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Abstract

Designing effective reward functions is a persistent bottleneck in reinforcement
learning (RL). Recent work uses large language models (LLMs) to generate task-
specific rewards and evolve them against a task-level fitness function. However,
state-of-the-art LLM-driven reward search trains and discards a policy for each
reward candidate, skipping the upstream-downstream factorization of modern RL:
policy initialization is incidental, and reward ordering is ignored. In this study,
we hypothesize that restoring this factorization (pretraining a task-agnostic skill
prior once, then letting the ordered reward trajectory itself carry the specification)
yields stronger policies at a fraction of the compute. To this end, we introduce
FORGE (Fine-tuning Over Reward Generations through Evolution), which pre-
trains a skill prior via temporal-distance successor features and then lets an LLM
evolve task rewards while each policy adapts through closed-form skill projection.
We evaluate FORGE across three tasks. On locomotion and balance maintenance,
FORGE surpasses the previous state of the art in fully automated LLM reward
search at 10x less compute per reward candidate. On dexterous manipulation,
where the upstream prior rarely observes success states, augmenting pretraining
with only 100 expert episodes supplies the missing capability and enables FORGE
to reach 89.1% of the performance of the published state-of-the-art human-in-the-
loop LLM reward evolution.

1 Introduction

Designing effective reward functions remains a central bottleneck in reinforcement learning, es-
pecially for tasks whose objectives are easier to recognize than to specify [[Amaodei_ef-all, DOTH,
Hadfield-Menell ef all, POT’A, Singh et all, 0T0]. Recent LLM-based methods recast reward design
as program search: an LLLM proposes executable reward functions from a natural-language task de-
scription, each proposed reward is used to train a policy, and the resulting behavior is evaluated by
a designer-specified task-level fitness function. The fitness values it produces, which are distinct
from the generated training rewards, guide subsequent rounds of LLM proposals. A growing line of
work [Ma“ef all, P074a, Xie ef all, D074, Hazra ef all, P075] has made reward design more scalable
under this formulation.

The limitation is that this fitness function remains static while the search process is sequential. Each
proposal is informed by previous outcomes, yet each candidate is evaluated from a fresh policy
initialization and the resulting checkpoint is discarded after scoring. The score therefore measures
standalone reward quality, asking whether a reward can train a good policy in isolation, rather than
whether it advances the policy state produced by previous rewards.

FORGE redefines reward fitness around trajectory-relative progress. Instead of searching for a sin-
gle best standalone reward, it optimizes an ordered reward trajectory (R°, R!,...) that progres-
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sively specializes an inherited policy. This trajectory-level view makes the starting policy and its
representation load-bearing: downstream reward evolution should specialize reusable capabilities,
not spend early generations rediscovering low-level embodiment behavior. FORGE therefore be-
gins with a task-agnostic skill prior learned on the embodiment alone, paralleling goal-conditioned
RL [Schaulef-all, POTY], world-model pretraining [Hafner ef-all, P0123], and behavioral foundation
models [Touafiand Ollivies, Z021] that decouple capability acquisition from task specification. The
prior provides reusable behaviors and a feature space in which LLM-generated rewards can be pro-
jected into reward-directed skill adaptations.

To realize this reframe, we introduce FORGE (Fine-tuning Over Reward Generations through
Evolution), which couples an upstream skill prior with downstream reward-policy co-evolution.
Each LLM-generated reward function is relabeled on the offline pretraining buffer and projected
into the pretrained feature space to obtain a reward-directed skill direction. The corresponding child
policy then fine-tunes from its parent checkpoint rather than restarting from scratch, treating each
generation as a step in a continual [Khetarpal et all, 2(027] reward-driven adaptation that mixes pre-
trained and online experience analogously to recent offline-to-online RL methods [Nairef-all, D020,
Ballefall, 2073, Nakamofoef-all, 20073]. The prior supplies the behavioral basis; the ordered reward
trajectory supplies the specialization.

We validate FORGE on three tasks that vary in whether upstream pretraining reaches downstream
success states. For Humanoid Locomotion and Standup, RND rollouts already visit success states
during pretraining — fast-forward gait and upright-balanced postures both fall within unsupervised
coverage. For Adroit Hand, upstream exploration is effectively blind to success states: the prior is
pretrained almost entirely without observing states that constitute downstream success. This contrast
isolates when the skill prior alone is sufficient, when capability must be injected, and whether the
ordered trajectory remains load-bearing across both regimes.

(1) A reusable prior guides generational policy evolution. A task-agnostic skill prior provides
reusable behavioral structure for downstream evolution, allowing each generation to inherit useful
capabilities rather than relearn low-level skills from scratch. This converts pretraining into a one-
time upstream cost that can be amortized across downstream tasks sharing the same embodiment.

(2) Expert demonstrations restore missing success capabilities. When unsupervised pretraining
does not reach success states, a one-time set of expert demonstrations can supply the missing ca-
pability. Unlike prior reward-search methods that rely on signal-level feedback at every generation,
this intervention operates at the capability level, restoring access to successful behaviors before
downstream evolution begins.

(3) Trajectory-level fitness captures cumulative policy improvement. Instead of treating each
reward candidate as an independent RL problem, FORGE evaluates how rewards shape an inherited
policy across generations. This shifts reward search from selecting the best standalone reward to
optimizing an ordered reward trajectory, where each generation is judged by whether it advances the
cumulative capabilities inherited from its predecessors.

2 Problem Formulation

2.1 Reward Search as Static Optimization

We consider a Markov Decision Process [Suffon and Barfd, T998] without a predefined reward func-
tion, M\ R = (S, A, P,v). The goal is to find a reward function R : S X A — R and a correspond-
ing policy 7 : § — A that maximizes a task-level fitness function F'(7), a black-box evaluation
metric known to the system designer but not differentiable or directly usable as a training signal,
akin to optimization objectives in AutoRL [Parker-Holder ef all, ZO27].

REvolve [Hazra ef all, 075] formulates this as evolutionary search over LLM-generated reward
functions. Given an LLM reward designer G, the system maintains a population of reward functions
across island-based sub-populations. Let 7z = RL(R;6y) denote the policy obtained by training
from initialization 6y under reward R. Static reward search selects

R* = F(rg) = F(RL(R; 6p)) .
argReglrig}é(G) (mr) argRenIg?g(G) (RL(E; 00))



BB
87
88

89

90
91
92

93

94

95
96
97
98

99

100
101
102
103
104
105

106

107
108
109
110
111
112
113
114

115

116
117
118

119

120
121
122
123

124
125
126
127
128
129

This formulation inherits an assumption shared by Eureka [Ma“ef all, P074a4], Text2Reward [Xie
ef all, 2074]], and other LLM-based reward search methods: that the mapping R — F'(RL(R, 6p)) is
well-behaved, and that finding a better reward reliably produces a better policy.

2.2 Reward-Policy Co-Evolution

We extend reward-only evolution to jointly evolve reward functions and policies. Let { (R, 7}, 07)}
denote the population at generation g, where Rj is the reward function, 7j the policy, and

o} = F(mj) the fitness of individual k. Each child at generation g+1 inherits policy weights

g+1

from a selected parent: 7]~ = FineTune(m RZH). Since Wi“ inherits from a parent and

garent(k)’
continues training rather than restarting, its fitness F(WZH) reflects the capabilities accumulated
along the entire reward sequence (R?, ..., R9*!) that produced WZH, rather than an algebraic sum
of per-generation fitness scores. The search therefore optimizes 7* = argmax, F'(7) where 7
emerges from (R°, R',..., RN~1), lifting it from a static optimization over reward space into a
sequential process over reward-policy trajectories.

3 Method

FORGE operationalizes trajectory-level fitness as a two-stage procedure. First, an upstream pre-
training stage learns a task-agnostic skill prior that provides a reusable behavioral basis for the
embodiment. Second, a downstream evolutionary stage evaluates LLM-generated rewards by pro-
jecting each reward into this basis, fine-tuning an inherited child policy, and scoring the resulting
behavior with the task-level fitness function. We describe the prior, the reward-to-skill projection,
and the inheritance rule below.

3.1 Task-Agnostic Skill Prior

FORGE begins with a one-time upstream pretraining phase that produces a skill prior (¢, 7o, Bog)
shared across downstream tasks on the same embodiment. The feature map ¢ : S — R is trained
with HILP temporal-distance learning [Park ef all, 2074]], a member of the broader family of tempo-
ral contrastive state representations [Eysenbach et all, Z0727], to capture reward-agnostic state-space
geometry, while mo(a | s,2) and a successor-feature network )™ [Barrefa ef all, DOT7, POTY] are
trained on the same pretraining buffer B.g. The skill space and feature space share the same dimen-
sion d, so the inner product below is well-defined. For any reward that is linear in the learned feature
space,
T
R.(s)=¢(s) 2z, ¢(s),2 € RY,
the action-value estimate factorizes as
Q™ (s,a;2) = Y™ (s,a;2) " 2.
This factorization provides the interface used by FORGE downstream: LLM-generated rewards can

be projected into skill vectors, and the resulting z values condition 7 or its descendants toward
reward-directed behaviors.

3.2 Closed-Form Reward-to-Skill Adaptation

Before fine-tuning a child policy, FORGE maps each LLM-generated reward into the pretrained
skill space. Given a reward candidate R, we relabel transitions from the offline buffer B, to obtain
reward values r; = R(s;,a;). Let @ denote the feature matrix whose i-th row is ¢(s;)T. We infer
the skill direction by solving the least-squares projection

2" = argmin || &z — 7|2 = (@T®) 1o T,

The inferred vector z* initializes the skill input of the child policy before online fine-tuning. This
projection gives the inherited policy a reward-directed initialization in the pretrained skill space.
Because ¢ is a state-only feature map, projecting an action-dependent reward R(s;, a;) onto the row
space of ® averages out action dependencies under the empirical action distribution in Byg. This
action-marginalization mismatch is a primary source of the residual approximation error, alongside
any nonlinearity of R in ¢, both of which subsequent online fine-tuning under R corrects.
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Abstracted Environment Output Reward Functions

def compute_reward:
t_speed =2.5
speed_reward = 1.0 - np.exp(-max(0.0, vx) / t_speed)
w_speed = 1.30

I-l i {7 retumn float(reward), components
> \

class Env:
def _init__(self):
self.iteration = generation_id
self.island_id = island_id

POliCy rOllOutS def compute_reward:
t_speed_log = 50.0

v_ref =300.0

Fitness scores
vpos = max(0.0, vx)

+ 1 speed_raw = np.logp(vpos / t_speed_log)

7Tg speed_norm = speed_raw / (np.log p(v_ref/ t_speed_log)
speed_reward = float(np.clip(speed_norm, 0.0, 1.0))
w_speed = 1.30

return float(reward), components

£ I

¢ n(als,z%) Unsupervised Offline Pre-training

> (s,a,s, pint z)

Offline )
dataset

Ve
—
z € Z 7r(a|s,z)\

Figure 1: FORGE pipeline. Given a task and its environment variables (humanoid locomotion
shown), a task-agnostic skill prior (¢, 7, Bogr) is pretrained once. Each generation, the LLM pro-
poses a reward; we infer z* = (&7 ®)~'® "7 in closed form and fine-tune a child policy inherited
from its parent. Fitness scores the ordered reward-policy trajectory.

3.3 Cross-Generation Policy Inheritance

FORGE evaluates reward candidates through inherited policies rather than freshly initialized ones.
At generation g + 1, each child reward Ri“ is paired with a parent policy checkpoint from genera-
tion g. The child policy is warmstarted with the reward-specific skill vector z* and then fine-tuned
under Ri“ , a form of cross-task knowledge transfer related to policy distillation [Rusief-all, ZOTA].
We inherit the final fine-tuned checkpoint at the end of the per-individual budget, not the peak-fitness
checkpoint encountered during training.

After fine-tuning, the child policy is evaluated with the task-level fitness function. Since each child is
initialized from a parent checkpoint, this fitness is lineage-dependent: it reflects how RZH improves
the inherited policy state produced by previous rewards, rather than how the reward performs under
fresh training.

We evaluate two parent-selection rules, drawn from the two dominant LLM reward-search frame-
works. FORGE (island), the default variant, follows REvolve’s [Hazra_ef all, 2075] island-based
design: parent policies are selected within each island-local sub-population by fitness-weighted sam-
pling, maintaining multiple reward-policy lineages in parallel. FORGE (elite) follows Eureka’s [Ma
f-all, P(0744] single-population design, where all children inherit from the globally highest-fitness
policy.

The complete procedure is provided in Algorithm [.

4 Experiments

4.1 Experimental Setup

We evaluate FORGE on three MuJoCo environments [[lodorov_ef all, P017, [Tassaef all, POIX]: Hu-
manoid Locomotion, Humanoid Standup, and Adroit Hand [Rajeswaran et all, POTS]. The tasks
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Table 1: Summary of observation and action spaces, objectives, and termination criteria for the three
RL training tasks.

Task Observation Space  Action Space Objective & Termination
Locomotion RR376 continuous, A € R'”  Run forward for 1000 steps
Standup R376 continuous, A € R'”  Stand up and balance for 1000 steps
Adroit Hand R3° continuous, A € R?®  Open the door in 400 steps

differ in how much upstream pretraining covers downstream success states: the Humanoid tasks
admit reusable locomotion and balance behaviors from unsupervised exploration, whereas Adroit
Hand demands sparse contact-rich behaviors that random exploration rarely produces. Table [ sum-
marizes the three environments; full specifications are in Appendix B.

For the reward designer GG, we use Qwen3-Coder (480B-A35B-Instruct) [Owen Teani, P075]. The
model receives a natural-language task description together with selected simulator observation and
action variables, shown in Figure [, and generates executable reward functions. Policies are trained
on these generated rewards, while performance is evaluated using separate task-level fitness func-
tions defined in Appendix D.

4.2 Pretraining

The skill prior (¢, 7o, Bogt) is pretrained once per embodiment. Because reward-to-skill projection
is fit over features from B,g, the buffer determines which downstream reward directions are repre-
sented in the prior.

We evaluate three buffer variants: (i) RND, using random network distillation rollouts [Burda ef-afl,
2019], an instance of curiosity-driven exploration [Pafthak efall, DOT/]; (ii) expert-only, using expert
demonstrations; and (iii) RND + expert, combining both sources. For Adroit Hand, expert episodes
are drawn from D4RL [Fuef-all, 2020]. For Humanoid Locomotion and Standup, expert episodes
are collected from converged RND-only FORGE policies.

For each buffer, we train ¢ with HILP temporal-distance learning and jointly fit o and ¥™ for
1M gradient steps. Unless otherwise stated, RND pretraining is the default on tasks where random
exploration reaches task-relevant regions. Architecture and hyperparameter details are provided in
Appendix B.

4.3 Training Setup

Downstream evolution runs for 7 generations with K = 16 reward candidates per generation. Each
candidate fine-tunes the inherited skill-conditioned actor and successor-feature critic ¥™ for 500K
environment interactions under the projected skill z*, with the actor taking a deterministic policy-
gradient step on Q(s,a;2*) = ¥™(s,a; z*) " z* and 1™ updated by temporal-difference (TD) learn-
ing on ¢-features. Replay batches use a 50:50 mixture of offline transitions from Bog and newly
collected online transitions.

We report mean =+ standard deviation over 5 independent seeds. A single generation, parallelized
over 16 candidates on 8 NVIDIA GeForce RTX 4090 GPUs, takes approximately 6 hours per envi-
ronment.

4.4 Baselines

We compare against two baselines:

¢ REvolve-auto (from-scratch evolution). The automated version of REvolve [Hazra ef all,
2075] without human feedback: island-based reward evolution with SAC [Haarnoja et all,
DOTR] policies trained from scratch for each reward candidate. Within the fully automated
regime, REvolve-auto represents the strongest published LLM reward-search baseline, hav-
ing outperformed Eureka [Ma“ef-all, P0743] on the shared benchmarks. We re-run REvolve-
auto using the same LLM as FORGE.
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* REvolve published numbers and discovered rewards. Because the original REvolve
human-feedback loop requires per-generation human evaluators and cannot be exactly re-
produced, we do not treat it as a live algorithmic baseline. We instead use REvolve in two
ways. First, on Adroit Hand we cite REvolve’s published peak fitness of ~ 0.875 [Hazra
ef-all, 2075] directly as the reference point against which we compare FORGE. Second,
where REvolve releases its discovered reward functions (Locomotion and Adroit Hand),
we additionally train fresh SAC policies under those rewards using our protocol, isolating
the contribution of the discovered reward itself from the human-guided search process that
produced it.

4.5 Experimental Questions and Results

We organize the results around three questions aligned with the claims of FORGE: (i) whether
inherited reward evolution improves over discard-and-restart baselines, (ii) when the upstream prior
requires expert demonstrations, and (iii) whether the skill prior and cross-generation inheritance are
both necessary.

Does inherited reward-policy evolution improve compute-efficient reward search? Cross-
generation inheritance allows the population to reuse capabilities accumulated under previous re-
wards, but this reuse is beneficial only when multiple viable lineages are preserved. FORGE (elite)
inherits from a single globally fittest checkpoint and exhibits a high-variance collapse: a few seeds
reach high fitness early, while the remaining seeds lock into poor early lineages and stagnate, leaving
the seed-averaged curve below REvolve-auto (Figure [). In contrast, FORGE (island) maintains
island-local lineages, preventing any single checkpoint from dominating the population. On Hu-
manoid Locomotion and Humanoid Standup, whose success states are covered by RND pretraining,
FORGE (island) exceeds REvolve-auto while using 10x fewer environment interactions per indi-
vidual. Including the one-time pretraining cost, FORGE uses 57M total environment interactions
versus S60M for REvolve-auto.

Adroit Hand exposes a boundary condition: when upstream coverage misses success states, inheri-
tance alone cannot rescue the population. Under RND-only pretraining, both FORGE variants stag-
nate, and inspecting B.g confirms the proximate cause: it contains zero door-opening trajectories
(Appendix O). The inherited policies therefore have no door-success behavior to specialize from, so
preserving lineages alone is insufficient. This identifies upstream coverage as the binding constraint,
which we test next through expert-augmented pretraining.

Humanoid Locomotion Humanoid Standup Adroit Hand
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Figure 2: Compute-efficient reward search. Cumulative best fitness vs. generation. FORGE
(island) exceeds REvolve-auto on Humanoid Locomotion and Standup at 10x less per-individual
compute; FORGE (elite) collapses under global-best inheritance. Solid: observed; dashed: projected
plateau. Shaded: std across seeds.

When does expert injection help, and when does it hurt? Expert demonstrations rescue Adroit
Hand but degrade Humanoid Locomotion; preliminary Standup runs exhibit the same pattern (Fig-
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Figure 3: Expert injection rescues or harms depending on the binding constraint. Cumula-
tive best fitness vs. generation under three buffers: RND-only (blue), expert-only (orange), and
RND + 100ep hybrid (red). Adroit Hand uses 100 door-expert-v1 ep; Humanoid uses 100 ep
collected from converged RND-only FORGE policies. Full door-expert-v1: Fig. B. Shaded: std
across seeds.

ure B). This split supports a two-condition view: downstream evolution requires both capability—
the pretrained policy reaching task-relevant success states—and task-relevant trajectory diversity—
its rollouts varying enough for different LLM rewards to specialize the policy differently. RND sup-
plies diversity but supplies capability only when random exploration reaches success states; expert
data supplies capability but retains diversity only when demonstrations are not near-deterministic.
Both conditions reduce to one object: the column space of the pretrained feature map ¢.

Every LLM reward reaches the child policy as the projected skill z* = (®T®)~'® "r, which then
conditions the inherited skill-conditioned actor and successor-feature critic /™. Both were jointly
trained on B¢, so the buffer fixes both 7y’s behavior repertoire and the value landscape )™ assigns
over it. Downstream fine-tuning is a skill-conditioned successor-feature actor-critic update, drawing
50:50 minibatches from B,g that continually re-anchor the child to the buffer’s distribution. Capa-
bility and diversity therefore reduce to two properties of Bog as the prior sees it: whether it contains
success states at all, and how broadly 7y’s induced rollouts span them.

On Adroit Hand, B,g under RND contains no success-
ful trajectories (Appendix O), so 7y never sees a door-
opening transition during pretraining and stagnates near
the random baseline regardless of z. Adding 100
door-expert-vl episodes introduces success states
into Bog, so mg’s rollouts can now reach the latch-
and-push regime, and evolution lifts to 0.78 fitness,
89.1% of REvolve’s published 0.875 peak, without
per-generation human feedback. Expert-only pretrain- 0.5
ing caps at the imitation ceiling: the narrow, near-
deterministic D4RL demonstrations restrict my’s roll-
outs to a thin imitation manifold, so distinct LLM re-
wards cannot drive the policy toward meaningfully dif-
ferent door-opening strategies. Pretraining my on the
full door-expert-v1 dataset already converges at gen-
0 (Figure @), confirming capability as the binding con-
straint.

5000ep expert (Adroit Hand)

I I I I I I I
REvolve 0.875-

o
©
[

Best Fitness
[}
3
T
|

o0 1 2 3 4 5 6
Generation

Figure 4: Capability-ceiling check. Up-
per bound when expert data is uncon-
strained: pretraining 7y on the full 5000-
ep door-expert-vi reaches 0.78 at gen-
0 and saturates at 0.84 by gen-1.

On both Humanoid tasks, the binding constraint reverses. RND alone covers task-relevant states
broadly enough that 7y’s rollouts span a wide range of walking and balance behaviors, so dis-
tinct LLM rewards drive the policy in distinct directions. Augmenting RND with 100 ep from
converged FORGE policies biases B, toward a narrow band of near-optimal behaviors and concen-
trates m(’s rollout distribution around that mode; different LLM rewards then push the inherited pol-
icy along nearly overlapping directions, and hybrid underperforms RND-only. Expert-only fitness
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sits slightly below RND-only because expert episodes pooled across multiple FORGE seeds retain
some between-trajectory variation, but still cover a narrower behavior repertoire than the RND-only
buffer.

Humanoid Locomotion Humanoid Standup Adroit Hand
6T T T T T 7

Best Fitness

0.3 |~ — 0.1+ |
Y S O I Lo T O O S
01 2 3 4 5 6 01 2 3 4 5 6 01 2 3 4 5 6
Generation Generation Generation
—— 1sland —e— [nherit onl —e— SKill prior onl

Figure 5: Both the skill prior and cross-generation inheritance are required. RND-only pre-
training. Removing pretrained ¢ (Inherit only) or cross-generation inheritance (Skill prior only)
underperforms the full system on Humanoid tasks; all variants stagnate on Adroit Hand (capability-
limited).

Does trajectory-level fitness capture cumulative policy improvement? Standard LLM reward
search trains a fresh policy under each reward and scores it. FORGE redefines fitness as a reward’s
contribution to an inherited reward-policy trajectory: a reward is fit only insofar as it advances a
policy already shaped by previous rewards. We ask whether this trajectory-level fitness definition is
load-bearing, or whether FORGE’s gains can be reduced to simpler explanations: a strong pretrained
prior, checkpoint inheritance alone, or a single best discovered reward.

Figure B rules out the first two explanations. Removing the pretrained representation (Inherit only)
leaves only checkpoint continuity from the fittest parent. Fitness drifts downward across genera-
tions: without a task-agnostic representation, inherited checkpoints primarily preserve their own
state distributions rather than providing reusable structure under new rewards. Inheritance without
representation is therefore a liability rather than an asset.

Removing cross-generation inheritance (Skill prior only) restarts every generation from 7. Gen-
0 performance is strong because the pretrained prior provides a broad behavioral repertoire, but
the population cannot accumulate the per-reward fine-tuning gains of later generations and plateaus
below FORGE. The prior provides the initial repertoire; inheritance converts it into compounding
progress.

Table 2: FORGE co-evolved fitness (top, bold; meandstd, 5 seeds) vs. best-reward retraining at
three budgets (A from FORGE, negative = worse). No single-reward retraining matches the co-
evolved peak.

Configuration  Init Compute Locomotion Standup Adroit Hand
FORGE Pretrained g 5TM 51+03 0.80+0.05 0.78+0.05
Best reward Pretrained 7 0.5M —0.8 —0.26 —0.28
Best reward Pretrained 7 3.5M —0.5 —0.20 —0.23
Best reward Random 6, M —0.6 —0.18 —-0.13

Table O rules out the single-reward explanation. We retrain the highest-fitness reward discovered
along the best-performing lineage at multiple budgets, including from-scratch training with an order
of magnitude more per-individual compute. None matches the co-evolved peak across the three
environments. The reward that performs best within the lineage does not generalize beyond it: under
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trajectory-level fitness, a reward is selected because it advances an inherited policy, not because it is
the best standalone training signal.

5 Related Work

LLM-based reward design. A growing line of work uses LLMs to generate or evolve reward
code: Eureka [Ma“ef-all, 20744 pairs LLM generation with evolutionary search; Text2Reward [Xid
ef_all, P074] translates task descriptions into dense reward code; Language to Rewards [[Yiu_ef-all,
2073] and Reward Design with LMs [Kwon ef-all, P073] use language grounding for reward spec-
ification; DrEureka [Ma“ef all, 074RK] extends LLM rewards to sim-to-real transfer; and REvolve
[Hazraefall, P075] introduces island-based sub-populations. All of these train and discard policies
each generation, treating the reward as the sole output. Non-LLM reward evolution [Fansf_efall,
7019, Co-Reyes et all, P021]] likewise optimizes reward structure in isolation from policy continua-
tion.

Reward-policy co-evolution. Population-based training [Jaderberg et all, 2017] and evolution
strategies [Salimans_ef all, POT7, Snch ef all, POT7] co-evolve hyperparameters or policy parame-
ters. The closest concurrent work, ROSKA [Huang et all, P073], also inherits policies across reward
generations, but adapts via per-reward gradient updates and lacks a task-agnostic anchor. FORGE
instead adapts via closed-form successor-feature projection anchored to a pretrained ¢, and uses
island-local rather than global-elite inheritance.

Unsupervised RL and successor features. Successor features [Barrefo_ef all, 017, Borsa ef all,
2019, Barrefo_ef all, P020]] decompose value into task-independent features and task-dependent
weights, enabling transfer across reward functions. Unsupervised skill discovery (DIAYN [EVA
Ssenbach_ef_all, P01Y], APT [Cin—and_Abbeel, P071], and the URLB benchmark [Caskin_ef_all,
20711]) learns reusable behaviors without task rewards, and HILP [Park ef-all, 2074] learns temporal-
distance features that capture state-space geometry; Unsupervised-to-Online RL [Kim efall, 2(0724]]
combines these for offline-to-online transfer. We repurpose this framework for rapid reward adapta-
tion inside an evolutionary loop.

6 Discussion and Future Work

Limitations. FORGE assumes a fixed embodiment whose pretrained ¢ covers task-relevant states;
cross-embodiment transfer is out of scope. Expert injection is task-dependent: it rescues capability-
limited tasks (Adroit Hand) but degrades tasks where RND already supplied both capability and di-
versity (Locomotion, Standup), and diagnosing the binding constraint a priori currently requires run-
ning the ablation. Run-to-run variance is higher than from-scratch evolution because LLM-reward
stochasticity compounds with inherited-policy drift across generations.

Future work. Three directions follow directly. (i) The post-peak plasticity loss matches the pri-
macy bias phenomenon in deep RL [Nikishin efall, 2027, Cyle et all, 20273, 2024, Sokar ef all, P073];
co-evolutionspecific mitigations include generation-level rollback to the last improving checkpoint
and online ¢ expansion (continuing ¢ training on new rollouts between generations). (ii) Whether
the implicit curriculum uncovered by search can be designed explicitly to recover the benefit without
the search cost remains open. Cross-embodiment transfer requires embodiment-agnostic upstream
pretraining [Collaborafionef all, Z073] and is a separate extension.

7 Conclusion

We reframe LLM-driven reward search around the upstream—downstream factorization of modern
RL. A one-time task-agnostic skill prior is pretrained on the embodiment alone, and a downstream
evolutionary loop then projects each LLM-generated reward into the prior’s skill space and inher-
its policy weights across generations. FORGE thereby replaces from-scratch policy training on
every reward candidate with closed-form skill projection followed by skill-conditioned fine-tuning,
and shows that ordered reward trajectories, not single best rewards, are the load-bearing object of
evolutionary reward search. The same factorization redefines the role of human input: instead of
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per-generation feedback on each candidate’s signal, a one-time set of expert demonstrations at pre-
training supplies the missing capability when the upstream prior rarely observes success states.
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se  Appendix

so A Algorithm

s08 Algorithm [ specifies the FORGE loop in full. After a one-time unsupervised pretraining phase
s09 that produces a skill encoder ¢, a skill-conditioned policy 7y, and a pretrained buffer By, each
st0 generation has the LLM propose reward functions, infers the optimal skill z* for each via least
511 squares, fine-tunes the inherited parent policy on a mix of the pretrained buffer and fresh rollouts,
s12  and updates the per-island archive by fitness.
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Algorithm 1 Co-Evolving Rewards and Policies with Unsupervised Skill Priors

Require: Fitness function F', reward designer G (LLM), pretrained agent (¢, mo, Bogr)
Hyperparameters: Generations /V, individuals per generation K, sub-populations I, island capac-
ity C, migration prob. pmig
1: Pretrain ¢ via HILP on B,g; obtain skill-conditioned 7 > Unsupervised pretraining (one-time)
2: for generationg =0,1,...,N — 1 do
32 fork=1,...,Kdo

4 if g = 0 then
5: Ry, + G(task description); 7 « g > LLM generates initial rewards
6: Assign k to random sub-population P > Island assignment
7: else
8: Sample sub-population P by fitness-weighted sampling > Island selection
9: Sample parents S C D[P];  Tparent <= Targ max.cs o
10: Ry <+ G(S) > LLM mutates or crosses over
11: T 4 Tparent > Inherit parent policy weights
12: end if
13: Relabel By with Ry; 2% < (®T0) 10Ty > Zero-shot skill inference
14: 7 < FineTune(m, Ry, 2*, Bogr U Bon) > Mixed offline-online fine-tuning
15: o + F(n) > Fitness evaluation
16: if g = 0or o, > 5" then
17: D[P] < D[P]U{(Rg,m,0%)} > Accept if above island mean
18: if | D[P]| > C then
19: DI[P] <= D[P] \ argmin g » »yep[p] @ > Evict lowest-fitness if over capacity
20: end if
21: end if

22:  end for
23: ifrand() < pmig and || > 1 then

24: Reset weaker half of islands; seed with migrants from fitter islands > Island migration
25:  end if
26: end for

27: return 7* = arg max, D

B Environments

This section specifies, for each of the three benchmark environments, the observation and action
spaces, termination conditions, and SAC training hyperparameters used by every method we com-
pare. A final subsection lists the skill-prior pretraining hyperparameters shared by FORGE (island)
and FORGE (elite).

B.1 Humanoid Locomotion

Description. A 3D bipedal humanoid with a torso, two arms (2 segments each), and two legs (3
segments each) must walk forward as fast as possible.

Observation space. 376-dimensional continuous vector:

* Torso z-height, orientation quaternion (4), 17 joint angles (22 dims)

* Torso linear velocity (3), angular velocity (3), 17 joint velocities (23 dims)
* Center-of-mass velocities for 14 body parts (84 dims)

¢ Actuator forces (23 dims)

» External contact forces for 14 body parts (84 dims)

Cinert (140 dims)

Action space. 17-dimensional continuous, € [—0.4,0.4] Nm. Controls torques at hinge joints:
abdomen (3), hips (6), knees (2), shoulders (4), elbows (2).
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Termination. Episode truncated at 1000 steps. Terminated if torso height leaves [1.0,2.0] m
(when terminate_when_unhealthy=True).

Training. SAC [Haarnoja et all, 20TR] via Stable-Baselines3 [Raffin_ef-all, 2021]. MlpPolicy with
2256 hidden layers, learning rate 3 x 10~4, batch size 256, v = 0.99, soft update 7 = 0.005. Each
individual trains for 500K steps (FORGE) or 5M steps (REvolve baseline) in chunks of 5K steps.

B.2 Humanoid Standup

Description. Same body as Humanoid Locomotion. The agent starts supine (torso z ~ 0.2m,
quaternion [0.707,0.707, 0, 0]) and must stand up and maintain balance.

Observation space. 376-dimensional (same structure as Humanoid Locomotion). Key indices:
obs[0] = torso z-height, obs[1:5] = orientation quaternion, obs[24] = vertical velocity, obs[25:28] =
angular velocity.

Action space. Same as Humanoid Locomotion (17-dimensional, € [—0.4, 0.4] Nm).

Termination. Truncated at 1000 steps. Conditional termination: once the peak torso height ex-
ceeds 0.35 m, falling more than 0.2 m below the peak terminates the episode. An environment-level
alive bonus scales linearly from 0 at z = 0.2m to 5.0 at z = 0.8 m.

Training. Same SAC configuration as Humanoid Locomotion. S00K steps per individual.

B.3 Adroit Hand

Description. A 28-DoF anthropomorphic hand (24 finger + 4 arm DOF) must open a door by
rotating the latch and pushing it open. The latch has significant dry friction and bias torque.

Observation space. 39-dimensional continuous vector:
* Joint angles: arm (3) + wrist (2) + fingers (22) = 27 dims (one of the 28 hand DOFs is not
exposed in the observation; the action space still controls all 28)
 Latch angle (1), door hinge angle (1)
* Palm position (3), handle position (3), palm—handle delta (3)
* Door open indicator (1): 41 if door > 1.0rad, —1 otherwise

Action space. 28-dimensional continuous, € [—1, 1], mapped to absolute angular positions of
hand joints.

Termination. Truncated at 400 steps. Terminated (success) when door hinge angle > 1.35 rad.

Training. Same SAC configuration as above. Frame skip = 5 (MuJoCo timestep 0.002s —
dt = 0.01s). The default 100-episode hybrid condition combines RND exploration with 25
door-human-v1 + 100 door-expert-v1 expert demonstrations from D4RL [Fu_efall, 2070]. The
full door-expert-v1 dataset (~5000 episodes) is used only in the separate ablation of Figure B.

B.4 Skill Prior Pretraining Hyperparameters

The pretrained skill prior used by FORGE (island) and FORGE (elite) uses the following hyperpa-
rameters.

Humanoid (Locomotion and Standup).

« Skill dimension d = 50 (HILP ¢(s) € R5° matches the skill dimension by construction),
hidden dimension 1024 (actor, SF, and ¢ networks)

* Learning rate 1 x 1074, ¢ learning rate 5 x 10~%, batch size 1024
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 SF soft update 7 = 0.01, discount v = 0.98

* Offline/online mix ratio: 0.5 (50% pretrained buffer, 50% online experience)
« Skill resampling every 300 steps, covariance update every 1000 steps

* Action noise stddev: 0.2, clip: 0.3

* Pretraining budget: 1M steps; fine-tuning budget per individual: 500K steps

Adroit Hand. Uses reduced network dimensions to match the smaller observation space (full
values in released code). Pretraining budget: 1M gradient steps for the 100-episode expert-hybrid
condition.

Hardware. All pretraining and evolution runs were performed on a single NVIDIA GPU (32 GB
VRAM).

C Adroit Hand Pretraining Buffer Coverage

To ground the capability claim in Section B3, we measure how often each Adroit Hand pretraining
buffer reaches a door-opening state (door_hinge > 1.35rad). Table B reports per-buffer success-state
coverage across the three pretraining variants used in the expert-injection ablation (Figure B).

Table 3: Door-opening coverage of the three Adroit Hand pretraining buffers. A successful episode
is one reaching door_hinge > 1.35rad.

Buffer Episodes Successes Max door_hinge (rad)
RND-only 10000 0 0.45
100ep expert (door-expert-vi) 100 98 1.61
RND + 100ep hybrid 10100 99 1.65

The RND-only buffer contains zero door-opening episodes, confirming that random network dis-
tillation in the 28-DoF action space does not reach the latch-release-and-push regime within our
pretraining budget. Adding 100 door-expert-v1 demonstrations injects exactly enough success
states for downstream evolution to specialize from; the expert-only variant supplies success states
without RND-driven diversity, producing the imitation-ceiling failure mode reported in Section E3.

D Fitness Functions

Fitness functions are external evaluation metrics that rank individuals during evolutionary selection;
they are kept distinct from the LLM-generated training rewards so that selection pressure cannot be
gamed by reward shaping. Each fitness below captures task-relevant performance with quantities
the LLM does not control.

Humanoid Locomotion. Fitness is the average forward velocity (m/s) over an evaluation episode.
Let v; denote the instantaneous forward velocity at step ¢ and T the episode length (truncated at

1000 steps):
_ ! ZT
g = T 2 Vt.

We report the mean of o over 5 evaluation episodes per seed.

Humanoid Standup. Standup needs a continuous fitness: forward velocity is meaningless, and a
binary stood-up indicator would give evolution almost no gradient between generations. We define
o € [0,1] as the product of two sub-scores evaluated over the last 100 steps of each episode (or
before early termination), each clipped to [0, 1]:

H = clip(émrso /Zstand; 0, 1) (height ratio)
U = clip(, 0, 1) (uprightness)
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where Zirso 1S the average torso height over the evaluation window, 2z, = 1.4 m is the nominal
standing height, and u; = 1 — 2(q§7t + q;t) is the z-component of the torso’s up-vector (1.0 upright,
0.0 lying flat) with u its window average. The fitness is the product

o=HxU. (1

The multiplicative form requires both height and uprightness without thresholds or hand-tuned
weights: an agent that reaches full height but is inverted scores near zero, as does one that is up-
right but has not risen. Lying on the back (H ~ 0.14, U = 0) yields ~0; standing upright (H ~ 0.9,
U =~ 0.85) yields ~0.77; a perfect standup approaches 1.0.

The environment also applies conditional termination: once the torso rises meaningfully above
the ground, falling back ends the episode. This implicit alive signal (analogous to locomotion’s
terminate_when_unhealthy) discourages collapse without requiring the LLM to encode fall
penalties explicitly.

Adroit Hand. The door-opening outcome is inherently binary, and no meaningful dense proxy
exists: partial handle rotation does not reliably indicate progress toward opening. We therefore
score successful episodes by completion speed and assign zero to all failures:

—steps/700 4+ 75/70  if success
Oepisode — .
0 otherwise

where steps is the number of timesteps until the door opens. The overall fitness is the mean of oepisode
across evaluation episodes, so non-succeeding agents receive exactly zero and successful agents are
differentiated by speed.

E Training and Ablation Configurations

This appendix lists the five configurations used in the main results: two baselines, the two FORGE
variants, and two ablations that disentangle policy inheritance from the pretrained skill prior.

REvolve-auto baseline. Island-based reward evolution with SAC [Haarnoja et all, ZOTR] policies
trained from scratch for SM steps per individual. This is the prior state of the art and serves as our
primary baseline.

FORGE (island). Our main method. Each child inherits the skill-conditioned actor and successor-
feature critic 1™ of its island’s fittest parent, and fine-tunes both for 500K steps under the projected
z* on top of the pretrained skill prior (¢, mo, Boft)-

FORGE (elite). A single-population variant in which every child inherits from the single globally
fittest checkpoint. It mirrors Eureka’s design and tests whether global elite selection can match
island-local inheritance.

Ablation: checkpoint inheritance only. Same as FORGE (island) but without the pretrained skill
prior: children fine-tune from the fittest parent’s SAC checkpoint for 500K steps. This isolates the
contribution of cross-generation policy continuity from that of unsupervised pretraining.

Ablation: skill prior only (no inheritance). Each individual starts from 7 every generation;
skill inference provides z* and fine-tuning still uses the pretrained buffer, but the resulting policy
is discarded after evaluation. This isolates the pretrained skill prior from cross-generation policy
inheritance.

F Cost Analysis

We compare compute and human input costs across methods. All configurations use 7 generations
with 16 individuals per generation (112 individuals total).
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Table 4: Compute and human input comparison across methods.

Method Steps/individual Total steps  Pretraining Human input
REvolve-auto M 560M None None

REvolve 5M 560M None O(G) per-gen feedback
FORGE (island) 500K 57M 1M (one-time) None

FORGE + demos 500K 57M 1M (one-time) O(1) demos at pretrain

Compute. FORGE uses an order of magnitude fewer environment steps per individual than RE-
volve: 500K versus 5SM. Including the one-time 1M-step pretraining, FORGE’s total budget is
7 x 16 x 500K 4+ 1M = 57M steps against REvolve’s 560M. The pretraining cost amortizes
across downstream tasks — the same checkpoint serves Humanoid Locomotion and Standup, and a
Hand-specific checkpoint covers Adroit Hand — so per-task overhead decreases as more tasks reuse
a given pretrained skill prior.

Human input. REvolve requires qualitative feedback every generation, scaling as O(G). FORGE
removes this requirement for tasks where unsupervised pretraining provides sufficient state cover-
age (Humanoid Locomotion and Standup). For sparse tasks (Adroit Hand) FORGE injects expert
demonstrations once during pretraining at O(1) cost, strictly cheaper than REvolve’s ongoing per-
generation involvement.

Knowledge persistence. FORGE leaves a reusable artifact behind, while REvolve does not. RE-
volve produces a reward function and a policy; the human feedback that produced them is gone after
the run. FORGE additionally produces a feature space ¢ and pretrained buffer B¢ that transfer to
new tasks on the same embodiment without retraining — in our experiments the same humanoid
checkpoint serves both Locomotion and Standup.

Wall-clock time. The 10x reduction in environment steps per individual translates directly into
a roughly 10x reduction in wall-clock time per generation under matched hardware. Skill infer-
ence via least-squares projection is effectively instantaneous next to gradient-based fine-tuning and
contributes negligible overhead.

G No-Fitness Control

This ablation isolates the contribution of fitness-guided selection. We run FORGE (island) with
mutation and crossover unchanged but withhold fitness scores from the LLM, so the reward designer
mutates parents without any signal of which mutations succeeded; all other components (island
structure, checkpoint inheritance, pretrained skill prior) match FORGE (island). Without fitness
feedback the trajectory drifts around the starting level on all three tasks (Figure B), confirming that
fitness feedback is what drives the curriculum effect.

H Reward Replay

This experiment asks whether the order in which rewards arrive along the winning ancestry carries
information beyond the rewards themselves. We extract the sequence of reward functions along
the best individual’s lineage and replay it as a single sequential training chain with no population,
fine-tuning from the previous checkpoint at each step:

T'5(0) - To(1) T To(2) To(G)

TG+1;

where the permutation o defines the replay mode. We compare three conditions: forward (o = id,
original evolutionary order), shuffle (uniformly random permutation), and skip (three sparse rewards
anchored at the converged-generation reward; per-task indices in Fig. ). Forward replays the origi-
nal sequence; shuffle tests whether order matters; skip tests whether intermediate rewards are neces-
sary or whether coarse-grained jumps suffice.

To remove compute as a confound, we hold the total fine-tuning budget fixed at 3.5M environment
interactions across all conditions (7 x 500K, matching FORGE’s per-individual budget). Forward
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Figure 6: No-fitness ablation. Without fitness-guided selection (LLM mutates parent rewards but
receives no scores), the trajectory drifts around the starting level. Shaded: std across 3 seeds.

and shuffle therefore use 500K steps per replay step (7 steps); skip uses ~1.17M per step (3 steps).
Each condition is run for 3 seeds (fresh SAC initialization, exploration noise, and an independently
sampled permutation for shuffle); we report the per-step mean =+ 1 std in Figure [.

Humanoid Locomotion Humanoid Standup Adroit Hand
T T T T T T L S s B e B e S
6 - —
5l A 08 T =T~ |
2 40 n 0.6 |- —
2
= 30 .
[s 4 0.4 .
| | 0.2 |- 7 0.2 b .
N N I T Y A ol 111 ol 1
0 1 2 3 4 5 6 01 2 3 4 5 6 0 1 2 3 4 5 6

Replay Step

Replay Step

Replay Step

—e— _Forward shuifie ——__ SKiI]

Reference

Figure 7: Reward sequence ablation. Forward replay reproduces the co-evolved reference (dashed);
shuffle (random permutation) and skip both underperform — both order and intermediate steps
matter. Skip uses three rewards anchored at each task’s converged-generation reward: ro — 73— 1g
on Locomotion, g — ro — 74 on Standup, and ro — 73 — r3 on Adroit Hand. Shaded: std across 3
seeds.

I Post-Peak Recovery

This experiment looks at what happens past the peak. We extend FORGE (island) runs from the
standard 7-generation horizon to 16 generations and report per-generation max fitness rather than
the cumulative best used in the main results, so the dynamics past the peak are visible (Figure B).
Because the extended budget is more than 2x the standard run, we report mean =+ std over 2 seeds
rather than the 3 seeds used elsewhere in the appendix.

All three environments exhibit a U-shaped curve: fitness rises to a peak at the converged generation
(gen 3 for Adroit Hand, gen 4-5 for Humanoid Locomotion/Standup), declines as the search explores
increasingly speculative reward functions, and partially recovers as later generations re-discover
productive reward—checkpoint combinations. Trough depth and recovery height vary by task.
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The recovery does not return to the original peak. This is consistent with cumulative representation
damage from extended co-evolution (cf. primacy bias, Section H) and motivates early stopping or
generation-level rollback as future mitigations.
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Figure 8: Per-generation max fitness under 15-generation FORGE (island). All three tasks show a
U-shape: rise to a mid-run peak, decline through speculative rewards that damage inherited repre-
sentations, partial recovery below the peak — evidence of cumulative plasticity loss. Vertical lines
mark peak generations. Shaded: std across 2 seeds.

ess J EnvInputs and LLM Prompts

686 For each task, the reward designer LLM receives three concatenated components: a system prompt
687 fixing the role and output format, an env input that describes the simulator’s observation and action
688 spaces and names the variables available in compute_reward, and a per-operation mutation or
689 crossover prompt specifying the evolutionary operation. We reproduce all four artifacts verbatim
690 for each of the three tasks below. The auto- and VLM-feedback variants used in ablations differ
691 only in a feedback block appended to the mutation/crossover prompts and are omitted here.

692 J.1 Humanoid Locomotion

System prompt (prompts/system_prompt)

You are a reward engineer trying to write a reward function for the environment
that will help the agent learn the task described in text.

Task description:

The task is to train a humanoid agent to run. The robot becomes unhealthy if its
torso's z-position falls outside the 1.0 to 2.0 range. The episode ends
if the robot becomes unhealthy or after 1000 timesteps, with success
measured by speed. Agent locomotion should be more human like.

Your reward function should use useful variables from the environment as inputs.
As an example the reward function signature can be:

def compute_reward(object_pos: type goal_pos: type) -> Tuple[type, Dictl[str,
typel]:

return reward, {}

The output of the reward function should consist of two items:

1: the total reward,

2: a dictionary of each individual reward component.

The code output should be formatted as a python code string: "'''python ...

1: You may find it helpful to normalize the reward to a fixed reward range like
-1,1 or 0,1 by applying transformations like np.exp() or numpy.exp() (use
only numpy ) to the overall reward or its components.
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2: If you choose to transform a reward component, then you must introduce a

temperature parameter inside the transformation function. This parameter

must be a named variable in the reward function and it must not be an
input variable. Each transformed reward component should have its own
temperature variable and you must carefully set it's value based on its
effect in the overall reward.

3: Make sure the type of each input variable is correctly specified.

4: Most importantly, the reward's code input variables must contain only
attributes of the environment. The only input variables for the reward
function that you can and must use are from the function def
_get_obs(self) from the observation variable (the concatenated output so
one single input in the compute reward). Under no circumstance can you
introduce a new input variable. or assume anything.

5. Make sure you dont give contradictory reward components.

Env input (prompts/env_input)

class HumanoidEnv(MujocoEnv, utils.EzPickle):

## Description

## Action Space
The action space is a “Box(-1, 1, (17,), float32) . An action represents the
torques applied at the hinge joints.

## Observation Space

Observations consist of positional values of different body parts of the
Humanoid,

followed by the velocities of those individual parts (their derivatives)
with all the

positions ordered before all the velocities.

By default, observations do not include the x- and y-coordinates of the
torso. These may

be included by passing ~exclude_current_positions_from_observation=False~
during construction.

In that case, the observation space will be a “Box(-Inf, Inf, (378,),
float64)” where the first two observations

represent the x- and y-coordinates of the torso.

Regardless of whether “exclude_current_positions_from_observation™ was set
to true or false, the x- and y-coordinates

will be returned in “info”~ with keys ""x_position"~ and
respectively.

"y_position"",

However, by default, the observation is a “Box(-Inf, Inf, (376,), float64)".
The elements correspond to the following:

| Num | Observation

| Min | Max | Name (in corresponding XML file) | Joint | Unit
|
-— | - - - - - -

____________________________________________ ] o= [ ===
— e [—— [J— — —_—
|

| 0 | z-coordinate of the torso (centre)
| -Inf | Inf | root | free | position
(m) I

| 1 | x-orientation of the torso (centre)
| -Inf | Inf | root | free | angle
(rad) I

| 2 | y-orientation of the torso (centre)
| -Inf | Inf | root | free | angle
(rad) |
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z-orientation of the torso

| root

w-orientation of the torso

| root

z-angle of the abdomen (in

| abdomen_z

y-angle of the abdomen (in

| abdomen_y

x-angle of the abdomen (in

| abdomen_x

(centre)

(centre)

lower_waist)

lower_waist)

pelvis)

| free | angle

| free | angle

| hinge | angle

| hinge | angle

| hinge | angle

of angle between pelvis and right hip (in right_thigh)

| right_hip_x
[

| hinge | angle

of angle between pelvis and right hip (in right_thigh)

| right_hip_z
|

| hinge | angle

of angle between pelvis and right hip (in right_thigh)

| right_hip_y
[

| hinge | angle

angle between right hip and the right shin (in right_knee)

| right_knee
|

| hinge | angle

of angle between pelvis and left hip (in left_thigh)

| left_hip_x
|

| hinge | angle

of angle between pelvis and left hip (in left_thigh)

| left_hip_z
|

| hinge | angle

of angle between pelvis and left hip (in left_thigh)

| left_hip_y
[

| hinge | angle

angle between left hip and the left shin (in left_knee)

| -Inf | Inf
(rad)
| =Inf | Inf
(rad)
| -Inf | Inf
(rad)
| =Inf | Inf
(rad)
| -Inf | Inf
(rad)
x-coordinate
| -Inf | Inf
(rad)
z-coordinate
| -Inf | Inf
(rad)
y-coordinate
| -Inf | Inf
(rad)
| -Inf | Inf
(rad)
x-coordinate
| -Inf | Inf
(rad)
z-coordinate
| -Inf | Inf
(rad)
y-coordinate
| -Inf | Inf
(rad)
| -Inf | Inf
(rad)

| left_knee
|

| hinge | angle

coordinate-1 (multi-axis) angle between torso and right arm (in
right_upper_arm)
right_shoulderil

| -Inf | Inf |

| hinge | angle (rad)

coordinate-2 (multi-axis) angle between torso and right arm (in
right_upper_arm)
right_shoulder2

| -Inf | Inf |

| hinge | angle (rad)

angle between right upper arm and right_lower_arm

| -Inf | Inf
(rad)

| right_elbow
|

| hinge | angle

coordinate-1 (multi-axis) angle between torso and left arm (in
left_upper_arm)
left_shoulderil

| -Inf | Inf |

| hinge | angle (rad)

coordinate-2 (multi-axis) angle between torso and left arm (in
left_upper_arm)
left_shoulder2

angle between left upper arm and left_lower_arm

x-coordinate velocity of the torso (centre)

| -Inf | Inf
(rad)
| -Inf | Inf
(m/s)

| left_elbow
|

| root

| -Inf | Inf |

| hinge | angle (rad)
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24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

y-coordinate velocity of the torso (centre)

| =Inf | Inf | root | free | velocity
(m/s) I
z-coordinate velocity of the torso (centre)

| -Inf | Inf | root | free | velocity
(m/s) |
x-coordinate angular velocity of the torso (centre)

| =Inf | Inf | root | free | anglular

velocity (rad/s) |

y-coordinate angular velocity of the torso (centre)

| -Inf | Inf | root | free | anglular
velocity (rad/s) |

z-coordinate angular velocity of the torso (centre)

| -Inf | Inf | root | free | anglular
velocity (rad/s) |

z-coordinate of angular velocity of the abdomen (in lower_waist)

| -Inf | Inf | abdomen_z | hinge | anglular
velocity (rad/s) |

y-coordinate of angular velocity of the abdomen (in lower_waist)

| -Inf | Inf | abdomen_y | hinge | anglular
velocity (rad/s) |

x-coordinate of angular velocity of the abdomen (in pelvis)

| -Inf | Inf | abdomen_x | hinge | aanglular
velocity (rad/s) |

x-coordinate of the angular velocity of the angle between pelvis and

right hip (in right_thigh) | -Inf | Inf |
right_hip_x | hinge | anglular velocity (rad/s)
|

z-coordinate of the angular velocity of the angle between pelvis and
right hip (in right_thigh) | -Inf | Inf |
right_hip_z | hinge | anglular velocity (rad/s)
|

y-coordinate of the angular velocity of the angle between pelvis and
right hip (in right_thigh) | -Inf | Inf |
right_hip_y | hinge | anglular velocity (rad/s)
angular velocity of the angle between right hip and the right shin
(in right_knee) | -Inf | Inf |
right_knee | hinge | anglular velocity (rad/s)

|

x-coordinate of the angular velocity of the angle between pelvis and
left hip (in left_thigh) | -Inf | Inf | left_hip_x
| hinge | anglular velocity (rad/s) |

z-coordinate of the angular velocity of the angle between pelvis and
left hip (in left_thigh) | -Inf | Inf | left_hip_z
| hinge | anglular velocity (rad/s) |

y-coordinate of the angular velocity of the angle between pelvis and
left hip (in left_thigh) | -Inf | Inf | left_hip_y
| hinge | anglular velocity (rad/s) |

angular velocity of the angle between left hip and the left shin (in
left_knee) | =Inf | Inf | left_knee
| hinge | anglular velocity (rad/s) |

coordinate-1 (multi-axis) of the angular velocity of the angle
between torso and right arm (in right_upper_arm) | -Inf | Inf |
right_shoulderi | hinge | anglular velocity (rad/s)
|

coordinate-2 (multi-axis) of the angular velocity of the angle
between torso and right arm (in right_upper_arm) | -Inf | Inf |
right_shoulder?2 | hinge | anglular velocity (rad/s)
|

angular velocity of the angle between right upper arm and
right_lower_arm | =Inf | Inf |
right_elbow | hinge | anglular velocity (rad/s)
|
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| 42 | coordinate-1 (multi-axis) of the angular velocity of the angle

between torso and left arm (in left_upper_arm) | =Inf | Inf |
left_shoulderl | hinge | anglular velocity (rad/s)
|

| 43 | coordinate-2 (multi-axis) of the angular velocity of the angle
between torso and left arm (in left_upper_arm) | =Inf | Inf |
left_shoulder2 | hinge | anglular velocity (rad/s)
|

| 44 | angular velocity of the angle between left upper arm and
left_lower_arm | -Inf | Inf
| left_elbow | hinge | anglular velocity
(rad/s) |

| excluded | x-coordinate of the torso (centre)
| =Inf | Inf | root | free | position
(m) I

| excluded | y-coordinate of the torso (centre)
| -Inf | Inf | root | free | position
(m) I

Additionally, after all the positional and velocity based values in the
table,

the observation contains (in order):

- *cinert:* Mass and inertia of a single rigid body relative to the center
of mass

(this is an intermediate result of transition). It has shape 14*10 (*nbody *
10%)

and hence adds to another 140 elements in the state space.

- *cvel:* Center of mass based velocity. It has shape 14 * 6 (*nbody * 6%)
and hence

adds another 84 elements in the state space

- *qfrc_actuator:* Constraint force generated as the actuator force. This
has shape

“(23,)° *(nv * 1)* and hence adds another 23 elements to the state space.

- *cfrc_ext:* This is the center of mass based external force on the body.
It has shape

14 * 6 (*nbody * 6%) and hence adds to another 84 elements in the state
space.

where *nbody* stands for the number of bodies in the robot and *nv* stands
for the

number of degrees of freedom (*= dim(qvel)=*)

The body parts are:

id (for "v27,°v3, v4") | body part |
e B

| worldBody (mote: all values are constant 0) |
| torso |

| lwaist |

| pelvis |

| right_thigh |
| right_sin |
| right_foot |
| left_thigh |

| left_sin |

| left_foot |

| right_upper_arm |
| right_lower_arm |
| left_upper_arm |
| left_lower_arm |

O©O0O~NOO P WNE-O

The joints are:

| id (for “v27, v3~, v4™) | joint |
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| 0 | root |

| 1 | root |

| 2 | root |

| 3 | root |

| 4 | root |

| 5 | root |

| 6 | abdomen_z |

| 7 | abdomen_y |

| 8 | abdomen_x |

| 9 | right_hip_x |

| 10 | right_hip_z |

| 11 | right_hip_y |

| 12 | right_knee |

| 13 | left_hip_x |

| 14 | left_hiz_z |

| 15 | left_hip_y |

| 16 | left_knee |

| 17 | right_shoulderl |
| 18 | right_shoulder2 |
| 19 | right_elbowl

| 20 | left_shoulderl |
| 21 | left_shoulder2 |
| 22 | left_elfbow |

## Episode End

The humanoid is said to be unhealthy if the z-position of the torso is no
longer contained in the

closed interval specified by the argument “healthy_z_range~.

If “terminate_when_unhealthy=True  is passed during construction (which is
the default),
the episode ends when any of the following happens:

1. Truncation: The episode duration reaches a 1000 timesteps
3. Termination: The humanoid is unhealthy

If “terminate_when_unhealthy=False® is passed, the episode is ended only
when 1000 timesteps are exceeded.

*position: indices from O to 21 -> obs[0:22]

xvelocity: indices from 22 to 44 -> obs[22:45]

*com_inertia: indices from 45 to 184 -> obs[45:185]
xcom_velocity: indices from 185 to 268 -> obs[185:269]
*actuator_forces: indices from 269 to 291 -> obs[269:292]
*external _contact_forces: indices from 292 to 375 -> obs[292:376]

O@property

def is_healthy(self):
min_z, max_z = self._healthy_z_range
is_healthy = min_z < self.data.qpos[2] < max_z

return is_healthy
def _get_obs(self):
device = torch.device("cuda" if torch.cuda.is_available() else "cpu")

position = self.data.gpos.flat.copy()
velocity = self.data.qvel.flat.copy()

com_inertia = self.data.cinert.flat.copy()
com_velocity = self.data.cvel.flat.copy()
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actuator_forces = self.data.qfrc_actuator.flat.copy()
external_contact_forces = self.data.cfrc_ext.flat.copy()

observation = np.concatenate(
(position, velocity, com_inertia, com_velocity, actuator_forces,
external_contact_forces,)

return observation

Mutation prompt (prompts/mutation)

You are given a reward function used to train a humanoid robot to run. The
reward functions has a fitness scores that reflects the agent's
performance -- higher scores indicate superior running behavior.
Additionally, we tracked the values of the individual components in the
reward function after every <EPISODES> episodes.

<EXAMPLES>

Your task is to iterate on the reward function by mutating a single component to
enhance the agent's performance. Some helpful tips for analyzing the
reward components:

If the values for a certain reward component are near identical throughout, then
this means the training is not able to optimize this component as it is
written. You may consider

(a) Rescaling it to a proper range or the value of its temperature parameter

(b) Re-writing the reward component

(c) Discarding the reward component

The mutation process involves the following steps:

First, select a reward component based on the given guidelines, human feedback,
and the values of individual reward components.

Next, clearly explain how you intend to mutate the selected component and your
rationale behind improving the performance. This could involve adjusting
its scale, rewriting its formula, or other modifications.

Finally, write the mutated reward function code.

The output of the reward function should consist of two items:
(1) the total reward,
(2) a dictionary of each individual reward component.

The code output should be formatted as a python code string: python ...

Some helpful tips for writing the reward function code:

1: You may find it helpful to normalize the reward to a fixed reward range like
-1,1 or 0,1 by applying transformations like np.exp() to the overall
reward or its components.

2: If you choose to transform a reward component, then you must introduce a
temperature parameter inside the transformation function. This parameter
must be a named variable in the reward function and it must not be an
input variable. Each transformed reward component should have its own
temperature variable and you must carefully set it's value based on its
effect in the overall reward.

3: Make sure the type of each input variable is correctly specified.

4: Most importantly, the reward's code input variables must contain only
attributes of the environment. Under no circumstance can you introduce a
new input variable.

26



702

703

704

Crossover prompt (prompts/crossover)

You are given a set of reward functions used to train humanoid robot to run. The
reward functions have fitness scores that reflect the agent's
performance higher scores indicate superior running behavior. For each
reward function, we collected human feedback on what aspects of the
agent are satisfactory and what aspects need improvement. Additiomally,
we tracked the values of the individual components in the reward
function after every <EPISODES> episodes.

<EXAMPLES>

Your task is to combine high-performing reward components from different reward
functions and combine them to to enhance the agent's performance. Some
helpful tips for analyzing the reward components:

If the values for a certain reward component are near identical throughout, then
this means the training is not able to optimize this component as it is
written.

The crossover process involves the following steps:

First, select high-performing reward components based on the human feedback and
the values of individual reward components.

Next, clearly explain how you intend to combine them and your rationale behind
improving the performance.

Finally, write the combined reward function code.

The output of the reward function should consist of two items:

1: the total reward,

2: a dictionary of each individual reward component.

The code output should be formatted as a python code string: "'''python ... '''".

1: You may find it helpful to normalize the reward to a fixed reward range like
-1,1 or 0,1 by applying transformations like np.exp()to the overall
reward or its components.

2: If you choose to transform a reward component, then you must introduce a
temperature parameter inside the transformation function. This parameter
must be a named variable in the reward function and it must not be an
input variable. Each transformed reward component should have its own
temperature variable and you must carefully set it's value based on its
effect in the overall reward.

3: Make sure the type of each input variable is correctly specified.

4: Most importantly, the reward's code input variables must contain only
attributes of the environment. The only input variables for the reward
function that you can and must use are from the function def
_get_obs(self) from the observation variable (the concatenated output so
one single input in the compute reward). Under no circumstance can you
introduce a new input variable. or assume anything.

5. Make sure you dont give contradictory reward components.

J.2  Humanoid Standup

System prompt (prompts/system_prompt_standup)

You are a reward engineer trying to write a reward function for the environment
that will help the agent learn the task described in text.

Task description:

The task is to train a humanoid agent to stand up from a lying-down position on
the ground. The humanoid starts on its back and must learn to get up and
achieve a stable upright standing posture. A successful standup should:

Transition from lying on the ground to an upright standing position.

Achieve a torso height close to the normal standing height (~1.4m).

Maintain an upright orientation (torso quaternion close to [1,0,0,0]).

Remain balanced and stable after standing up.

D> wN =
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This is NOT a locomotion task. Do not optimize for running speed or forward
movement. The reward should favor achieving and maintaining a stable
standing posture rather than moving forward, crawling, or rolling.

The environment uses conditional termination: the agent starts lying down and
will NOT be terminated initially. Once the agent has made meaningful
upward progress, termination is armed -- if the agent then falls back
(drops more than 0.2m from its peak height), the episode ends
immediately. This means: every bit of upward progress matters, but
collapsing back is punished by losing all remaining episode reward.
Design your reward so that the agent is incentivized to rise up AND
maintain its height.

Your reward function should use useful variables from the environment as inputs.
A valid signature can use “observation” and/or other provided humanoid
state attributes listed in the environment description, for example:

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:

return reward, {}

The output of the reward function should consist of two items:
1: the total reward,
2: a dictionary of each individual reward component.

The code output should be formatted as a python code string: python ...

Important reward-design guidance:

1: Key observation indices for standup: obs[0] is torso z-height (starts ~0.2
lying down, target ~1.4 standing), obs[1:5] is torso quaternion in
[w,x,y,2z] order (upright=[1,0,0,0], lying on back=[0.707,0.707,0,0]),
obs[24] is vertical velocity, obs[25:28] is angular velocity.

2: Include an alive/height bonus that provides a continuous gradient: reward the
agent proportionally to its current torso height (obs[0]). This ensures
the agent always receives signal for making upward progress, similar to
how locomotion tasks use an alive bonus to keep the agent standing.

3: Design phase-aware rewards. When torso height is low (< 0.5m), prioritize
rewarding upward velocity (obs[24] > 0) over upright orientation. When
height is higher (> 0.8m), shift weight heavily toward uprightness
(obs[1] close to 1.0) and stability (low angular velocity obs[25:28]).
This prevents contradictory signals at different stages.

4: Once the agent is standing (obs[0] > 1.0m), stability is the most important
objective -- more important than standing up quickly. An agent that
stands up slowly but remains perfectly still is far better than one that
stands up fast but wobbles.

5: Early in training the agent is on the ground -- reward any upward progress,
not just the final standing state. Do not over-penalize non-upright
orientations during the transition phase. The agent must go through
intermediate postures (rolling, crouching) to stand up.

6: You may find it helpful to normalize the reward to a fixed reward range like
-1,1 or 0,1 by applying transformations like np.exp() or numpy.exp() (use
only numpy) to the overall reward or its components.

7: If you choose to transform a reward component, then you must introduce a
temperature parameter inside the transformation function. This parameter
must be a named variable in the reward function and it must not be an
input variable. Each transformed reward component should have its own
temperature variable and you must carefully set its value based on its
effect in the overall reward.

8: Make sure the type of each input variable is correctly specified.

9: Most importantly, the reward code may only use attributes that are actually
provided by the environment. Under no circumstance can you introduce a
new input variable or assume unavailable state.

10: Make sure you do not create contradictory reward components, for example
strongly rewarding upright posture at all times while also needing the
agent to push off the ground through non-upright positions.
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Env input (prompts/env_input_standup)

class HumanoidStandupEnv(HumanoidEnv) :

nmnn

## Description

The humanoid starts lying on its back on the ground and must learn to stand
up.

Uses “terminate_when_unhealthy=False® so the agent is never terminated for
low torso height.

Episodes always run for the full 1000 timesteps.

## Action Space
The action space is a “Box(-1, 1, (17,), float32) . An action represents the
torques applied at the hinge joints.

## Observation Space

Observations consist of positional values of different body parts of the
Humanoid,

followed by the velocities of those individual parts (their derivatives)
with all the

positions ordered before all the velocities.

By default, observations do not include the x- and y-coordinates of the
torso. These may

be included by passing ~exclude_current_positions_from_observation=False”
during construction.

In that case, the observation space will be a “Box(-Inf, Inf, (378,),
float64)” where the first two observations

represent the x- and y-coordinates of the torso.

Regardless of whether “exclude_current_positions_from_observation™ was set
to true or false, the x- and y-coordinates

will be returned in “info”~ with keys “"x_position"® and “"y_position""
respectively.

However, by default, the observation is a “Box(-Inf, Inf, (376,), float64)".
The elements correspond to the following:

| Num | Observation

| Min | Max | Name (in corresponding XML file) | Joint | Unit
|
== [ = - e - -

— — S ] e [| ==
— - [—— [J— — —_
|

| 0 | z-coordinate of the torso (centre)
| -Inf | Inf | root | free | position
(m) |

| 1 | w-orientation of the torso quaternion (centre)
| =Inf | Inf | root | free | quaternion
|

| 2 | x-orientation of the torso quaternion (centre)
| -Inf | Inf | root | free | quaternion
|

| 3 | y-orientation of the torso quaternion (centre)
| =Inf | Inf | root | free | quaternion
|

| 4 | z-orientation of the torso quaternion (centre)
| -Inf | Inf | root | free | quaternion
|

| 5 | z-angle of the abdomen (in lower_waist)
| -Inf | Inf | abdomen_z | hinge | angle
(rad) |
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10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

y-angle of the abdomen (in lower_waist)

| -Inf | Inf | abdomen_y | hinge | angle
(rad) |
x-angle of the abdomen (in pelvis)

| -Inf | Inf | abdomen_x | hinge | angle
(rad) |
x-coordinate of angle between pelvis and right hip (in right_thigh)
| -Inf | Inf | right_hip_x | hinge | angle
(rad) |
z-coordinate of angle between pelvis and right hip (in right_thigh)
| -Inf | Inf | right_hip_z | hinge | angle
(rad) |
y-coordinate of angle between pelvis and right hip (in right_thigh)
| -Inf | Inf | right_hip_y | hinge | angle
(rad) |
angle between right hip and the right shin (in right_knee)

| -Inf | Inf | right_knee | hinge | angle
(rad) |
x-coordinate of angle between pelvis and left hip (in left_thigh)

| -Inf | Inf | left_hip_x | hinge | angle
(rad) |
z-coordinate of angle between pelvis and left hip (in left_thigh)

| -Inf | Inf | left_hip_z | hinge | angle
(rad) |
y-coordinate of angle between pelvis and left hip (in left_thigh)

| -Inf | Inf | left_hip_y | hinge | angle
(rad) |
angle between left hip and the left shin (in left_knee)

| -Inf | Inf | left_knee | hinge | angle
(rad) |
coordinate-1 (multi-axis) angle between torso and right arm (in
right_upper_arm) | =Inf | Inf |
right_shoulderl | hinge | angle (rad)

|
coordinate-2 (multi-axis) angle between torso and right arm (in
right_upper_arm) | =Inf | Inf |
right_shoulder2 | hinge | angle (rad)

|
angle between right upper arm and right_lower_arm

| -Inf | Inf | right_elbow | hinge | angle
(rad) |
coordinate-1 (multi-axis) angle between torso and left arm (in
left_upper_arm) | -Inf | Inf |
left_shoulderl | hinge | angle (rad)

|
coordinate-2 (multi-axis) angle between torso and left arm (in
left_upper_arm) | -Inf | Inf |
left_shoulder?2 | hinge | angle (rad)

|
angle between left upper arm and left_lower_arm

| -Inf | Inf | left_elbow | hinge | angle
(rad) |
x-coordinate velocity of the torso (centre)

| =Inf | Inf | root | free | velocity
(m/s) I
y-coordinate velocity of the torso (centre)

| -Inf | Inf | root | free | velocity
(m/s) I
z-coordinate velocity of the torso (centre)

| =Inf | Inf | root | free | velocity
(m/s) |
x-coordinate angular velocity of the torso (centre)

| -Inf | Inf | root | free | anglular

velocity (rad/s) |
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26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

y-coordinate angular velocity of the torso (centre)

| =Inf | Inf | root | free | anglular
velocity (rad/s) |

z-coordinate angular velocity of the torso (centre)

| -Inf | Inf | root | free | anglular
velocity (rad/s) |

z-coordinate of angular velocity of the abdomen (in lower_waist)

| -Inf | Inf | abdomen_z | hinge | anglular
velocity (rad/s) |

y-coordinate of angular velocity of the abdomen (in lower_waist)

| -Inf | Inf | abdomen_y | hinge | anglular
velocity (rad/s) |

x-coordinate of angular velocity of the abdomen (in pelvis)

| -Inf | Inf | abdomen_x | hinge | aanglular
velocity (rad/s) |

x-coordinate of the angular velocity of the angle between pelvis and

right hip (in right_thigh) | -Inf | Inf |
right_hip_x | hinge | anglular velocity (rad/s)
I

z-coordinate of the angular velocity of the angle between pelvis and
right hip (in right_thigh) | -Inf | Inf |
right_hip_z | hinge | anglular velocity (rad/s)
I

y-coordinate of the angular velocity of the angle between pelvis and
right hip (in right_thigh) | -Inf | Inf |
right_hip_y | hinge | anglular velocity (rad/s)
I

angular velocity of the angle between right hip and the right shin
(in right_knee) | -Inf | Inf |
right_knee | hinge | anglular velocity (rad/s)

I

x-coordinate of the angular velocity of the angle between pelvis and
left hip (in left_thigh) | -Inf | Inf | left_hip_x
| hinge | anglular velocity (rad/s) |

z-coordinate of the angular velocity of the angle between pelvis and
left hip (in left_thigh) | -Inf | Inf | left_hip_z
| hinge | anglular velocity (rad/s) |

y-coordinate of the angular velocity of the angle between pelvis and
left hip (in left_thigh) | -Inf | Inf | left_hip_y
| hinge | anglular velocity (rad/s) |

angular velocity of the angle between left hip and the left shin (in
left_knee) | =Inf | Inf | left_knee
| hinge | anglular velocity (rad/s) |

coordinate-1 (multi-axis) of the angular velocity of the angle
between torso and right arm (in right_upper_arm) | -Inf | Inf |
right_shoulderl | hinge | anglular velocity (rad/s)
|

coordinate-2 (multi-axis) of the angular velocity of the angle
between torso and right arm (in right_upper_arm) | -Inf | Inf |
right_shoulder2 | hinge | anglular velocity (rad/s)
|

angular velocity of the angle between right upper arm and
right_lower_arm | -Inf | Inf |
right_elbow | hinge | anglular velocity (rad/s)
I

coordinate-1 (multi-axis) of the angular velocity of the angle
between torso and left arm (in left_upper_arm) | -Inf | Inf |
left_shoulderl | hinge | anglular velocity (rad/s)
I

coordinate-2 (multi-axis) of the angular velocity of the angle
between torso and left arm (in left_upper_arm) | -Inf | Inf |
left_shoulder?2 | hinge | anglular velocity (rad/s)
I
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| 44 | angular velocity of the angle between left upper arm and

left_lower_arm | -Inf | Inf
| left_elbow | hinge | anglular velocity
(rad/s) |

| excluded | x-coordinate of the torso (centre)
| =Inf | Inf | root | free | position
(m) I

| excluded | y-coordinate of the torso (centre)
| -Inf | Inf | root | free | position
(m) |

Additionally, after all the positional and velocity based values in the
table,

the observation contains (in order):

- *cinert:* Mass and inertia of a single rigid body relative to the center
of mass

(this is an intermediate result of transition). It has shape 14*10 (*nbody *
10%)

and hence adds to another 140 elements in the state space.

- *cvel:* Center of mass based velocity. It has shape 14 * 6 (*nbody * 6%)
and hence

adds another 84 elements in the state space

- *qfrc_actuator:* Constraint force generated as the actuator force. This
has shape

“(23,)" *(nv * 1)* and hence adds another 23 elements to the state space.

- *cfrc_ext:* This is the center of mass based external force on the body.
It has shape

14 * 6 (*nbody * 6%) and hence adds to another 84 elements in the state
space.

where *nbody* stands for the number of bodies in the robot and *nv* stands
for the

number of degrees of freedom (*= dim(qvel)=*)

## Standup-Specific Signal Guidance

For the standup task, the most relevant observation signals are:

- x*Height/Progress#**: obs[0] (torso z-height) -- starts ~0.2 (lying),
target ~1.4 (standing)

- **Uprightness#**: obs[1:5] (torso quaternion [w,x,y,z]) -- upright =
[1,0,0,0], lying on back = [0.707,0.707,0,0]

- **Vertical velocity**: obs[24] (z-velocity) -- positive = moving upward

- **Stability**: obs[25:28] (angular velocity) -- low = stable

- *xHorizontal velocity**: obs[22], obs[23] -- NOT the primary objective

## Episode End

The environment uses conditional termination. The agent starts lying on its
back (torso z ~ 0.2)

and is NOT terminated initially. Once the agent has risen meaningfully above
the ground,

termination is armed: if the agent falls back (drops more than 0.2m from its
peak height),

the episode ends immediately. Episodes are truncated at 1000 timesteps if
not terminated earlier.

*position: indices from O to 21 -> obs[0:22]

xvelocity: indices from 22 to 44 -> obs[22:45]

*com_inertia: indices from 45 to 184 -> obs[45:185]
xcom_velocity: indices from 185 to 268 -> obs[185:269]
*actuator_forces: indices from 269 to 291 -> obs[269:292]
*external _contact_forces: indices from 292 to 375 -> obs[292:376]

@property
def is_healthy(self):
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min_z, max_z = self._healthy_z_range
is_healthy = min_z < self.data.qpos[2] < max_z

return is_healthy

def _get_obs(self):
position = self.data.gpos.flat.copy()
velocity = self.data.qvel.flat.copy()

com_inertia = self.data.cinert.flat.copy()
com_velocity = self.data.cvel.flat.copy()

actuator_forces = self.data.qfrc_actuator.flat.copy()
external_contact_forces = self.data.cfrc_ext.flat.copy()

# x,y coordinates are excluded by default
(exclude_current_positions_from_observation=True)
position = position[2:] # starts from z-coordinate

observation = np.concatenate(
(position, velocity, com_inertia, com_velocity, actuator_forces,
external_contact_forces,)

return observation

Mutation prompt (prompts/mutation_standup)

You are given a reward function used to train a humanoid robot to stand up from a
lying-down position. The reward functions has a fitness scores that
reflects the agent's performance -- higher scores indicate superior
standup behavior. Additionally, we tracked the values of the individual
components in the reward function after every <EPISODES> episodes.

<EXAMPLES>

Your task is to iterate on the reward function by mutating a single component to
enhance the agent's performance. Some helpful tips for analyzing the
reward components:

If the values for a certain reward component are near identical throughout, then
this means the training is not able to optimize this component as it is
written. You may consider

(a) Rescaling it to a proper range or the value of its temperature parameter

(b) Re-writing the reward component

(c) Discarding the reward component

The mutation process involves the following steps:

First, select a reward component based on the given guidelines, human feedback,
and the values of individual reward components.

Next, clearly explain how you intend to mutate the selected component and your
rationale behind improving the performance. This could involve adjusting
its scale, rewriting its formula, or other modifications.

Finally, write the mutated reward function code.

The output of the reward function should consist of two items:
(1) the total reward,
(2) a dictionary of each individual reward component.

The code output should be formatted as a python code string: python ...

Some helpful tips for writing the reward function code:
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1: You may find it helpful to normalize the reward to a fixed reward range like
-1,1 or 0,1 by applying transformations like np.exp() to the overall
reward or its components.

2: If you choose to transform a reward component, then you must introduce a
temperature parameter inside the transformation function. This parameter
must be a named variable in the reward function and it must not be an
input variable. Each transformed reward component should have its own
temperature variable and you must carefully set it's value based on its
effect in the overall reward.

3: Make sure the type of each input variable is correctly specified.

4: Most importantly, the reward's code input variables must contain only
attributes of the environment. Under no circumstance can you introduce a
new input variable.

Crossover prompt (prompts/crossover_standup)

You are given a set of reward functions used to train humanoid robot to stand up
from a lying-down position. The reward functions have fitness scores
that reflect the agent's performance higher scores indicate superior
standup behavior. For each reward function, we collected human feedback
on what aspects of the agent are satisfactory and what aspects need
improvement. Additionally, we tracked the values of the individual
components in the reward function after every <EPISODES> episodes.

<EXAMPLES>

Your task is to combine high-performing reward components from different reward
functions and combine them to to enhance the agent's performance. Some
helpful tips for analyzing the reward components:

If the values for a certain reward component are near identical throughout, then
this means the training is not able to optimize this component as it is
written.

The crossover process involves the following steps:

First, select high-performing reward components based on the human feedback and
the values of individual reward components.

Next, clearly explain how you intend to combine them and your rationale behind
improving the performance.

Finally, write the combined reward function code.

The output of the reward function should consist of two items:

1: the total reward,

2: a dictionary of each individual reward component.

The code output should be formatted as a python code string: "'''python ... '''".

1: You may find it helpful to normalize the reward to a fixed reward range like
-1,1 or 0,1 by applying transformations like np.exp()to the overall
reward or its components.

2: If you choose to transform a reward component, then you must introduce a
temperature parameter inside the transformation function. This parameter
must be a named variable in the reward function and it must not be an
input variable. Each transformed reward component should have its own
temperature variable and you must carefully set it's value based on its
effect in the overall reward.

3: Make sure the type of each input variable is correctly specified.

4: Most importantly, the reward's code input variables must contain only
attributes of the environment. The only input variables for the reward
function that you can and must use are from the function def
_get_obs(self) from the observation variable (the concatenated output so
one single input in the compute reward). Under no circumstance can you
introduce a new input variable. or assume anything.

5. Make sure you dont give contradictory reward components.
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J.3 Adroit Hand

System prompt (prompts/system_prompt_adroit)

You are a reward engineer trying to write a reward function for the environment
that will help the agent learn the task described in text.

Task description:

The task involves using an anthropomorphic robotic hand to rotate a door handle
and open the door as fast as possible. The robot must manipulate the
handle effectively, overcoming the friction and resistance of the door
mechanism. The episode ends after 400 steps or if it opened the door
successfully.

Your reward function should use useful variables from the environment as inputs.
An example reward function signature can be:

def compute_reward(object_pos: type, goal_pos: type) -> Tuple[type, Dict [str,
typell:

return reward, {}

The output of the reward function should consist of two items:
1. The total reward,
2. A dictionary of each individual reward component.

The code output should be formatted as a Python code string: """python ...

1. You may find it helpful to normalize to a fixed reward range like -1,1 or 0,1
by applying transformations like np.exp() to the overall reward and/or
its reward components.

2. If you choose to transform a reward component, then you must introduce a
temperature parameter inside the transformation function. This parameter
must be a named variable in the reward function and it must not be an
input variable.

3. Make sure the type of each input variable is correctly specified.

4. Most importantly, the reward's code input variables must contain only
attributes of the environment. Under no circumstance can you introduce a
new input variable and assume variables that are not available.

5. Your output must always be the def function code with the output being the
total reward.

6. Make sure you don't give contradictory reward components.

Env input (prompts/env_input_adroit)

class AdroitHandDoorEnv(MujocoEnv, EzPickle):
nun

## Description

The environment is based on the Adroit manipulation platform, a 28 degree of
freedom system

which consists of a 24 degrees of freedom ShadowHand and a 4 degree of
freedom arm.

The task to be completed consists on undoing the latch and swing the door
open.

The latch has significant dry friction and a bias torque that forces the
door to stay closed.

The position of the door is randomized. Task is considered complete when the
door touches

the door stopper at the other end (door_hinge >= 1.35 rad).

## Action Space
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The action space is a “Box(-1.0, 1.0, (28,), float32) . The control actions
are absolute

angular positions of the Adroit hand joints. The input of the control
actions is set to a

range between -1 and 1 by scaling the real actuator angle ranges in radians.

## Observation Space

The observation space is of the type “Box(-inf, inf, (39,), float64) . It
contains information

about the angular position of the finger joints, the pose of the palm of the
hand, the position

of the door handle, as well as state of the latch and door.

| Num | Observation

| Min | Max | Unit |
| J== - e - -
-=|-=---- [-==-- I - |
| 0-26 | Angular positions of 27 hand joints (arm + wrist + fingers)
-Inf | Inf | angle (rad) |
| 27 | Angular position of the door latch
-Inf | Inf | angle (rad) |
| 28 | Angular position of the door hinge

-Inf | Inf | angle (rad) |
| 29-31 | Position of the center of the palm (x, y, z)
-Inf | Inf | position (m) |
| 32-34 | Position of the door handle (x, y, 2)
-Inf | Inf | position (m) |
| 35-37 | Positional difference from palm to door handle (x, y, z)
-Inf | Inf | position (m) |
| 38 | Door open indicator (1.0 if open, -1.0 if closed)
-1 | 1 | binary |

## Available Reward Function Variables
The following named variables are available as input arguments to

“compute_reward" .
You must ONLY use these variable names as function parameters:

“hand_gpos™: np.ndarray of shape (27,) - angular positions of all hand
joints (rad)

“latch_pos™: float - angular position of the door latch (rad)

- “door_pos™: float - angular position of the door hinge (rad). Door is open
when >= 1.35

- “door_hinge": float - same as door_pos

- “palm_pos”: np.ndarray of shape (3,) - xyz position of the center of the
palm (m)

- “handle_pos™: np.ndarray of shape (3,) - xyz position of the door handle
(m)

- “palm_handle_delta”: np.ndarray of shape (3,) - vector from handle to
palm: palm_pos - handle_pos (m)

- “door_open : float - 1.0 if the door is open (hinge > 1.0 rad), -1.0
otherwise

- Taction”: np.ndarray of shape (28,) - control actions applied at the
current step

- “joint_velocities™: np.ndarray of shape (30,) - angular velocities of all
joints (rad/s)

- “joint_forces™: np.ndarray of shape (28,) - forces/torques applied by each

actuator

## Episode End

The episode ends when the door hinge angle >= 1.35 radians (success) or
after 400 timesteps.
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def _get_obs(self):
gpos = self.data.qpos.ravel()
handle_pos = self.data.site_xpos[self.handle_site_id].ravel()
palm_pos = self.data.site_xpos[self.grasp_site_id].ravel()
door_pos = np.array([self.data.qpos[self.door_hinge_addrs]])
if door_pos > 1.0:
door_open = 1.0
else:
door_open = -1.0
latch_pos = qgpos[-1]

return np.concatenate(
[
gpos[1:-2],
[latch_pos],
door_pos,
palm_pos,
handle_pos,
palm_pos - handle_pos,
[door_open],

Mutation prompt (prompts/mutation_adroit)

You are given a reward function used to train a robotic hand to open a door. The
reward functions has a fitness scores that reflects the agent's
performance -- higher scores indicate the agent opens the door faster
and more reliably. Additionally, we tracked the values of the individual
components in the reward function after every <EPISODES> episodes.

<EXAMPLES>

Your task is to iterate on the reward function by mutating a single component to
enhance the agent's performance. Some helpful tips for analyzing the
reward components:

If the values for a certain reward component are near identical throughout, then
this means the training is not able to optimize this component as it is
written. You may consider

(a) Rescaling it to a proper range or the value of its temperature parameter

(b) Re-writing the reward component

(c) Discarding the reward component

The mutation process involves the following steps:

First, select a reward component based on the given guidelines, human feedback,
and the values of individual reward components.

Next, clearly explain how you intend to mutate the selected component and your
rationale behind improving the performance. This could involve adjusting
its scale, rewriting its formula, or other modifications.

Finally, write the mutated reward function code.

The output of the reward function should consist of two items:
(1) the total reward,
(2) a dictionary of each individual reward component.

The code output should be formatted as a python code string: python ...

Some helpful tips for writing the reward function code:

1: You may find it helpful to normalize the reward to a fixed reward range like
-1,1 or 0,1 by applying transformations like np.exp() to the overall
reward or its components.
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2: If you choose to transform a reward component, then you must introduce a
temperature parameter inside the transformation function. This parameter
must be a named variable in the reward function and it must not be an
input variable. Each transformed reward component should have its own
temperature variable and you must carefully set it's value based on its
effect in the overall reward.

3: Make sure the type of each input variable is correctly specified.

4: Most importantly, the reward's code input variables must contain only
attributes of the environment. Under no circumstance can you introduce a
new input variable.

Crossover prompt (prompts/crossover_adroit)

You are given a set of reward functions used to train a robotic hand to open a
door. The reward functions have fitness scores that reflect the agent's
performance -- higher scores indicate the agent opens the door faster
and more reliably. For each reward function, we collected human feedback
on what aspects of the agent are satisfactory and what aspects need
improvement. Additionally, we tracked the values of the individual
components in the reward function after every <EPISODES> episodes.

<EXAMPLES>

Your task is to combine high-performing reward components from different reward
functions and combine them to enhance the agent's performance. Some
helpful tips for analyzing the reward components:

If the values for a certain reward component are near identical throughout, then
this means the training is not able to optimize this component as it is
written.

The crossover process involves the following steps:

First, select high-performing reward components based on the human feedback and
the values of individual reward components.

Next, clearly explain how you intend to combine them and your rationale behind
improving the performance.

Finally, write the combined reward function code.

The output of the reward function should consist of two items:

1: the total reward,

2: a dictionary of each individual reward component.

The code output should be formatted as a python code string: "'''python ... '''".

1: You may find it helpful to normalize the reward to a fixed reward range like
-1,1 or 0,1 by applying transformations like np.exp() to the overall
reward or its components.

2: If you choose to transform a reward component, then you must introduce a
temperature parameter inside the transformation function. This parameter
must be a named variable in the reward function and it must not be an
input variable. Each transformed reward component should have its own
temperature variable and you must carefully set it's value based on its
effect in the overall reward.

3: Make sure the type of each input variable is correctly specified.

4: Most importantly, the reward's code input variables must contain only
attributes of the environment. Under no circumstance can you introduce a
new input variable.

5. Make sure you dont give contradictory reward components.

K Discovered Reward Function Sequences

This appendix lists the complete winning-ancestry reward sequences 7,71, ...,rc that FORGE
(island) discovered on each task and that drive the replay ablation in Figure [0. Forward applies
them in the order below, shuffle uses a uniformly random permutation, and skip uses three sparse
rewards anchored at the converged-generation reward (per-task indices in Fig. ). Each reward is
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a Python function mapping an observation tuple to a scalar signal; fitness o is a separate external
metric (Appendix O0).

The three trajectories also illustrate how ordering carries information, and each environment does
so through a different mechanism. Together they support the “trajectory is load-bearing” claim of
Finding 3 (Section B3) and the implicit-curriculum interpretation of Section B:

* Humanoid Locomeotion: qualitative reformulation at a single generation. ro diagnoses
a numerical failure in the earlier height reward and rewrites the formulation; every later
generation builds on that scaffold.

* Humanoid Standup: recombination rather than linear refinement. Two within-sequence
regressions are closed by an r5 breakthrough that reuses elements from earlier generations
rather than refining its immediate parent.

* Adroit Hand: incremental refinement of a shared template. No single generation domi-
nates; fitness 0.78 is reached by r3 through an ordered schedule of temperature, weight,
and formulation tweaks.

Each subsection below opens with a Reading the shaping trajectory paragraph walking through the
design moves, followed by the Python source of every 7.

K.1 Humanoid Locomotion

We show generations 0-5, covering the rising phase up to the peak; generation 6 onward begins the
post-peak plasticity-loss decline characterized in Appendix I and is thus omitted here.

Reading the shaping trajectory. The Humanoid Locomotion trajectory is dominated by one qual-
itative reformulation rather than cumulative tuning: generation 2 diagnoses a numerical failure in
the height reward, producing a large fitness jump that carries the rest of the sequence. Fitness climbs
through two peaks at o and r5 separated by an r4 dip, with the dip closed by r5’s recombination of
components that survived earlier evaluation. Four design moves are visible:

* Height reformulation (the driver). 79—r; use a Gaussian exp(—(z—1.4)%/7) that as-
sumes torso_z near nominal scale. r3’s source comment flags the failure, “your logs
show torso_z is enormous, making the old Gaussian effectively 0 always”, and replaces it
with a scale-robust band gate exp(— max (0, |2—2mia|—h)?/72) that is flat inside [1,2]. 73
and 75 inherit it; r4 reverts to Gaussian and the score drops.

e Symmetry paradigm shift. r, rewards gait through knee and elbow velocities with a
target swing speed; r; drops gait entirely; 7o reintroduces it as joint-angle anti-symmetry
(qr+41)? + (qRxnee—4L knee)” With an abdomen-angle posture term. The angle-based
formulation survives all later generations.

* Speed-reward try-and-revert. ro—ry use saturating 1— exp(—uv,/7); r3 switches to log-
shaped log(1+w, /T) to preserve gradient at high v,; r4 reverts and adds a cap penalty at
v;>6; 75 drops the cap and instead penalizes only negative v,.

* Selective log-compression of penalties. 1y switches effort to log(1+-||u||2) for robustness
under large actuator scales; r4 extends log-compression to impact; r5 keeps log-effort but
drops log-impact.

Generation 0 ()

def compute_reward(obs: np.ndarray) -> Tuple[float, Dict[str, float]]:

# —_ -

# Extract core signals

# —_
z_torso = float(obs[0])
torso_quat = obs[1:5]
v_forward = float(obs[22])
v_lateral = float(obs[23])
v_vertical = float(obs[24])
w_torso = obs[25:28]

rates)

torso height

(x,y,z,w) orientation quaternion
x-velocity of torso (forward speed)
y-velocity (sideways)

z-velocity

torso angular velocity (roll/pitch/yaw

H H HHHEH
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gfrc_act = obs[269:292] # actuator forces proxy (energy/effort)
cfrc_ext = obs[292:376] .reshape(14, 6) # external contact forces/torques

per body
# o =
# Temperatures (for exp transforms)
# —_ —_— —
temp_speed = 2.0 # bigger -> broader reward for speed
temp_upright = 0.25 # tighter upright constraint
temp_height = 0.0 # tightness around target torso height
temp_side = 0.75 # penalize sideways drift
temp_vert = 0.6 # penalize bouncing (vertical vel)
temp_angvel = 2.5 # penalize excessive torso rotation
temp_effort = 120.0 # scale for actuator-force magnitude
temp_impact = 250.0 # scale for external contact (impact) magnitude
temp_gait = 1.2 # symmetry regularizer tolerance
temp_arm = 1.8 # arm swing regularizer tolerance

# Encourage forward speed up to around ~4-5 m/s; negative speeds get ~0
reward.

v_pos = max(0.0, v_forward)

r_speed = 1.0 - np.exp(-v_pos / temp_speed)

# _______ oo )

# 2) Stay healthy (z in [1,2]) and prefer a nominal running height
# _______ oo =

# Use a soft penalty that becomes strong outside the healthy range.
z_min, z_max = 1.0, 2.0

z_target = 1.4

# distance outside healthy interval

z_violation = max(0.0, z_min - z_torso) + max(0.0, z_torso - z_max)

# height shaping around target

r_height = np.exp(-((z_torso - z_target) ** 2) / temp_height)

# violation penalty (0O when inside range; approaches -1 as violation grows)
p_unhealthy = -(1.0 - np.exp(-z_violation / 0.05))

# o =

# 3) Upright torso (human-like running posture)

# o =

# For a unit quaternion (x,y,z,w), upright corresponds to small x/y

components.
# Penalize tilt magnitude = sqrt(x™2 + y~2).
tilt = float(np.sqrt(torso_quat[0] ** 2 + torso_quat[1] #**x 2))
r_upright = np.exp(-(tilt ** 2) / temp_upright)

# _______ —_— -

# 4) Reduce wasted motion: lateral/vertical velocity and excessive spinning
# _______ —_— -

r_no_side = np.exp(-(v_lateral *x 2) / temp_side)

r_no_bounce = np.exp(-(v_vertical ** 2) / temp_vert)

r_stable_rot = np.exp(-(float(np.sum(w_torso ** 2))) / temp_angvel)

# Use L2 magnitude; shaped into (0..1] then converted to a penalty in [-1..0]
act_mag2 = float(np.mean(gfrc_act ** 2))

r_effort = np.exp(-act_mag2 / temp_effort) # 1 is best

p_effort = -(1.0 - r_effort) # 0 best, down to ~-1
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# 6) Smooth contacts: penalize large external contact forces/torques
(impacts)

# o =

# Ignore worldbody row=0 (all zeros); focus on robot bodies (1..13).

ext = cfrc_ext[1:, :]

impact_mag2 = float(np.mean(ext ** 2))

r_soft_contact = np.exp(-impact_mag2 / temp_impact)

p_impact = -(1.0 - r_soft_contact)

# _______ —_— -

# 7) Simple "human-like gait" symmetry regularizers (soft)

# _______ —_— -

# Knee velocities (indices in velocity block):

# right_knee vel at obs[22+12]=34, left_knee vel at obs[22+16]=38

right_knee_vel = float(obs[34])

left_knee_vel = float(obs[38])

# Encourage alternating/symmetric magnitudes (not necessarily equal sign).

r_gait_sym = np.exp(-((abs(right_knee_vel) - abs(left_knee_vel)) ** 2) /
temp_gait)

# Arm swing presence: encourage some elbow motion but not extreme.

# right_elbow vel obs[22+19]=41, left_elbow vel obs[22+22]=44
right_elbow_vel = float(obs[41])

left_elbow_vel = float(obs[44])

elbow_speed = 0.5 * (abs(right_elbow_vel) + abs(left_elbow_vel))

# Reward moderate elbow speed: peak around ~1.5 rad/s

elbow_target = 1.5

r_arm_swing = np.exp(-((elbow_speed - elbow_target) ** 2) / temp_arm)

# Speed is the main driver; regularizers prevent falling/unnatural thrashing.
reward = (

N

_speed
r_height
r_upright
r_no_side
r_no_bounce
r_stable_rot
r_gait_sym
r_arm_swing
p_effort
p_impact
p_unhealthy

o+ o+ o+ +
NOOOOOOOOOW
CHBNNWWWO D *
¥ K K K XK X ¥ ¥ X ¥ K

)

# Mild squashing to keep reward bounded ~(-1, 1) for convenience
temp_total = 3.0
reward = float(np.tanh(reward / temp_total))

components: Dict[str, float] = {
"r_speed": float(r_speed),
"r_height": float(r_height),
"p_unhealthy": float(p_unhealthy),
"r_upright": float(r_upright),
"r_no_side": float(r_no_side),
"r_no_bounce": float(r_no_bounce),
"r_stable_rot": float(r_stable_rot),
"p_effort": float(p_effort),
"p_impact": float(p_impact),
"r_gait_sym": float(r_gait_sym),
"r_arm_swing": float(r_arm_swing),
"reward_tanh": float(reward),
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}

return reward, components

Generation 1 (1)

def compute_reward(obs: np.ndarray) ->

torso_z = float(obs[0]) #
vx = float(obs[22]) #
vy = float(obs[23]) #
vz = float(obs[24]) #
ang = obs[25:28] #

u = obs[269:292] #
cfrc = obs[292:376] .reshape(14, 6)

Tuple[float, Dict[str, float]]:

torso z-position

torso/root x-velocity

torso/root y-velocity

torso/root z-velocity

root angular velocity (wx, wy, wz)

actuator forces (23,)
# external contact forces per body (14,6)

# Hands/arms: right_lower_arm=11, left_lower_arm=13 (per description table)

hand_force_mag = float(

np.linalg.norm(cfrc[11, 0:3]) + np.linalg.norm(cfrc[13, 0:3])

)

# _____________________________

# Temperatures (named constants)

# _____________________________

temp_speed = 2.2 # speed saturation (~2-6 m/s in many humanoid

tasks)

how tight we want height around target
sideways drift tolerance

torso spin tolerance
scale for mean(u~2) (keep non-saturated)
discourage using arms/hands to support/propel

temp_height = 0.18 #

temp_lateral = 0.6 #

temp_vertical = 0.7 # vertical bounce tolerance
temp_ang = 2.0 #

temp_effort = 20000.0 #

temp_hands = 60.0 #

# _____________________________

# 1) Forward speed (main)

# _____________________________

vx_pos = max(0.0, vx)

r_speed = 1.0 - np.exp(-vx_pos / temp_speed) # in [0,1)

# _______ oo o

# 2) Upright / healthy height shaping

# _______ = oo

z_target = 1.45

r_height = float(np.exp(-((torso_z
2)))

unhealthy = float((torso_z <= 1.0)

- z_target) ** 2) / (2.0 * temp_height *x*

or (torso_z >= 2.0))

p_unhealthy = -unhealthy # O if healthy else -1

# _______ o oo

# 3) Smooth motion / straight running

# o oo

r_lateral = float(np.exp(-abs(vy) / temp_lateral))

r_vertical = float(np.exp(-abs(vz)

/ temp_vertical))

ang_speed = float(np.linalg.norm(ang))
r_stability = float(np.exp(-ang_speed / temp_ang))

# _______ oo oo

# 4) Energy regularization (bounded, non-saturating)

# _______ oo oo

effort_mse = float(np.mean(np.square(u)))
r_effort = float(np.exp(-effort_mse / temp_effort))
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# o e

# 5) Human-like contact: discourage hand/arm impacts

# o oo

r_no_hands = float(np.exp(-hand_force_mag / temp_hands))

# ommmmme e o —_
# Combine (bounded ~[-1, 1])

# ommmmm e o —_
w_speed = 0.58

w_height = 0.16

w_lat = 0.07

w_vert = 0.06

w_stab = 0.07

w_eff = 0.04

w_no_hands = 0.02

shaped = (

w_speed * r_speed

+ w_height * r_height
w_lat * r_lateral
w_vert * r_vertical
w_stab * r_stability
w_eff * r_effort
w_no_hands * r_no_hands

+ o+ o+ o+ o+

)
reward = float(np.clip(shaped + 0.6 * p_unhealthy, -1.0, 1.0))

info: Dict[str, float] = {
"r_speed": float(r_speed),
"r_height": float(r_height),
"p_unhealthy": float(p_unhealthy),
"r_lateral": float(r_lateral),
"r_vertical": float(r_vertical),
"r_stability": float(r_stability),
"r_effort": float(r_effort),
"r_no_hands": float(r_no_hands),
"yx": float(vx),
"vy": float(vy),
"yz": float(vz),
"torso_z": float(torso_z),
"ang_speed": float(ang_speed),
"effort_mse": float(effort_mse),
"hand_force_mag": float(hand_force_mag),
}

return reward, info

Generation 2 (r3)

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:

obs = observation

# —_
# Key signals from obs
# —_
torso_z = float(obs[0])

vx = float(obs[22])
vy = float(obs[23])
vz float (obs[24])

wx = float(obs[25])
wy = float(obs[26])
wz = float(obs[27])
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abdomen_z = float(obs[5])
abdomen_y = float(obs[6])
abdomen_x = float(obs[7])

r_hip_x, r_hip_z, r_hip_y, r_knee = float(obs[8]), float(obs[9]),
float(obs[10]), float(obs[11])

1_hip_x, 1_hip_z, 1_hip_y, 1_knee = float(obs[12]), float(obs[13]),
float(obs[14]), float(obs[15])

r_shl, r_sh2, r_elb = float(obs[16]), float(obs[17]), float(obs[18])
1_shil, 1_sh2, 1_elb = float(obs[19]), float(obs[20]), float(obs[21])

act = obs[269:292]
act_12 = float(np.sqrt(np.mean(np.square(act)) + 1e-8))

cfrc = obs[292:376]
cfrc_rms = float(np.sqrt(np.mean(np.square(cfrc)) + 1e-8))

# 1) Forward speed
t_speed = 2.5
speed_reward = 1.0 - np.exp(-max(0.0, vx) / t_speed) # [0,1)

# 2) Height / health (MUTATED)

# 01d formulation assumed torso_z is in meters near ~1.5; your logs show
torso_z is enormous,

# making the old Gaussian effectively 0 always (or numerically meaningless
depending on data issues).

# New: a robust "healthy range gate" around [1,2] with a wide temperature so
it remains shapeable

# even under moderate scaling issues. Bounded in [0,1].

healthy_min_z, healthy max_z = 1.0, 2.0

z_mid = 0.5 * (healthy_min_z + healthy_max_z)

half_range = 0.5 * (healthy_max_z - healthy_min_z)

# Temperature chosen to be lenient (prevents collapse if z is slightly
noisy/misscaled),

# yet still provides gradient toward the healthy band when values are
near-scale.

t_height_gate = 1.5

# distance outside the band; O inside

z_out = max(0.0, abs(torso_z - z_mid) - half_range)

height_reward = float(np.exp(-(z_out ** 2) / (t_height_gate ** 2))) # [0,1]

# 3) Drift

t_drift = 1.0

drift_penalty = 1.0 - float(np.exp(-(vy * vy + vz * vz) / (t_drift *x 2))) #
[o,1)

# 4) Angular velocity

t_angvel = 4.0

angvel_mag2 = WX * WX + Wy * Wy + Wz * Wz

angvel_penalty = 1.0 - float(np.exp(-angvel_mag2 / (t_angvel ** 2))) # [0,1)

# 5) Symmetry

t_sym = 0.8

leg_diff2 = ((r_hip_x + 1_hip_x) **
(r_hip_y + 1_hip_y) *x*
(r_hip_z + 1_hip_z) **
(r_knee - 1_knee) x*x

arm_diff2 = ((r_shl + 1_shil) *x 2 +

NN NN
+ + +
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(r_sh2 + 1_sh2) **x 2 +
(r_elb - 1_elb) ** 2)
symmetry_penalty = 1.0 - float(np.exp(-(leg_diff2 + 0.5 * arm_diff2) /
(t_sym **x 2))) # [0,1)

# 6) Posture

t_posture = 0.7

posture_mag2 = abdomen_x**2 + abdomen_y**2 + 0.5 * abdomen_z**2

posture_penalty = 1.0 - float(np.exp(-posture_mag2 / (t_posture ** 2))) #
[0,1)

# 7) Effort penalty (mutated previously)

t_effort_log = 3.0

act_log = float(np.loglp(act_12))

effort_penalty = 1.0 - float(np.exp(-((act_log ** 2) / (t_effort_log **
2)))) # [0,1)

# 8) Impact penalty
t_impact = 15.0
impact_penalty = 1.0 - float(np.exp(-(cfrc_rms ** 2) / (t_impact ** 2))) #

(0,1
# —_—
# Combine
# —_—

w_speed = 1.30
w_height = 0.40

w_drift = 0.30
w_angvel = 0.25
w_sym = 0.20
w_posture = 0.15
w_effort = 0.30
w_impact = 0.25

reward = (
w_speed * float(speed_reward)
+ w_height * float(height_reward)
- w_drift * float(drift_penalty)
- w_angvel * float(angvel_penalty)
- w_sym * float(symmetry_penalty)
- w_posture * float(posture_penalty)
- w_effort * float(effort_penalty)
- w_impact * float(impact_penalty)
)

components = {
"speed_reward": float(speed_reward),
"height_reward": float(height_reward),
"drift_penalty": float(drift_penalty),
"angvel_penalty": float(angvel_penalty),
"symmetry_penalty": float(symmetry_penalty),
"posture_penalty": float(posture_penalty),
"effort_penalty": float(effort_penalty),
"impact_penalty": float(impact_penalty),
"yx": float(vx),
"torso_z": float(torso_z),
"act_12": float(act_12),
"act_log": float(act_log),
"cfrc_rms": float(cfrc_rms),
"total_reward": float(reward),

}

return float(reward), components
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Generation 3 (73)

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:

obs =

# Key signals from obs

torso

VX =

vy =
vz =

wX =

wy =
wz =

abdom
abdom
abdom

r_hip_x, r_hip_z, r_hip_y, r_knee
float(obs[10]), float(obs[11])
1_hip_x, 1_hip_z, 1_hip_y, 1l_knee
float(obs[14]), float(obs[15])

r_shl, r_sh2, r_elb
1_shi, 1_sh2, 1_elb

act =

act_12 = float(np.sqrt(np.mean(np.square(act)) + 1e-8))

cfrc

cfrc_rms = float(np.sqrt(np.mean(np.square(cfrc)) + 1e-8))

# Transformed components with explicit temperatures

observation

_z = float(obs[0])

float (obs[22])
float (obs[23])
float (obs[24])

float (obs[25])
float (obs[26])
float (obs[27])

en_z

obs[269:292]

= obs[292:376]

float (obs[5])
en_y = float(obs[6])
en_x = float(obs[7])

float (obs[8]), float(obs[9]),

float (obs[12]), float(obs[13]),

float(obs[16]), float(obs[17]), float(obs[18])
float(obs[19]), float(obs[20]), float(obs[21])

# 1) Forward speed (MUTATED): log-shaped, bounded, avoids early saturation

# Keeps gradient for large vx (your logs show vx up to ~5000).

t_speed_log = 50.0 # temperature controls how quickly log grows; larger =>
less sensitive at low speeds

v_ref

vpos
speed
speed

# 2) Height / health
healthy_min_z, healthy_max_z
z_mid = 0.5 * (healthy_min_z + healthy_max_z)

half_range = 0.5 * (healthy_max_z - healthy_max_z + (healthy_max_z -
# keep identical behavior

z_out

= 300.0

= max (0.0, vx)

_raw = np.loglp(vpos / t_speed_log)
_norm = speed_raw / (np.loglp(v_ref / t_speed_log) + 1e-8)
speed_reward = float(np.clip(speed_norm, 0.0, 1.0))

healthy_min_z))
t_height_gate = 1.5

= max (0.0, abs(torso_z - z_mid) - half_range)

height_reward = float(np.exp(-(z_out ** 2) / (t_height_gate ** 2)))

# 3) Drift
t_drift = 1.0
drift_penalty = 1.0 - float(np.exp(-(vy * vy + vz * vz) / (t_drift **x 2)))

0,1)

1.0, 2.0
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# [0,1]

#



# 4) Angular velocity

t_angvel = 4.0

angvel _mag2 = wx * WX + Wy * Wy + WZ * Wz

angvel_penalty = 1.0 - float(np.exp(-angvel_mag2 / (t_angvel ** 2))) # [0,1)

# 5) Symmetry
t_sym = 0.8

leg_diff2 = ((r_hip_x + 1_hip_x) ** 2 +
(r_hip_y + 1_hip_y) ** 2 +
(r_hip_z + 1_hip_z) ** 2 +
(r_knee - 1_knee) *x 2)

arm_diff2 = ((r_shl + 1_shl) *x 2 +
(r_sh2 + 1_sh2) *x 2 +
(r_elb - 1_elb) *x 2)
symmetry_penalty = 1.0 - float(np.exp(-(leg_diff2 + 0.5 * arm_diff2) /
(t_sym **x 2))) # [0,1)

# 6) Posture

t_posture = 0.7

posture_mag2 = abdomen_x**2 + abdomen_y**2 + 0.5 * abdomen_z**2

posture_penalty = 1.0 - float(np.exp(-posture_mag2 / (t_posture ** 2))) #
o,

# 7) Effort penalty

t_effort_log = 3.0

act_log = float(np.loglp(act_12))

effort_penalty = 1.0 - float(np.exp(-((act_log ** 2) / (t_effort_log **
2)))) # [0,1)

# 8) Impact penalty
t_impact = 15.0
impact_penalty = 1.0 - float(np.exp(-(cfrc_rms ** 2) / (t_impact ** 2))) #

[0,1)
# _______ —_—
# Combine
# _______ —_—

w_speed = 1.30
w_height = 0.40

w_drift = 0.30
w_angvel = 0.25
w_sym = 0.20
w_posture = 0.15
w_effort = 0.30
w_impact = 0.25

reward = (
w_speed * float(speed_reward)
+ w_height * float(height_reward)
- w_drift * float(drift_penalty)
- w_angvel * float(angvel_penalty)
- w_sym * float(symmetry_penalty)
- w_posture * float(posture_penalty)
- w_effort * float(effort_penalty)
- w_impact * float(impact_penalty)
)

components = {
"speed_reward": float(speed_reward),
"height_reward": float(height_reward),
"drift_penalty": float(drift_penalty),
"angvel_penalty": float(angvel_penalty),
"symmetry_penalty": float(symmetry_penalty),
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"posture_penalty": float(posture_penalty),
"effort_penalty": float(effort_penalty),
"impact_penalty": float(impact_penalty),
"yx": float(vx),

"torso_z": float(torso_z),

"act_12": float(act_12),

"act_log": float(act_log),

"cfrc_rms": float(cfrc_rms),
"total_reward": float(reward),

}

return float(reward), components

Generation 4 (74)

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:
obs: np.ndarray = observation

# Key signals from obs
# _______ oo
torso_z: float = float(obs[0])

vx: float = float(obs[22])
vy: float = float(obs[23])
vz: float = float(obs[24])

wx: float = float(obs[25])
wy: float = float(obs[26])
wz: float = float(obs[27])

abdomen_z: float = float(obs[5])
abdomen_y: float = float(obs[6])
abdomen_x: float = float(obs[7])

r_hip_x, r_hip_z, r_hip_y, r_knee = float(obs[8]), float(obs[9]),
float(obs[10]), float(obs[11])

1_hip_x, 1_hip_z, 1_hip_y, 1_knee = float(obs[12]), float(obs[13]),
float(obs[14]), float(obs[15])

r_shl, r_sh2, r_elb = float(obs[16]), float(obs[17]), float(obs[18])
1_shl, 1_sh2, 1_elb = float(obs[19]), float(obs[20]), float(obs[21])

act: np.ndarray = obs[269:292]
act_12: float = float(np.sqrt(np.mean(np.square(act)) + 1e-8))

cfrc: np.ndarray = obs[292:376]
cfrc_rms: float = float(np.sqrt(np.mean(np.square(cfrc)) + 1e-8))

# _______ —_

# Reward components (bounded via exp transforms; each has its own
temperature)

# _________________________

# (A) Forward speed (saturating, positive only)

t_speed: float = 2.2

vx_pos: float = float(max(0.0, vx))

speed_reward: float = float(1.0 - np.exp(-vx_pos / t_speed)) # ~[0,1)

# (B) Soft speed cap penalty (activate earlier than before to avoid vx
explosions)

vx_cap: float = 6.0

t_vx_cap: float = 1.8

over_vx: float = float(max(0.0, vx_pos - vx_cap))
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speed_cap_penalty: float = float(1.0 - np.exp(-(over_vx **x 2) / (t_vx_cap **
2))) # [0,1)

# (C) Height shaping (prefer mid of healthy band)

z_target: float = 1.5

t_height: float = 0.22

height_reward: float = float(np.exp(-((torso_z - z_target) **x 2) / (2.0 *
(t_height *x 2)))) # (0,1]

# (D) Unhealthy penalty (distance outside [1,2])

z_min: float = 1.0

z_max: float = 2.0

t_unhealthy: float = 0.12

z_violation: float = float(max(0.0, z_min - torso_z) + max(0.0, torso_z -
Zz_max))

unhealthy_penalty: float = float(1.0 - np.exp(-(z_violation ** 2) /
(t_unhealthy ** 2))) # [0,1)

# (E) Drift penalty (avoid sideways/up-down translation)

t_drift: float = 0.9

drift_penalty: float = float(1.0 - np.exp(-(vy * vy + vz * vz) / (t_drift *x*
2))) # [0,1)

# (F) Angular velocity penalty (torso stability)

t_angvel: float = 4.2

angvel _mag2: float = float(wx * wx + wy * Wy + Wz * wz)

angvel_penalty: float = float(1.0 - np.exp(-angvel_mag2 / (t_angvel *x 2)))
# [0,1)

# (G) Symmetry penalty (human-like gait)
t_sym: float = 0.85
leg_diff2: float = float(
(r_hip_x + 1_hip_x) ** 2 +
(r_hip_y + 1_hip_y) **x 2 +
(r_hip_z + 1_hip_z) ** 2 +
(r_knee - 1_knee) ** 2
)
arm_diff2: float = float(
(r_shl + 1_shl) **x 2 +
(r_sh2 + 1_sh2) *x 2 +
(r_elb - 1_elb) *x*x 2
)
symmetry_penalty: float = float(1.0 - np.exp(-(leg_diff2 + 0.45 * arm_diff2)
/ (t_sym **x 2))) # [0,1)

# (H) Posture penalty (avoid extreme abdomen bending/twisting)

t_posture: float = 0.75

posture_mag2: float = float(abdomen_x**2 + abdomen_y**2 + 0.5 * abdomen_z**2)

posture_penalty: float = float(1.0 - np.exp(-posture_mag2 / (t_posture **
2))) # [0,1)

# (I) Effort penalty (log-compressed actuator magnitude; robust to huge
scales)

t_effort_log: float = 3.3

act_log: float = float(np.loglp(act_12))

effort_penalty: float = float(1.0 - np.exp(-((act_log ** 2) / (t_effort_log
*x 2)))) # [0,1)

# (J) Impact penalty (log-compressed contacts; robust)

t_impact_log: float = 3.3

cfrc_log: float = float(np.loglp(cfrc_rms))

impact_penalty: float = float(1.0 - np.exp(-((cfrc_log ** 2) / (t_impact_log
*% 2)))) # [0,1)
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# Combine (bounded components => stable weighting)
# o
w_speed: float = 1.55
w_height: float = 0.40

w_speed_cap: float = 0.55
w_unhealthy: float 1.35

w_drift: float = 0.28
w_angvel: float = 0.22
w_sym: float = 0.14
w_posture: float = 0.12
w_effort: float = 0.26
w_impact: float = 0.24

reward: float = float(
w_speed * speed_reward
+ w_height * height_reward
- w_speed_cap * speed_cap_penalty
- w_unhealthy * unhealthy_penalty
- w_drift * drift_penalty
- w_angvel * angvel_penalty
- W_sym * symmetry_penalty
- w_posture * posture_penalty
- w_effort *x effort_penalty
- w_impact * impact_penalty

)

components: Dict[str, float] = {
"speed_reward": float(speed_reward),
"height_reward": float(height_reward),
"speed_cap_penalty": float(speed_cap_penalty),
"unhealthy_penalty": float(unhealthy_penalty),
"drift_penalty": float(drift_penalty),
"angvel_penalty": float(angvel_penalty),
"symmetry_penalty": float(symmetry_penalty),
"posture_penalty": float(posture_penalty),
"effort_penalty": float(effort_penalty),
"impact_penalty": float(impact_penalty),
# diagnostics
"yx": float(vx),
"vy": float(vy),
"yz": float(vz),
"torso_z": float(torso_z),
"act_12": float(act_12),
"act_log": float(act_log),
"cfrc_rms": float(cfrc_rms),
"cfrc_log": float(cfrc_log),
"total_reward": float(reward),

}

return float(reward), components

Generation 5 (r5)

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:

obs = observation

# _______ —_—
# Key signals from obs (Humanoid-v4 layout given)
# _______ —_—
torso_z = float(obs[0])

# torso orientation as quaternion (x,y,z,w) in the provided table ordering
tgx = float(obs[1])
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tay
tqz
tqw

VX =

vy =
vz =

wX =

wy =

wz =

float (obs[2])
float (obs[3])
float (obs[4])

float (obs[22])
float (obs[23])
float (obs[24])

float (obs[25])
float (obs[26])
float (obs[27])

abdomen_z
abdomen_y =
abdomen_x =

float (obs[5])
float (obs[6])
float (obs[7])

r_hip_x, r_hip

_z, r_hip_y, r_knee = float(obs[8]), float(obs[9]),

float (obs[10]), float(obs[11])

1_hip_x, 1_hip

_z, 1 _hip_y, 1l_knee = float(obs[12]), float(obs[13]),

float(obs[14]), float(obs[15])

r_shl, r_sh2,
1_shl, 1_sh2,

act = obs[269:
act_12 = float

cfrc = obs[292
cfrc_rms = flo

# 1) Forward s
t_speed = 2.5
speed_reward =

r_elb
1_elb

float(obs[16]), float(obs[17]), float(obs[18])
float (obs[19]), float(obs[20]), float(obs[21])

292]
(np.sqrt(np.mean(np.square(act)) + 1le-8))

:376]
at(np.sqrt(np.mean(np.square(cfrc)) + 1e-8))

peed (primary)

1.0 - float(np.exp(-max(0.0, vx) / t_speed)) # [0,1)

# 1b) Backward motion penalty (from reward #1; mild but useful)

t_back = 1.0
backward_penal

2)))

# 2) Height /
healthy_min_z,
z_mid = 0.5 *
half_range = 0

t_height_gate
z_out = max(0.
height_reward

# 3) Penalize
t_drift = 1.0
drift_penalty

0,1

# 4) Penalize
t_angvel = 4.0
angvel_mag2 =
angvel_penalty

# 5) Symmetry
t_sym = 0.8
leg _diff2 = (

ty = 1.0 - float(np.exp(-(max(0.0, -vx) **x 2) / (t_back **
# [0,1)

health gate around healthy band [1,2] (from reward #2)
healthy _max_z = 1.0, 2.0

(healthy_min_z + healthy_max_z)

.5 * (healthy_max_z - healthy_min_z)

1.5
, abs(torso_z - z_mid) - half_range) # O inside band
float(np.exp(-(z_out ** 2) / (t_height_gate ** 2)))

o

# [0,1]

lateral/vertical drift velocities

= 1.0 - float(np.exp(-(vy * vy + vz * vz) / (t_drift *x 2))) #
excessive torso angular velocity
WX * WX + Wy * Wy + Wz * Wz

= 1.0 - float(np.exp(-angvel_mag2 / (t_angvel ** 2))) # [0,1)

(human-like gait)
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(r_hip_x + 1_hip_x) ** 2 +
(r_hip_y + 1_hip_y) ** 2 +
(r_hip_z + 1_hip_z) **x 2 +
(r_knee - 1_knee) *x*x 2

)

arm_diff2 = (
(r_shl + 1_shl) *x 2 +
(r_sh2 + 1_sh2) **x 2 +
(r_elb - 1_elb) *x 2

)

symmetry_penalty = 1.0 - float(np.exp(-(leg_diff2 + 0.5 * arm_diff2) /

(t_sym **x 2))) # [0,1)

# 6) Posture (avoid extreme abdomen bending/twisting)

t_posture = 0.7

posture_mag2 = abdomen_x ** 2 + abdomen_y ** 2 + 0.5 * abdomen_z ** 2

posture_penalty = 1.0 - float(np.exp(-posture_mag2 / (t_posture ** 2))) #
[0,1)

# 7) Effort penalty (log-compressed actuator norm)

t_effort_log = 3.0

act_log = float(np.loglp(act_12))

effort_penalty = 1.0 - float(np.exp(-((act_log ** 2) / (t_effort_log *x*
2)))) # [0,1)

# 8) Impact penalty (soft contacts)

t_impact = 15.0

impact_penalty = 1.0 - float(np.exp(-(cfrc_rms ** 2) / (t_impact ** 2))) #
(0,1

# 9) Upright / anti-flip penalty using torso orientation quaternion.

# If upright corresponds to (0,0,0,1), penalize deviation from that.
t_upright = 0.6

quat_dev2 = tgx * tgx + tqy * tqy + tqz * tqz + (tqw - 1.0) * (tqw - 1.0)
upright_penalty = 1.0 - float(np.exp(-quat_dev2 / (t_upright ** 2))) # [0,1)

w_speed = 1.35
w_height = 0.45

w_drift = 0.30
w_angvel = 0.25
w_sym = 0.20
w_posture = 0.15
w_effort = 0.30
w_impact = 0.25
w_back = 0.15
w_upright = 0.15

reward = (

w_speed * speed_reward

+ w_height * height_reward

- w_drift * drift_penalty

- w_angvel * angvel_penalty

- w_sym * symmetry_penalty

- w_posture * posture_penalty

- w_effort * effort_penalty

- w_impact * impact_penalty

- w_back * backward_penalty

- w_upright * upright_penalty
)

components: Dict[str, float] = {
784
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786

787
788

790
791
792
793

794
795
796

797
798
799

800
801
802

803
804
805

806
807

808

}

"speed_reward": float(speed_reward),
"height_reward": float(height_reward),
"drift_penalty": float(drift_penalty),
"angvel_penalty": float(angvel_penalty),
"symmetry_penalty": float(symmetry_penalty),
"posture_penalty": float(posture_penalty),
"effort_penalty": float(effort_penalty),
"impact_penalty": float(impact_penalty),
"backward_penalty": float(backward_penalty),
"upright_penalty": float(upright_penalty),

# diagnostics

"yx": float(vx),

"torso_z": float(torso_z),

"act_12": float(act_12),

"act_log": float(act_log),

"cfrc_rms": float(cfrc_rms),

"total_reward": float(reward),

return float(reward), components

K.2 Humanoid Standup

We show generations 0-5, covering the rising phase up to the peak; generation 6 onward begins the
post-peak plasticity-loss decline characterized in Appendix I and is thus omitted here.

Reading the shaping trajectory. The Humanoid Standup trajectory shows failed mutations being
absorbed rather than compounding: fitness oscillates through two regressions before a sharp single-
step breakthrough at r5. Each dip coincides with an over-aggressive design move; the breakthrough
recombines elements that survived earlier generations rather than refining the immediate parent.
Four design axes are active:

 Orientation formulation try-and-revert. r, uses abs (qw) (sign-invariant); r3 switches
to raw qw to penalize inversion; ry tries the full-angle 2 arccos(|q.|); r5 reverts to qw with
the comment that it “appears more learnable than the full-angle version in practice.”

» Standing-hold bonus refinement. r1  introduces

(tallxupright X stable); r, reformulates it as 1—exp saturation; rs rewraps it as

exp(—(1—core)/7) for bounded output.

a multiplicative bonus

* Phase-gate architecture. 7y’s scalar phase weights become r1’s explicit smooth gates
(early_gate, upright_gate, standing_gate), carried through o, then collapsed back

into phase weights once the gates have shaped the components.

* Temperature oscillation. r;—ry sharpens (angvel_temp: 2.0—1.2, upright_temp:
0.20—0.18) and fitness drops to 0.52; 75 settles on moderate values (upright_temp=0.20,
stability_temp=1.5).

The r5 breakthrough reuses design elements that first appeared in non-adjacent predecessors rather
than refining its immediate parent r4.

Generation 0 ()

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:

Reward for humanoid stand-up:
- Always reward torso height to provide continuous progress signal.

- When low to the ground, emphasize upward vertical velocity.

- As height increases, shift emphasis toward upright torso orientation.
- Once standing, emphasize stability (low torso angular velocity).

- Do not reward forward motion.

Observation usage:
obs [0] : torso height (z)
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obs[1:5] : torso quaternion [w, x, y, z]
obs [24] : torso vertical velocity
obs[25:28] : torso angular velocity

obs = observation

torso_height: float = float(obs[0])
torso_quat: np.ndarray = obs[1:5]
vertical_velocity: float = float(obs[24])
torso_ang_vel: np.ndarray = obs[25:28]

# - targets / temperatures —--------
stand_height_target = 1.4
low_height_threshold = 0.5
high_height_threshold = 0.8
standing_threshold = 1.0

height_temp = 0.35
vel_temp = 0.75
upright_temp = 0.25
stability_temp = 1.5

eSS basic shaping terms --------

# Continuous progress / alive bonus: O on ground-ish, approaches 1 near
standing height.

height_error = max(0.0, stand_height_target - torso_height)

height_reward = float(np.exp(-height_error / height_temp))

# Upward velocity only; avoid rewarding downward motion.
upward_velocity = max(0.0, vertical_velocity)
upward_vel_reward = float(1.0 - np.exp(-upward_velocity / vel_temp))

# Upright orientation: torso quaternion close to [1,0,0,0].

# Since q and -q represent same orientation, compare abs(w).
qw = float(torso_quat[0])

uprightness = np.clip(abs(qw), 0.0, 1.0)

upright_error = 1.0 - uprightness

upright_reward = float(np.exp(-upright_error / upright_temp))

# Stability: low torso angular velocity is best, especially once standing.
ang_speed = float(np.linalg.norm(torso_ang_vel))
stability_reward = float(np.exp(-ang_speed / stability_temp))

S phase-aware weighting -------—-
# progress_phase: O when low, 1 when high
progress_phase = np.clip(
(torso_height - low_height_threshold) / (high_height_threshold -
low_height_threshold),
0.0,
1.0,

)

# stand_phase: O below standing threshold, increases above it
stand_phase = np.clip((torso_height - standing_threshold) / 0.25, 0.0, 1.0)

# Low height: prioritize getting up.

# High height: prioritize uprightness.

# Standing: stability is most important.
w_height = 0.35

w_upward = 0.40 * (1.0 - progress_phase)
w_upright = 0.15 + 0.35 * progress_phase
w_stability = 0.10 + 0.30 * stand_phase

reward = (
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w_height * height_reward

+ w_upward * upward_vel_reward

+ w_upright * upright_reward

+ w_stability * stability_reward

)

# Small penalty for excessive horizontal drift to discourage
locomotion/crawling,

# without making it a primary objective.

horizontal_speed = float(np.linalg.norm(obs[22:24]))

drift_penalty = 0.05 * (1.0 - np.exp(-horizontal_speed / 1.0))

reward -= drift_penalty

# Keep reward non-negative and bounded.
reward = float(np.clip(reward, 0.0, 1.0))

components = {
"height_reward": height_reward,
"upward_vel_reward": upward_vel_reward,
"upright_reward": upright_reward,
"stability_reward": stability_reward,
"drift_penalty": drift_penalty,
"torso_height": torso_height,
"vertical_velocity": vertical_velocity,
"uprightness": uprightness,
"angular_speed": ang_speed,
"phase_progress": float(progress_phase),
"phase_standing": float(stand_phase),
"total_reward": reward,

}

return reward, components

Generation 1 (r)

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:
nun

Hybrid standup reward for HumanoidStandupEnv.

Design summary:
- Keep a strong continuous height/progress reward at all times.
- Reward positive upward velocity mainly while the humanoid is still low.
- Gradually turn on upright-orientation reward as height increases.
- Once near standing, prioritize stability strongly:
low torso angular velocity + low vertical motion.
- Apply only a small horizontal-motion penalty, mainly after the agent is
already high,
so we discourage crawling/sliding without suppressing useful transitional
movement .

Uses only documented observation entries:

obs [0] = torso height z

obs[1:5] = torso quaternion [w, x, y, 2]
obs[22:24]= torso horizontal velocity x,y
obs[24] = torso vertical velocity z

obs[25:28]= torso angular velocity x,y,z
nun

obs = observation

# Key state

height: float = float(obs[0])

quat: np.ndarray = np.asarray(obs[1:5], dtype=np.float64)
vx: float = float(obs[22])

vy: float = float(obs[23])

vz: float = float(obs[24])
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ang_vel: np.ndarray = np.asarray(obs[25:28], dtype=np.float64)

# Reference heights

lying_height: float = 0.2
target_height: float = 1.4
upright_start_height: float = 0.55
standing_height: float = 1.0

# Temperatures

height_temp: float = 0.40
rise_vel_temp: float = 0.90
upright_temp: float = 0.20
angvel_temp: float = 2.00
standstill_vz_temp: float = 0.35
horiz_temp: float = 2.50

# o
# Smooth phase gates
# o
height_progress: float = float(
np.clip((height - lying_height) / (target_height - lying_height), 0.0,
1.0)

)

# Early rising gate: high when low, fades by ~0.85m
early_gate: float = float(1.0 - np.clip((height - 0.45) / 0.40, 0.0, 1.0))

# Upright gate: starts turning on after agent has made meaningful upward
progress

upright_gate: float = float(np.clip((height - upright_start_height) / 0.35,
0.0, 1.0))

# Standing/stability gate: strongly active once close to standing
standing_gate: float = float(np.clip((height - standing_height) / 0.20, 0.0,

1.0))
# _________________________
# Reward components
# _________________________

# 1) Height reward: main continuous progress signal

# Monotonic toward standing height and saturates near the target.
height_error: float = float(max(target_height - height, 0.0))
height_reward: float = float(np.exp(-height_error / height_temp))

# 2) Upward velocity reward: only positive z-velocity, emphasized early

upward_speed: float = float(max(vz, 0.0))

upward_velocity_raw: float = float(1.0 - np.exp(-upward_speed /
rise_vel_temp))

upward_velocity_reward: float = float(early_gate * upward_velocity_raw)

# 3) Upright reward:

# Better than raw quat distance here to use abs(qw), since q and -q are
equivalent.

quat_norm: float = float(np.linalg.norm(quat) + 1e-8)

qw: float = float(quat[0] / quat_norm)

upright_error: float = float(1.0 - abs(qw))

upright_raw: float = float(np.exp(-upright_error / upright_temp))

upright_reward: float = float(upright_gate * upright_raw)

# 4) Stability reward from low torso angular velocity, especially important
when standing

ang_speed: float = float(np.linalg.norm(ang_vel))

stability_raw: float = float(np.exp(-ang_speed / angvel_temp))

stability_reward: float = float(standing_gate * stability_raw)
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# 5) Standstill vertical reward: once high, prefer keeping vz small over
more rising speed

standstill_vertical_raw: float = float(np.exp(-abs(vz) / standstill_vz_temp))

standstill_vertical_reward: float = float(standing_gate *
standstill_vertical_raw)

# 6) Small horizontal-motion penalty, mostly after standing/high posture is
reached

horiz_speed: float = float(np.sqrt(vx * vx + vy * vy))

horizontal_penalty: float = float(upright_gate * (1.0 - np.exp(-horiz_speed /
horiz_temp)))

# 7) Bonus for actually good standing posture: tall + upright + stable + low
vertical motion
standing_quality_bonus: float = float(
standing_gate * upright_raw * stability_raw * standstill_vertical_raw

# _______ —_—
reward: float = float(
0.40 * height_reward +

0.22 * upward_velocity_reward +
0.18 * upright_reward +

0.28 * stability_reward +

0.18 * standstill_vertical_reward +
0.16 * standing_quality_bonus -
0.04 * horizontal_penalty

)

reward = float(np.clip(reward, 0.0, 1.0))

info: Dict[str, float] = {
"reward_total": reward,
"height_reward": height_reward,
"upward_velocity_reward": upward_velocity_reward,
"upright_reward": upright_reward,
"stability_reward": stability_reward,
"standstill_vertical_reward": standstill_vertical_reward,
"standing_quality_bonus": standing_quality_bonus,
"horizontal _penalty": horizontal_penalty,
"height": height,
"height_progress": height_progress,
"vertical_velocity": vz,
"angular_speed": ang_speed,
"horizontal_speed": horiz_speed,
"early_gate": early_gate,
"upright_gate": upright_gate,
"standing_gate": standing_gate,
"upright_raw": upright_raw,
"stability_raw": stability_raw,
"standstill_vertical_raw": standstill_vertical_raw,

}
return reward, info
813
Generation 2 (r3)
def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:
nun
Crossover reward for HumanoidStandupEnv.
Rationale for combining components:
814
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- Keep the strong continuous height reward from both candidates since it
gives
dense progress signal from lying to standing.
- Keep early-phase positive vertical-velocity reward, but only while low, so

the
agent is encouraged to rise without being pushed to keep bouncing once
upright.
- Use the better uprightness formulation based on abs(qw), because q and -q
are

equivalent quaternions. This avoids an unnecessary representation artifact.
- Make stability dominant only after the humanoid is meaningfully high /
near standing.
The prior rewards' stability terms were often effectively inactive, so we
use a
smoother gating and a less brittle exponential on angular speed.
- Add a standstill term once standing: low vertical speed is desirable after
getting up.
- Keep only a small horizontal-motion penalty and gate it late, so it
discourages
crawling/sliding without suppressing transitional movement.
- Add a multiplicative standing bonus for truly good states: tall + upright +
stable + still.

Uses only documented observation entries:
obs [0] torso height
obs[1:5] torso quaternion [w, x, y, z]
obs[22:24] torso horizontal velocity
obs[24] torso vertical velocity
obs[25:28] torso angular velocity

obs = observation

# Key state

height: float = float(obs[0])

quat: np.ndarray = np.asarray(obs[1:5], dtype=np.float64)

vx: float = float(obs[22])

vy: float = float(obs[23])

vz: float = float(obs[24])

ang_vel: np.ndarray = np.asarray(obs[25:28], dtype=np.float64)

# Reference heights

lying_height: float = 0.20
target_height: float = 1.40
low_height: float = 0.50
upright_start_height: float = 0.75
standing_height: float = 1.00

# Temperatures

height_temp: float = 0.35
rise_vel_temp: float = 0.80
upright_temp: float = 0.18
angvel_temp: float = 1.20
standstill_vz_temp: float = 0.30
horiz_temp: float = 1.50

# Basic derived quantities

horiz_speed: float = float(np.sqrt(vx * vx + vy * vy))
ang_speed: float = float(np.linalg.norm(ang_vel))
quat_norm: float = float(np.linalg.norm(quat) + le-8)
qw: float = float(quat[0] / quat_norm)

height_progress: float = float(
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np.clip((height - lying_height) / (target_height - lying_height), 0.0,
1.0)
)

# Early gate: emphasize rising when still low
early_gate: float = float(

1.0 - np.clip((height - low_height) / 0.35, 0.0, 1.0)
)

# Upright gate: turn on orientation guidance only after meaningful elevation
upright_gate: float = float(
np.clip((height - upright_start_height) / 0.25, 0.0, 1.0)

# Standing gate: stability should matter most once near/above standing
standing_gate: float = float(
np.clip((height - standing_height) / 0.20, 0.0, 1.0)

# 1) Dense height/progress reward
height_error: float = float(max(target_height - height, 0.0))
height_reward: float = float(np.exp(-height_error / height_temp))

# 2) Early upward velocity reward

upward_speed: float = float(max(vz, 0.0))

upward_velocity_raw: float = float(1.0 - np.exp(-upward_speed /
rise_vel_temp))

upward_velocity_reward: float = float(early_gate * upward_velocity_raw)

# 3) Uprightness using abs(qw) for quaternion sign invariance
upright_error: float = float(1.0 - abs(qw))

upright_raw: float = float(np.exp(-upright_error / upright_temp))
upright_reward: float = float(upright_gate * upright_raw)

# 4) Stability from low torso angular velocity

# Use squared speed inside exp for stronger preference near stillness,
# but only after standing gate activates.

stability_raw: float = float(np.exp(-(ang_speed ** 2) / angvel_temp))
stability_reward: float = float(standing_gate * stability_raw)

# 5) Standstill vertical reward once standing: prefer low |vz|

standstill_vertical_raw: float = float(np.exp(-abs(vz) / standstill_vz_temp))

standstill_vertical_reward: float = float(standing_gate *
standstill_vertical_raw)

# 6) Weak late horizontal penalty to discourage crawling/sliding
horizontal_penalty: float = float(

standing_gate * (1.0 - np.exp(-(horiz_speed ** 2) / horiz_temp))
)

# 7) High-quality standing bonus
standing_quality_bonus: float = float(
standing_gate * height_progress * upright_raw * stability_raw *
standstill_vertical_raw

reward: float = float(
0.42 * height_reward +
0.24 * upward_velocity_reward +
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0.20 * upright_reward +

0.30 * stability_reward +

0.18 * standstill_vertical_reward +
0.18 * standing_quality_bonus -
0.04 * horizontal_penalty

)
reward = float(np.clip(reward, 0.0, 1.0))

info: Dict[str, float] = {
"reward_total": reward,
"height_reward": height_reward,
"upward_velocity_reward": upward_velocity_reward,
"upright_reward": upright_reward,
"stability_reward": stability_reward,
"standstill_vertical_reward": standstill_vertical_reward,
"standing_quality_bonus": standing_quality_bonus,
"horizontal_penalty": horizontal_penalty,
"height": height,
"height_progress": height_progress,
"vertical_velocity": vz,
"angular_speed": ang_speed,
"horizontal _speed": horiz_speed,
"early_gate": early_gate,
"upright_gate": upright_gate,
"standing_gate": standing_gate,
"upright_raw": upright_raw,
"stability_raw": stability_raw,
"standstill_vertical_raw": standstill_vertical_raw,
}

return reward, info

Generation 3 (73)

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:

Reward for humanoid stand-up:

- Always reward torso height to provide continuous progress signal.

- When low to the ground, emphasize upward vertical velocity.

- As height increases, shift emphasis toward upright torso orientation.
- Once standing, emphasize stability (low torso angular velocity).

- Do not reward forward motion.

Observation usage:

obs [0] : torso height (z)

obs[1:5] : torso quaternion [w, x, y, z]
obs [24] : torso vertical velocity
obs[25:28] : torso angular velocity

obs = observation

torso_height: float = float(obs[0])
torso_quat: np.ndarray = obs[1:5]
vertical_velocity: float = float(obs[24])
torso_ang_vel: np.ndarray = obs[25:28]

# - targets / temperatures —--------
stand_height_target = 1.4
low_height_threshold = 0.5
high_height_threshold = 0.8
standing_threshold = 1.0

height_temp = 0.35
vel_temp = 0.75
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upright_temp = 0.20
stability_temp = 1.5

# - basic shaping terms --——————-

# Continuous progress / alive bonus: O on ground-ish, approaches 1 near
standing height.

height_error = max(0.0, stand_height_target - torso_height)

height_reward = float(np.exp(-height_error / height_temp))

# Upward velocity only; avoid rewarding downward motion.
upward_velocity = max(0.0, vertical_velocity)
upward_vel_reward = float(1.0 - np.exp(-upward_velocity / vel_temp))

# - mutated upright component --------

# Upright torso orientation targets quaternion [1, O, 0, 0].

# Using qw directly (not abs(qw)) better distinguishes true upright from
other orientations.

qw = float(torso_quat[0])

upright_alignment = float(np.clip(qw, -1.0, 1.0))

upright_error = 1.0 - upright_alignment

upright_reward = float(np.exp(-upright_error / upright_temp))

# Stability: low torso angular velocity is best, especially once standing.
ang_speed = float(np.linalg.norm(torso_ang_vel))
stability_reward = float(np.exp(-ang_speed / stability_temp))

# - phase-aware weighting --——————-
progress_phase = np.clip(
(torso_height - low_height_threshold) / (high_height_threshold -
low_height_threshold),
0.0,
1.0,

)
stand_phase = np.clip((torso_height - standing_threshold) / 0.25, 0.0, 1.0)

w_height = 0.35

w_upward = 0.40 * (1.0 - progress_phase)
w_upright = 0.15 + 0.35 * progress_phase
w_stability = 0.10 + 0.30 * stand_phase

reward = (
w_height * height_reward
+ w_upward * upward_vel_reward
+ w_upright * upright_reward
+ w_stability * stability_reward

)

# Small penalty for excessive horizontal drift to discourage
locomotion/crawling.

horizontal_speed = float(np.linalg.norm(obs[22:24]))

drift_penalty = 0.05 * (1.0 - np.exp(-horizontal_speed / 1.0))

reward -= drift_penalty

reward = float(np.clip(reward, 0.0, 1.0))

components = {
"height_reward": height_reward,
"upward_vel_reward": upward_vel_reward,
"upright_reward": upright_reward,
"stability_reward": stability_reward,
"drift_penalty": drift_penalty,
"torso_height": torso_height,
"vertical_velocity": vertical_velocity,
"upright_alignment": upright_alignment,
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"angular_speed": ang_speed,
"phase_progress": float(progress_phase),
"phase_standing": float(stand_phase),
"total_reward": reward,

}

return reward, components

Generation 4 (r4)

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:

Crossover reward for humanoid stand-up.

Design rationale:
- Keep the strong continuous height shaping from both candidates.
- Keep the useful upward-velocity reward early in the motion.
- Use the better-performing full-quaternion upright term from the
higher-fitness reward
(it distinguishes lying-on-back from truly upright better than abs(qw)
alone).
- Improve stability shaping so it is weak during the get-up transition but
becomes dominant
once the agent is near/at standing height.
- Add a standing hold bonus that explicitly rewards being simultaneously
tall, upright,
and rotationally stable, which should better exploit the conditional fall
termination.
- Keep only a small horizontal drift penalty to discourage crawling/running
without
turning the task into anti-locomotion optimization.

Observation usage:

obs [0] : torso height (z)

obs[1:5] : torso quaternion [w, x, y, z]
obs[22:24] : torso horizontal velocity (x, y)
obs [24] : torso vertical velocity
obs[25:28] : torso angular velocity

obs = observation

torso_height: float = float(obs[0])
torso_quat: np.ndarray = obs[1:5]
horizontal_vel: np.ndarray = obs[22:24]
vertical_velocity: float = float(obs[24])
torso_ang_vel: np.ndarray = obs[25:28]

# - targets / thresholds --------
stand_height_target: float = 1.4
low_height_threshold: float = 0.5
high_height_threshold: float = 0.8
standing_threshold: float = 1.0

(] == temperatures --------
height_temp: float = 0.35
vel_temp: float = 0.75
upright_angle_temp: float = 0.45
stability_temp: float = 2.5
hold_temp: float = 0.20
drift_temp: float = 1.0

(3 o= height / progress --------

# Strong dense shaping for upward progress; 1 near standing height.
height_error: float = max(0.0, stand_height_target - torso_height)
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height_reward: float = float(np.exp(-height_error / height_temp))

# Extra linearized progress signal from initial lying height (~0.2) to
standing (~1.4).

progress_reward: float = float(np.clip((torso_height - 0.2) /
(stand_height_target - 0.2), 0.0, 1.0))

# - upward motion --------
upward_velocity: float = max(0.0, vertical_velocity)
upward_vel_reward: float = float(1.0 - np.exp(-upward_velocity / vel_temp))

# - upright orientation --——————-
# Full quaternion-based upright angle from target [1,0,0,0].
quat_norm: float = float(np.linalg.norm(torso_quat))
if quat_norm > 1le-8:
q = torso_quat / quat_norm
else:
q = np.array([1.0, 0.0, 0.0, 0.0], dtype=np.float64)

qw: float = float(mp.clip(abs(q[0]), 0.0, 1.0))
upright_angle: float = float(2.0 * np.arccos(qw))
upright_reward: float = float(np.exp(-upright_angle / upright_angle_temp))

# - stability --------
ang_speed: float = float(np.linalg.norm(torso_ang_vel))
stability_reward: float = float(np.exp(-ang_speed / stability_temp))

e phase scheduling --------
# Transition from "get off the ground" to "be upright" to "hold stable
stand".

progress_phase: float = float(np.clip(
(torso_height - low_height_threshold) / (high_height_threshold -
low_height_threshold),
0.0, 1.0
)
stand_phase: float = float(mp.clip(
(torso_height - standing_threshold) / 0.25,
0.0, 1.0

# - standing hold bonus --------

# Encourages the final desired conjunction: tall + upright + stable.

# This is especially helpful because losing height after standing causes
termination.

stand_quality: float = height_reward * upright_reward * stability_reward

standing_hold_reward: float = float(1.0 - np.exp(-stand_quality / hold_temp))

# - weights -——————-

# Early: prioritize progress and rising.

# Mid: shift toward uprightness.

# Standing: prioritize stability and standing hold over speed.
w_height: float = 0.22

w_progress: float = 0.18

w_upward: float = 0.32 * (1.0 - progress_phase)

w_upright: float = 0.10 + 0.25 * progress_phase

w_stability: float = 0.05 + 0.28 * stand_phase

w_hold: float = 0.35 * stand_phase

reward: float = (

w_height * height_reward

+ w_progress * progress_reward
w_upward * upward_vel_reward
w_upright * upright_reward
w_stability * stability_reward
w_hold * standing_hold_reward

+ o+ + 4
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)

# Small drift penalty to reduce crawling/running incentives.

horizontal_speed: float = float(np.linalg.norm(horizontal_vel))

drift_penalty: float = float(0.03 * (1.0 - np.exp(-horizontal_speed /
drift_temp)))

reward -= drift_penalty

# Bound reward to stable range.
reward = float(np.clip(reward, 0.0, 1.0))

components: Dict[str, float] = {
"height_reward": height_reward,
"progress_reward": progress_reward,
"upward_vel_reward": upward_vel_reward,
"upright_reward": upright_reward,
"stability_reward": stability_reward,
"standing_hold_reward": standing_hold_reward,
"drift_penalty": drift_penalty,
"torso_height": torso_height,
"vertical_velocity": vertical_velocity,
"upright_angle": upright_angle,
"angular_speed": ang_speed,
"horizontal_speed": horizontal_speed,
"phase_progress": progress_phase,
"phase_standing": stand_phase,
"total_reward": reward,

}

return reward, components

Generation 5 (r5)

def compute_reward(observation: np.ndarray) -> Tuple[float, Dict[str, float]]:

Crossover reward for humanoid stand-up.

Design rationale:
- Keep the strong continuous height shaping from the better-performing
reward.
- Keep the simple quaternion-w based upright term from the better-performing
reward,
since it appears more learnable than the full-angle version in practice.
- Preserve phase-aware weighting:
* low height -> reward upward velocity most
* mid height -> shift toward uprightness
* standing -> prioritize stability heavily
- Add a standing hold bonus gated by height and uprightness so the agent is
rewarded
for remaining in a stable standing posture, not just reaching it briefly.
- Keep horizontal drift penalty small so locomotion/crawling is discouraged

but not dominant.
nnn

obs = observation

torso_height: float = float(obs[0])
torso_quat: np.ndarray = obs[1:5]
vertical_velocity: float = float(obs[24])
torso_ang_vel: np.ndarray = obs[25:28]
horizontal_vel: np.ndarray = obs[22:24]

# - temperatures / targets -----—-----------

stand_height_target: float = 1.4
low_height_threshold: float = 0.5
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high_height_threshold: float = 0.8
standing_threshold: float = 1.0

height_temp: float = 0.35
vel_temp: float = 0.75
upright_temp: float = 0.20
stability_temp: float = 1.5
stand_height_temp: float = 0.18
hold_temp: float = 0.25
drift_temp: float = 1.0

# e core signals ———-———-—-------

# Continuous upward progress signal

height_error: float = max(0.0, stand_height_target - torso_height)
height_reward: float = float(np.exp(-height_error / height_temp))

# Early phase: reward only positive vertical motion
upward_velocity: float = max(0.0, vertical_velocity)
upward_vel_reward: float = float(1.0 - np.exp(-upward_velocity / vel_temp))

# Uprightness: use normalized quaternion w-component toward [1,0,0,0]
quat_norm: float = float(np.linalg.norm(torso_quat))
if quat_norm > 1le-8:
q = torso_quat / quat_norm
else:
q = np.array([1.0, 0.0, 0.0, 0.0], dtype=np.float64)

qw: float = float(np.clip(q[0], -1.0, 1.0))

upright_alignment: float = max(0.0, qw)

upright_error: float = 1.0 - upright_alignment

upright_reward: float = float(np.exp(-upright_error / upright_temp))

# Stability: low torso angular velocity
ang_speed: float = float(np.linalg.norm(torso_ang_vel))
stability_reward: float = float(np.exp(-ang_speed / stability_temp))

# Extra standing-height sharpness near final goal

standing_height_error: float = max(0.0, stand_height_target - torso_height)

standing_height_reward: float = float(np.exp(-standing_height_error /
stand_height_temp))

# o phase estimation ----------—-----
progress_phase: float = float(np.clip(
(torso_height - low_height_threshold) / (high_height_threshold -
low_height_threshold),

>

0.0
1.0,

)
stand_phase: float = float(np.clip(
(torso_height - standing_threshold) / 0.25,

0.0,
1.0,
)
# - standing hold bonus --------—-——-----
# This term becomes large only when the agent is both tall, upright, and
stable.
# It helps exploit the environment's conditional termination by encouraging
maintenance.

hold_core: float = standing_height_reward * upright_reward * stability_reward
stand_hold_reward: float = float(np.exp(-(1.0 - hold_core) / hold_temp))

# o weighted combination ----------------

# Better-performing structure, but with more emphasis on final stability
after standing.
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828
829
830

831
832
833

834
835

836
837

838

839

w_height: float = 0.30

w_upward: float = 0.40 * (1.0 - progress_phase)
w_upright: float = 0.10 + 0.35 * progress_phase
w_stability: float = 0.05 + 0.35 * stand_phase
w_hold: float = 0.35 * stand_phase

reward: float = (
w_height * height_reward
+ w_upward * upward_vel_reward
+ w_upright * upright_reward
+ w_stability * stability_reward
+ w_hold * stand_hold_reward

)

# Small penalty for horizontal drift to discourage crawling/running.

horizontal_speed: float = float(np.linalg.norm(horizontal_vel))

drift_penalty: float = 0.04 * float(1.0 - np.exp(-horizontal_speed /
drift_temp))

reward -= drift_penalty

# Keep reward bounded and non-negative
reward = float(np.clip(reward, 0.0, 1.0))

components: Dict[str, float] = {
"height_reward": height_reward,
"upward_vel_reward": upward_vel_reward,
"upright_reward": upright_reward,
"stability_reward": stability_reward,
"standing_height_reward": standing_height_reward,
"stand_hold_reward": stand_hold_reward,
"drift_penalty": drift_penalty,
"torso_height": torso_height,
"vertical_velocity": vertical_velocity,
"upright_alignment": upright_alignment,
"angular_speed": ang_speed,
"horizontal _speed": horizontal_speed,
"phase_progress": progress_phase,
"phase_standing": stand_phase,
"total_reward": reward,

}

return reward, components

K.3 Adroit Hand

We show only generations 03, covering the rising phase up to convergence; later generations begin
the post-peak plasticity-loss decline characterized in the extended-run analysis (Appendix II) and are
omitted here.

Reading the shaping trajectory. The Adroit Hand sequence converges in four generations
through small adjustments to a shared template, with no single decisive formulation change. The
task is solved by 73 at fitness 0.78; the four moves below account for the full gain:

* Temperatures widen (e.g., door_temp: 0.2 — 0.3) to prevent the exponential reward
explosion that r3’s source comments flag explicitly.

* Success bonus shrinks (100 — 25), balancing terminal success against intermediate
progress.

* Velocity-smoothness penalty appears in r5 and is kept in 73.

¢ Formulation try-and-revert. r; switches the latch reward to an error-based form; 75
reverts to progress-based but carries over the softened temperatures.
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Generation 0 ()

def compute_reward(
hand_qgpos: np.ndarray,
latch_pos: float,
door_pos: float,
door_hinge: float,
palm_pos: np.ndarray,
handle_pos: np.ndarray,
palm_handle_delta: np.ndarray,
door_open: float,
action: np.ndarray,
joint_velocities: np.ndarray,
joint_forces: np.ndarray

) —-> Tuple[float, Dict[str, float]]:

# Temperature parameters for reward components
proximity_temp = 0.05

latch_temp = 0.1

door_temp = 0.2

action_temp = 0.01

# 1. Reward for getting palm close to handle
palm_to_handle_distance = np.linalg.norm(palm_handle_delta)
proximity_reward = np.exp(-palm_to_handle_distance / proximity_temp)

# 2. Reward for rotating the latch (overcoming friction)

# Target latch position is around -1.5 radians (fully rotated
counter-clockwise)

latch_progress = np.clip(-latch_pos / 1.5, 0, 1)

latch_reward = np.exp(latch_progress / latch_temp)

# 3. Reward for opening the door once latch is released
# Door open when door_hinge >= 1.35 rad

door_progress = np.clip(door_hinge / 1.35, 0, 1)
door_reward = np.exp(door_progress / door_temp)

# 4. Penalty for excessive actions (smoothness)
action_cost = np.sum(np.square(action))
action_penalty = -action_cost * action_temp

# 5. Success bonus
success_bonus = 100.0 if door_open == 1.0 else 0.0

# Combine all rewards
total_reward = (
0.3 * proximity_reward +
0.3 * latch_reward +
0.3 * door_reward +
0.1 * action_penalty +
success_bonus

)

# Normalize total reward to [0, 1] range approximately
normalized_reward = np.tanh(total_reward / 10.0)

# Return detailed reward components
reward_components = {
'proximity_reward': proximity_reward,
'latch_reward': latch_reward,
'door_reward': door_reward,
'action_penalty': action_penalty,
'success_bonus': success_bonus
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return normalized_reward, reward_components

Generation 1 (1)

def compute_reward(
hand_gpos: np.ndarray,
latch_pos: float,
door_pos: float,
door_hinge: float,
palm_pos: np.ndarray,
handle_pos: np.ndarray,
palm_handle_delta: np.ndarray,
door_open: float,
action: np.ndarray,
joint_velocities: np.ndarray,
joint_forces: np.ndarray

) -> Tuple[float, Dict[str, float]]:

# Temperature parameters for reward components

proximity_temp = 0.05

latch_temp = 1.0 # Increased from 0.1 to 1.0 to prevent extreme decay
door_temp = 0.2

effort_temp = 0.01

# Reward for getting the palm close to the handle
handle_distance = np.linalg.norm(palm_handle_delta)
proximity_reward = np.exp(-handle_distance / proximity_temp)

# Reward for opening the latch (latch needs to be pulled down/up)

# Assuming the initial latch position is around O and target is around -1.5
or similar negative value

latch_target = -1.5

latch_error = np.abs(latch_pos - latch_target)

latch_reward = np.exp(-latch_error / latch_temp)

# Reward for opening the door (hinge rotation)

# Door is considered open at 1.35 radians

door_progress = min(door_hinge / 1.35, 1.0)

door_reward = np.exp(door_progress / door_temp) - 1.0 # Range: [O,
e™(1/0.2) - 11 ~= [0, 147.4]

# Penalty for excessive effort/action
effort_penalty = np.sum(np.square(action)) * effort_temp

# Bonus for completing the task

completion_bonus = 0.0

if door_open > 0: # Door is open
completion_bonus = 100.0

# Total reward

total_reward = (
0.3 * proximity_reward +
0.3 * latch_reward +
0.3 * door_reward +
completion_bonus -
effort_penalty

)

# Normalize the reward to [-1, 1] range approximately
normalized_reward = np.tanh(total_reward / 50.0)

# Return detailed reward components
reward_components = {
"proximity_reward": proximity_reward,
"latch_reward": latch_reward,
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"door_reward": door_reward,
"effort_penalty": -effort_penalty,
"completion_bonus": completion_bonus,
"normalized_total_reward": normalized_reward

}
return normalized_reward, reward_components
844
Generation 2 (15)
def compute_reward(
hand_gpos: np.ndarray,
latch_pos: float,
door_pos: float,
door_hinge: float,
palm_pos: np.ndarray,
handle_pos: np.ndarray,
palm_handle_delta: np.ndarray,
door_open: float,
action: np.ndarray,
joint_velocities: np.ndarray,
joint_forces: np.ndarray
) -> Tuple[float, Dict[str, float]]:
# Temperature parameters for reward components
proximity_temp = 0.03 # Lower temp for sharper focus
latch_temp = 0.08 # Adjusted for better gradient
door_temp = 0.15 # Balanced temperature
action_temp = 0.005 # Reduced action penalty weight
velocity_temp = 0.001 # Very light velocity penalty
# 1. Reward for getting palm close to handle (improved version)
palm_to_handle_distance = np.linalg.norm(palm_handle_delta)
proximity_reward = np.exp(-palm_to_handle_distance / proximity_temp)
# 2. Reward for rotating the latch (refined target)
# Target latch position should be negative to release the door
# Assuming initial position is around O, target is around -1.5
latch_target = -1.5
latch_progress = np.clip((-latch_pos) / abs(latch_target), 0, 1)
latch_reward = np.exp(latch_progress / latch_temp)
# 3. Reward for opening the door
# Door open when door_hinge >= 1.35 rad
door_target = 1.35
door_progress = np.clip(door_hinge / door_target, 0, 1)
door_reward = np.exp(door_progress / door_temp)
# 4. Penalty for excessive actions (smoothness)
action_cost = np.sum(np.square(action))
action_penalty = -action_cost * action_temp
# 5. Penalty for excessive joint velocities (smoothness)
velocity_cost = np.sum(np.square(joint_velocities))
velocity_penalty = -velocity_cost * velocity_temp
# 6. Success bonus
success_bonus = 50.0 if door_open == 1.0 else 0.0
# Combine all rewards with balanced weights
total_reward = (
0.25 * proximity_reward +
0.25 * latch_reward +
0.35 * door_reward +
0.1 * action_penalty +
845
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0.05 * velocity_penalty +
success_bonus

)

# Normalize total reward to [0, 1] range approximately
normalized_reward = np.tanh(total_reward / 15.0)

# Return detailed reward components

reward_components = {
'proximity_reward': proximity_reward,
'latch_reward': latch_reward,
'door_reward': door_reward,
'action_penalty': action_penalty,
'velocity_penalty': velocity_penalty,
'success_bonus': success_bonus,
'normalized_reward': normalized_reward

}

return normalized_reward, reward_components

Generation 3 (r3)

def compute_reward(
hand_qgpos: np.ndarray,
latch_pos: float,
door_pos: float,
door_hinge: float,
palm_pos: np.ndarray,
handle_pos: np.ndarray,
palm_handle_delta: np.ndarray,
door_open: float,
action: np.ndarray,
joint_velocities: np.ndarray,
joint_forces: np.ndarray

) —-> Tuple[float, Dict[str, float]]:

# Temperature parameters for reward components - tuned for better scaling
proximity_temp = 0.1 # Increased from Function 1 to prevent extreme values
latch_temp = 0.2 # Increased to moderate the exponential growth

door_temp = 0.3 # Increased to prevent explosion
action_temp = 0.005 # Kept low to encourage smoothness
velocity_temp = 0.001 # Kept low for smoothness

# 1. Reward for getting palm close to handle - modified for better scaling
palm_to_handle_distance = np.linalg.norm(palm_handle_delta)
proximity_reward = np.exp(-palm_to_handle_distance / proximity_temp)

# 2. Reward for rotating the latch - improved target and scaling
# Target latch position should be negative to release the door
latch_target = -1.5

latch_progress = np.clip((-latch_pos) / abs(latch_target), 0, 1)
latch_reward = np.exp(latch_progress / latch_temp)

# 3. Reward for opening the door - improved scaling

# Door open when door_hinge >= 1.35 rad

door_target = 1.35

door_progress = np.clip(door_hinge / door_target, 0, 1)
door_reward = np.exp(door_progress / door_temp)

# 4. Penalty for excessive actions (smoothness)
action_cost = np.sum(np.square(action))

action_penalty = -action_cost * action_temp

# 5. Penalty for excessive joint velocities (smoothness)
velocity_cost = np.sum(np.square(joint_velocities))
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velocity_penalty = -velocity_cost * velocity_temp

# 6. Success bonus - balanced value
success_bonus = 25.0 if door_open == 1.0 else 0.0

# Combine all rewards with balanced weights to prevent any single component
dominating
total_reward = (
0.3 * proximity_reward +
0.2 * latch_reward +
0.3 * door_reward +
0.1 * action_penalty +
0.05 * velocity_penalty +
success_bonus

)

# Apply tanh normalization to keep rewards bounded and well-scaled
normalized_reward = np.tanh(total_reward / 20.0)

# Return detailed reward components

reward_components = {
'proximity_reward': proximity_reward,
'latch_reward': latch_reward,
'door_reward': door_reward,
'action_penalty': action_penalty,
'velocity_penalty': velocity_penalty,
'success_bonus': success_bonus,
'total_reward': total_reward,
'normalized_reward': normalized_reward

}

return normalized_reward, reward_components
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The three contributions enumerated in Section B3 (reusable prior, expert
demonstrations restoring missing capability, trajectory-level fitness) are each supported by
a dedicated finding in Section B3 with the corresponding tables and figures (Table D, Fig-
ure O, Figure B, Figure B). Scope is limited to three MuJoCo continuous-control tasks and
a single embodiment per task, as stated in the abstract and Section B (Limitations).

Guidelines:

e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

» The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

e It is fine to include aspirational goals as motivation as long as it is clear that these
goals are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: Section B contains an explicit “Limitations” paragraph listing: (i) the fixed-
embodiment assumption and the requirement that pretrained ¢ already cover task-relevant
states, (ii) the task-dependent rescue/harm pattern of expert injection and the inability to
diagnose the binding constraint a priori, and (iii) higher run-to-run variance from com-
pounded LLM-reward stochasticity and inherited-policy drift. Post-peak fitness degrada-
tion in extended runs is characterized in Appendix I.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

» The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The au-
thors should reflect on how these assumptions might be violated in practice and what
the implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

» The authors should reflect on the factors that influence the performance of the ap-
proach. For example, a facial recognition algorithm may perform poorly when image
resolution is low or images are taken in low lighting. Or a speech-to-text system might
not be used reliably to provide closed captions for online lectures because it fails to
handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to ad-
dress problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: The paper makes no formal theoretical claims; the closed-form skill-inference
equation (Section B7) is a standard least-squares projection whose derivation follows di-
rectly from the successor-feature framework cited (Barrefoef-all [20T7], Park_ef all [2074]).
All other claims are empirical.

Guidelines:

* The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theo-
rems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a
short proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be comple-
mented by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main
experimental results of the paper to the extent that it affects the main claims and/or conclu-
sions of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Algorithm 0 gives the full procedure. Section B specifies the skill-inference
and fine-tuning steps. Appendix B describes all three main experimental configurations and
ablations; Appendix B lists observation/action spaces, termination conditions, and SAC
training hyperparameters per environment; Appendix O gives exact fitness-function formu-
las. The skill-prior pretraining hyperparameters (skill dim, learning rates, mix ratio, etc.)
are enumerated in Appendix B.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* If the paper includes experiments, a answer to this question will not be per-
ceived well by the reviewers: Making the paper reproducible is important, regardless
of whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps
taken to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture
fully might suffice, or if the contribution is a specific model and empirical evaluation,
it may be necessary to either make it possible for others to replicate the model with
the same dataset, or provide access to the model. In general. releasing code and data
is often one good way to accomplish this, but reproducibility can also be provided via
detailed instructions for how to replicate the results, access to a hosted model (e.g., in
the case of a large language model), releasing of a model checkpoint, or other means
that are appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all sub-
missions to provide some reasonable avenue for reproducibility, which may depend
on the nature of the contribution. For example
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(a) If the contribution is primarily a new algorithm, the paper should make it clear
how to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to re-
produce the model (e.g., with an open-source dataset or instructions for how to
construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case au-
thors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: To preserve double-blind anonymity, code and pretrained checkpoints are not
linked from the submission. An anonymized code release containing training scripts, evolu-
tion loop, skill-prior pretraining, and exact configurations for all reported experiments will
accompany the camera-ready version. All datasets used (MuJoCo environments, D4RL
door-expert-vl, door-human-v1) are publicly available. The algorithm and all hyper-
parameters are fully specified in Algorithm [ and Appendix B, sufficient to reimplement
the system.

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Section B3 specifies the evolutionary horizon (7 generations x 16 individuals
x 5 seeds). Appendix B lists SAC hyperparameters (MlpPolicy 2x256, Ir 3 x 10~4, batch
size 256, v = 0.99, 7 = 0.005), per-individual step budgets (500K for FORGE, 5M
for the REvolve baseline), and skill-prior pretraining hyperparameters (skill dim d = 50
matching ¢ dimension by construction, hidden dim 1024, ¢ Ir 5 x 10~%, batch size 1024,
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offline/online mix ratio 0.5, skill resampling every 300 steps). The five training and ablation
configurations (REvolve-auto, FORGE island, FORGE elite, inheritance-only, skill-prior-
only) are described in Appendix B; the three pretraining buffer variants (RND, expert-only,
RND + expert) are described in Section E7.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of
detail that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropri-
ate information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Main quantitative results report mean + 1 standard deviation over 5 indepen-
dent seeds. Table O uses the form “mean + std”; Figures D, B, B, and B show shaded £1
std bands computed from the same 5 seeds, while appendix figures (B, @) use 3 seeds and
Figure B uses 2 seeds (noted in their captions). The variability source is inter-seed varia-
tion (different RNG for SAC initialization, exploration, evolutionary sampling, and LLM
mutation order). For the elite-inheritance condition (FORGE (elite) curves in Figure D),
the wide band reflects bimodal seed behavior in which a few seeds reach high fitness early
while others stagnate.

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [Yes] if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should prefer-
ably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of
Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or fig-
ures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

o If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Total environment-step budgets are reported in Section B (560M for
REvolve-auto vs 57M for FORGE) and decomposed in Table B in Appendix B into per-
individual cost (500K steps for FORGE, 5M for the baseline) and one-time pretraining
cost (1M steps). The Cost Analysis paragraphs in Appendix B also note that skill infer-
ence is effectively instantaneous compared to training, and that the pretrained feature space
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10.

amortizes across downstream tasks on the same embodiment. Section B3 states that a sin-
gle FORGE generation, parallelized over 16 candidates on 8 NVIDIA GeForce RTX 4090
GPUs, takes approximately 6 hours per environment; Appendix B additionally notes that
pretraining was performed on a single NVIDIA GPU with 32 GB VRAM. SAC for base-
lines is implemented via Stable-Baselines3 [Ratfin"ef-all, Z02T].

Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments
that didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The work uses only publicly available simulated environments (MuJoCo,
AdroitHand) and publicly released offline datasets (D4RL). No human-subjects data,

scraped web data, or personally identifiable information is involved. The authors have
reviewed the NeurIPS Code of Ethics and confirm compliance.

Guidelines:
* The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require

a deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]

Justification: The contribution is foundational methodology for LLM-driven reward search
in simulated continuous-control tasks (locomotion, standup, door-opening). It does not
introduce a deployable system, generative model, or dataset that has a direct path to
positive or negative societal impact beyond the general considerations applicable to all
reinforcement-learning research. The reduction in human-feedback cost (Appendix B) is a
generic efficiency improvement rather than a domain-specific application.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no soci-
etal impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact spe-
cific groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.
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12.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitiga-
tion strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper does not release any high-risk artifacts. The pretrained skill-prior
checkpoints are task-agnostic locomotion/manipulation policies for simulated MuJoCo em-
bodiments, which carry no plausible misuse risk.

Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by re-
quiring that users adhere to usage guidelines or restrictions to access the model or
implementing safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All third-party assets are cited with their original publications: MuJoCo

door-expert-vl and door-human-v1 [Fuefall, P020], Stable-Baselines3 [Raffin_efall,
2021, SAC [Haarnoja et al], 2Z01R], HILP [Park_ef all, 2024], RND [Burda_ef all, POI9],
and the REvolve evolutionary framework [Hazra’ef all, DO75]. All listed assets are released
under permissive open-source licenses (Apache 2.0 or MIT) and are used within their stated
terms for non-commercial research.

Guidelines:

* The answer [N/A] means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

» If assets are released, the license, copyright information, and terms of use in the pack-
age should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the li-
cense of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documenta-
tion provided alongside the assets?

Answer: [N/A]

Justification: The paper does not release new datasets or large pretrained models as primary
contributions. The proposed system (FORGE) is described in full in Algorithm [0 and the
appendices; an anonymized code release planned for the camera-ready version will include
README and configuration documentation alongside the implementation.

Guidelines:

» The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can
either create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the pa-
per include the full text of instructions given to participants and screenshots, if applicable,
as well as details about compensation (if any)?

Answer: [N/A]

Justification: The paper does not involve crowdsourcing or any human-subjects research.
REvolve’s human-in-the-loop peak fitness (~ 0.875 on Adroit Hand) cited as a contextual
reference in Section B4 is reported directly from the original publication [Hazra ef all,
2075]; we conducted no new human-feedback collection.

Guidelines:
» The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contri-
bution of the paper involves human subjects, then as much detail as possible should
be included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, cura-
tion, or other labor should be paid at least the minimum wage in the country of the
data collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: The paper does not involve human subjects, so no IRB approval was required.
Guidelines:

* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equiva-
lent) may be required for any human subjects research. If you obtained IRB approval,
you should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity
(if applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: An LLM is a core methodological component: it serves as the reward designer
G in Algorithm [, generating and mutating reward-function code each generation. The role,
prompting structure, and integration of the LLM into the evolutionary loop are described
in Sections -3 and Algorithm 0. The reward designer is Qwen3-Coder (480B-A35B-
Instruct) [Owen Team, P2073], as stated in Section E-1l. To isolate the LLM’s contribution
from the proposed co-evolution mechanism, the REvolve-auto baseline (Section E4) is re-
run with the same LLM as FORGE, so any reported gap is attributable to the method rather
than to language-model quality.

Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should
not be described.
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