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ABSTRACT

Existing reinforcement learning (RL) largely focuses on optimizing learning al-
gorithms within a pre-defined task formulation, while applying RL to new tasks
still relies heavily on human expertise to design the learning pipeline: what an
agent observes, how it is rewarded, which algorithm it uses, and how training is
configured. Automating these choices is challenging because they are tightly cou-
pled. We introduce FARL (Fully Automated Reinforcement Learning), a frame-
work that automates RL design by jointly searching observation and reward pro-
grams, learning algorithms, and training settings. FARL uses training statistics
and observed behavior to diagnose failures, propose changes, and test whether
they improve learning. Its search preserves diverse candidates and the controls
needed for these tests, using a staged budget to screen designs before investing in
longer training. Experimental memory records each finding together with its con-
ditions, so an unsuccessful component can be reconsidered in a different combina-
tion. Across expert-withheld and expert-available settings, FARL outperforms the
evaluated automated baselines on challenging navigation, locomotion, and ma-
nipulation tasks. On Adroit Hand Relocate, FARL achieves 97.1% success at SM
training steps per policy, compared with 0% for Eureka and LiMEN and 1.0% for
native Proximal Policy Optimization (PPO) under the same policy training budget.

1 INTRODUCTION

Applying reinforcement learning to a new task requires decisions about observations, rewards, learn-
ing algorithms, and training settings. These choices still depend heavily on task-specific expertise.
Automated reinforcement learning (AutoRL) aims to reduce this dependence by designing the learn-
ing setup as well as training the policy (Parker-Holder et al., 2022).

The difficulty becomes apparent when training fails. A low task score does not reveal whether
the reward encourages the wrong behavior, the observations omit useful information, or the learner
cannot exploit the interface. Changing one component may alter the value of the others. Early
scores can also be misleading: a slowly learning design may eventually outperform an early leader.
Training every combination to completion is too expensive, yet rejecting weak early candidates can
remove useful alternatives. An automated designer must therefore decide what to change and how
much training is needed to assess that change.

Existing methods automate several of these choices. Eureka generates reward programs, while Li-
MEN searches observations and rewards (Ma et al., 2024; Jaswal et al., 2026). Other systems use
behavioral feedback to revise rewards and training settings, or automate task formulation followed
by algorithm optimization (Lee et al., 2026; Chung et al., 2026; Wei et al., 2025). We study how to
revisit these choices together when failure leaves several plausible explanations.

We introduce FARL, which designs an RL learning setup from a task’s application programming
interface (API) and evaluator (Figure 1). Interface-Solver Co-Design keeps observations, rewards,
learners, and training settings open to revision. Falsifiable Diagnosis uses training and trajectory
evidence to propose changes, predicts their effects, and tests them by comparing the resulting poli-
cies.
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(a) Human-led RL design (b) FARL: agent-led RL design
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Figure 1: Automating the RL design loop. (a) An expert revisits the learning setup when training
stalls or becomes unstable. (b) FARL’s LLM agent designs and directs experiments using behavioral
evidence and scientific memory. Both receive the same task interface and evaluator.

Diversity-Preserving Search keeps promising candidates and the controls needed for these compar-
isons. Short trials screen a broad set of designs before selected candidates receive longer training.
Scientific memory records each result with its test conditions, so a component that failed in one
combination can be reconsidered in another. This allows the search to correct earlier decisions as
new results become available.

Our contributions are as follows.

(1) We introduce FARL, a framework for fully automated RL interface and solver design. It com-
bines joint design, falsifiable diagnosis, and diversity-preserving search in a closed loop, using ex-
perimental findings to revise candidates and allocate training.

(2) We address the difficulty of diagnosing failures across coupled design choices under limited
training budgets. FARL tests specific changes while retaining alternative configurations and records
the conditions of each result. The search can then revisit unsuccessful combinations and continue
training candidates whose progress emerges later.

(3) Experiments show that FARL discovers effective designs without native expert guidance and
improves difficult manipulation: it solves DoorKey where Eureka and LiMEN fail, reaches 3.3
times Eureka’s Ant displacement at SM steps, and achieves 97.1% Hand relocation success versus
0% for both automated baselines at SM steps per policy. Search histories, controlled comparisons,
and ablations examine how its design and selection decisions contribute to these results (Section 5).

2  COMPARISON TO PRIOR WORK

Eureka generates reward programs (Ma et al., 2024). LiMEN searches observations and rewards
using a quality-diversity archive and increasing training budgets, with a fixed learner and training
configuration (Jaswal et al., 2026). Agent? first models the MDP and then optimizes the algorithm,
network, and hyperparameters using training feedback (Wei et al., 2025). FARL keeps both the
interface and solver open to revision, so the same observation and reward programs can be tested
with different learners and training settings throughout search.

MAP-Elites maintains diverse solutions, while successive-halving methods devote more training to
promising candidates (Mouret & Clune, 2015; Li et al., 2018; 2020). FARL also retains candidates
whose behavior is still improving or whose comparison can test a diagnosis. Their components
remain available for new combinations even if the original design is unsuccessful.

Reward Design Agent (RDA) uses visual subtask diagnosis to revise rewards (Lee et al., 2026).
Prompt-to-Policy combines behavioral feedback, training analysis, and previous lessons to revise
rewards and hyperparameters (Chung et al., 2026). RHyVE tests reward hypotheses through short
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training forks from shared checkpoints and uses their phase-dependent effects to guide reward de-
ployment (Wu et al., 2026). FARL tests changes to the interface or solver, specifying what changes,
what stays fixed, and what behavioral improvement is expected. It records the actual outcome and
test conditions for use in later design and training decisions. Appendix H gives the broader compar-
ison.

3  PROBLEM AND INFORMATION SETTINGS

FARL receives a task description, an environment with documented observation and action fields, a
task evaluator F, and resource limits and stopping rules B. It constructs a learning design

h:( (ZS?T ) L?A7e7b )7
~—~ ——
learning interface solver configuration

where ¢ maps observations to policy inputs, 7 is a reward program, L a supported learner, A its
hyperparameters, e its exploration procedure, and b the number of training steps per policy. Ex-
ploration may include temporary assistance from a previously trained policy (Section 4.2). For an
evaluation episode 7, F(7) is the task outcome; F(h) averages this outcome over episodes for in-
dependently initialized training run s. Evaluation starts from the original reset distribution with the
trained policy acting alone. FARL uses these measurements to select designs and decide which to
train further.

The evaluator and optional milestone rules are fixed before search and applied to every method.
Milestones measure intermediate behaviors, such as picking up a key or lifting an object. They let
FARL identify where behavior breaks down and test whether a design change addresses that failure.
Appendix A.2 gives their exact definitions.

Information settings and their purpose. Mature benchmarks package a task together with
expert-designed rewards and learning interfaces. We vary access to this prior design work while
keeping the task dynamics, reset distribution, and evaluator fixed. Expert-withheld (EW) removes
native rewards and additional engineered or privileged inputs from candidate training, retaining the
public API, observations, actions, goal, and descriptions of the available fields. This setting tests
whether a method can design a learning setup without those expert choices. Expert-available (EA)
allows native rewards, observations, and other permitted task information, asking whether auto-
mated design can improve on the available starting point. We use stress test (ST) for the difficult
EA case where native designs still perform poorly: the challenge is to make existing information
useful for learning. Adroit Hand Relocate serves this role. Task-specific interfaces and access rules
are detailed in Appendix A.1.

4 FARL: A SCIENTIFIC DESIGN-TRAIN-DIAGNOSE LOOP

FARL repeatedly proposes learning designs, trains policies, and uses the results to decide what to test
next (Figure 2). A candidate bank stores reusable programs and configurations. Scientific memory
stores the explanations tested, the outcomes, and the settings under which they were obtained.

4.1 INTERFACE-SOLVER CO-DESIGN

Collect initial task experience. FARL obtains a reset/step API from a registered environment
constructor or a tested adapter. Field definitions and access permissions specify what candidate
programs may use. Random actions and a short exploratory learner, miniRL, collect trajectories that
reveal which effects the agent can produce and which events are difficult to reach. miniRL uses
permitted task feedback or a novelty reward (Appendix B.1).

From task evidence to an executable learning design. The generator receives the task goal,
permitted inputs, trajectories, candidate results, and relevant findings from earlier experiments. It
outputs an observation program ¢, a reward program r, and compatible solver settings (L, A, e, b),
together forming a learning design h. Observation programs select coordinates or compute fea-
tures such as differences and distances. Reward programs use transitions, actions, and episode-local
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Figure 2: FARL’s architecture. An adapter exposes the task API, and miniRL collects initial experi-
ence. (1) LLMs propose observations, rewards, and solver configurations. (2) Search screens diverse
candidates at short budgets and trains selected designs and controls for longer. (3) Diagnosis uses
training statistics and behavior to propose the next experiment. Programs enter the candidate bank;
findings and test conditions enter scientific memory. A trained policy may help a new learner reach
an intermediate state during training. Final evaluation uses the new policy alone from the original
resets.

memory to encourage progress or penalize setbacks. Proposals can explain the learning difficulty
they address and predict how behavior should change. Separate policy and reward interfaces allow
the same reward to be tested with different observation maps.

Make solver choice part of that same design. Solver proposals specify the learner, network,
hyperparameters, and exploration procedure. Exploration choices include entropy settings, random-
action warmup, and training-only novelty rewards; hyperparameter search follows the requirements
of the chosen learner. The generator can revise a component, combine earlier proposals, or introduce
anew design. Programs are checked for compatibility and execution errors before training. A reward
that fails with one solver remains available for testing with another (Appendices B and D).

4.2 DIVERSITY-PRESERVING SEARCH

Cover alternative ways to learn.
learner—exploration combinations,

Q={(¢,r,L,e): ¢ €Cs, r€Cpr,L €Cy, e €C,,compatible(¢p,r, L,e)}.

The bank defines a space of compatible observation—-reward—

Here Cy,C,,Cr,, C, are the observation, reward, learner, and exploration components currently in the
bank.

FARL first selects candidates needed for diagnostic comparisons, including their controls. It then
uses the remaining budget to cover more components and component pairs. This avoids exhaustively
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training the full space. Candidates are grouped by learner, observation type, reward construction,
and exploration procedure using their definitions and proposal labels.

Give promising designs more training. FARL follows a successive-halving-style budget sched-
ule (Li et al., 2018; 2020). The first short trial checks whether a design runs correctly; zero task
success at this stage is not enough to reject it. Later trials use longer training and, where specified,
more seeds. A candidate can be retained for three reasons: competitiveness, indicated by strong
task results; learning potential, indicated by improving milestones or variation across runs; and ex-
perimental value, such as serving as a control. When progress stalls, FARL can revise the design,
repeat an uncertain comparison, or train another candidate. The fixed evaluator allows comparisons
across reward programs, whose training returns need not be comparable (Appendix C.1). The bank
also preserves programs from unsuccessful combinations so they can be tested with new learners or
training settings.

Use learned behaviors to explore later task stages. FARL can freeze a policy that reaches an
intermediate goal and let a fresh learner take control from there. This policy relay lets a lifting
policy, for example, help a new learner practice transport. The new learner has its own parameters
and optimizer. Assisted episodes start from ordinary resets and are gradually replaced by unassisted
episodes. Final evaluation uses the new policy alone from the original resets (Appendix C.2).

4.3 FALSIFIABLE DIAGNOSIS

Examine training and behavior together. The diagnostic LLM examines learning curves, opti-
mizer statistics, and whether higher reward corresponds to better task performance. It checks which
milestones the policy reaches, where progress stops, and whether individual trajectories contradict
an apparent improvement. Execution and optimizer checks help separate implementation faults from
learning difficulties. These observations guide the choice between revising a design, extending train-
ing, and running a controlled comparison. Task performance is measured by the fixed evaluator (Pan
et al., 2022; Skalse et al., 2022).

State what a proposed change should improve. A diagnosis proposes an explanation for a failure
and predicts the effect of a change. A policy that touches an object but rarely moves it toward the
target, for example, may be rewarded for approach without maintaining contact. Alternatively, its
observations may make the target relation difficult to learn. The first explanation suggests changing
the reward and testing whether the policy holds the object longer; the second suggests changing
the observations and testing for more target-directed movement. FARL chooses the training budget
and measurements needed for the test. It can change several components when searching for better
performance, or hold the others fixed to examine a specific explanation.

Test the prediction and retain the result. For each comparison, the controller specifies the
changed and fixed components, the predicted effect, the seeds, and the training budget. It checks that
the intended programs and settings were executed before interpreting the outcome. An inconclusive
comparison may lead to more training, another seed, or a different test.

Scientific memory records the explanation, experiment, outcome, and test conditions. When propos-
ing later designs, FARL retrieves relevant results, including those that contradicted earlier predic-
tions. A failure with one learner or budget can therefore inform a new comparison without ruling out
the component in every setting. The candidate bank keeps those components available. Appendix D
describes the controller and memory rules; Algorithm 1 summarizes the procedure.

5 EXPERIMENTS

We test whether FARL can construct effective designs when expert guidance is withheld and improve
on native configurations that struggle to learn. We use learning curves, controlled comparisons, and
ablations to examine how FARL finds and improves these designs.

Tasks and implementation. We evaluate 5 x 5 DoorKey navigation, MuJoCo Ant locomotion,
Meta-World Door-Open as a manipulation calibration task, and Adroit Hand Relocate as a stress
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Table 1: Task outcomes (mean £ SD) and costs (tokens / training steps, both in M). Ant uses
meters, Hand percent, other tasks completion rates. Ant entries use 10M for FARL/LiMEN and 5SM
for Eureka/native PPO. All Hand policies use 5M steps. Ant and Hand costs cover one complete
search. Bold marks the highest outcome or lowest cost in each column, including ties. ‘/° means
inapplicable. *Estimated tokens; Ttrimmed statistic; *episode SD. Policy horizons and accounting:
Appendices A.3 and G.

DoorKey Ant (m) Door Hand (%)
Method EwW EA EwW EA EW ST
FARL 1.00 £ 0.00 1.00 +£0.00 345.8 +14.2 281.1 +74.4 1.00 97.11 + 2.99
Eureka 0.00 £ 0.00 0.92 £ 0.06 94.1 £50.9 110.8 £39.5 1.00 0.00 £ 0.00
LiMEN 0.00 & 0.00*  1.00 & 0.00 89.9 £20.4 14424+ 47" 1.00 0.00 £ 0.00
Native design / 1.00 %+ 0.00 / 81.9£19.8 / 1.00 = 1.00
Costs (M) DoorKey EW Ant EW Door EW Hand ST
FARL 2.834/82.3 0.2* /1,900.7 0.874/9.1 2.58" /408.4
Eureka 0.249 /85 0.152 /425 0.015/82.5 0.284 /1104
LiMEN 1.095 /30 0.429 /900 0.577 /195 0.607 /55.0

test (Yu et al., 2020; Chevalier-Boisvert et al., 2023; Todorov et al., 2012; Rajeswaran et al., 2018;
de Lazcano et al., 2024). Appendices A.1 and I give the interfaces and compare native designs with
the programs and solver settings selected by each method. Inner learners use Stable-Baselines3
(SB3) (Raffin et al., 2021); the EW searches use gateway model alias gpt—5. 4. Appendix G gives
the LLM settings and recorded expenditure.

Measurement and computation. DoorKey reports task completion; Hand requires the native
relocation-success predicate for five consecutive steps. Ant reports F(7) = zp — xo in meters,
the signed change in the root position along the forward axis, where 7' is environment termination
or 1,000 control steps, whichever comes first. Like Eureka and LIMEN, we evaluate locomotion by
forward progress (Ma et al., 2024; Jaswal et al., 2026), using the units and horizon defined here.
Each training seed initializes an independent policy run. We average its evaluation episodes, then
report the mean and sample standard deviation (SD) across runs (Agarwal et al., 2021). Table 1 re-
ports outcomes and costs; Appendices A.3 and G detail evaluation and expenditure. Policy training
budgets describe the selected designs; total search costs include the experiments used to find them.
DoorKey EW uses 100k screening and 300k comparisons before a separate 1M evaluation; Ant and
Hand budgets are detailed below.

5.1 DISCOVERING EFFECTIVE LEARNING DESIGNS

Door: calibrating design without expert guidance. All three automated methods achieve 100%
completion on Door under EW (Table 1), confirming that existing methods can construct successful
designs without native expert rewards on this calibration task.

DoorKey: finding a design that completes the task. Table 1 shows 100% EW completion for
FARL versus zero for Eureka and LiIMEN at 1M steps. Figure 3a shows where each method stops
making progress. Eureka acquires the key in 88.0% and opens the door in 84.8% of episodes,
but never exits; LIMEN’s selected design completes none of these stages. FARL carries progress
through all three. Under EA, completion is 1.00 for FARL and LiMEN and 0.92 for Eureka: with-
holding expert design therefore separates methods that succeed when that guidance is available.

The three candidates in Figure 3b show why early scores can be misleading. All are trained for
300k steps with the same five seed IDs; C1 and C2 use PPO, while C3 uses Advantage Actor-Critic
(A2C). The curves report exit frequency in 25k-step windows. C1 reaches 79.9% at 75k but falls to
5.2% by 300k. C2 remains near 60%, with large differences across seeds. C3 starts at only 8.0%,
then reaches 99.5% at 150k and remains close to complete success. Selecting only the early leader
would miss this more reliable design.
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Figure 3: Outcomes, design diversity, and learning dynamics. (a) DoorKey stage completion. (b)
Curve 1 (C1), Curve 2 (C2), and Curve 3 (C3) track three FARL candidates at 300k: C1/C2 use
PPO, C3 uses A2C; lines are five-seed mean exit frequencies in 25k-step windows. (c) All 121
Ant designs at 1M: dots are five-seed means; diamonds mark each learner’s best design. (d) Ant
outcomes by budget; filled/open markers denote EW/EA. (e) Hand stage completion at 5M steps per
policy. (f) The 111-dimensional SAC design across Hand iterations 11-14; lines average relocation
frequencies across three training runs in 100k-step windows. Bars and bands show seed SD, clipped
to [0, 100]% for completion. Appendices F.3 and F.4 give candidate identities and final-evaluation
protocols.

A separate comparison keeps observations, reward, and exploration fixed while changing the learner
and its hyperparameters. Final completion changes from 20% to 100% at 300k (Appendix F.2). The
design comparison in Appendix 1.2 shows that FARL retains the raw input and finds a count-based
reward with A2C. An interface that fails with one training configuration can therefore work with
another.

Ant: finding useful combinations and training them further. At 5M training steps per policy,
FARL’s EW design reaches 313.1 £ 31.7 meters, compared with Eureka’s 94.1 4 50.9 and native
PPO’s 81.9 £ 19.8 (Figure 3d). Its forward displacement is thus 3.3 times Eureka’s at this budget.
The design reaches 273.3 £+ 15.4 meters at 1M and 345.8 + 14.2 at 10M. At 10M, LiMEN reaches
89.9420.4, while native PPO falls to 37.0. More training benefits FARL’s design, whereas extending
the native configuration does not recover comparable locomotion.
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FARL searches Ant at budgets of 5k, 50k, 300k, and 1M steps, introducing new combinations as
the search proceeds (Appendix F.1). Among 121 five-seed designs, the best of 42 PPO, 42 Twin
Delayed Deep Deterministic Policy Gradient (TD3), and 37 Soft Actor-Critic (SAC) configurations
reaches 7.4, 211.6, and 273.3 meters, respectively. Even within SAC, results range from —4.0 to
273.3 meters. Choosing SAC alone is therefore insufficient: its performance also depends on the
observations, reward, and training settings. With expert guidance available, FARL reaches 281.1
meters at 10M, compared with Eureka’s 110.8 at SM and LiMEN’s 144.2 at 10M (Table 1).

An unexpected result is that the stronger Ant design is found without expert guidance: 345.8 versus
281.1 meters at 10M, a 23% increase. The winning programs reveal different approaches. EA
retains the native 27-dimensional observation and rewards forward speed using the supplied control-
cost term. EW adds 30 coordinate-difference features and rewards forward motion together with
differentiated actuator commands; both use SAC. Appendix 1.3 contrasts these programs with the
native speed—effort reward and the posture-based shaping found by the baselines. This contrast
shows that expert design need not set the limit of what automated search can discover.

Hand: from occasional success to reliable relocation. At 5M training steps per policy, FARL
achieves 97.11 4 2.99% sustained relocation, compared with 1.00 4= 1.00% for native PPO and zero
for Eureka, LIMEN, native SAC, and native TD3 (Table 1). FARL completes reach, lift, transport,
and relocation at 100.0%, 99.0%, 97.8%, and 97.1%, respectively (Figure 3e). LIMEN reaches the
object in 88.3% of episodes, lifts it in 16.7%, and transports it in 1.7%.

Earlier Hand experiments screen candidates at 5k steps and test smaller sets at 100k and 500k. One
candidate is retained despite zero success at 5k; with further training, it learns to reach and lift the
object (Appendix F.4). In the later run that produces the final design, iterations 0—10 use 1M steps
per policy and iterations 11-15 use 5M. The search retains programs and experimental findings
between iterations, but each policy is trained from scratch.

By iteration 8, FARL has found a generated reward and 111-dimensional representation that achieve
4.17% success with SAC. The representation includes palm—object and object—target distances com-
puted from public inputs. At iteration 11, longer training with revised SAC settings raises success to
40.89%, although results vary widely across seeds. Policies can reach and lift the object, but trans-
port remains unreliable. Comparisons of successful and failed trajectories suggest testing whether a
simpler representation would improve this stage.

Iteration 12 tests that prediction by removing seven relational features. The resulting 104D alter-
native keeps the same 84 public inputs and 20 other derived features. Both representations use the
same reward, learner, training settings, budget, and seeds. Transport reaches 38.44% with 104D,
compared with 60.11% with 111D: the proposed simplification does not provide the predicted im-
provement. FARL records this result and keeps both representations available for further experi-
ments.

Iteration 13 tests new SAC settings. Final success rises to 90.89% with 104D and 97.11% with
111D, whose seed SD falls from about 51 percentage points at iteration 11 to 2.99. The selected
policies reach 90.07% relocation frequency in the training window ending at 3M (Figure 3f). Later
iterations do not improve on this design, which remains the best at the end of iteration 15. The
search thus corrects an unsuccessful representation change while continuing to improve the training
configuration (Appendix F.4).

Search expenditure. FARL uses 82.3M training interactions on DoorKey, 1,900.7M on Ant, and
408.4M on Hand. Ant and Hand costs record one complete search. DoorKey requires slightly less
training than Eureka’s 85M and reaches 100% success versus zero. Ant and Hand use more search
training and produce substantially better policies. Appendix G details the expenditure.

5.2 CORE COMPONENT ABLATIONS

We remove one mechanism group at a time (Table 2). Ablation 1 (A1) searches observations and
rewards with a fixed learner, hyperparameters, and exploration procedure. Ablation 2 (A2) retains
all design choices but uses basic feedback without rich execution evidence or experimental memory.
Ablation 3 (A3) retains joint design and diagnosis but replaces diversity coverage, protected reten-
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Table 2: Three core ablations in EW and frozen FARL design references. DoorKey/Ant policy
horizons are 300k/1M; task success (%) or signed displacement, mean + sample SD. References
use five seeds, ablations three. Search protocols are given in Appendix E. TDoor reference: 50k, two
seeds; ablations: 1M, three seeds.

Condition DoorKey (%) Ant (disp.) Door (%)!
FARL (fixed reference) 100.00 + 0.00 273.35 + 15.35 100.00
Al: obs.-reward search only 0.00 £ 0.00 —3.09 £ 5.38 0.00 £ 0.00
A2: no rich evidence / memory 0.00 £ 0.00 —0.10£0.39 0.00 £ 0.00

A3: no diversity / preservation  100.00 &+ 0.00 2.40 +£2.93 0.00 £ 0.00

tion, and revival with ordinary sampling and task-score selection. We compare these searches with
previously selected FARL designs; Appendix E reports all nine cohorts and their search budgets.

Joint design and evidence-informed revision. Al and A2 both achieve zero DoorKey comple-
tion, compared with 100% for FARL. Their intermediate behavior reveals different remaining fail-
ures: Al acquires the key in 18.0% and opens the door in 1.0% of episodes; A2 reaches 46.7% and
34.3%, but still never exits (Table A12). Allowing more design choices gives A2 a broader search,
yet basic feedback does not lead it to a design that completes the sequence. On Ant, A1/A2 yield
—3.09/—0.10 meters, versus 273.35 for the reference. In these searches, neither observation—reward
design with a fixed solver nor joint design with basic feedback recovers FARL’s behavior.

Keeping alternatives available. A3 retains 100% DoorKey completion but reaches only 2.40
meters on Ant. Its simpler selection rule finds a complete navigation strategy, while the Ant search
misses the effective designs found by the full framework. On Door, all three restricted searches
yield zero at 1M, versus 100% for the 50k reference. The role of each mechanism thus depends
on the task: among the restricted searches, only A3 on DoorKey matches the corresponding FARL
reference. The ablations, learning curves, and controlled Hand comparison together show how the
search depends on the designs it retains and the feedback used to revise them (Figure 3b,f).

6 DISCUSSION AND FUTURE WORK

The 104D Hand representation performs worse than 111D at iteration 12, but both improve under
the training settings of iteration 13 (Appendix F.4). This is why FARL records test conditions and
keeps components available after an unsuccessful comparison.

Deciding how much training a candidate deserves remains difficult: DoorKey includes a slow learner
that becomes reliable, whereas native Ant performance declines with longer training (Figure 3b,d).
Better estimates of learning potential and reuse of findings across tasks could reduce repeated or
unproductive training. Extending FARL to visual tasks will also require diagnosis when relevant
state variables and milestones are not directly available.

7 CONCLUSION

We introduced FARL, a framework that automates the joint design of RL interfaces and solvers.
FARL diagnoses learning failures, tests proposed changes, and uses the results to decide which de-
signs to revise or train further. By retaining alternatives and the conditions of earlier findings, it can
revisit unsuccessful combinations without exhaustively training the full design space. Experiments
demonstrate successful design without native expert guidance and substantial gains on locomotion
and dexterous manipulation, including 97.1% Hand relocation success at SM training steps per pol-
icy. These results extend automated RL design to the experimental decisions needed to develop
effective learning setups.
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Al USE STATEMENT

Generative Al assisted manuscript drafting and revision, literature search and related-work dis-
covery, framework and method development, implementation and debugging, experimental-design
feedback, and interpretation of experimental records. Figure 1 includes Al-generated illustration el-
ements. LLMs also form part of FARL itself, as described in Section 4. The authors are responsible
for the paper’s content, results, and artifacts.

REPRODUCIBILITY STATEMENT

Appendix A.1 specifies task interfaces; Appendix A.3 identifies outcome cohorts and evaluation
denominators. Appendices B-D give construction, allocation, and diagnostic rules. Appendix E
reports intervention definitions, seed-level outcomes, and native-control settings; Appendix F links
executed designs to measurements. Appendix G describes resource accounting and the records
needed to reconstruct the results. Source code and recorded experiment results are included in the
ancillary materials accompanying this preprint.
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Table Al: Task interfaces. EW means expert-withheld; EA means expert-available. Hand is the
stress test (ST) under EA permissions.

Task Benchmark identifier Observation / action interface

DoorKey MiniGrid-DoorKey- EW: 148 inputs, 7 discrete actions; EA: 83
5x5-v0 inputs, 7 actions.

Ant Ant-vi4 27 raw inputs, 8 continuous actions; derived

features are design choices.

Door door-open-v3- Meta-World; 39 inputs, 4 continuous actions.
goal-observable

Hand AdroitHandRelocate-v2 ST: 84 inputs, 30 continuous actions; native

control: 39 inputs.

A TASK INTERFACES AND EVALUATION

The appendix describes the task interfaces and evaluation (A), design generation (B), search and
exploration (C), diagnosis and memory (D), ablations and native controls (E), learning curves and
search histories (F), resource use and reproducibility (G), related work (H), and native and discov-
ered learning designs ().

A.1 INPUTS AND ACCESS SETTINGS

The user supplies an executable task, its intent, observation/action semantics, a task evaluator, and
a resource protocol. Optional milestone predicates are specified before search. FARL (Fully Auto-
mated Reinforcement Learning) uses LLM-generated proposals and execution feedback to construct
a learning design h = (¢, r, L, A\, e,b): policy observation map, reward, learner, hyperparameters,
exploration, and learner-training depth. It does not change the benchmark dynamics or redefine the
task outcome.

EW candidate programs consume the public transition, actions, time, and bounded episode memory,
but not native reward, privileged step metadata, or hidden state. Task intent and field semantics
remain available: withholding Ant’s native shaping does not withhold its forward-displacement ob-
jective. EA/ST permits native feedback and the expanded task interface. In EW, the evaluator
returns aggregate outcomes during search without exposing its episode labels to the policy or gen-
erated reward at each step. The same separation applies to Hand’s evaluation milestones. DoorKey
EA additionally exposes benchmark key-possession, door-open, and terminal-success fields; its se-
lected reward uses those fields (Appendix 1.2). The initial sensing feedback is specified separately
in Section B.1.

DoorKey EW flattens a 7 x 7 x 3 egocentric symbolic image, divides its categorical codes by 10, and
appends direction divided by three. EA instead exposes the entire 5 x 5 x 3 grid with normalized
channels, plus eight values for agent position/direction, carried-object attributes, elapsed time, and
a constant. The smaller EA vector therefore reveals more global information. EW-EA comparisons
include this observability change, rather than isolating native-reward access.

Hand ST appends 36 generalized velocities and the three-dimensional absolute palm, object, and
target positions to the native 39 inputs. Native controls use only the original 39. The selected
Hand policy transforms the public 84-dimensional input into 111 features; the matched comparison
uses 104 (Appendix F.4). EA baselines retain their declared wrappers: LIMEN’s DoorKey bridge
exposes the full-grid vector, native reward, and time; Eureka can receive the environment object.
Hand LIMEN receives selected numeric metadata, whereas Eureka can access the benchmark and
filtered step metadata. These are the task-specific access paths used in the EA comparisons.

All experiments use numerical observations. MiniGrid encodes object categories, colors, and door
states; locomotion and manipulation expose physical coordinates and velocities. EW withholds the
additional expert learning artifacts, not the public observation API itself. EA/ST admits the task-
specific training feedback described above.

14



Preprint

A.2 OUTCOME AND MILESTONE DEFINITIONS

For a fixed design and training seed s, evaluation begins from the task’s original reset distribution
with all source-policy assistance disabled. With episode outcomes F (75 ;), the reported seed score
is

ng

F(7s,5(R))-

1
‘F‘?(h) e —n
5

We report the equal-seed mean and sample SD, with evaluation episodes nested within policy-
training seeds. Evaluations may participate in adaptive design selection; separately reserved fixed-
design cohorts are identified below.

DoorKey and Door report task completion. Ant reports signed root displacement until standard
health termination, truncation, or 1,000 control steps. This continuous metric measures net forward
progress from the initial root position.

Each Hand milestone must hold for five consecutive steps and is then latched for that episode:
reach requires palm—object distance < 0.10 m; controlled lift requires object height > 0.04 m and
palm—object distance < 0.12 m; transport adds object—target distance < 0.15 m to the lift conditions;
relocate requires the native success predicate, also used for Final. These are marginal episode events;
each is scored over all evaluated episodes. The supplied predicates specify task decomposition and
thresholds. Formally, the optional milestone set is S = {Si,...,Sk}. For binary completion
tasks, its terminal predicate equals the task outcome, Sk (7) = F (7). Earlier predicates localize
partial competence without imposing an additional ordered-prefix condition on completion. Ant’s
continuous displacement objective needs no milestone or binary completion threshold. Candidate-
generated progress proxies are learning hypotheses; they do not change these supplied evaluation
functions. Figure 3e uses one fixed design and one cohort per method for every stage.

A.3 COHORTS BEHIND THE MAIN RESULTS

Table A2 specifies training replication and evaluation denominators. Horizons describe the reported
policies; search costs are additional and are accounted separately in Appendix G. Seeds replicate
policy training for a selected design.

LiMEN DoorKey EW reports 0.00 &= 0.00 over its 20 zero-success evaluation episodes from one
trained candidate; its SD describes episodes. Other reported SDs summarize training-seed means
unless explicitly marked.

Door’s ceiling values are reported as completion rates. Eureka’s 75/75 summarizes three selected
successful designs. DoorKey EA is a positive reference at its recorded depth, using its native com-
pletion measure. For DoorKey’s fixed 1M cohort, episode 7 = 0, ..., 24 resets with seed s + j; the
five policy seeds therefore share some reset IDs.

External Ant aggregation. LiMEN’s supplied Ant EA statistic removes one minimum and one
maximum of six seed means, then reports the central-four mean and population SD: 144.23 4 4.65
displacement. The same six recorded values give 142.85 £ 10.91 under equal-seed averaging and
sample SD. The main table marks the supplied statistic explicitly. Seed IDs and 10M budgets are in
the original CSV; its evaluation script specifies 20 episodes per seed.

B INTERFACE-SOLVER CO-DESIGN: CONSTRUCTION AND EXECUTION

B.1 ADAPTATION AND EXPLORATORY LEARNING

FARL uses an existing environment constructor or validated adapter when available. Otherwise,
it inspects candidate packages and callable signatures, tests reset and step calls, and generates a
Gymnasium-compatible adapter. When a call fails, it uses the traceback to attempt a bounded re-
pair. Before generating designs, it checks observation shapes, action validity, finite values, and
short rollouts. The task must provide a usable non-visual API. Ant EW used package discovery
and adapter generation with gymnasium[mujoco]; DoorKey EW, Ant EA, and Hand ST used
existing benchmark adapters.
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Table A2: Outcome cohorts: runs x evaluation episodes/run X training steps/run. Unless noted,
runs train one selected design.

Task Method Cohort Selection and replication

DoorKey EW FARL 5 x 25 x 1M Seeds 200-204; the same design has five
300k runs, seeds 100-104.
Eureka 5 x 25 x 1M Seeds 0-4, fixed selected reward.
LIMEN 1 x 20 x 1M Selected short-stage run; the full-stage
threshold was not reached.
DoorKey EA FARL 3 x 5 x 100k Seeds 0-2; completed early-saturation
cohort.
Eureka 2 x 25 x 500k Seeds 101-102; 22/25 and 24/25 successes.
LIMEN 3 x 20 x 2M  Seeds 42-44; aggregate also used in
selection.
Ant EW FARL 5 x5 x 10M Seeds 42-46; independent SM training
uses these same IDs.
Eureka 5 x 25 x 5M  Seeds 04, fixed selected reward.
LIMEN 3 x 20 x 10M Seeds 42—44; aggregate also used in

selection.
Ant EA FARL 7x3x10M Seeds 0-6, one fixed configuration.
Eureka 5 x 25 x 5M  Five independent runs of the selected
reward.

LIMEN 6 x 20 x 10M Seeds 100-105; external aggregation
described below.
Door EW FARL 2 x 5 x 50k  One selected design.
Eureka 3 x 25 x 10M Three successful generated designs, not
seeds of one recipe.
LIMEN 3 x 20 x 5M  One selected design.
Hand ST FARL 3 x 300 x 5M Seeds 0-2; Iteration-13 selected design,
also evaluated during search.
Eureka 5 x 25 x 5M  Seeds 0—4; fixed champion stage profile.
LiIMEN 3 x 20 x 5M  Seeds 42-44; fixed champion stage profile.

Table A3: Executed initial sensing. Follow-up steps collect generator input with the probe policy;
they are not extra optimizer updates.

Task Learner Permitted probe feedback Learning  Follow-up
DoorKey EW  DQN Aggregate native scalar 30k 2k
Ant EW SAC Controllable novelty 30k Sk
Ant EA SAC Native scalar 30k Sk
Hand ST SAC Native scalar 100k Sk

A 500-step random probe supplies initial ranges and action responsiveness. When enabled, a fresh
miniRL policy then collects behavior: a deep Q-network (DQN) for discrete actions and SAC for
continuous actions. It trains in 10k chunks, using an initial plan based on interface dimensions
and probe statistics. After three chunks, stabilization of observation ranges, reward summaries, or
information trigger rates can stop sensing. A failed learner falls back to random sampling. This
stopping rule tracks the stability of the collected evidence. Candidate policies subsequently train
with fresh weights and replay.

DoorKey’s EW sensing phase permits aggregate native scalar feedback, while its solving-design
programs cannot consume native reward. Ant EW also withholds that scalar from sensing and
diagnosis; its probe uses novelty, state change, and event bonuses on action-responsive public co-
ordinates. Thus the exact probe channel is task-specific and declared before search. The collected
transitions, value ranges, actions, and feedback guide the first feature and reward proposals, before
any successful behavior is available.
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B.2 CANDIDATE INTERFACES AND VALIDATION

Observation proposals select semantic coordinate groups or append deterministic expressions to the
full raw vector. LLM-derived and typed -combinator expressions can expose differences, distances,
norms, ratios, or predicates. Each carries source coordinates, type, formula, and relevance rationale.
Probe checks test numerical execution and prioritize comparisons; short-run constancy does not
justify permanently discarding a rare-event feature. These are structured feature maps, not arbitrary
stateful observation programs. For raw observation Oy, the two forms are

(bsub(ot) = Ot [M]v (baug(ot) = [Ot7 fl(Ot)7 ey f'rn(Ot)]?

where the ordered subset M is nonempty and augmentation preserves all raw coordinates. The
original raw view is a separate reference alternative.

Reward proposals provide a complete transition function and can attach a mechanism claim, pre-
dicted behavior, a distinguishing observation, risks, and a falsifier, as detailed below. The runtime
function reads the canonical observations before policy feature selection, actions, time, and episode-
local memory, returning scalar reward and optional named diagnostics/memory updates. EA/ST
may additionally read native artifacts. Acquisition, persistence, regression, and event sequences
can therefore be expressed as programs, rather than coefficients in one fixed template. Later pro-
posal batches condition on existing families and evidence; exact-source deduplication and bounded
unproductive batches control expansion.

Learner proposals select supported implementations compatible with the action space, together with
architectures and conditional configuration domains. Before training, the executor checks input
dependencies, dimensions, action compatibility, and valid learner parameters. Each training record
identifies the observation program, reward, learner, hyperparameters, and exploration settings it
used.

The executor requests a repair when a program misuses a declared input or reverses its intended
reward direction. It checks the relevant changes together before training the revised design. Term
weights must preserve the declared incentive sign; named diagnostics are treated as separate outputs
unless the program explicitly includes them in its reward. Completed seed records are retained
across retries, and unfinished runs remain marked as incomplete.

B.3 WHAT INTERFACE—SOLVER CO-DESIGN GENERATES

Interface—Solver Co-Design makes two coupled choices: what the policy sees and is rewarded for,
and how a learner acquires behavior from that interface. Table A4 gives the inputs and outputs of
each generator. LLMs produce observation and reward programs and propose compatible learners
and exploration settings. The executor checks these components, combines them into a complete
design, and trains a policy with the selected RL algorithm. Recording the components separately
allows later experiments to identify exactly which choice changed.

Table A4: Executable objects in joint design. Inputs follow the task’s declared access setting; avail-
able execution evidence informs later proposals.

Design axis Evidence supplied Generated output

Observation Coordinate meanings/types, task Ordered field selections or raw inputs
relations, probe transitions, and earlier augmented by deterministic expressions, with
feature comparisons source dependencies and formulas.

Reward Task intent, transition interface, Complete transition-reward source and a
observed behavior, current incentives, testable account of its proposed behavioral
and retrieved explanations mechanism.

Learner Action-space type, representation, Compatible algorithm and network
supported implementations, and alternatives with learner-conditioned
learning-health evidence configuration domains.

Training Selected interface/learner, exploration Instantiated hyperparameters, exploration
alternatives, completed learning settings, and requested training depth for each
evidence, and resource protocol execution.
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Observation construction retains raw inputs as an explicit alternative. The generator groups co-
ordinates by meaning and proposes both small subsets and broader selections. LLM proposals and
combinations of typed expressions add features such as displacement, distance, and threshold events.
Each expression is tested on collected samples before it is added to a candidate. These checks help
prioritize tests, while retaining features that may matter only during rare events. Reward programs
continue to receive the original transition observations regardless of the policy’s feature map.

A reward program carries a prediction. Reward programs can encourage reaching a useful state,
remaining there, avoiding a reversal, or completing a sequence of events. Episode-local memory
allows rewards to depend on earlier events. A proposal can also state why its program should help
and what behavior would test that explanation (Table AS5). Explanatory fields are optional; the
generated source defines the reward actually used in training.

Table AS: The prediction record attached to a reward proposal. Source code defines the executed
incentive; the other fields guide subsequent tests.

Record Question it makes explicit

Program and family What incentive is executed, and which proposed mechanism distinguishes
this alternative?

Mechanism and behavior Why might it help, and which events or behavior should change if it
works?

Distinguishing prediction Which observation separates this explanation from a competing
explanation?

Falsifier and proxy risks Which result would challenge the mechanism, and how might reward
improve without the intended behavior?

Temporal role Does the proposal emphasize acquisition, maintenance, regression
prevention, or their interaction?

Compatibility and depth Which learner properties and minimum training duration are proposed for

an informative test?

For example, consider a hand that sometimes lifts an object but never completes relocation. It may
need to lift more reliably or to hold the object longer after lifting. A reward for initiating a lift
predicts more lifts; a reward for maintaining the grasp predicts longer holds. Measuring both would
distinguish these explanations even before either policy completes the task. This illustrative test
specifies the behavior to compare when the final score alone gives little guidance.

C DIVERSITY-PRESERVING SEARCH AND FRONTIER EXPLORATION

C.1 CONTROLLER AND ALLOCATION RULES

The scheduler uses a successive-halving-style budget ladder, with the retention rules below preserv-
ing learning potential and required comparisons. A valid initial probe is not a sufficient basis for
rejecting a design’s learning quality. Greater depth can be assigned to a new training run of a re-
tained design; promotion does not require continuation of its earlier policy parameters. The ladder
and stopping protocol are declared separately: training depth alone does not determine whether an
entire search has ended.

Coverage uses keys for learner identity, observation and exploration types, reward programs or prim-
itives, and component families. Required controls enter first. Greedy selection then adds candidates
covering the largest number of previously uncovered components and pairs, breaking ties deter-
ministically. Remaining slots go to underrepresented families. The records distinguish proposed
combinations from those actually trained.

At a validity rung, valid low-scoring designs receive no learning-quality pruning. Later bounded-
task retention considers alternative reasons: any positive final score (> 10712), positive milestone
evidence (> 10~%) with rising/inconclusive/high-variance dynamics, improving training, unavail-
able curves, or a required control/protected incumbent. For at least four finite returns, let a, b be
first-/last-quarter means and Ryi,, Riax the sequence extrema. Training improvement is

gs = (b—a)/max(1, |al,|b|, Rmax — Rmin), median, g5 > 1073,

18



Preprint

Algorithm 1 FARL’s experimental loop

Require: task/interface, fixed outcome evaluator, optional milestones, budget ladder with seed allocations, and
stopping protocol
1: adapt the environment; collect permitted exploratory evidence
2: initialize executable component pools, candidate bank, experimental memory, and cost ledger
3: while the stopping protocol permits another experiment do
4:  retrieve relevant findings, unresolved tests, and candidate learning evidence
5:  propose and validate components; resolve required construction/learner repairs
6:  reserve diagnostic comparisons and controls; fill remaining capacity by component-family and pair cov-

erage

7:  assign new designs a validity or learning rung; select retained designs for deeper trials or replication
using outcomes, learning dynamics, and experimental need

8: bind any frontier sources, reset mixture, withdrawal schedule, and additional interaction cost

9:  fix exact designs, conditional hyperparameters, seeds, and training budgets for each comparison
10:  train independent learners; evaluate task outcomes and milestones; record effective settings and costs
11:  check executed changes and conditions against the requested experiments
12:  update conditional findings; retain competitive, improving, uncertain, or experimentally necessary de-
signs and reusable components
13:  use these findings to request the next comparison, component revision, or budget promotion
14: end while
15: select using the declared task-outcome statistic; execute any reserved fixed-design cohort
16: return selected design, seed outcomes, experimental records, stopping reason, and accounted cost

Unavailable data are not negative evidence. Returns are compared within a program, not used to
rank different reward programs.

Milestone dynamics use early/late windows of width ¢ = min{max(10, | N/4|), max(1, |[N/2])}.
Fewer than 40 episodes is inconclusive. Otherwise, for rates p,, pyp, A = pp — p, has diagnostic
band A £ 1.96+/[pa (1 — pa) + pu(1 — pp)] /g, clipped to [—1,1]. A lower endpoint above 0.05 is
rising; an upper endpoint below —0.05 is collapse; |A| < 0.05 with zero in the band is plateau; other
cases are inconclusive. Across seeds, a rate range of at least 0.35 takes priority as high variance;
otherwise a strict majority determines the state. These normal-approximation bands diagnose learn-
ing behavior, not an exact sequential test. A requested target stage takes precedence over the first
available stage. Plateau/collapse can end unchanged milestone-based continuation at a completed
learning rung, while other retention reasons remain applicable.

For unbounded outcomes with n > 3 scores, scheduling uses ¢; = p; — 0.5s;/y/n and u; =
i + 0.5s;/y/n. The largest-¢ candidate, candidates with w; > max; £;, and required controls re-
main. With fewer than three scores, the mean is retained but variance is unreliable, giving temporary
protection. These bands are allocation heuristics, not calibrated confidence intervals; screening may
pool multiple configurations and repeated seed IDs. Bounded reward—outcome pathology checks
additionally route completed high-return/zero-outcome designs without stage or learning improve-
ment to revision. Their return-sign test is scale-dependent, so the behavioral evidence is essential to
interpretation.

The hyperparameter optimization (HPO) incumbent uses the arithmetic mean for fewer than four
scores. Otherwise, it averages sorted zero-based indices [n/4] through |3n/4] inclusive. Round
ties retain the first eligible design; later rounds replace it only on strict improvement. Final reporting
still uses the equal-seed mean and sample SD. Explicit comparison protocols may specify another
selection statistic; DoorKey’s three-design promotion used a normal-approximation lower bound,
then its recorded trimmed statistic and mean. Archived components can replenish depleted pools
without transferring policy parameters, optimizer state, or replay to new training units.

C.2 PREDICATE-GUIDED FRONTIER EXPLORATION

A policy that reaches part of the task can help another learner explore the next stage. The controller
first verifies its saved checkpoint and compatible action and observation interfaces. Occasional
success is enough to try it as a source policy; routine reuse requires the specified evidence across
seeds and checkpoints.
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Before handing control to the learner, the controller checks the current state and remaining episode
time against the source’s readiness condition. Each source policy is assessed separately. If its
condition cannot be evaluated from available quantities, the handoff does not proceed.

One frozen source acts from an ordinary reset through legal environment steps. On current readiness,
control passes to the fresh trial learner; source actions do not enter the learner’s rollout or replay and
no parameters are fused. For u learner steps completed of b, the default assistance probability is
Passist (u) = 0.5 max{0,1 — «/(0.8b)}. The final training tail therefore uses only original resets. At
most three source attempts are made per reset, and a handoff must leave at least one quarter of the
original horizon. The horizon is not restarted or extended. Sources and schedule are fixed within a
worker; completed waves can inform subsequent candidates.

If the source fails to reach the required state, training falls back to a fresh reset and the source
remains available. Invalid actions, corrupt checkpoints, and incompatible inputs require repair. All
source interactions, successful or not, count in addition to learner steps. Final evaluation disables
assistance and evaluates one learner from original resets, with freshly initialized stage detectors. The
reported champions train from ordinary resets.

C.3 PRESERVING OPTIONS BEYOND ONE UNSUCCESSFUL PAIRING

Diversity-Preserving Search retains both complete designs and reusable components. A poor result
applies to the tested combination at its training budget and initialization; the reward may still work
with another learner. Diagnosis can therefore propose a different pairing or further training. The
scheduler uses these requests and the observed learning progress to allocate the available budget.

The scheduler first reserves required controls and protected designs. It then favors candidates con-
taining component families or pairs that have not yet been covered, and fills any remaining capacity
from less represented families. Thus two candidates sharing a reward can receive training with
different learners. Their measured behavior determines which combinations merit further search.

The bank stores each component’s source, parent, status, and test results. Retained components can
be recombined; when an active component pool falls below its configured minimum, archived bank
entries can replenish it. The default minimum population and maximum revival count are both two.
This replenishment makes earlier components available for new combinations. Ablation 3 disables
it. Recombined designs retain their component history and train fresh policies.

C.4 USING INTERMEDIATE BEHAVIORS TO SUPPORT EXPLORATION
A policy that occasionally reaches a milestone can help another learner explore what comes next. It

need not yet be reliable enough for repeated reuse. Table A6 separates these uses of partial behaviors.
Final evaluation always starts from the task’s original resets with assistance disabled.

Table A6: Different evidence warrants different uses of partial competence.

Available evidence Next use Question for the next experiment
No compatible source with Joint design or exploration Observe partial competence and
usable readiness from original resets identify a testable frontier opportunity.
Positive local signal; Exploratory source-policy Whether the source can reliably create
checkpoint and runtime attempts mixed with original that opportunity and the new learner
interface verifiable resets can use it.
The same source also satisfies ~ Qualified reuse under the Whether the complete learner
its declared repeated-use checks recorded checkpoint/interface succeeds without assistance.

and scope
Completed whole-task evidence Deeper training of the selected  Performance at the newly evaluated
for one learner recipe or reserved fixed-design  depth and replication level.

evaluation

Choosing source policies. Some candidates always train from original resets. Others receive as-
sistance from compatible source policies, with priority given to sources that more reliably reach
the target milestone. Rotation among source families, every four allocations by default, also gives
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Table A7: Examples of observations and the comparisons they motivate.

Observed discrepancy Next comparison Discriminating observation

Frontier event never Exploration change with design Increased event coverage or

observed basis fixed frontier entry.

Useful events observed but ~ Public feature/observation Better separation of relevant states

poorly represented comparison and subsequent behavior.

Reward improves without Alternative incentive or learner Predicted behavioral transition, not

task progression test merely larger return.

Behavior improves but Replication or greater depth Consistent progress under the

varies across seeds stated conditions.

Training progress is absent  Same-checkpoint, same-episode Separate measurement

from saved evaluation evaluator check; then retention disagreement from irreproducible
test behavior.

Declared learner updates Learner/exploration repair Changed effective settings and

do not occur measured optimizer activity.

weaker policies further opportunities. Controlled comparisons use a fixed source plan across the
compared designs.

Appendix C.2 specifies when control passes from the source policy to the learner, how assistance
decreases during training, and how the additional environment interactions are counted.

D FALSIFIABLE DIAGNOSIS AND MEMORY

D.1 FROM OBSERVATION TO AN EXECUTABLE TEST

Diagnosis considers the training return, task score, milestones, trajectories, and optimizer activity
together. A failed evaluation first needs repair. A completed evaluation with zero success raises a
different question: whether the policy needs more exploration, a different representation, or longer
training. Table A7 gives examples of such decisions.

A hypothesis names supporting observations, scope, alternatives, a predicted effect, a falsifier, and
the component to change. The trajectory planner, internal diagnosis, and critic submit proposals
to one controller; disagreement can request a distinguishing experiment. A controlled comparison
binds an unchanged reference and a changed-axis design, common seed sets and depth, and com-
patible non-target components. The executor can use a verified paired-seed schedule or repeated
matched trial groups. Within-learner comparisons share their declared base hyperparameters; an
exploration treatment transforms its compatible settings. Learner changes use typed, algorithm-
specific domains, not an identical-hyperparameter claim across different algorithms.

Before interpreting a comparison, the controller checks the executed components, seeds, interface,
evaluation status, and training steps. A missing comparison or a revision that makes no change leaves
the hypothesis unresolved. Construction repairs do not require training a known-invalid control.
When the learner is not updating correctly, the controller checks its settings and optimizer steps,
repairs the fault, and retains any valid behavioral observations. Repaired candidates can re-enter
search after satisfying the same checks as other designs.

D.2 RETRIEVAL, UPDATING, AND TEST PRIORITY

Experimental memory stores explanations, predictions, scope, evidence, and unresolved compar-
isons; the candidate bank separately stores trainable components. Retrieval deduplicates hypothesis
IDs in stored traversal order, selects the same access setting, and orders states as supported, sus-
pected, proposed, inconclusive, falsified, and exhausted, with recency breaking ties. The controller
lesson view admits up to 12 entries and the generator view up to 16 within its context envelope.
Current designs and recent trial summaries occupy separate context sections. Retrieving a falsified
explanation preserves its scope rather than banning every use of its underlying program family.

Observational support can make a hypothesis suspected. Stronger ledger states require the appro-
priate claim type, linked comparison cohorts, valid information use, and repeated directional agree-
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ment. A complete paired-seed execution record admits actual outcomes from at least two distinct
paired seeds. Without that record, the bound-trial producer averages seeds within matched trial
groups and requires at least two groups. A higher treatment mean and a strict majority of posi-
tive differences support the local prediction; reverse evidence contradicts it. Reusing a seed across
groups does not create new independent seeds. Conflicting or missing comparisons remain incon-
clusive. These are operational evidential states, not calibrated posterior probabilities. Public-event
association with a milestone and the effect of rewarding that event are separate hypotheses.

The trajectory planner ranks admissible tests lexicographically by summed discriminating-value
score (default one per addressed explanation), number of explanations addressed, and lower ordinal
cost; exact ties keep library order. A concrete public-goal-interface alternative receives a priority
bonus of 100 over a generic perturbation of the same goal. A minimum-learning-depth guard pre-
vents treating a validity probe as a sufficient performance test.

When no authoritative request is available, a compact-memory fallback uses ¢(h) = g(h) f(h)[0.5+
u(h)]v(h)/c(h): recorded discriminating value g and positive cost ¢ default to one; f is one with
a falsifier and 0.25 without; u = max(0.1, 1 — confidence). State weights are 1.2 (supported), 0.9
(suspected), 0.75 (proposed/live), 0.65 (inconclusive), and 0.6 (weakened). Testing, dormant, falsi-
fied, and exhausted entries are not actionable in this fallback. These planning scores are heuristics.
Neither route bypasses execution checks or revives a consumed request through an older memory
view.

D.3 CONDITIONAL TRAINING CONFIGURATION

Optuna’s tree-structured Parzen estimator (TPE) uses sampler seed 42 4 ¢ at controller iteration ¢.
The learner- conditioned domain can be proposed from task evidence. Fallback on-policy domains
are log learning rate [10~%,3 x 10~?], discount [0.95,0.999], log entropy coefficient [10~%,0.05],
and generalized advantage estimation (GAE) parameter [0.9,0.99]; off-policy fallbacks use log
learning rate [10~%,107?], the same discount range, log target-update rate [0.005,0.02], and batch
size {128,256, 512}. Each value must belong to the selected learner’s executable domain; a cached
proposal for another learner is not a valid configuration.

Local contraction requires an explicit optimization request and healthy completed evidence from
the same executable recipe and training conditions. It halves support in the parameter’s linear or
logarithmic sampling coordinate around the compatible best trial, clipped to the original domain;
discrete domains remain unchanged. A flat nonpositive outcome field preserves support, as do new
designs, unresolved frontier exploration, health repairs, and missing compatible evidence. Iteration
number is not a shrink factor. Exploration’s learner-specific effects and executable warmup rules are
detailed in Appendix D.5.

D.4 CONNECTING DIAGNOSIS, EXPERIMENTS, AND MEMORY

Falsifiable Diagnosis tests an explanation before recording it as a finding. The candidate bank stores
reusable programs, configurations, and their history. Scientific memory stores explanations together
with their predictions, results, and test conditions. The LLM uses behavioral summaries and earlier
findings to propose a comparison; the controller selects its components, runs it, and checks the
outcome. Table A8 follows these steps from the proposal to the memory update.

A controlled comparison changes one design choice while holding the other compatible compo-
nents fixed. Exploration variants can modify a shared set of base hyperparameters. Comparisons
between different learners instead use each algorithm’s valid hyperparameter domain. The recorded
constructor settings identify the configuration actually used in training.

A verified paired-seed schedule can use one matched trial group with at least two distinct paired
seeds. It requires completed arms, design and interface identities that match the declared compari-
son, and actual per-seed outcomes; a trial average cannot be expanded into artificial seed observa-
tions. Without this complete record, the bound-trial producer uses at least two matched trial groups
and their seed means. The recorded replication unit governs interpretation; reusing a seed across
groups does not create another independent seed. Optional frontier initialization is bound with the
comparison rather than rotated between arms. Repairs of proved construction errors follow a sepa-
rate path: a known-invalid control need not consume a learning budget.
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Table A8: From a proposed diagnostic test to a result that can guide later experiments.

Object Required content Role in the next decision

Proposed test Explanation, competing account, changed  Select a comparison that can
axis, prediction, falsifier, and requested discriminate between explanations.
depth

Bound comparison  Exact reference and treatment artifacts, Reserve executable arms and bind
compatible non-target stack, seed IDs, and learner-appropriate hyperparameter
declared replication unit settings.

Completed Materialized settings, actual Determine whether the requested

evidence updates/depth, evaluation validity, and contrast actually occurred and has
outcomes attached to the bound arms interpretable results.

Memory update Local prediction verdict, its scope, and Inform subsequent retrieval, revision,

links to the comparison and observations  or another discriminating test.

Observed behavior can mark an explanation as suspected and prompt a test. Supporting a prediction
requires the completed comparison to agree both in its average effect and in a strict majority of
paired seeds or matched trial groups. An effect in the opposite direction contradicts the prediction.
Missing comparisons, a revision that changes nothing, or conflicting outcomes leave the question
unresolved. These memory states summarize the experiments; they are not posterior probabilities.

Retrieval keeps the test conditions with each finding. A reward that fails with one learner can still
be tried with another. Similarly, accepting a repair or allocating more training is a search decision;
the resulting experiment determines whether it supports the explanation.

D.5 EXPLORATION SETTINGS
Interface—Solver Co-Design chooses exploration settings alongside the learner. Table A9 lists the

supported options. Execution records contain the resulting training configuration.

Table A9: Supported exploration settings for each learner. Here b is the requested number of learner-
training steps.

Choice Executed effect and eligibility

Native exploration No additional modification to algorithm-native behavior.

Entropy profile PPO entropy coefficient at least 0.005; SAC selects adaptive-entropy
initialization 0.1 or 0.2.

Coverage profile PPO entropy coefficient at least 0.01; SAC adaptive-entropy initialization 0.2
or 0.5; compatible off-policy warmup proposal max(1000, 0.25b).

Long warmup SAC/TD3 or deep deterministic policy gradient (DDPG) warmup proposal
max (5000, 0.20b), subject to the executable learning-start guard.

Controllable novelty Training-only bonus over measured action-responsive observation
coordinates; a targeted variant uses available candidate-goal coordinates.

Public-goal replay Requires public goal atoms; the recorded implementation does not activate

descriptor SB3 hindsight experience replay (HER) merely by selecting this descriptor.

SAC values initialize an adaptive coefficient rather than impose an entropy floor. A profile with
no implementation branch for the selected learner has no extra effect; for example, the coverage
profile does not impose an A2C entropy floor. Valid explicit warmup values below b are honored.
Missing values or settings leaving no update opportunity invoke the short-rung fallback; invalid
values require correction. Intrinsic bonuses modify training incentives; evaluation always uses the
original task metric.
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Table A10: Recorded search training for the ablation comparisons, in millions of interactions; final
fixed-design training is accounted separately. Each column uses independently run searches with
the indicated allocations.

Condition DoorKey Ant Door
FARL reference 72.800 1,825.735 9.100
Al 21.960 56.860 64.055
A2 17.760 8.460 3.060
A3 5.560 51.960 10.060

E COMPONENT ABLATIONS AND NATIVE CONTROLS

E.1 THREE CORE INTERVENTIONS

Ablation 1: restrict search to observations and rewards. Observation/reward generation, di-
agnosis, and candidate management remain. The learner is fixed to PPO with two 64-unit layers,
default hyperparameters, native exploration, and a predefined training ladder. Its configuration is
fixed independently of the optimized FARL champion. This comparison tests the benefit of search-
ing over learner and training choices alongside the observation and reward.

Ablation 2: remove rich evidence and experimental memory. All design axes and diversity
management remain. Diagnosis, planning, arbitration, and revision receive the task, public interface,
current design, execution status, and basic training/Final feedback. Detailed trajectories, milestone
changes, coverage analyses, reward—outcome consistency, causal-comparison records, and retrieved
experimental lessons are excluded, including derived summaries. Initial public-interface percep-
tion and independent audit logging remain available. This tests rich evidence and memory as one
mechanism group.

Ablation 3: remove diversity and conditional preservation. All design axes and evidence-
informed diagnosis remain. Novelty-oriented generation, family/pair coverage, protected lineages,
and historical revival are removed. Candidates are sampled from current component pools without
diversity quotas. All valid candidates remain eligible at the validity rung; at learning rungs, the
ordinary bank retains the top [n/3] of n eligible candidates by its task-outcome commitment score.
Required experimental controls remain. A family may recur by chance, but discarded candidates
cannot be deliberately revived through history.

E.2 SEARCH AND EVALUATION PROTOCOL

Each condition searches with its specified mechanism group enabled or removed, then fixes one
selected design for independent policy training. DoorKey and Ant use seeds 200-202 at 300k and
1M steps per seed, respectively, with five final evaluation episodes per seed. Door uses the same
three seeds at 1M steps and 25 evaluation episodes per seed. Tables A10 and A1l report search
allocations and all final seed outcomes.

The FARL references use the selected designs in Appendix A.3. DoorKey and Ant align the policy-
training horizon across conditions; references use five training seeds and ablations three. DoorKey’s
reference uses 25 evaluation episodes per seed and its ablations five. Door’s reference uses two
50k policies; its ablations use three 1M policies. Ant A2 retains its existing reward program at
the revision step. These comparisons evaluate the designs found by each mechanism configuration
under the reported search allocations.

Where zero completion arises. The final DoorKey policies also have a separate 100-episode stage
evaluation per seed (Table A12). These are marginal rates over all episodes, not conditional on
completing earlier stages. Al seldom opens the door; A2 more often acquires the key and opens
the door but never reaches the exit. Their zero final scores therefore arise from different remaining
transitions. A3 completes the sequence in 98.67% of this stage-evaluation sample and 100% of the
five-episode final evaluation.
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Table A11: All final seed-level outcomes underlying Table 2. DoorKey and Door entries are percent;
Ant entries are signed displacement.

Task Intervention  Seed 200  Seed 201  Seed 202
DoorKey Al 0.00 0.00 0.00
A2 0.00 0.00 0.00
A3 100.00 100.00 100.00
Ant Al —6.7831 3.0899 —5.5665
A2 —0.3452 0.3557 —0.3055
A3 5.7242 1.2957 0.1823
Door Al 0.00 0.00 0.00
A2 0.00 0.00 0.00
A3 0.00 0.00 0.00

Table A12: DoorKey ablation stage diagnostics, percent, mean =+ seed SD. All three seeds train for
300k; each stage evaluation uses 100 episodes.

Intervention Pick up key Open door Reach exit
Al 18.00 £ 17.09 1.00+1.73 0.00 £ 0.00
A2 46.67 £ 7.23 34.33+£17.67  0.00=+0.00
A3 98.67 £ 2.31 98.67 £2.31 98.67 +£2.31

Table A13: Fixed native-control learner settings. Unlisted settings retain the version-pinned library
defaults; full constructor receipts are supplied.

Setting PPO SAC TD3
Hidden layers 64, 64 (Tanh) 256,256 (ReLU) 400, 300 (ReLU)
Learning rate / discount 0.0003/0.99 0.0003/0.99 0.001,/0.99
Batch size 64 256 256
Rollout / epochs 2048 /10 — —
Replay / warmup — 10°/100 10%/100
Train frequency / gradient steps — 1/1 1/1
Entropy coefficient 0 automatic —
Target-update rate — 0.005 0.005
Action noise policy sampling  policy sampling  Gaussian, o = 0.1

Door uses the 5k/50k/300k/1M search ladder. Final training keeps the selected observation map,
reward, learner, and hyperparameters fixed. All three interventions complete their final evaluations,
with zero successful episodes in each seed. The separate DoorKey stage evaluation describes be-
havior after search and is not used to select the final design.

E.3 HAND NATIVE-INTERFACE LONG TRAINING

This control uses native 39-dimensional observations and canonical dense reward with fixed SB3
2.8.0 configurations (Table A13), without search, normalization, added features, demonstrations, or
source-policy assistance. The environment is AdroitHandRelocate-v2, 30 actions, 200-step
horizon; its implementation is pinned to upstream commit 62640af45fc1 (full identity in the
manifest). Results are given in Table A14. PPO and SAC use library defaults; TD3 additionally
uses the official example’s independent Gaussian action noise with standard deviation 0.1. These
are standard library configurations, not an Adroit-specific tuned preset.

Each learner has three independently initialized trajectories (seeds 0-2), trained continuously
through nominal 1M and 5M checkpoints. These are two measurements of the same trajectories,
not six independent seeds. Each checkpoint is evaluated deterministically on 100 episodes per seed,
reset with 500000 4 1000s + j, 7 = 0,...,99. PPO checkpoints follow completed rollout updates
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Table A14: Completed native Hand controls; the PPO 5M stage profile is plotted in Figure 3e. Stage
and Final entries are percent, equal-seed mean & sample SD. Final requires five consecutive native-
success steps; Any is at least one successful step in the episode.

Learner Steps Reach Lift = Transport Final Any

PPO IM  70.67£9.45 26.00+6.93 1.67+£1.53 0.67£1.15 1.67£2.89
SM  42.00£3.61 9.334+4.04 1.00+£1.00 1.00£1.00 3.00 £ 1.00
SAC IM  25.33£8.02 4.00+2.00 0.00+£0.00 0.00=£0.00 0.00=£ 0.00
SM  18.00£9.54 5.33+4.16 0.67+1.15 0.00+£0.00 0.67 £1.15
TD3 IM  8.00+10.39 0.67+1.15 0.00+0.00 0.00+0.00 0.33 £0.58
M 0.00 £0.00 0.00+0.00 0.00+0.00 0.00=+£0.00 0.00=£0.00

Table A15: Native-reward PPO on Ant. Per-seed means use 25 evaluation episodes; the aggregate
is the equal-seed mean + sample SD.

Steps/seed Seed0 Seed1 Seed?2 Displacement
M 113.08  37.57 36.41 62.36 £ 43.93
M 96.86  59.41 89.40 81.89 + 19.82
10M 21.45 50.34  39.17 36.99 £ 14.57

at 1,001,472 and 5,001,216 actual steps; SAC/TD3 use exact IM/SM. The nine trajectories consume
45,003,648 training interactions.

The corresponding native returns at IM/5M are —1.60 + 3.84/—10.49 + 5.29 (PPO), —14.69 +
4.03/—11.42 + 0.72 (SAC), and —9.95 + 0.48/—7.82 £ 1.45 (TD3). PPO’s Final successes at 1M
are 0/100, 0/100, and 2/100; at SM they are 0/100, 2/100, and 1/100. SAC and TD3 have zero
Final successes in every seed at both checkpoints. PPO’s lift rate falls from 26.00% to 9.33%
while transport remains near 1%: additional optimization does not steadily accumulate the required
behaviors. TD3’s improving native return likewise does not imply relocation success.

These paired training-depth controls use the native 39-dimensional interface and a fixed configu-
ration. FARL constructs a 111-dimensional policy input from its 84-dimensional public interface
and performs design search. At 5M, its selected design reaches 97.11 + 2.99% sustained reloca-
tion, compared with native PPO’s 1.00 & 1.00%. The stage profiles compare the resulting behaviors
(Figure 3e).

E.4 ANT NATIVE-REWARD TRAINING

The Ant native control uses PPO with the environment’s native dense reward and 27-dimensional
observations. Three independent policy seeds (0-2) follow one training trajectory each, with evalu-
ation checkpoints at 1M, 5M, and 10M environment steps. Each checkpoint is evaluated determin-
istically on 25 episodes per seed using the same signed root-displacement metric as Figure 3d: final
minus initial root position, to termination or the 1,000-step cap. Reset seeds are 10000 + 100s + 7,
7=0,...,24.

Table A15 reports the outcomes. The fixed PPO configuration uses eight environments, 256 steps
per environment per rollout, batch size 64, ten optimization epochs, learning rate 3 x 1074, v =
0.99, GAE X\ = 0.95, clipping 0.2, entropy coefficient 0, and separate 64 x 64 Tanh policy and
value networks. There is no observation/reward normalization, interface search, or policy assistance.
Table A15 reports completed checkpoint evaluations; all model hashes, constructor settings, and
episode outcomes are retained.

F EXECUTED SEARCH AND DESIGN CASES

This section describes the designs found in search, how their policies learn, and how the Hand
representation experiment changes the controller’s next decision.
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Table A16: Selected Ant designs and their complete EW/EA configurations.

Component EwW EA

Policy input 27 raw + 30 difference features 27 raw coordinates

Reward Forward-motion credit, Speed/control-cost bands plus
action-diversity terms, continuous velocity and cost terms
coordinate-norm penalties

Learner / network SAC /256, 256 SAC /256, 256,128

Optimizer learning 2.5981 x 10~* 3x107*

rate

Entropy / warmup Automatic, initial 0.2 / 10k Automatic, default / 20k

Replay Ordinary replay Ordinary replay

F.1 ANT: DESIGN DIVERSITY AND PERFORMANCE

The executed search inventory counts distinct component artifacts at each training depth using
all 1,554 completed valid worker results from the frozen EW archive. It excludes proposed-but-
untrained combinations. At 5k, 50k, 300k, and 1M steps per seed, respectively, the numbers of
completed design evaluations are 27, 56, 1,350, and 121. The corresponding distinct counts are
(6,6,5,5) observations, (18,18,18,18) rewards, (3,3,3,3) learners, and (6,6, 5,4) exploration
artifacts. An artifact may occur at several depths; these counts should not be summed into a unique-
design total. These counts describe the alternatives that receive training at each budget.

Figure 3c shows every completed five-seed 1M design in the final search cohort: 42 PPO, 42 TD3,
and 37 SAC configurations. A dot is a design’s equal-seed mean displacement. Horizontal jitter only
separates overlapping dots. Diamonds mark the highest mean within each learner, 7.40, 211.56, and
273.35. Observation, reward, exploration, and hyperparameters also vary within learner groups; the
plot therefore exposes the range of joint-design outcomes. All 121 designs use 1M per seed and five
evaluation episodes per seed, including designs with zero or negative displacement.

Table A17 lists the budget-specific outcomes. The EA design retains the native 27-dimensional
observation and reuses forward-velocity and control-cost metadata. With v denoting x_velocity
and ¢c = —reward_ctrl, its reward is

1 v>1.0, ¢<0.9,
rea = 0.8b(v,c) + 0.2v — 0.15¢, b(v,¢) = ¢ 0.5 v > 0.6, ¢ <0.7 otherwise,
0 otherwise.

Thus, EA builds on native reward components without copying the native total reward. EW instead
adds 30 coordinate-difference features and computes reward from the public observation and ac-
tions. Its terms credit forward motion, variance across actuator commands, and differences between
two groups of actuator commands, with penalties on selected coordinate norms. These programs
express different objectives: EA rewards speed within a control-cost budget, whereas EW directly
encourages differentiated actuation alongside forward motion. Both selected designs use SAC and
ordinary replay, with the network and training settings in Table A16.

The search histories also differ. EA iterations 1-5 retain this same observation—-reward pair while
testing learners and hyperparameters. EW continues to evaluate five observation artifacts and 18
reward artifacts at 1M. Its stronger final result therefore comes from a design that departs from the
supplied speed—effort reward structure.

EW rows train the selected design independently at each budget. The five 10M-minus-5M differ-
ences average 32.72. The EA 1M point aggregates 30 configuration—seed results from six hyper-
parameter settings of the selected structural family; EA 10M uses the final selected configuration.
Lines in Figure 3d summarize outcomes by budget.

F.2 DOORKEY: ONE REWARD, DIFFERENT TRAINING CONFIGURATIONS

The frozen selected program reads the 49 object-category slots in the public 148-dimensional input.
For category code ¢, its smooth visible countis C¢(O) = 3,1 3, 144y max (0, min(1,1-10[0; —
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Table A17: Ant outcomes by training budget in Figure 3d. Rows summarize recorded training
cohorts; EA 1M includes six search configurations.

Setting  Steps/seed Seeds Episodes/seed  Displacement

EW IM 04 5 273.3+£154
EW M 4246 5 313.1 £31.7
EW 10M 42-46 5 345.8 £ 14.2
EA IM 6 x (0-4) 5 207.1 £85.6
EA 10M 0-6 3 281.1+74.4

Table A18: Same observation, reward, and exploration artifacts; different training configurations.
Both use five seeds (100-104), 300k steps and 25 evaluation episodes per seed.

Setting Selected A2C PPO comparison
Learning rate 1.8485447659 x 10~ 1.3505226478 x 10™*
Discount 0.9957992252 0.9974352405
Entropy coefficient 0.00022588495 0.02108114065
GAE parameter 0.9032534459 0.9120453326
Success by seed (1,1,1,1,1) (0,1,0,0,0)

¢|)). The codes 0.5/0.4/0.8 denote key/door/goal. Pickup can earn 2.0 when the visible key count
drops by more than 0.6 from above 0.8; otherwise it receives 0.05 times the count decrease. Toggle
earns 0.15 times the absolute door-count change. Forward movement with a goal-count increase
above 0.6 earns 0.8; otherwise the goal term is 0.04 times its count increase. Each step also incurs
—0.0015. This is a visibility-based shaping program, not an oracle for key possession, door opening,
or exit completion. The exact generated source (SHA-256 prefix 07251b7d0ca4) is included in
the artifact package.

Both algorithm artifacts declare 128,128 ReLU actor/critic networks. The learner and the four
listed hyperparameters change together, so this evidence concerns the training configuration, not the
update rule alone. In particular, the shared coverage-profile artifact does not impose an A2C entropy
floor.

F.3 PoOLICY LEARNING AND CANDIDATE SELECTION

Figure 3b shows how DoorKey candidates learn as policy-training steps increase. Figure 4 expands
this view and records Ant candidate comparisons at a fixed training budget. The Hand learning
trajectories are detailed in Appendix F.4.

DoorKey: three candidates at the same training depth. Curve 1 (C1) tracks design
17728£964a0e203d, Curve 2 (C2) design 449c5b344a476e98, and Curve 3 (C3) design
9a831d11e7£30408. All use five training seeds (100-104) and 300k steps per seed. C1/C2 use
PPO and C3 uses A2C. The accompanying records contain each candidate’s complete configuration.
C1-C3 identify candidates, not search iterations.

DoorKey ends an episode when the agent reaches the goal or after 250 steps. The episode logs
therefore identify goal-reaching episodes shorter than this limit. We assign completed episodes to
nonoverlapping 25k-step windows, count episodes shorter than 250 steps, and average within each
seed. Curves show the equal-seed mean; shading shows sample SD across the five seed means,
clipped to the possible frequency range [0, 1]. An exit exactly at step 250 is conservatively counted
as timeout because the monitor does not distinguish it from truncation. The first plotted measurement
covers the first 25k training steps. Table 1 reports a separate evaluation of C3 after 1M steps, using
five independently trained policies.

Ant: candidate comparison within the 1M allocation. The controller uses iteration indices 0, 1,
2, and 3 for the 5k, 50k, 300k, and 1M allocations, respectively. All 121 five-seed 1M designs belong
to iteration 3. Each dot in Figure 4b is the fixed-evaluator mean for one completed design, ordered
by worker completion time; parallel workers can finish in a different order from their launch. The

28



Preprint

step line shows the largest candidate mean observed so far, and its band is that candidate’s sample
SD over five policy-training seeds.

The eventual champion, e24e4c2fa358fdcft, is the eleventh completed evaluation and reaches
273.35 4 15.35 meters. It remains the incumbent through all 121 evaluations. All candidate out-
comes, including zero and negative displacement, are plotted. Ant displacement is measured after
each policy finishes training, so the horizontal axis counts completed candidate evaluations. Fig-
ure 3d separately compares the outcomes at 1M, 5M, and 10M steps per policy.

(a) DoorKey: all three promoted designs at 300k
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Figure 4: Candidate learning and selection at fixed training budgets. (a) DoorKey: five-seed mean
exit frequency and sample SD for each of three 300k candidates. (b) Ant: all 121 candidate evalu-
ations at 1M, with their five-seed SDs; the step line tracks the incumbent. The horizontal axes are
policy-training steps in (a) and completed candidate evaluations in (b).

Additional baseline search records. Figure 5 gives all 30 LiMEN search evaluations for Ant
and DoorKey, together with the best result found by each iteration. Ant evaluates each candidate
after 10M steps per seed and DoorKey after IM. The Ant incumbent reaches the §9.9-meter result
reported in Table 1.

F.4 HAND: RELIABLE RELOCATION THROUGH SUCCESSIVE EXPERIMENTS

Earlier Hand search at shorter budgets. Hand investigations include candidate training below
IM steps. In the August 29 search archive, the controller first evaluates a broad population at 5k
steps, then runs smaller sets of experiments at 100k and 500k (Table A19). These are executed
candidate-training budgets, distinct from the environment-sensing phase. The counts below come
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Figure 5: All 30 LiMEN search evaluations in Ant and DoorKey. Faint lines connect candidate
results; dark lines show the best observed result. The horizontal axis counts search iterations.

from completed worker results and their per-seed interaction receipts, rather than from the config-
ured maximum training depth.

Table A19: Completed short-budget Hand experiments in the August 29 archive. A design evalua-
tion is one candidate configuration trained on its assigned seeds; repeated evaluations of a component
combination are counted separately. The 500k row contains 26 completed evaluations across three
rounds. Training steps exclude evaluation interactions.

Steps/seed Design evaluations Seeds/design Seed runs Search role

Sk 256 1 256 Broad executable-design probe
100k 12 2 24 Short-budget learning comparisons
500k 26 3 78 Deeper tests of retained designs

One retained design, 031b6a159bb610d7, appears at all three depths and subsequently at 1M.
After its zero-success Sk evaluation, the scheduler records that a valid probe should be retained
without judging its eventual learning quality. Its completed 100k evaluations also have zero final
success, while later 500k evaluations record occasional relocation. Thus the archive documents an
actual decision to give an initially unsuccessful design further training opportunities. The respective
5k, 100k, and 500k evaluations use 3, 30, and 100 episodes per seed; their scores are not joined into
a single policy-learning curve.

This archive belongs to an earlier search with different generated component recipes. The September
13 run that produces the reported 97.11% champion starts without importing earlier candidates,
frontiers, experimental memory, or policy-training state. Within that later run, the designs and
evidence found at 1M are retained for the SM experiments described below, while the selected
policies are initialized independently. The early archive therefore establishes the use of short-budget
Hand search; the 1M-to-5M case establishes the development of the reported champion.

Figure 6 shows partial competence emerging before reliable task completion. In the final 25k-step
window of the 500k cohort, reach and lift occur in 95.5% and 58.7% of training episodes, whereas
transport and relocation remain at 10.4% and 1.6%. These distinct stages give subsequent diagnosis
more information than the low final success frequency alone.

From early search to the selected design. The run that produces the reported design uses 1M
training steps per policy at iterations 0—10, followed by 5M steps at iterations 11-15. At iteration 8§,
the 111-dimensional representation, generated reward, and SAC learner achieve 4.17% mean success
across two seeds. Later iterations reuse these programs and the findings from earlier experiments,
while each policy starts with new weights and an empty replay buffer.
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Figure 6: Early Hand learning within three independently trained cohorts of the retained design
031b6al59bb610d7: iteration/trial 0/165 at 5k, 1/1 at 100k, and 4/1 at 500k. Curves are marginal
stage-completion frequencies from all recorded training episodes, using nonoverlapping 1k-, 10k-
, and 25k-step windows, respectively. Each seed contributes 25, 500, or 2,500 episodes in the
corresponding panel. Lines average equally across the one, two, or three training seeds; bands show
sample SD where multiple seeds are available. Each panel starts with a fresh policy and uses its own
executed training configuration. The panels are separate training histories, rather than checkpoints
of one continuously trained policy; saved-policy evaluations are reported separately.

Table A20: Hand outcomes and expenditure. A successful seed has at least one successful evaluation
episode. Success is the equal-seed mean £ SD; policy depth is per seed. FARL costs cover the
complete search; * denotes estimated tokens.

Method Policy depth Successful seeds Success (%) Tokens / steps (M)
FARL M 3/3 97.11 £+ 2.99 2.58% /408.4
Eureka M 0/5 0.00 4+ 0.00 0.284 /1104
LiMEN M 0/3 0.00 + 0.00 0.607 / 55.0
Native PPO M 2/3 1.00 £+ 1.00 0/15.0
Native SAC M 0/3 0.00 + 0.00 0/15.0
Native TD3 M 0/3 0.00 + 0.00 0/15.0

Each of iterations 1115 tests two configurations on seeds 0-2, with 300 final evaluation episodes
per seed. All ten configurations and thirty policy-training runs are complete. The prescribed search
ends after iteration 15 without a further 10M stage. Table A21 reports every configuration. The best
is trial O of iteration 13, genome 1b3455£44977bd4d; its three policies each train for SM steps
from ordinary resets. Table A20 compares their performance and the search cost with the automated
baselines and native learners.

The selected policies complete 297, 296, and 281 of their 300 evaluation episodes, respectively:
97.11 £ 2.99% across seeds. Evaluation starts from the original reset distribution and uses one
saved policy per seed. The final milestone uses the native sustained-success criterion. These evalua-
tions also guide candidate selection (Appendix A.2); Table A22 reports the corresponding milestone
completion rates.

Learning configurations. The 111D representation contains 84 public input coordinates, twenty
generated distance features, and seven additional relational features. The 104D alternative removes
the last seven while keeping the others. Both use the same generated transition-reward program.

The seven features include palm-object, object—target, and palm-target distances, their sum, dif-
ference, and ratio, and a coordinate difference. For the public input vector x, the three distances
are H(.’I]go,ﬂ?;},h.’lﬁgg)”g, ||(a:36,x37,x38)|\2, and “(.1'33,31‘347.%‘35)”2, I‘CSpCCtiVC]y, using zero-based
indices. They make approach and target relations explicit using existing inputs. The comparison
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Table A21: All ten Hand configurations evaluated at iterations 11-15 with 5M training steps per
policy. Each row uses three training seeds and 300 final evaluation episodes per seed. Values are
sustained relocation percentages; SD is across training seeds. The 104D and 111D designs use SAC;
the 84D designs use PPO except iteration 15 / trial 1, which uses SAC.

Iteration/trial  Inputdim. Seed0 Seed1 Seed 2 Mean 4+ SD
11/0 104 4.00 98.67 0.33  34.33 £55.74
11/1 111 98.00 0.00 24.67  40.89 £+ 50.97
12/0 111 0.67 97.33 74.67 57.56 &+ 50.55
12/1 104 1.33 92.33 12.33  35.33 +49.67
13/0 111 99.00 98.67 93.67 97.11 £ 2.99
13/1 104 87.33 94.00 91.33 90.89 + 3.36
14/0 111 0.00 0.00 0.00 0.00 £ 0.00
14/1 84 0.00 0.00 0.00 0.00 £ 0.00
15/0 84 0.00 0.00 0.00 0.00 £ 0.00
15/1 84 0.00 0.33 0.00 0.11 £0.19

Table A22: The selected Hand cohort: marginal completion of each milestone over all 300 evalua-
tion episodes per seed. These are not conditional transition probabilities.

Evidence Reach Lift Transport Final
Seed 0 100.00 100.00 100.00 99.00
Seed 1 100.00 99.67 99.00 98.67
Seed 2 100.00 97.33 94.33 93.67

Mean £SD  100.00 £0.00 99.00+1.45 97.78£3.02 97.11+2.99

Table A23: SAC settings at iterations 11-13. Within each iteration, the two representations share
the listed SAC settings.

Setting Iteration 11 Iteration 12 Iteration 13
Network 384, 384, 256 384,384, 256 384, 384, 256
Learning rate 1.21296 x 107*  1.96651 x 10™*  1.23911 x 104
Discount 0.987555 0.982773 0.987258
Target update 7 0.003684 0.005543 0.009802
Warmup steps 200k M M
Batch size / replay capacity 256/10° 256,/10° 256/10°
Entropy coefficient Automatic Automatic Automatic
Learner steps / seed M M M

therefore changes how information is represented without adding new sensory information. Ta-
ble A23 lists the SAC settings at iterations 11-13.

The representation, reward program, and network remain fixed while the controller tests different
SAC hyperparameters. Final success increases from 40.89 4= 50.97% to 57.56 £ 50.55% to 97.11 &
2.99%. At iterations 12 and 13, both representations use the same training settings and ordinary-
reset procedure, yielding direct comparisons.

Testing a proposed representation change. After iteration 11, policies reliably reach and lift the
object, but transport remains the first unresolved stage. The diagnostic record compares fourteen
trajectories with higher task outcomes and two with lower outcomes. Their minimum values of
obs[85] differ, with the same direction observed in two seeds. Transport completion in this diag-
nostic cohort is 43.67%. This small observational comparison suggests testing the representation; it
does not establish the cause of the failure.

The proposed change removes seven relational features, predicting that the simpler representation
will improve transport. Iteration 12 compares the 104D alternative with the 111D reference using
the same reward, learner, hyperparameters, exploration, budget, and seed IDs. Transport completion
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Table A24: The Hand representation experiment, from its initial prediction to the measured outcome
and the resulting memory update.

Record Observed content

Diagnosis Transport is the earliest unresolved stage; an observation-feature contrast
motivates a representation test.

Experiment Iteration 12 tests two representations with identical reward, learner, training
settings, exploration, SM depth, and seeds 0-2.

Prediction The proposed representation improves transport completion.

Measurement Reference/alternative transport: 60.11/38.44%; final success: 57.56/35.33%.

Conclusion The result contradicts the predicted improvement; the reference remains
champion.

Memory The associated hypothesis changes from testing to falsified, citing the matched

experimental contradiction.

Table A25: Executed settings for the later completed Hand candidates. Every policy trains for 5SM
learner steps. The generated reward program is shared; prefix interactions are summed over three
seeds. A dash marks a setting that does not apply to the learner. Column headings give iteration/trial.

Setting 14/0 14/1 15/0 15/1
Learner / input dimension SAC/111 PPO /84 PPO /84 SAC/ 84
Network 384, 384, 256 512,512,256 512,512,256 384, 384, 256
Learning rate 4.87439 x 10~* 1.95026 x 10~ 1.10072 x 10~4 1.17979 x 10~ 4
Discount 0.990106 0.967368 0.994906 0.994028
Batch size 256 64 128 128
Entropy coefficient Automatic 0.032534 0.005 Automatic
SAC target update T 0.005334 — — 0.008957
SAC warmup / replay capacity 108 /106 — — 10%/10°
PPO rollout length / epochs — 2048/10 4096/5 —

PPO clipping / trace decay A — 0.2/0.922306 0.191816/0.962284 —
Prefix interactions 245,787 0 0 0

is 38.44% for 104D and 60.11% for 111D; final success is 35.33% and 57.56%, respectively. The
transport difference is —21.67 percentage points, with two of three paired seeds showing a decline.
The change therefore fails to produce the predicted improvement under these settings. This compar-
ison tests the seven features as a group; it neither establishes that each is necessary nor refutes the
original observational association. Table A24 summarizes the comparison and the resulting memory
update.

The controller marks the prediction as falsified in memory and retains both representations for fur-
ther tests. At iteration 13, new SAC settings raise success to 97.11% with 111D and 90.89 + 3.36%
with 104D. The earlier comparison favors 111D under its tested settings, while the later result shows
that the lower-scoring representation can also learn with a different configuration.

Later search and the retained design. Iteration 14 tests a new training configuration for the
111-dimensional SAC design and a raw-input PPO design; both complete with zero final success.
Iteration 15’s raw-input PPO and SAC candidates reach zero and 0.11+0.19% final success, respec-
tively. The iteration 13 policies remain the selected cohort after iteration 15 at 97.1142.99%. These
later candidates are independent training runs; the saved selected policies are retained throughout the
search. Table A25 lists their training settings. The completed search through iteration 15 accounts
for 408.45M environment interactions, including 26.78M prefix interactions. The 135 recorded
LLM calls use approximately 2.58M tokens. Table A20 reports expenditure through selection of the
iteration 13 design.

Learning curves. The curves shown here cover twenty-seven SM policy-training runs from nine
configurations. We order the training episodes by their recorded sequence and assign completed
episodes to nonoverlapping 100k-step windows. For each seed and window, the metric is the fraction
of episodes satisfying the sustained-relocation criterion. Lines show the equal-seed mean; bands
show sample SD, clipped to [0, 100]%. The first point covers the first 100k training steps. Table A21
separately evaluates the saved policies after training.
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Figure 3f follows the 111-dimensional SAC design across iterations 11-14, including the unsuccess-
ful configuration at iteration 14. Figure 7 shows these nine configurations and their seeds; Table A21
additionally reports the final raw-input SAC configuration and covers all configurations through it-
eration 15. The first three 111-dimensional cohorts train from ordinary resets. iteration 11’s 104-
dimensional candidate additionally uses 1,251,980 source-policy prefix interactions across its three
seeds; search expenditure includes these interactions, while the learning curves count learner steps.
The iteration 14 SAC candidate uses another 245,787 prefix interactions; all final evaluations use
the original reset distribution.
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Figure 7: Learning curves for nine of the ten completed SM Hand configurations. The final raw-
input SAC configuration is reported in Table A21. Thin curves are the three training seeds, the thick
curve is their mean, and shading is sample SD. Each point aggregates a 100k-step training window.
Iteration 12 panels (c—d) form the matched representation experiment. Panel (e) is the selected
design; panels (g—i) show the later completed alternatives.
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Table A26: Selected Hand design during training. Each row summarizes the 100k-step window
ending at the indicated budget, as a percentage averaged equally over three seeds. Final evaluation
uses 300 episodes per seed.

Window ending  Reach Lift Transport  Final

M 22.40 2.27 2.53 0.07
M 100.00  99.20 60.13 3347
M 98.80 97.20 91.40 90.07
4iM 99.53 98.13 93.53  92.07
M 99.40 97.33 95.53 9447
Final evaluation 100.0 99.0 97.8 97.1

The design selected at iteration 13 reaches 90.07% mean relocation frequency by the window ending
at 3M steps and 94.47% in the final 100k window. The last window’s seed frequencies are 98.8%,
87.6%, and 97.0%. The separate saved-policy evaluation reaches 97.1% (Table A26). Figure 8
shows learning extending from reach and lift to transport and sustained relocation.

'+ Reach - Lift === Transport == Relocate

stage frequency (%)

0 1 2 3 4 5
training steps / seed (M)

Figure 8: Learning progress of the Hand design selected at iteration 13. Lines and bands are three-
seed means and SDs of 100k-step training frequencies. The objective completion curve shows how
training extends beyond lifting and transport to sustained relocation.

Earlier independent experiment. An earlier 1M experiment retrieved 14 lessons and generated
a proximity-gated palm-to-target reward. Its three policies achieved 5/300, 10/300, and 3/300 final
successes (2.00 = 1.20%). This result comes from a separate, earlier run. Its generated program and
experiment records are retained with the project history.

G REPRODUCIBILITY AND RESOURCE ACCOUNTING

G.1 SEARCH COSTS AND LANGUAGE-MODEL CONFIGURATION

Table 1 combines task outcomes with EW and Hand ST expenditure. Table A27 gives the corre-
sponding accounting. Training counts use distinct FARL training receipts, baseline completed-unit
budgets, or actual recorded steps where available; evaluation rollouts are separate.

Ant token estimate. The retained usage JSONL contains one late 1,150-token request; launcher
and resume logs preserve 40 earlier successful requests without usage fields. We assign these events
to their surrounding module and estimate input plus output tokens using module-specific mean usage
from the Ant EA and DoorKey EW archives. Three adapter calls use the mean task-construction
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Table A27: EW and Hand ST resource accounting. Training steps are in millions. Tokens are
recorded input/output usage, except the rounded Ant FARL total estimate. Hand FARL’s main-table
estimate additionally accounts for one missing request.

Task Method Search steps Extra training Input tokens Output tokens
DoorKey FARL 72.800 9.500 2,629,000 205,025
Eureka 80.000 5.000 78,116 170,675
LiMEN 30.000 0 983,594 111,566
Ant FARL 1,825.735 75.000 = 0.2M total (estimated)
Eureka 400.000 25.000 47,112 104,420
LiMEN 900.000 0 376,478 52,042
Door FARL 9.100 0 795,008 78,751
Eureka 82.510 0 4,252 11,224
LiMEN 195.000 0 512,873 64,043
Hand ST FARL 408.447 0 2,328,957 229,031
Eureka 80.249 30.147 108,732 175,236
LiMEN 31.000 24.041 536,643 70,776
Native PPO 0 15.000 0 0
Native SAC 0 15.000 0 0
Native TD3 0 15.000 0 0

cost. The resulting estimate rounds to 0.2M tokens; the artifact package records all assignments and
calibration values. Deterministic per-trial diagnoses incur no LLM token charge.

Hand search expenditure. The main table reports the complete Hand search through iteration
15, including the preceding 1M candidates at iterations 0—10 and all ten SM configurations at it-
erations 11-15. Its 126 worker files contain 262 distinct seed receipts: 381,664,696 learner steps
plus 26,781,982 source-policy prefix interactions, totaling 408,446,678 training interactions. The
ten SM configurations account for 150M learner steps and 1,497,767 prefix interactions within this
total. The selected iteration 13 design uses 15M learner steps across its three seeds, with no prefix
interactions.

The 135 recorded LLM requests contain 2,328,957 measured input and 229,031 output tokens. One
request lacks usage metadata; estimating it at 26,050 tokens from measured requests to the same
module gives approximately 2.58M tokens overall. The search ends at the prescribed iteration 15
with the iteration 13 design still selected.

Eureka’s five generation rounds record 283,968 total tokens. Subtracting the 175,236 completion
tokens from the totals gives 108,732 input tokens; the log’s individual prompt field is not the sum
over all requests in a round. Its 79 candidate-training logs and five selected-reward retraining logs
record 80,248,832 and 5,079,040 steps, respectively, including PPO rollout rounding. LiMEN’s
controller records 607,419 tokens. Its program archive contains 31 completed single-seed short-
training runs at 1M; the selected interface has a separate three-seed 3M retraining, totaling 40M
nominal steps. The reported SM evaluations of the same selected designs add 25,067,520 steps
across five Eureka seeds and 15,040,512 across three LIMEN seeds. These completed runs bring
their total training costs to 110.395M and 55.041M steps, including the earlier confirmations. Fixed-
design training makes no additional LLM calls. The native PPO/SAC/TD3 controls each train three
seeds to SM; their 1M checkpoints belong to the same trajectories and add no extra training.

Training and cohort accounting. FARL DoorKey includes 728 distinct 100k receipts, three de-
signs on five 300k seeds, and five selected-design 1M runs. Ant includes 4,794 training receipts in
1,554 completed worker results, plus five-seed SM and 10M cohorts. Its retained receipts sum to
1,900.735M steps. Eureka DoorKey/Ant use 80 candidates plus five selected-reward runs; LIMEN
uses 30 candidates. The selected LIMEN Ant cohort is already included in its search total. FARL
Door records 182 trial-seed receipts of 50k steps. Eureka Door includes 80.085M steps in eight
completed candidates and 2.425M in two interrupted candidates at their last log entries. LIMEN
Door’s completed 30-round process allocates 30 x 2M short training plus 27 x 5M full training. The
earlier interrupted process in the same log is kept separately. Search counts exclude miniRL sens-
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Table A28: Reconstructing the paper’s mechanisms and measurements. The records distinguish a
proposed design, its executed configuration, and the evidence used to report its outcome.

Paper object

Reconstruction materials

Check

Task and interface

Co-designed recipe

Diagnostic test

Preserved alternatives

Reported outcome

Figures and controls

Environment/dependency identities,
field meanings, adapter and evaluator
definitions

Observation/reward source, learner
constructor, hyperparameters,
exploration profile

Generation context, reference/treatment
artifacts, prediction, bound arms, and
outcomes

Component identities, family keys,
selection and retention records, actual
training depths

Fixed-design seeds, checkpoint identity,
evaluation episodes, and aggregation
script

Plotting scripts, frozen result registries,
native-control checkpoint evaluations

Dynamics, input permissions, and
success criteria agree with the declared
task.

The reported candidate is one complete
executable combination.

A planned intervention can be
distinguished from an executed
comparison.

Coverage and continued training refer
to actual designs, not only proposed
pools.

Equal-seed means and SD reproduce
the tables without candidate or
checkpoint splicing.

All plotted cohorts and axis units are
recoverable from their recorded

observations.

ing, separate evaluation rollouts, and unrecorded interactions; mirrored logs and repeated receipts
are deduplicated.

The available EW logs identify gateway model alias gpt -5 . 4, with one FARL DoorKey learner-
selection call to gpt —5. 4-mini. Aliases do not pin immutable upstream snapshots. FARL records
requested temperatures 0-0.4, Eureka 1.0, and LiMEN 0.7; the GPT-5 request paths omit temper-
ature and top_p, so those configured values are not effective sampling temperatures. LiMEN’s
completion cap is 16,384; Eureka sets no explicit cap. FARL’s reasoning-model request builder
enforces at least 16,000 completion tokens, but historical per-call caps are not fully retained. Pre-
served prompts, responses, generated source, and constructor receipts support reconstruction at the
available level of detail.

G.2 ARTIFACT PACKAGE

The artifact package contains task definitions, dependency versions, generated programs, available
training configurations, seeds, and per-seed evaluation results. Checkpoint identities are retained
where available; model weights are not required to regenerate the figures. Result files and plot-
ting scripts reproduce the reported comparisons, including all 121 qualifying Ant designs. Hand
result records cover the earlier search and all ten configurations from the completed 5SM iterations
11-15, including thirty per-seed evaluations and the completed-search receipt. The plotted learning
curves cover nine configurations and twenty-seven episode logs; the complete result table addi-
tionally includes the final raw-input SAC configuration. The representation experiment records its
prediction, result, and memory update. Language models propose programs and configurations; re-
ported measurements come from executed experiments or identified external records. The authors
are responsible for the analyses and conclusions.

H EXTENDED COMPARISON TO PRIOR WORK

Section 2 compares the most closely related interface-search and diagnostic agents. Here we discuss
connections to AutoRL, experimental search, and exploration.

H.1 MODULAR AUTORL AND EXECUTABLE PROGRAM SEARCH

AutoRL encompasses representation, algorithm, architecture, hyperparameter, reward, and hy-
brid optimization (Parker-Holder et al., 2022); ARLO organizes such choices into modular
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pipelines (Mussi et al., 2023). Eureka and Text2Reward demonstrate executable reward genera-
tion (Ma et al., 2024; Xie et al., 2024). LiIMEN extends interface search to observations and rewards
while preserving diverse candidates (Jaswal et al., 2026). FARL jointly revises interface programs,
learners, and training settings. Diagnosis uses the resulting behavior to decide which component or
combination to change next.

H.2 DIVERSITY, TRAINING FIDELITY, AND EXPLORATION FRONTIERS

MAP-Elites preserves diverse solutions (Mouret & Clune, 2015); population-based training (PBT)
adapts training populations (Jaderberg et al., 2017); Hyperband and asynchronous successive halv-
ing (ASHA) allocate fidelity through successive halving (Li et al., 2018; 2020). FARL uses a
successive-halving-style budget ladder, but also reserves training for required comparisons, designs
that are still improving, and alternatives that short runs cannot yet distinguish. Diagnosis can there-
fore affect which candidates receive more training even when their current scores are low.

Go-Explore returns to promising states before exploring further, while reward machines represent
task progress (Ecoffet et al., 2021; Toro Icarte et al., 2022). FARL uses task milestones to identify
where progress stops and where an existing policy could help a new learner begin exploration. Final
evaluation starts from the original reset distribution with assistance disabled (Appendix C.2).

H.3 BEHAVIORAL DIAGNOSIS AND EXPERIMENTAL MEMORY

RDA uses visual subtask analysis to revise subtask specifications and reward code under a fixed
learning procedure (Lee et al., 2026). Prompt-to-Policy combines code/video judgment, training-
dynamics analysis, reward and hyperparameter revision, and lessons from prior iterations (Chung
et al., 2026). FARL uses numeric trajectories and available predicates, and records each explanation
with the tested design and conditions.

ReAct interleaves reasoning and environment actions (Yao et al., 2023); Reflexion uses verbal feed-
back and episodic memory to improve subsequent attempts (Shinn et al., 2023). FunSearch, ReEvo,
and MLAgentBench likewise connect execution to search or accumulated feedback (Romera-
Paredes et al., 2024; Ye et al., 2024; Huang et al., 2024). In RL, the same design can behave
differently across training seeds, initializations, and budgets. FARL records these conditions when
it tests an explanation. Its memory keeps proposed explanations separate from experimental find-
ings, allowing later search to revise components and allocate training using the appropriate evidence.

ENPIRE enables coding agents to revise policy-training code through real-robot experiments after
constructing fixed reset and verification interfaces (Xiao et al., 2026). Agentic AutoResearch for
Space Autonomy searches a predefined configuration space and subjects its selected configuration
to an offline audit using reseeded evaluation and leave-one-out pruning (Jain & Linares, 2026).
These works share the goal of autonomous experimentation; FARL focuses on retaining interface—
solver alternatives for diagnostic comparisons and using their outcomes to guide subsequent design
and training allocation.

I NATIVE AND DISCOVERED LEARNING DESIGNS

This section compares what the benchmark supplies with what each method actually selects. We
use the six design axes from Section 3: observations ¢, reward r, learner L, training parameters
A, exploration e, and policy training budget b. The environment defines observations, rewards,
actions, and termination. A learning algorithm, optimizer, and training budget must be chosen for
the experiment. ‘“Native control” below pairs the benchmark interface and reward with the specified
fixed learner. The comparisons describe complete designs. They do not attribute a performance
difference to one component unless that component was tested while the others were held fixed.

I.1 WHAT THE NATIVE BENCHMARKS PROVIDE
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Table A29: Native observations and expert-designed reward terms. The
public wrappers used in our experiments are specified separately below.

Task Native observation Native reward and episode horizon

DoorKey  Symbolic 7 X 7 X 3 egocentric Zero until reaching the exit, then
image (object, color, state), 1—0.9t/T. The 5 x 5 task has T = 250
direction, and a textual mission. steps. Pickup and door opening receive
The numeric EW wrapper uses 147  no separate native reward.
normalized image entries plus
direction, giving 148 inputs.

Ant 27 coordinates: torso height, Forward velocity plus a survival term,
quaternion, eight joint angles, three  minus 0.5||a||3; contact cost is inactive
root linear velocities, three angular  in this configuration. Episodes end on
velocities, and eight joint velocities.  unhealthy state or at 1,000 steps. The
Global root z, y are excluded. 27D vector is already the benchmark’s
Contact-force features are disabled.  chosen representation; EW retains it

while withholding native reward and
reward metadata.

Door 39 coordinates: two 18D frames of =~ Meta-World’s dense reward combines
hand/gripper and object state, grasp/readiness shaping with
followed by the 3D goal. This door-opening progress, using gripper
includes supplied object and goal effort, hand-handle geometry, and door
geometry, even when native shaping angle; success sets reward to 10 in the
is withheld. v2 reward implementation. The

experimental horizon is 500 steps.

Hand 39 coordinates: 30 hand positions Dense reward is

and three 3D relative vectors
(palm—object, palm—target,
object—target). The experiment’s
84D ST wrapper adds 36 velocities
and absolute palm, object, and
target positions.

—0.1dp0 +Wh>0,04(1 — 0.5dpt —
0.5dot) + 108 g, <0.1 + 2004, <0.05-
Here h is object height and d denotes
Euclidean distance. Episodes last 200
steps. Evaluation additionally requires
five consecutive successful steps.

Native Hand controls retain 39D inputs and train PPO, SAC, or TD3 to 5M; their complete settings
are in Table A13. Native Ant uses 27D inputs and PPO, with the settings and 1M/5M/10M evalu-
ations in Appendix E.4. No native Door control is reported. DoorKey’s native completion rate is
a supplied reference, for which a full learner configuration and seed-level training archive were not
recovered; it is not used as a controlled comparison of training efficiency.

1.2 DOORKEY: RAW INPUTS CAN SUFFICE WITH A SUITABLE SOLVER

The designs differ in more than reward length or observation dimension. Eureka explicitly encour-
ages moving through the doorway and approaching the exit, yet its selected policy stops short of
task completion. LIMEN constructs a larger representation but also retains PPO. FARL selects a
simpler public-input design with A2C. The controlled comparison in Table A18 is the evidence that
the solver configuration matters: the same observation and reward reach 100% completion with the
selected A2C configuration and 20% with the compared PPO configuration.

Under EA, the public wrapper instead exposes the 83D full-grid state. FARL’s selected PPO design
expands it to 115D and uses an event-based reward: 3 for first key acquisition, 6 for subsequent
door opening, and 12 for terminal success after those events, with a 0.5 penalty for dropping the
key before opening the door. Episode memory prevents repeated collection of the first two bonuses.
This EA program reads the wrapper’s key-possession, door-open, and terminal-success fields. Its
information access therefore differs from EW’s visibility-based program: EA uses directly available
task events, while EW must work from the partial observation. The retained selection receipt verifies
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Table A30: Selected DoorKey EW designs. All reported policies use 1M steps. Exact programs are

included in the code supplement.

Axis Eureka LiMEN FARL

1o} Unchanged 148D public 188D: public input plus Unchanged 148D public
input. visible-object counts, input.

nearest-object offsets,
front-cell flags, time, and
inferred key possession.

r Key pickup/approach, door  Visible key/door/goal Changes in soft counts of
opening and doorway changes and visible key, door, and goal
crossing, goal approach and  geometry-based shaping categories, conditioned on
an exit proxy, with small computed alongside the pickup/toggle/forward
action/time penalties. expanded observation. actions; step penalty

0.0015.
LA Fixed PPO; settings in Fixed PPO; settings in A2C with selected learning
Table A34. Table A34. rate, discount, entropy and
GAE parameters
(Table A18).
e PPO policy sampling. PPO policy sampling with Policy sampling; the
entropy coefficient 0.01. selected coverage profile
adds no intrinsic reward or
A2C entropy floor.
b 5 X 1M selected-reward One 1M selected run; no 5 X 1M evaluation runs,

runs.

candidate passes the
full-training threshold.

following 100k screening
and five-seed 300k

comparisons.

115D inputs, PPO, three seeds and 100k steps, but does not retain the selected trial’s complete
optimizer configuration. The artifact package identifies this missing record explicitly.

Eureka EA retains the 83D input and fixed PPO, combining native reward with key/door/goal ge-
ometry and a strong exact-goal-occupancy bonus. Its reported cohort trains for 500k steps. LIMEN
EA creates 273 features from the full grid, object-relative coordinates, direction, front-cell contents
and task phase, while its selected reward is exactly the native reward. It uses fixed PPO and three
2M runs. These programs make the role of expert information concrete: the EA designs can directly
use state and event information that EW must work without.

1.3 ANT: DIFFERENT REWARDS, REPRESENTATIONS, AND LEARNERS

The selected EW reward encourages forward velocity and variation across actuator commands. Its
two action terms measure variance across all eight action coordinates and the difference between the
means of the first and last four coordinates. The exact program also specifies the coordinate-norm
penalties and numerical bounds.

These design differences help explain what FARL searches, but the strongest performance evidence
remains the complete configurations and their training cohorts. The 121-design comparison shows
large variation even within SAC; it does not establish that the action-diversity term alone causes the
gain.

Under EA, FARL keeps the native 27D input and constructs the speed/control-cost reward given
in Appendix F.1. The saved SAC model uses 256, 256, 128 hidden layers, learning rate 3 x 1074,
v = 0.990520, 7 = 0.005448, automatic entropy, and 20k warmup. These are the effective settings
recovered from the saved model. Eureka EA retains 27D inputs and PPO; its reward adds linear
and exponential forward-speed terms to native reward, with lateral-drift and unhealthy-state penal-
ties. LIMEN’s supplied EA program uses 30 features (scaled native coordinates and three motion
summaries) and PPO, with forward velocity, a falling penalty, angular/joint-motion penalties and a
healthy-height bonus. Their reported policy budgets are 10M, 5SM and 10M for FARL, Eureka and
LiMEN, respectively.
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Table A31: Selected Ant EW designs. Native input and reward are in Table A29; fixed baseline
solvers are in Table A34.

Axis Eureka LiMEN FARL

¢ Unchanged 27D input. 80D: orientation axes, 57D: all 27 public
bounded joint/velocity coordinates plus 30
features, pairwise joint pairwise coordinate
coordination, summaries, differences.
and time.

r Forward velocity gated by Forward velocity with 0.8vz + 0.12 Var(a) +
height/uprightness, small posture-dependent scaling, 0.08|Gg:4 — @a4:s|, minus
posture bonuses, and small upright/facing coordinate-norm penalties.
lateral, vertical, angular, bonuses and motion/action
joint-motion and action penalties.
penalties.

L, Fixed PPO. Fixed PPO. SAC; 256, 256 network,

learning rate
2.5981 x 107*,
v =0.991472,
7 = 0.007961.
e PPO policy sampling. PPO policy sampling; Automatic SAC entropy
entropy 0.01. initialized at 0.2; 10k
random-action warmup.
b 5 x 5M reported runs. 3 x 10M reported runs. Five runs per budget at 1M,

5M, and 10M; search first
tests designs at 5k, 50k,
300k, and 1M.

1.4 DOOR: SEVERAL DIFFERENT DESIGNS REACH THE CEILING

Table A32: Door EW designs. Eureka’s reported 75/75 outcomes cover three generated rewards, so

all three programs are preserved.

Axis Eureka LiMEN FARL
1o} Unchanged 39D input. 121D: public-state 47D: 39 public coordinates
transformations, plus eight generated
hand/object/ goal relative distance, offset, magnitude
vectors, opening-direction and configuration features.
projections, alignment
features, state summaries
and time.
r Three rewards combine Reaching progress, Negative hand—goal,
reaching and opening proximity-gated and object—goal and
progress, proximity alignment-weighted hand-handle distances;
bonuses and action opening progress, goal vertical-offset and gripper
penalties. Two additionally  proximity, relative progress  terms; mean squared-action
gate opening or motion by and a small action penalty. penalty.
proximity to the handle.
L, A Fixed PPO. Fixed PPO. SAC; 256, 256 network,
learning rate
4.0943 x 107*,
v = 0.981102,
7 = 0.009037.
e PPO policy sampling. PPO policy sampling; Automatic SAC entropy;
entropy 0.01. 10k warmup.
b Three designs, each 10M. Three seeds, each SM. Two seeds, each 50k.

All three methods complete this task. FARL reaches that ceiling with a shorter trained policy, but
the comparison does not identify one uniquely correct reward or representation. It provides a useful
contrast to Hand: Door admits several effective geometric designs, whereas reaching and lifting the
object in Hand do not by themselves produce reliable transport.
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1.5 HAND: PRESERVE CONTACT WHILE IMPROVING THE TRAINING CONFIGURATION

Table A33: Selected Hand ST designs. Native controls use 39D inputs; all three automated methods
receive the 84D public wrapper. Policy budgets refer to completed cohorts.

Axis Eureka LiMEN FARL

1) Unchanged 84D public 396D: native/public inputs, 111D: 84 public inputs, 20
input. scaled joint and velocity other derived features and

features, relative vectors in seven selected relational
several frames, distances, features.

alignments, geometry

summaries, time and native

feedback.

r Native reward plus smooth Half native reward plus Half native reward plus
reach, lift, controlled-lift, reach/lift/transport changes ~ bonuses for maintaining
target-proximity, transport normalized by scene scale, control after lifting and
and late-placement terms, contact-weighted progress bringing the lifted object
with a small action penalty.  and state-quality terms. near target; penalty for

losing contact.

L, Fixed PPO. Fixed PPO. SAC; 384, 384, 256

network, learning rate
1.2391 x 1074,
v = 0.987258,
7 = 0.009802.
e PPO policy sampling. PPO policy sampling; Automatic entropy, target
entropy 0.01. —30, and 1M
random-action warmup.
b Five seeds, each SM. Three seeds, each SM. Three seeds, each SM.

Let dy, and d,; denote next-state palm-object and object—target distance, h object height, and 7y
native reward. FARL’s selected program is

r=0.5ry + 3“4}1>0_04H4dp0<0410 + 2“éh>0.04(0-15 — dot)—i— — 2.5“4;1>0_04(dp0 — 0.12)+.

It keeps native feedback during approach and adds explicit incentives for controlled transport after
lifting. Eureka and LiMEN also contain transport shaping, so the result cannot be explained by
claiming that only FARL rewards the later stage. The distinguishing evidence is the search over the
whole configuration. The same generated reward and 111D representation achieve only 4.17% at
iteration 8; longer training and revised SAC settings eventually raise the selected design to 97.11%.
The matched 104D/111D test and the subsequent solver revisions are detailed in Appendix F.4.

1.6 LEARNER SETTINGS AND EXACT PROGRAM RECORDS

Table A34: Fixed automated-baseline PPO settings. These are experiment settings, not hyperparam-
eters supplied by the environments.

Setting Eureka LiMEN
Policy / value hidden layers 64,64/64,64 64,64/64,64
Activation Tanh Tanh
Learning rate 3x107* 3x107*
Discount / GAE 0.99/0.95 0.99/0.95
Clipping / value coefficient 0.2/0.5 0.2/0.5
Batch size / optimization epochs 64/10 256/10
Entropy coefficient 0 0.01
Gradient norm limit 0.5 0.5 (Ant: 1.0)
Replay / random-action warmup None None

Eureka uses eight parallel environments and 2,048 steps per environment per rollout. LIMEN uses
eight environments with 2,048 steps each for Hand, 32 with 2,048 for Door, 48 with 1,365 for
Ant, and eight with 8,192 for DoorKey. These are the SB3 rollout lengths derived from the task

42



Preprint

configurations. FARL’s selected SAC designs use a replay capacity of 105, batch size 256, and one
gradient update per environment step. The effective parameters listed above are taken from saved
models where available, rather than assuming that every field in an LLM proposal was accepted by
the learner.

The supplement pairs each retained program with its task, method, candidate identity, observation
dimension, training budget, and available constructor or selection records. It includes executable
baseline reward/interface programs and FARL observation/reward specifications. This makes it pos-
sible to inspect what was designed, as well as compare the final scores.
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