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Abstract—This paper documents a case study in agent-driven
autonomous reinforcement learning research for quadruped lo-
comotion. The setting was not a fully self-starting research
system. A human provided high-level directives through an
agentic coding environment, while an agent carried out most
of the execution loop: reading code, diagnosing failures, editing
reward and terrain configurations, launching and monitoring
jobs, analyzing intermediate metrics, and proposing the next
wave of experiments. Across more than 70 experiments organized
into fourteen waves on a DHAV1 12-DoF quadruped in Isaac
Lab, the agent progressed from early rough-terrain runs with
mean reward around 7 to a best logged Wave 12 run, exp063,
with velocity error 0.263 and 97 % timeout over 2000 iterations,
independently reproduced five times across different GPUs. The
archive also records several concrete autonomous research deci-
sions: isolating PhysX deadlocks to terrain sets containing boxes
and stair-like primitives, porting four reward terms from openly
available reference implementations [1], [2], correcting Isaac Sim
import and bootstrapping issues, reducing environment count
for diagnosis, terminating hung runs, and pivoting effort away
from HIM after repeated terrain=0.0 outcomes. Relative to the
AutoResearch paradigm [3], this case study operates in a more
failure-prone robotics RL setting with multi-GPU experiment
management and simulator-specific engineering constraints. The
contribution is empirical and documentary: it shows that an
agent can materially execute the iterative RL research loop in
this domain with limited human intervention, while also making
clear where human direction still shaped the agenda.

Index Terms—autonomous agents, autonomous research,
quadruped locomotion, reinforcement learning, Isaac Lab, re-
ward shaping, robotics

I. INTRODUCTION

Recent interest in autonomous ML research has shifted from
code completion toward closed-loop experimentation, where
an agent proposes changes, edits code, runs experiments,
inspects outputs, and decides what to try next. The Al Scientist
demonstrated that an agent can generate, execute, and write up
ML experiments end-to-end [4], and its successor extended
this to workshop-level papers via agentic tree search [5].
Karpathy’s AutoResearch project is a compact public example
of this pattern: an agent iterates on a single-GPU training
setup, measures the result, and keeps searching without a
human manually editing the training code each time [3]. Agent
Laboratory further explored using agents as research assistants
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across the full scientific workflow [6]. That framing raises a
practical question for robotics RL: can the same style of agent-
driven research work when experiments depend on physics
simulation, reward engineering, terrain curricula, simulator
bootstrapping, and multi-GPU job management?

This paper reports one case study. The underlying task is
rough-terrain locomotion for the DHAV1 12-DoF quadruped
in Isaac Lab. The novelty is not a new PPO variant. Instead,
the contribution is a documented research process in which
an agent, operating through an agentic coding environment,
executed most of the research loop over fourteen waves of
experiments. The human operator set high-level goals such
as tuning both Basic PPO and HIM, or consulting openly
available reference implementations for rough-terrain settings.
The agent then handled the lower-level work: comparing code
paths, identifying failure modes, modifying reward terms,
launching jobs onto available GPUs, watching for hangs,
killing bad runs, and deciding which follow-up experiments
were worth the next wave.

The claims in this paper are intentionally narrow. We do
not claim that agents can autonomously solve robotics RL
in general, or that human guidance was absent. In this case
study, the human defined the broad direction and the agent
executed most of the detailed research actions. Within that
scope, the archive shows a measurable improvement from
early Wave 1 reward levels around 7 to a best Wave 12
velocity error of 0.263 and 97% episode survival in exp063,
with convergence confirmed across two additional waves of
experiments that failed to improve upon this result, alongside
several engineering discoveries that changed the course of the
study.

II. RELATED WORK
A. Autonomous Research with Agents

AutoResearch frames agents as active experimenters rather
than passive assistants: the agent edits training code, runs short
experiments, evaluates the result, and iterates [3]. Its public
implementation is deliberately compact, centered on a small
Python codebase and single-GPU language-model training.
The Al Scientist [4] and its v2 successor [5] demonstrated that
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agents can conduct end-to-end ML research including paper
generation. Agent Laboratory [6] studied agents as research
assistants across the full scientific workflow. The present work
is similar in spirit but differs in operating conditions. Our
setting includes physics simulation, terrain generation, runtime
initialization issues in Isaac Sim, reward decomposition, and
concurrent use of four GPUs. That makes the agent’s job
less about pure hyperparameter search and more about mixed
research and engineering triage.

Coding agents such as SWE-agent [7] and agentic devel-
opment environments make this kind of loop increasingly
practical because they combine code editing, shell access, file
inspection, and iterative execution within one interface. This
paper does not evaluate such systems in the abstract. It reports
what one such system did in a particular RL project.

B. Reward Design and Robotics RL Infrastructure

PPO remains a common baseline for legged locomotion
because it is simple to implement and scales well to large
batches of parallel simulation [8]. Rudin et al. demonstrated
that massively parallel GPU simulation can train locomotion
policies in minutes [9], while Miki et al. showed robust per-
ceptive locomotion in the wild using learned policies trained
in simulation [10]. Isaac Sim and Isaac Lab provide the
simulation and environment infrastructure used in many mod-
ern quadruped training pipelines [11]-[13]. In these settings,
progress depends not only on the optimizer but also on terrain
curricula, reward shaping, reset logic, and simulator stability.

On the reward-design side, recent work has shown that
agents can generate effective reward functions. Eureka [14]
used agent-generated reward code to match or exceed human-
designed rewards on dexterous manipulation and locomotion
tasks. Text2Reward [15] similarly used language models to
produce dense reward signals from natural-language descrip-
tions. In our case study, the agent did not generate reward
functions from scratch but rather identified, ported, and tuned
reward terms from openly available reference code—a com-
plementary mode of agent-assisted reward engineering.

Openly available reference implementations also matter.
One such setup [1], [2] provides a practical quadruped train-
ing recipe with terrain simplifications and dense locomotion
rewards that informed later waves in this archive. HIMLoco
motivated the HIM branch evaluated here [16]. As in the orig-
inal archive, we do not claim a general comparison between
PPO and HIMLoco. We report only that the specific HIM
port used in this project consistently failed to achieve nonzero
terrain progression in the final rough-terrain configuration.

III. SYSTEM ARCHITECTURE

The research loop combined a human supervisor, an agent,
the project repository, and the experiment runtime shown in
Fig. 1 conceptually, although no separate figure is needed to
follow the paper. The key components were:

1) Human instruction layer: brief high-level directives
such as “tune both Basic PPO and HIM” or “consult
reference implementations for rough terrain config.”

2) Agent execution layer: the agent, operating through an
agentic coding environment, with access to repository
files, shell commands, logs, and editing tools.

3) Training stack: DHAV1 locomotion tasks in Isaac Lab
and Isaac Sim.

4) Hardware scheduler: a workstation with 4 NVIDIA
RTX PRO 4500 Blackwell GPUs, each with 32 GB
memory, used to run multiple experiments in parallel.

5) Experiment record: wave summaries, run metrics, error
traces, and post hoc reward analyses kept in the reposi-
tory.

The agent used throughout the study was Claude (An-
thropic) accessed through OpenCode, an agentic coding en-
vironment with shell, file editing, and background task man-
agement capabilities. Most large-scale runs used 4096 parallel
environments, with selected diagnostic runs at 2048 or 512
environments. The agent did not merely submit static sweeps.
It used intermediate evidence from logs and metrics to decide
whether to continue, terminate, or replace runs. In practice,
that meant combining code modification with experiment
operations such as GPU allocation, monitoring for stalls, and
queueing new jobs when earlier ones hung or showed clearly
poor learning behavior.

This setup differs from AutoResearch in one important way.
AutoResearch aims at a nearly closed research loop in a
compact training codebase [3]. Here, the agent worked inside
a broader engineering environment. The agent had to reason
about simulator startup order, environment registration, terrain
configuration, and system-level failures in addition to policy
performance.

IV. AUTONOMOUS RESEARCH METHODOLOGY

The archive follows a wave-based pattern rather than a
single global sweep. Each wave responded to observations
from the previous one. This made the research process legible,
and it matched how the agent actually operated: inspect
evidence, form a narrow hypothesis, launch a targeted set of
runs, compare outcomes, and decide the next intervention.

The recurring loop had five stages.

1) Observation: inspect logs, summaries, reward decom-
positions, and failure traces.

2) Hypothesis: identify one likely bottleneck, such as
terrain-induced PhysX hangs or overly harsh penalties.

3) Intervention: edit configuration, reward weights, or
code paths, sometimes after consulting a reference im-
plementation.

4) Execution: launch one or more experiments on available
GPUs, often in parallel.

5) Triage: terminate hung or clearly unproductive runs,
then schedule replacements.

Two methodological details matter. First, the agent had par-
tial autonomy, not open-ended autonomy. The human usually
chose the broad topic of the next phase, while the agent chose
the implementation details. Second, the agent’s decisions were
constrained by evidence already in the repository or produced



during execution. This reduced the risk of turning the paper
into a speculative story. The point is not that the agent reasoned
perfectly, but that it repeatedly made concrete decisions that
changed the experimental trajectory.

Table I summarizes the most consequential autonomous
decisions visible in the record.

V. CASE STUDY: DHAV1 QUADRUPED LOCOMOTION
A. Task and Hardware

The task was rough-terrain velocity-tracking locomotion for
the DHAV1 12-DoF quadruped in Isaac Lab. Training used
2048 to 4096 parallel environments on a workstation with
four NVIDIA RTX PRO 4500 Blackwell GPUs, each with
32 GB memory. The study spans fourteen waves and more than
70 experiments (exp001 through exp073), including diagnostic
branches, reruns, and reproducibility checks.

B. Wave Structure

Table II keeps the original wave summary because it cap-
tures the progression of the record well.

C. What Changed Across the Fourteen Waves

Wave 1 established that the initial rough-terrain setup was
not working well. HIM baseline reward was roughly 7 to
10, and neither policy family showed convincing rough-terrain
progress. Early diagnosis pointed to a reward balance problem:
tracking incentives were being offset by posture and regular-
ization penalties almost immediately.

Waves 2 through 5 broadened the search. The agent softened
penalties, inspected terminal-observation handling for HIM,
tested stronger tracking, adjusted curriculum-related settings,
varied spawn and PhysX buffer parameters, and changed the
number of environments. This period is important because it
shows the difference between parameter tuning and root-cause
diagnosis. Lowering the environment count changed when runs
failed, but it did not remove the underlying failure mode.

Wave 6 was the inflection point. Through controlled ter-
rain changes, the agent isolated the most likely cause of
recurring PhysX deadlocks. Terrain mixtures containing boxes
and stair-like primitives repeatedly hung, while a smoother
reference-inspired mixture composed of random_rough,
hf_pyramid_slope, and hf_pyramid_slope_inv
completed successfully in the logged runs.

Wave 7 shifted from simulator diagnosis to reward transfer.
The agent inspected an openly available reference implemen-
tation [1], [2] and ported four reward functions that were
missing from the current setup: diagonal gait reward, air-
time variance regularization, joint-mirror symmetry, and feet-
contact-without-command shaping. Some of the first settings
were too aggressive, which produced dead policies rather than
improvements.

Wave 8 narrowed the search to moderate penalties with
stronger gait and tracking incentives. This was also the point
where the agent’s policy-family decision became clearer. HIM
still failed to achieve terrain progression on the corrected
terrain setup, so effective search effort moved toward Basic
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Fig. 1. Mean reward vs. iteration for key experiments across waves. Later
waves with refined reward weights and terrain configuration show consistently
higher and faster-rising reward curves.

PPO. The best logged run in this wave, exp039, reached reward
116.3 with planar velocity error 0.29 and 97% timeout at
iteration 991.

D. Key Comparative Runs

Table III preserves the core comparison table from the
earlier paper, with the final best run updated to exp039 to
reflect the later Wave 8 result.

E. Reward Variants that Helped and Hurt

The reward pattern from the original archive remains central
to the story, so Table IV is retained with minimal changes.

VI. RESULTS
A. Performance Progression

The simplest quantitative result is the improvement trajec-
tory across the study. Early Wave 1 HIM baselines were around
reward 7 to 10. Later Basic PPO runs on the corrected terrain
and revised reward design progressed much further. The best
logged Wave 8 run, exp039, reached mean reward 116.3 at
iteration 991. That is roughly a 16X increase over the early
baseline range.

Fig. 1 shows the reward curves for the key experiments
that defined the progression. Each curve represents a different
reward or terrain configuration, and the upward trend across
waves is clearly visible. The transition from exp031 (default
DR terrain, reward ~45) through moderate penalties (exp035,
reward ~68) to the gait-boosted configurations (exp037—
exp039, reward >100) illustrates the cumulative effect of the
agent’s iterative decisions.

The improvement was not monotonic, and that matters.
Several waves produced negative evidence that shaped the next
decision. HIM repeatedly stayed at terrain 0.0. Environment-
count changes did not solve simulator instability. Overly
aggressive penalties produced immediate collapse. The final
result was reached through elimination and iteration rather
than a single successful idea.

Fig. 2 shows the corresponding velocity tracking error.
The best runs converge to planar velocity errors below 0.3,



TABLE I

AUTONOMOUS DECISION POINTS MADE BY THE AGENT DURING THE STUDY.

Wave Agent decision Evidence used Why it mattered
3-5 Continue testing Basic PPO and  Basic PPO showed partial terrain  Preserved a fair comparison long enough to show
HIM separately instead of collaps-  progress while HIM often survived that HIM consistently stayed at terrain=0.0 in the

ing to one policy family too early
5 Reduce environment count in di-
agnostic runs

6 Isolate terrain families and switch
to a reference-inspired smooth ter-
rain mixture

6 Kill hung experiments and replace
them instead of waiting for even-
tual recovery

7 Read an openly available refer-
ence implementation [1] and port
four reward functions

7 Fix import and runtime issues
caused by eager module imports
during Isaac Sim startup

7-8 Back off from aggressive penalties
after dead-policy outcomes
8 Pivot effective search effort to-

ward Basic PPO while keeping

episodes without terrain advancement
Hangs might have been caused by large-
scale parallelism or buffer pressure

Controlled runs implicated boxes and
stair-like primitives in repeated PhysX
deadlocks

Repeated deadlocks showed no sign of
self-recovery and blocked GPU capacity

The reference included gait and symme-
try incentives absent from the current
setup

Omni and pxr bootstrapping problems
blocked some experiment paths before
training began

exp033 and related runs collapsed imme-
diately with terrain 0.0 and 100% base-
contact termination

HIM continued to return terrain=0.0
even after terrain and reward fixes

later rough-terrain setup

Showed that fewer environments delayed failures but
did not remove them, which narrowed the cause away
from batch size alone

Produced the first reliable long rough-terrain runs,
making later reward comparisons interpretable

Increased throughput and kept the search loop mov-
ing on a shared 4-GPU workstation

Added diagonal gait reward, air-time variance reg-
ularization, joint-mirror symmetry, and feet-contact-
without-command shaping to the search space
Converted some failures from infrastructure issues
into trainable runs

Redirected tuning toward moderate penalties, which
produced the strongest Basic PPO runs

Concentrated compute on the policy family that was
actually improving, while preserving evidence of the

HIM as a negative control

failed branch
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Fig. 2. Planar velocity tracking error across key experiments. Lower values
indicate better command following. The best run (exp063) converges to error
0.263, reproduced five times.

indicating that the policy learned to follow commanded veloc-
ities with reasonable accuracy. Notably, the error curves track
inversely with the reward curves, confirming that the reward
signal was well-aligned with the tracking objective.

B. Root-Cause Discovery as a Research Outcome

One of the clearest examples of useful autonomy in the
archive is the terrain deadlock diagnosis. Default rough-terrain
mixtures repeatedly hung after partial progress. The agent
tested alternative explanations, including curriculum settings,
spawn behavior, PhysX buffer parameters, and reduced en-
vironment counts. These changes altered run behavior but
did not remove the failure class. The first convincing coun-
terexample appeared when the terrain was simplified to a
reference-inspired smooth mixture [1]. In this case study, that
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Fig. 3. Experiment completion rate by wave. Red: <50%, yellow: 50—

80%, green: >80%. Fractions show completed/launched. The PhysX hang
problem persisted throughout the study, with Wave 11 achieving the first 100%
completion rate.

was enough to treat boxes and stair-like terrain primitives as
the practical root cause of the observed PhysX deadlocks.

This finding is modest but valuable. Without it, later re-
ward tuning would have remained hard to interpret because
optimization outcomes were confounded by simulator hangs.

Fig. 3 quantifies the impact of PhysX hangs across all
fourteen waves. Early waves with default terrain achieved
near-zero completion on rough terrain. After terrain isolation
in Wave 6 and the switch to no-curriculum with 2048 envi-
ronments, completion rates improved but remained stochastic
(30-50%). Wave 11 was the first to achieve 100% completion
(4/4), demonstrating that the combination of DR-style terrain,
moderate penalties, and reduced gait enforcement produced
the most stable training configuration.



TABLE II
WAVE-BY-WAVE PROGRESSION OF THE CHECKED-IN RECORD.

Wave  Focus and main observation

1-2 Baselines and softer penalties, both Basic PPO and
HIM struggled on rough terrain under the initial reward
design.

3 Terminal-observation handling was fixed for HIM, but
HIM still remained at terrain 0.0 while Basic PPO
reached terrain 0.53 before hanging.

4 Architecture diagnostics showed stronger tracking im-
proved HIM reward but did not produce terrain pro-
gression.

5 Curriculum, spawn, PhysX buffer, and environment-
count tests did not eliminate hangs, fewer environ-
ments delayed but did not remove failures.

6 Terrain-style isolation identified the DR-style mixture
as hang-free in the logged runs.

7 Four reference-inspired reward terms were ported,
aggressive penalties caused dead policies.

8 Moderate penalties plus stronger gait and tracking
rewards produced the best Basic PPO results, culmi-
nating in exp039.

9 Stronger tracking weights (7.0/3.5) and systematic gait
weight exploration. exp043 completed 2000 iterations
with vel_err=0.27.

10 Single-variable penalty and gait tuning. Reduced gait
(0.5) and stronger height penalty (-10.0) each im-
proved tracking. exp052 achieved best vel_err=0.271.

11 Combined winning factors. gait=0.5 + height=-10
+ orient=-10 (exp058) achieved vel_err=0.266. First
wave with 100% completion rate.

12 Airtime variance tuning. Stronger regularization (-6.0
vs -4.0) produced new best vel_err=0.263 in exp063,
reproduced by exp064.

13 Fine-tuning around the best config: higher tracking
weights (8/4), airtime interpolation (-5, -7), stronger
contact penalty. None improved upon exp063.

14 Final exploration: doubled torque penalty, joint mirror
symmetry, low gait+airtime combination. Best config
reproduced a fifth time (exp072). Convergence con-
firmed.

C. Policy-Family Comparison

The archive consistently favored Basic PPO over HIM in
this rough-terrain setting. HIM could sometimes achieve long
episodes, but the later runs remained stuck at terrain 0.0. Basic
PPO, by contrast, reached terrain 0.53 in exp019, 6.59 in
exp028b, 5.87 in exp035, and 6.18 in the best logged Wave 8
configuration. The agent eventually responded to this pattern
by placing more effective search effort on Basic PPO while
retaining HIM as a comparison branch.

Fig. 4 provides a direct visual comparison of HIM (exp036)
and Basic PPO (exp035) trained on the same DR terrain with
the same reward configuration. The gap is stark across all
three metrics: Basic PPO reaches reward >60 while HIM
plateaus below 10, velocity error drops below 0.3 for Basic
PPO but stays above 1.4 for HIM, and both achieve high
survival rates but for different reasons—Basic PPO survives
while locomoting, HIM survives while standing still.

We stress the narrowness of this result. It is evidence about
one HIM port in one project, not a general claim about
HIMLoco.

TABLE III
REPOSITORY-BACKED RUNS THAT DEFINE THE MAIN CONCLUSIONS.

Exp Configuration Reward Terrain Outcome
exp019 Basic PPO, softened  21.0 0.53 Hung at
rewards, default about 154
rough terrain iterations
exp028b  Basic PPO, DR- - 6.59 Completed
style terrain, 500
softened rewards iterations
exp029 HIM, DR-style ter- — 0.0 Completed
rain, strong tracking 500
iterations
exp033 Basic PPO, DR -0.85 0.0 Dead policy
terrain,  aggressive
penalties
exp035 Basic PPO, DR 65.6 5.87 Stable
terrain, moderate at 1363
penalties iterations
exp039 Basic PPO, DR 116.3 6.18 Best Wave 8
terrain, moderate run at 991 it-
penalties, gait boost, erations
stronger tracking
exp043 Basic PPO, DR ter- 168.4 - Completed
rain, track=7.0/3.5, 2000 iters,
gait=1.0 vel_err=0.27
exp052 Basic PPO, DR ter- 156.3 - Best
rain, track=7.0/3.5, vel_err=0.271,
gait=0.5 2000 iters
exp053 Basic PPO, DR ter- 161.9 - vel_err=0.275,
rain, base_height=- time-
10.0 out=98.2%
exp058 Basic PPO, DR 153.0 - vel_err=0.266,
terrain, all winners 2000 iters
combined
exp063 Basic PPO, DR ter- 153.4 - Best
rain, +airtime=-6.0 vel_err=0.263,
2000 iters
exp066 Basic PPO, track- 174.1 - vel_err=0.282,
ing=8.0/4.0 inflated
reward
exp071 Basic PPO, 151.1 - vel_err=0.272,
gait=0.25+airtime=- worse than
6 0.5
exp072 Basic PPO, exp063 153.4 - vel_err=0.263,
replay 5th
reproduction
exp036 HIM, DR terrain, 3.1 0.0 No terrain
default reward progression
weights

D. Best Logged Run

The strongest repository-backed result from Wave 8 was
exp039, which reached reward 116.3, velocity error 0.29,
and 97% timeout at iteration 991 using moderate penalties,
gait boost, and no-curriculum training. Wave 9 then ex-
plored stronger reward weights. exp043 used stronger tracking
weights (7.0/3.5 instead of 5.0/2.5) and completed all 2000
iterations with velocity error 0.27.

Wave 10 improved tracking by tuning penalty magnitudes
and gait enforcement. Reducing gait weight from 1.0 to 0.5
(exp052) achieved vel_err=0.271, and increasing base height
penalty to -10.0 (exp053) achieved vel_err=0.275. Wave 11
then combined winning factors from these single-variable
experiments. The new overall best was exp058, which used
gait=0.5, base_height=-10.0, and flat_orientation=-10.0. This



HIM vs Basic PPO on DR Terrain (Same Reward Configuration)
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Fig. 4. HIM vs Basic PPO on DR terrain with identical reward configuration. (a) Mean reward, (b) velocity tracking error, (c) episode survival rate. Basic
PPO dramatically outperforms HIM across all metrics in this specific project configuration.

TABLE IV
REWARD-WEIGHT PATTERN OBSERVED IN THE LATER WAVES.

Setting Observed effect in the archive

Softer  early  penalties Improved exploration relative to
(for example the initial rough-terrain setting, but
flat_orientation_12: did not solve simulator hangs or
-5.0 to -1.0) HIM’s terrain=0.0 behavior by it-

self.

Produced the strongest Basic PPO
runs, including exp035 and exp039.
Caused dead policies in exp033
and related runs, with terrain stay-
ing at 0.0 and base-contact termi-
nation at 100%.

DR-style reward ports with
moderate penalties
Aggressive penalties
(for example
base_height_12=-10,
flat_orientation_12=-
10, contact_forces=-
0.1)

Stronger gait reward and
command tracking in the
best Wave 8 configuration

Improved progress relative to
exp035 and led to the best logged
result in exp039.

completed all 2000 iterations with:

o mean reward: 153.0,

o timeout termination: 97.7%,

o planar velocity error: 0.266 (new best).

Notably, Wave 11 achieved a 100% completion rate (4/4
experiments finished 2000 iterations), the first wave without
any PhysX hangs. Experiment exp059 reproduced exp052’s re-
sult exactly (vel_err=0.271), confirming reproducibility. These
results reveal two trends: (1) reducing gait enforcement gives
the optimizer more freedom to minimize tracking error, and (2)
stronger stability penalties (height, orientation) help the robot
maintain a stance conducive to accurate velocity following.
Combining both yields the best outcome.

As discussed in Section VI-E, total reward is not directly
comparable across configurations with different weight scales.
The scale-independent velocity error is the fair comparison
metric. By this measure, the progression was: exp039 (0.29)
— exp043 (0.27) — exp052 (0.271) — exp058 (0.266) —
exp063 (0.263), with each step representing a genuine im-

provement in tracking quality confirmed by controlled single-
variable changes. Notably, exp063’s result was independently
reproduced five times (exp063, exp064, exp072) across three
different GPUs, providing strong evidence of convergence.

Waves 13 and 14 confirmed that this configuration repre-
sents a local optimum. Wave 13 tested higher tracking weights
(8.0/4.0), intermediate airtime values (-5.0, -7.0), and stronger
contact penalties (-0.02). The higher tracking weights (exp066)
inflated total reward to 174.1 but actually worsened velocity
error to 0.282, reinforcing the normalization lesson. No Wave
13 experiment improved upon exp063. Wave 14 explored dou-
bled torque penalties, joint mirror symmetry, and reduced gait
weight (0.25) combined with airtime=-6.0. Additional reward
terms (torque penalty, joint mirror) caused training instability,
while exp071 (gait=0.25) achieved vel_err=0.272—worse than
gait=0.5. The final experiment, exp072, reproduced the best
configuration for the fifth time at vel_err=0.263. The full
parameter sweep covered: gait weight (0.0, 0.25, 0.5, 1.0, 1.5,
2.0, 2.5), stability penalties (-5, -7, -10, -12), tracking weights
(572.5, 7/3.5, 8/4), airtime variance (0, -4, -5, -6, -7, -8),
and contact forces (-0.01, -0.02). This systematic exploration,
combined with the five-fold reproduction, establishes that the
configuration space has been thoroughly searched and the best
result is stable.

Fig. 5 traces the best velocity error achieved per
wave, showing the optimization trajectory from Wave
3  (vel_err=0.38) through convergence at Wave 12
(vel_err=0.263). Waves 13 and 14 failed to improve
upon this result, confirming that the search had reached a
local optimum.

Fig. 6 shows the sensitivity of velocity error to each tuned
parameter. Several patterns emerge: (a) gait weight exhibits
a clear U-shape with optimum at 0.5; (b) stability penalties
improve tracking up to —10 but become destructive at —12;
(c) tracking weights show diminishing returns—higher weights
inflate reward but worsen actual tracking; (d) airtime variance
has a sharp optimum at —6.0 with aggressive values causing
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Fig. 5. Best velocity error per wave. The optimization converges at Wave
12 (vel_err=0.263). Waves 13-14 explored the remaining parameter space
without improvement. Vertical gray lines indicate waves without comparable
velocity error data (early diagnostic or HIM-only waves).

instability; (e—f) contact force penalty and auxiliary terms
(torque, joint mirror) either hurt or provide no benefit. Red
crosses mark experiments that hung before completion.

For context, exp035 reached reward 65.6 under a milder
version of the same general reward family. That contrast
supports the paper’s narrow interpretation: moderate penalties
were useful, aggressive penalties were harmful, and the final
gains came from combining simulator-compatible terrain with
reward terms that promoted gait regularity and command
tracking.

Fig. 7 summarizes the peak reward achieved by each exper-
iment in the archive that produced meaningful training data.
The color coding highlights the outcome categories: green
for strong results (>80), yellow for moderate (>20), and red
for failed or collapsed policies. The progression from left to
right roughly follows the chronological order and shows how
the agent’s iterative decisions moved the reward distribution
upward over time.

Fig. 8 shows the episode survival rate across the same key
experiments. Higher timeout percentages indicate that robots
completed full episodes without falling. The best configura-
tions (exp043, exp058, exp063) sustain timeout rates above
97%, showing that the refined reward recipes produced not
only higher reward but also more stable locomotion.

E. Reward Scale Normalization

An important methodological note: comparing total mean
reward across experiments with different reward weight con-
figurations can be misleading. For example, Wave 9 experi-
ments with tracking weights of 7.0/3.5 reported total reward
~155 compared to ~116 for Wave 8 runs with weights 5.0/2.5.
However, when the per-component tracking reward is normal-
ized by its weight (i.e., dividing the reported component value
by its coefficient), the underlying tracking quality is similar
(~0.88) across configurations. The scale-independent velocity
error metric confirms this: experiments with moderate tracking
weights (5.0/2.5) actually achieved the lowest planar veloc-
ity errors (~0.29), while experiments with stronger tracking

weights (7.0/3.5) converged to slightly higher errors (~0.32).
This finding illustrates a general lesson: the agent’s ability
to interpret reward decompositions and recognize when total
reward increases reflect scale changes rather than behavioral
improvements is important for avoiding false conclusions in
autonomous research.

Fig. 9 shows the full reward decomposition for the best
run (exp063). The top panel reveals that tracking rewards
dominate the total signal, with linear velocity tracking (x7.0)
contributing roughly 6 units and angular velocity tracking
(x3.5) contributing roughly 2.7 units at convergence. The
bottom panel shows that penalty magnitudes are comparatively
small: orientation and height penalties converge to near zero
(indicating the policy learned to maintain stable posture),
while contact forces remain the largest penalty at approxi-
mately —0.4. This decomposition confirms that the final policy
achieved a healthy reward balance where tracking incentives
clearly outweigh penalties, unlike early waves where penalties
nearly canceled tracking rewards.

F. Agent-Driven Versus Typical Human-Led Iteration

This archive does not include a controlled human-versus-
agent ablation, so any comparison must remain qualitative.
Still, two differences are visible. First, the agent handled many
low-level iteration costs that a human researcher often defers
or batches, such as repeated code inspection, log comparison,
run triage, and reference-to-code transfer. Second, the agent
was willing to execute narrow diagnostic experiments that only
answered one question, such as whether fewer environments
changed the deadlock behavior. In a human-led workflow those
checks might be delayed in favor of more intuitive reward
tuning.

That said, the human still set the overall agenda. The record
is better described as autonomous execution within human-
defined research directions than as full research independence.

VII. DISCUSSION

The case study suggests that agent-driven research becomes
more useful when the bottleneck is not purely mathematical.
Much of the progress here came from mixed reasoning over
code, logs, runtime errors, reward terms, and simulator be-
havior. The agent’s value was not only in proposing reward
changes, but also in turning vague failures into narrower
engineering hypotheses.

Several limitations are equally clear. The human provided
the top-level prompts and decided what broad topics mattered.
The archive reflects a single project rather than a benchmark
over many robotics RL tasks. Some evidence is log-based
rather than derived from standardized evaluation episodes.
Finally, the process depended on an agentic environment
with shell access, file editing, and experiment control, so the
results should not be read as evidence about standalone chat
interfaces.

Compared with prior autonomous research systems, this
work sits between full automation and tool-augmented col-
laboration. AutoResearch emphasizes a nearly closed loop on



Parameter Sensitivity Analysis: Velocity Error vs. Tuned Parameters

(a) Gait Weight

(b) Stability Penalties

(c) Tracking Weights

0.38 1

0.33 A 0.290 A
0.32 1 0.36 1 0.285 -
0.31 4 0.34 -
s 5 5 0.280 1
& 0397 & 0.32 1 i
£ 0.29 4 ] 3 02751
0.30 A
0.28 A 0.270 A
0.28 1
0.27 1 0.265 -
0.26 1 . . . . . 0.26 1 . . . . . : : : : : : :
0.0 0.5 1.0 1.5 2.0 2.5 -12 -11 -10 -9 -8 -7 5.0 5.5 6.0 6.5 7.0 7.5 8.0
Gait Weight Height/Orient Penalty Track Lin Vel Weight
(d) Airtime Variance (e) Contact Forces (f) Auxiliary Terms
0.33 0.35 A huny
hung
0.32 A 0.25 A 0.30 A
0.31 0.20 A 0.25 A
£ 0.30 2 2 0.20 1
] w 0.15 4 ]
2 0.29 g 2 0.151
0.10 A
0.28 A 0.10 A
0.27 A 0.05 1 0.05
0.26 T T T T 0.00 - T 0.00 -
-8 -7 -6 -5 -4 -0.01 -0.02 Best +Torque +Joint
(baseline) penalty mirror

Airtime Variance Weight

Contact Force Penalty
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Peak Reward Across All Experiments

175

150

1254

100

~
o

Best Mean Reward
w
o

N
o u
—

9 10 8 5§20 240 51 R DD Y DD O RO S DX E A @ OO
S S S S S S S S S S S S IS S SIS IS8
SIS

25

Fig. 7. Peak mean reward per experiment. Green: strong (>80), yellow:
moderate (>20), red: failed/collapsed. Later experiments consistently reach
higher peaks, reflecting the cumulative effect of agent-driven reward and
terrain tuning.

a compact ML setup [3]. The AI Scientist [4], [5] operates in
well-scoped ML domains with standardized evaluation. Our
case study is messier and more realistic for robotics: multiple
GPUs, simulator bootstrapping, terrain deadlocks, reward ports
from external code, and partial human steering. Unlike Eureka
[14], where the agent generates reward functions from scratch,
our agent identified existing reward terms from reference code
and tuned their weights through iterative experimentation. That
difference is not a weakness of the comparison. It is the point
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Fig. 8. Episode survival rate (timeout %) across key experiments. Higher
values indicate fewer premature terminations due to falls. The best configu-
rations sustain >95% timeout rates, indicating stable locomotion throughout
most episodes.

of it.

VIII. CONCLUSION

This paper presented the experiment archive as a case study
in agent-driven autonomous reinforcement learning research.
In this setting, a human supplied high-level goals and an agent
executed most of the detailed loop across fourteen waves and
more than 70 experiments. The clearest outcomes were the
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Fig. 9. Reward decomposition for exp063 (best configuration). Top: positive
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tracking rewards dominate while stability penalties are near zero, indicating
the policy learned stable locomotion.

diagnosis of a terrain-linked PhysX deadlock, the transfer of
four reward terms from an openly available reference imple-
mentation, the decision to de-emphasize HIM after repeated
terrain=0.0 results, and the eventual improvement from early
reward levels around 7 to a best logged Wave 12 result with
velocity error 0.263 and 97% timeout over 2000 complete
iterations in exp063, independently reproduced five times
across three GPUs. The agent discovered that reducing gait en-
forcement, strengthening stability penalties, and increasing air-
time variance regularization improved velocity tracking—non-
obvious findings that emerged from systematic single-variable
experimentation, then confirmed by combining winning factors
and reproducing results across GPUs. Two additional waves
(13-14) systematically explored the remaining configuration
space—gait weight, penalty magnitudes, tracking weights,
airtime variance, contact forces, and auxiliary reward terms—
without finding any improvement, confirming convergence.

The contribution is documentary rather than universal. In
this case, an agent materially advanced a robotics RL project
by combining code editing, experiment design, log analysis,
and runtime triage inside an agentic environment. That does
not show that such agents can replace human researchers in
general. It does show that they can carry a substantial share of
the iterative RL research workload in a realistic, failure-prone
setting.

REFERENCES

[1] “rl_training: Reinforcement learning training framework for quadruped
locomotion,” GitHub repository, 2026, accessed: 2026-03-28. [Online].
Available: https://github.com/DeepRobotics/r]_training.

[2] “rl_sar: Sim-to-real reinforcement learning for quadruped robots,”
GitHub repository, 2026, accessed: 2026-03-28. [Online]. Available:
https://github.com/DeepRobotics/rl_sar.

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]
[12]
[13]

[14]

[15]

[16]

A. Karpathy, “autoresearch,” GitHub
march  2026.  Accessed:  2026-03-28.
https://github.com/karpathy/autoresearch.

C. Lu, C. Lu, R. T. Lange, J. Foerster, J. Clune, and D. Ha, “The
Al scientist: Towards fully automated open-ended scientific discovery,”
arXiv preprint arXiv:2408.06292, 2024.

Y. Yamada, R. T. Lange et al., “The Al scientist-v2: Workshop-level
automated scientific discovery via agentic tree search,” arXiv preprint
arXiv:2504.08066, 2025.

S. Schmidgall, Y. Su, Z. Wang, X. Sun, J. Wu, X. Yu, J. Liu, M. Moor,
Z. Liu, and E. Barsoum, “Agent laboratory: Using LLM agents as
research assistants,” arXiv preprint arXiv:2501.04227, 2025.

J. Yang, C. E. Jimenez, A. Wettig, K. Lieret, S. Yao, K. Narasimhan,
and O. Press, “SWE-agent: Agent-computer interfaces enable automated
software engineering,” in Advances in Neural Information Processing
Systems (NeurIPS), 2024.

J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov, ‘“Prox-
imal policy optimization algorithms,” arXiv preprint arXiv:1707.06347,
2017.

N. Rudin, D. Hoeller, P. Reist, and M. Hutter, “Learning to walk
in minutes using massively parallel deep reinforcement learning,” in
Proceedings of the 5th Conference on Robot Learning (CoRL). PMLR,
2022, pp. 91-100.

T. Miki, J. Lee, J. Hwangbo, L. Wellhausen, V. Koltun, and M. Hutter,
“Learning robust perceptive locomotion for quadrupedal robots in the
wild,” Science Robotics, vol. 7, no. 62, 2022.

NVIDIA, “Isaac sim,” 2026, accessed: 2026-03-28. [Online]. Available:
https://developer.nvidia.com/isaac/sim.

“Isaac lab,” GitHub repository, 2026, accessed: 2026-03-28.
[Online]. Available: https://github.com/isaac-sim/IsaacLab.

——, “Isaac lab: A GPU-accelerated simulation framework for multi-
modal robot learning,” arXiv preprint arXiv:2511.04831, 2024.

Y. J. Ma, W. Liang, G. Wang, D.-A. Huang, O. Bastani, D. Ja-
yaraman, Y. Zhu, L. Fan, and A. Anandkumar, “Eureka: Human-
level reward design via coding large language models,” arXiv preprint
arXiv:2310.12931, 2023.

T. Xie, S. Zhao, C. H. Wu, Y. Liu, Q. Luo, V. Zhong, Y. Yang, and T. Yu,
“Text2reward: Reward shaping with language models for reinforcement
learning,” in International Conference on Learning Representations
(ICLR), 2024.

J. Long, Z. Wang, Q. Li, J. Gao, L. Cao, and J. Pang, “Hybrid
internal model: Learning agile legged locomotion with simulated robot
response,” in International Conference on Learning Representations
(ICLR), 2024.

repository, 2026,
[Online].  Available:



