Nviolated, where Nviolated denotes the number of
joints exceeding their limits.

• Ground Penetration. Foot-ground penetration is penalized based on severity. Trajectories
in which all four feet penetrate the ground incur a large penalty, while partial penetration
results in a smaller penalty. The reward is bounded between +1 and −1.

• Feet Air-Time Constraint. For non-aerial skills, at least one foot must remain in contact with
the ground for half of the motion cycle. This constraint prevents degenerate motions that
unrealistically leave the ground for extended durations.

Importantly, these unit tests do not encode task success, performance objectives, or stylistic pref-
erences. They serve purely as structural validity checks, ensuring that generated trajectories are
suitable as imitation references. In contrast, Eureka Ma et al. (2023) relies heavily on carefully
designed task-specific success functions to generate reward signals. Defining such success criteria is a
time-intensive process and is often a significant bottleneck for learning large skill libraries. Motivated
by this limitation, MimicAgent adopts a task-agnostic validation strategy that avoids task-specific
success criteria entirely.

Iterative Refinement. If a trajectory fails validation, a diagnostic agent analyzes the failure in the
context of the full system state, including the skill description, motion plan, generated code, and
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unit test outcomes. The diagnostic agent produces natural language feedback identifying likely
failure modes. A code modification agent then revises the trajectory-generating program accordingly.
This process iterates until a trajectory passes all unit tests or a fixed iteration budget is reached.
Valid trajectories are returned for downstream imitation learning. The code modification agent can
optionally also take human feedback to improve code generation quality.

By shifting the focus from reward optimization to reference trajectory synthesis, MimicAgent avoids
the brittle and time-consuming process of manual reward engineering. Unlike LLM-based reward
design methods that require repeated policy training and hand-crafted evaluation criteria, MimicAgent
generates supervision directly in trajectory space. This makes the framework efficient, interpretable,
and naturally extensible to diverse quadruped skills.

4 EXPERIMENTS

In this section, we briefly describe our evaluation metrics, provide an empirical analysis of our
baselines, and ablate the annotation time and impact of reference motion quality between human
annotated keyframes and our agentic trajectory synthesis pipeline.

Metrics. We quantitatively compare manual keyframing, Eureka Ma et al. (2023), and MimicAgent
with a user study. Participants were presented with pairs of textual task descriptions and videos
of trained policies corresponding to that task. Participants were asked to rate how well the policy
follows the task description on a 5-point Likert scale. Videos were presented in a randomized order to
eliminate ordering bias and participants were not informed which method was used to generate each
policy. In addition, we compute the mean squared error between the reference trajectories and the
trajectories produced by the learned policy for both human annotated keyframes and MimicAgent’s
keyframes to measure how faithfully the learned policy follows the demonstration. This allows us to
measure the quality and dynamic feasibility of the reference motion.

Baselines. We compare MimicAgent with policies trained by Eureka Ma et al. (2023) and human
annotated keyframes. Eureka frames reward design as a program synthesis problem: given a textual
skill description and access to environment code (e.g., observations, episode termination conditions,
and success function), an LLM generates candidate reward functions. Multiple reward functions are
sampled per iteration, trained in parallel, and evaluated using predefined success criteria, with an
evolutionary search loop selecting and refining the best-performing rewards. Next, we also evaluate
DeepMimic Peng et al. (2018a) policies learned from human annotated keyframes. To simplify
the annotation process, we created a custom annotation tool with Claude Sonnet 4.5 to control
foot positions and root body pose using click-and-drag mechanics for coarse control and sliders for
fine-grained control (Figure 2).

Skills. We evaluate the following skills in our user study. Notably, these five skills are chosen because
they are particularly easy to keyframe.

• UniTree Go2 Trot. A symmetric diagonal gait where front-left and rear-right legs alternate
with front-right and rear-left, maintaining continuous ground contact and a stable torso while
tracking commanded forward velocity.

• UniTree Go2 Bounding. A dynamic gait where the front legs push off together followed
by the rear legs, producing a brief aerial phase and pronounced vertical oscillation while
maintaining forward propulsion.

• UniTree Go2-W Front Flip. An acrobatic maneuver where the robot generates strong forward
pitch momentum, enters a fully airborne phase, rotates 360 about its lateral axis, and lands
upright with controlled impact.

• UniTree Go2-W Side Flip. A lateral acrobatic motion where the robot initiates a rapid
roll rotation about its longitudinal axis, becomes fully airborne, completes a full 360 side
rotation, and recovers to a stable stance.

• UniTree Go2-W Aerial Crossover. While carving forward on its wheels, the robot lifts
alternating diagonal leg pairs off the ground, executing rapid mid-air crossover wave motions.

Comparison with State-of-the-Art. We conduct a user study (n = 30) comparing policies gener-
ated from human annotated keyframes, Eureka, and MimicAgent. Participants consistently prefer
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Table 1: Comparison to State-of-the-Art. We conduct a user study (n=30) to compare policies
generated by human annotated keyframes, Eureka, and MimicAgent. We find that users prefer
MimicAgent policies for Walking, Side Flip, Front Flip, and Aerial Crossover. Users prefer policies
generated by human annotated keyframes for bounding, though all policies receive low ratings.
Higher is better.

Skill Walking Bounding Side Flip Front Flip Aerial Crossover
Robot Go2 Go2 Go2-W Go2-W Go2-W
Key Frames 2.5 3.5 3.6 4.3 2.6
Eureka 1.8 2.8 1.3 1.4 2.2
MimicAgent 4.4 2.5 4.9 4.6 4.2

Table 2: Comparison of Time-to-Annotation. We evaluate the time to annotation (in minutes) be-
tween human annotated keyframes and MimicAgent keyframes. Notably, MimicAgent is consistently
faster than human annotated keyframes. Lower is better.

Skill Walking Bounding Side Flip Front Flip Aerial Crossover
Robot Go2 Go2 Go2-W Go2-W Go2-W
Key Frames 2.6 4.5 4.5 4.4 7.6
MimicAgent 1.1 1.2 2.9 3.2 3.6

MimicAgent policies for Walking (+2.6 vs. Eureka), Side Flip (+3.6 vs. Eureka), Front Flip (+3.2
vs. Eureka), and Aerial Crossover (+2 vs. Eureka). For Bounding, users favor policies generated
from human-annotated keyframes, although all approaches received relatively low ratings. Notably,
Eureka still relies on carefully specified task-specific success metrics and exhibits limited robustness
when scaling to diverse, stylistically different skills. Although MimicAgent does not require task-
specific unit tests, we hand-engineer success criteria for Eureka’s policies to give it a better chance
of succeeding. Despite this, performance degrades for wheeled quadruped skills (UniTree Go2-W),
likely due to the increased complexity of the joint space. We provide videos for all policies used in
this user study on our project page.

Time-to-Annotation. We compare the time required for human-annotated keyframes and MimicA-
gent generated keyframes in Table 2. We find that MimicAgent consistently requires less time than
manually annotated keyframes. The five skills evaluated are intentionally limited to relatively simple
motions (e.g. unidirectional velocity or in-place yaw) and do not include more complex skills that
combine these elements, such as asymmetric leg movements coupled with base rotations. Such skills
are difficult and time-consuming to keyframe manually. In contrast, learning-based agents are able to
generate these types of skills quickly. We posit that as skill complexity increases, human annotation
time will grow significantly faster than MimicAgents skill generation time.

Automatic Skill Generation. In addition to manually prompting MimicAgent, we can leverage
LLMs to automatically generate large-scale skill libraries. Figure 3 visualizes the success rates
of this automated skill generation process. We first prompt an LLM to propose candidate skills,
resulting in 111 total skills. Of these, 11 are deemed infeasible, while 78 successfully converge after
four iterations. We further show that incorporating non-expert human feedback improves policy
performance, increasing the number of successful skills to 96. Notably, this feedback only provides
high-level guidance rather than specific code modifications or hyperparameter tuning. We visually
inspect all generated trajectories to determine the success rate.

Comparison with Reference Motion. We compare DeepMimic-style policies trained on reference
trajectories generated with our manual keyframing tool (133 frames) and MimicAgent (133 frames)
in Table 3. Policies trained with MimicAgent reference trajectories consistently achieved lower error
across all skills and evaluation metrics, suggesting that the original reference trajectories were more
dynamically feasible than human-annotated trajectories. We track errors for root position in the global
frame (ERP , m), root rotation (ERR, rad), joint rotation (EJR, rad), joint velocity (EJV , rad s−1),
root linear velocity (ERLV , m s−1), and root angular velocity (ERAV , rad s−1) . This improvement
is most pronounced for highly dynamic skills such as side flips, front flips, and aerial crossovers,
where policies trained on manually keyframed trajectories exhibit significantly larger velocity and
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Figure 3: Automatic Skill Generation. We use an LLM to propose diverse locomotion skills,
yielding 111 candidate skills. We generate trajectories for all skills using MimicAgent: 11 are deemed
infeasible, while 78 succeed after up to four iterative attempts. Incorporating human-in-the-loop
feedback further improves performance, increasing the total number of successful skills to 96. We
visualize several examples in Figure 4.

Table 3: Comparison with Reference Motion. We evaluate DeepMimic policies trained with human
annotated keyframes and MimicAgent keyframes against their respective reference trajectories.
Across all skills and metrics, MimicAgent policies achieve lower mean squared error on both
pose-level errors (root and body position and rotation), and motion-level errors (linear and angular
velocities). Lower is better.

Method Error Metric Walking Bounding Side Flip Front Flip Aerial Cross
Robot Go2 Go2 Go2-W Go2-W Go2-W

KeyFrame Tool

ERP 0.170 0.076 0.199 0.099 0.020
ERR 0.177 0.208 0.238 0.208 0.025
EJR 0.360 0.320 0.484 0.507 0.396
EJV 4.313 3.868 8.380 15.183 6.823
ERLV 0.251 0.214 0.548 0.287 0.035
ERAV 0.918 0.517 1.883 1.126 0.233

MimicAgent

ERP 0.052 0.049 0.077 0.089 0.013
ERR 0.046 0.114 0.207 0.160 0.024
EJR 0.109 0.224 0.382 0.528 0.373
EJV 0.646 1.580 5.299 12.871 4.761
ERLV 0.093 0.136 0.295 0.264 0.044
ERAV 0.176 0.353 1.869 1.697 0.211

angular velocity errors. In contrast, policies trained on MimicAgent references result in improved
motion timing and smoother rotational dynamics during policy learning. Even for simpler skills such
as walking and bounding, MimicAgent yields lower global pose error, reflecting higher reference
motion quality. These results indicate that improved reference trajectory quality directly reduces
downstream imitation error, demonstrating the effectiveness of MimicAgent as a scalable alternative
to manual keyframing for imitation-based RL.

Qualitative Results. We visualize policies trained with MimicAgent reference trajectories in Figure
4. We find that MimicAgent can successfully learn policies for diverse text prompts (more videos on
the project page).

Analysis of Failure Cases. Policies trained for jumping and midair 180◦ turns failed to learn the
intended behaviors. Instead, the robot exploited the task by completing the turn on the ground, likely
due to incorrect or near-static foot trajectories that did not sufficiently encourage lift-off. These
issues align with recurring failure patterns observed in practice, where agents become trapped in
error loops (e.g., alternating between ground penetration and air penalties). This suggests a need for
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(a) Forward locomotion via large-amplitude lateral base swaying like an inverted pendulum.

(b) Backward lateral locomotion with cartwheel-style leg rotations and circular trajectories.

(c) Legs traces a diamond-shaped pattern on the ground.

(d) Circular locomotion with side-to-side base swaying, like a swinging hammock.

Figure 4: Qualitative Skill Synthesis Results. We present representative skills synthesized by
MimicAgent across both active and passive motion regimes. Each subfigure shows a different skill
(with the initial prompt in the subcaption); please see the project page for trajectory rollouts.

more specialized tool calls and verification checks, such as explicit validation of foot placement and
contact conditions.

Limitations and Future Work. Unlike cyclic skills such as walking or skating, more complex,
acyclic skills lack direct control over velocity commands or phase durations, making execution and
debugging on real hardware difficult. This issue is exacerbated by largely task-agnostic unit tests;
while they provide baseline coverage, we observe clear gains from human-in-the-loop feedback.
This suggests that skill-specific feedback could further reduce failure rates and improve sim-to-real
transfer. Future work should use LLMs to automatically generate skill-specific unit tests and provide
targeted feedback during trajectory synthesis.

5 CONCLUSION

In this paper, we present MimicAgent, an LLM-based agentic pipeline for quadruped trajectory
generation. By leveraging coding agents to synthesize coarse yet kinematically feasible reference
motions, MimicAgent sidesteps the brittleness and manual effort of reward shaping while avoiding
the need for large-scale motion capture datasets. Our results show that, despite being dynamically
infeasible, these automatically generated trajectories are sufficient for training robust and expressive
behaviors across a diverse set of skills. Human evaluations consistently favor policies trained with
MimicAgent over those produced by Eureka, highlighting our method’s improved motion quality and
language following abilities.
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