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Abstract

Long-horizon LLM agents increasingly rely on
retrieved procedural skills as external memory.
However, existing skill-augmented RL frame-
works typically supervise a bundle of retrieved
skills only with trajectory-level outcome re-
wards, leaving two key questions unanswered:
whether each skill was executed and whether
it helped task completion. We formulate this
as a per-skill credit assignment problem. To
address it, we propose SkillRubricsRL, which
pairs each skill with an applicability-aware
trajectory-level rubric and derives two comple-
mentary signals: a fulfillment signal for train-
ing correct skill execution and a counterfac-
tual utility signal for retrieval and skill-bank
evolution. Across ALFWorld and WebShop,
SkillRubricsRL reaches SOTA performance,
with 97.7% ALFWorld success and 84.4%
WebShop success, while improving the skill
execution rate by over 50 percentage points.
Without prompt-time skills, SkillRubricsRL
achieves 97.7% success on ALFWorld and
82.8% on WebShop, remaining comparable
to or better than its skill-on performance and
demonstrating effective skill internalization.
Code is available at https://github.com/
gminiheimdallr-a11y/SkillRubricsRL.

1 Introduction

Modern LLM agents are increasingly trained not
as standalone policies, but as policies coupled
with external memory: skills, reflections, tool in-
structions, plans, and workflow templates that per-
sist across episodes and accumulate with experi-
ence (Wang et al., 2023; Zhao et al., 2024; Wang
et al., 2024b). In long-horizon interactive environ-
ments, such memory is no longer merely a prompt-
time convenience; it becomes part of the agent’s ca-
pability surface. Reinforcement learning for these
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Figure 1: Conceptual overview of skill-level supervision
in skill-augmented RL. Prior outcome-only methods use
retrieved skills as prompt context and assign one scalar
reward to the whole skill bundle, leaving skill execution
and usefulness unobserved. SkillRubricsRL attaches
rubrics to skills so that each skill can be evaluated as
a rewardable unit, enabling per-skill credit assignment
and skill-bank evolution.

agents is therefore not only about optimizing a pol-
icy, but about training a system that can retrieve,
use, evaluate, and update its own external knowl-
edge (Schulman et al., 2017; Guo et al., 2025). A
rapidly growing line of work equips RL agents with
reusable procedural skills: agents curate skills from
experience, retrieve them at inference time, and ex-
pand the skill bank as new tasks or failure modes
emerge (Wang et al., 2023; Zhang et al., 2026; Xia
et al., 2026). However, in existing skill-augmented
RL systems, retrieved skills are typically treated
only as prompt context. During training, the envi-
ronment provides only a trajectory-level outcome
reward, so the system does not know whether each
retrieved skill was actually executed, or whether
an executed skill was helpful. Outcome-only RL
thus supervises task completion, but leaves knowl-
edge usage unsupervised. This creates a per-skill
credit assignment problem: when multiple skills
are surfaced into the context, a single scalar reward
r(τ) cannot identify the marginal role of each skill,
leaving the policy, retriever, and skill bank opti-
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mized against a signal blind to how knowledge is
being used.

We audit this issue on ALFWorld using SkillRL
as baseline, and find that the gap is substantial in
practice. As shown in Fig. 2 (a), outcome-only RL
achieves a task success rate of 89.9%, yet executes
only 15.6% of the retrieved skills. Fig. 2 (b) shows
a representative failure on the harder query "find
two pan and put them in countertop". Several
retrieved skills are off-target: they guide the agent
toward cabinets and countertops, while the pans are
located on stove burners. The policy follows these
low-utility skills, neglects the relevant ones, and
repeatedly moves among cabinets until exhausting
the 30-step budget. This illustrates the core failure
mode: without skill-level supervision, retrieval can
mix useful and irrelevant skills, and the policy may
still follow the wrong ones.

These observations suggest that a skill carries
two distinct questions that outcome reward con-
flates: Fulfillment: does the agent behave in ac-
cordance with this skill? and Utility: does this
skill contribute to task success? The two are not
interchangeable: a skill can be faithfully followed
but irrelevant, or useful in principle but ignored
by the policy. Therefore, if a skill serves both as
prompt guidance and as an object of RL supervi-
sion, it should carry its own evaluation contract. We
instantiate this contract as an applicability-aware
rubric attached to each skill, specifying when the
skill is in scope, what behaviors fulfill it, and which
behaviors violate it.

Building on this idea, we propose SkillRubric-
sRL, a framework that pairs every skill with such a
rubric and optimizes skill usage through two com-
plementary signals. A rubric-based intrinsic estima-
tor scores whether the trajectory fulfills each appli-
cable skill, while a dropout-based counterfactual es-
timator measures whether removing a skill changes
the final outcome. Together, these signals encour-
age the policy to execute relevant skills and guide
the retriever and skill bank toward skills that actu-
ally improve task success. Across ALFWorld and
WebShop, SkillRubricsRL surpasses prior state-
of-the-art multi-skill-augmented RL baselines, im-
proving task success by 2.8 percentage points (pp)
to 97.7% on ALFWorld and by 2.1 pp to 84.4%
on WebShop, while raising skill execution rate by
more than 50 pp. Our contributions are summa-
rized as follows:

• We identify per-skill credit assignment as a

structural bottleneck in skill-augmented RL:
outcome-only rewards supervise task comple-
tion but leave skill usage unobserved, including
which skills were executed and which actually
helped.

• We propose SkillRubricsRL, which pairs each
skill with an applicability-aware trajectory-level
rubric and decomposes per-skill advantage into
rubric-based fulfillment and dropout-based util-
ity signals.

• On ALFWorld and WebShop, SkillRubricsRL
improves both skill execution and task success
over strong baselines; ablations show that fulfill-
ment and utility supervision are complementary
and both necessary.

2 Related Work

2.1 Skill-Augmented Agents
Skill-augmented LLM agents distill prior experi-
ence into retrievable procedural knowledge that
is injected into the policy as prompt-time guid-
ance (Wang et al., 2023; Zhao et al., 2024; Park
et al., 2023). Early efforts such as Reflexion (Shinn
et al., 2023) and ExpeL (Zhao et al., 2024) con-
vert episodic reflections into reusable verbal ex-
perience, while Mem0 (Chhikara et al., 2025)
maintains a long-term retrievable event memory;
more recent work including SkillRL (Xia et al.,
2026), D2Skill (Tu et al., 2026), and Skill1 (Shi
et al., 2026) organizes experience into structured
skill banks that participate in reinforcement learn-
ing (Cheng et al., 2025; Wang et al., 2025). RetroA-
gent (Zhang et al., 2026) and related systems push
further by introducing online skill updates and task-
conditioned retrieval, giving the bank an in-training
evolution loop. However, supervision in these
methods remains anchored at terminal task success:
the gradient never sees whether a retrieved skill
was actually executed, ignored, or even harmful
to the policy, conflating skill fulfillment with skill
utility. In contrast, SkillRubricsRL endows every
skill with a trajectory-level rubric that turns ful-
fillment into a trainable process reward, and uses
counterfactual skill dropout to estimate per-skill
utility independently of the policy gradient.

2.2 Rubrics and Process Reward
Beyond RLHF (Ouyang et al., 2022) and outcome-
only reward models, a growing body of work seeks
process-level supervision that provides denser and
more interpretable signal for complex reasoning
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Figure 2: Qualitative example on a two-object ALFWorld task. The base model loops over irrelevant cabinets,
while outcome-only SkillRL retrieves skills but follows low-utility guidance and exhausts the action budget.
SkillRubricsRL retrieves skills whose rubric view exposes whether each skill is fulfilled and useful for the query,
enabling the agent to preserve progress after placing the first pan and complete the remaining objective.

or long-horizon tasks (Uesato et al., 2022). Pro-
cess Reward Models (PRMs) score individual rea-
soning steps and have shown more stable training
dynamics than outcome reward in math and code
domains (Wang et al., 2024a; Setlur et al., 2025).
In parallel, rubric-based reward formulations con-
strain LLM judges with explicit, observable cri-
teria, yielding more traceable and less hackable
signals (Zheng et al., 2023; Gunjal et al., 2025).
Unlike these formulations, which score a single
response or a reasoning step, the rubrics in Skill-
RubricsRL operate over an action–observation tra-
jectory and are bound one-to-one with skills in the
bank, so that the prompt channel (what the agent
is asked to do) and the reward channel (what the
agent is rewarded for doing) cannot drift apart.

2.3 Agentic RL with Outcome Rewards

Reinforcement learning has become a dominant
paradigm for training interactive LLM agents
on long-horizon environments such as ALF-
World (Shridhar et al., 2021) and WebShop (Yao
et al., 2022), where PPO (Schulman et al.,
2017) and grouped-advantage estimators such as
RLOO (Ahmadian et al., 2024), GRPO (Shao et al.,
2024), and GiGPO (Feng et al., 2026) are widely
adopted. A shared bottleneck is sparse termi-
nal reward over long trajectories, which compli-
cates credit assignment and has motivated a vari-
ety of auxiliary or intrinsic reward designs (Bai
et al., 2024). However, curiosity-, self-consistency-
, or verifier-style auxiliary rewards are typically
opaque scalars that resist behavior-level attribution,
in contrast to our rubric criteria, each of which
is bound to an observable trajectory-level behav-
ior. SkillRubricsRL unifies these three lines—skill-

augmented agents, process-level rubric reward, and
agentic RL—into a framework, and uses counter-
factual skill dropout to decouple skill fulfillment
from skill utility so that the bank can be trained,
audited, and evolved over the course of learning.

3 SkillRubricsRL

Given a task instruction x, a retriever selects a skill
subset Sx from the skill bank S and inserts their
principles into the policy prompt. The policy πθ
then produces a trajectory τ with outcome reward
renv(τ). SkillRubricsRL augments this loop with
two skill-level signals: fulfillment, which evaluates
whether retrieved skills are executed, and utility,
which estimates whether they improve task out-
comes. To obtain these signals, each skill is paired
with an applicability-aware trajectory-level rubric
for post-rollout evaluation, while stochastic skill
replacement provides counterfactual evidence for
retrieval and skill-bank evolution. Figure 3 summa-
rizes the workflow.

3.1 Skills as Dual-Use Objects

SkillRubricsRL represents each skill with two syn-
chronized views. The prompt view is a natural-
language principle that guides the policy during
rollout. The reward view is a rubric that evaluates,
after rollout, whether the trajectory satisfied the
behavioral requirements of that skill.

Formally, each skill s ∈ S is a tuple

s = (ids, ts, ps, as, R(s)), (1)

where ids is the skill identifier, ts is a title, ps is
the prompt principle, as is an application condi-
tion, and R(s) is the rubric. The fields (ts, ps, as)
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Figure 3: The training workflow of SkillRubricsRL. Retrieved skills are used as dual-use objects: their principles
guide policy rollout, while their rubrics provide trajectory-level fulfillment rewards. Stochastic skill replacement
estimates per-skill utility, which updates retrieval and skill-bank evolution.

define when and how the skill should guide behav-
ior, while R(s) defines how the resulting trajectory
should be evaluated.

The rubric is a weighted set of observable crite-
ria:

R(s) = {(cj , wj)}mj=1, (2)

where each criterion cj can be judged from a com-
plete action–observation transcript and wj is its
weight. The application condition as makes the
rubric applicability-aware: a skill is rewarded only
when it is in scope for the task and trajectory.
Rubrics are generated from the same skill spec-
ification used in the prompt, so policy guidance
and reward evaluation are aligned.

3.2 Rubric-Grounded Fulfillment Reward

Rubric scoring provides the first per-skill signal:
fulfillment. After an episode terminates, the tra-
jectory collector assembles the full transcript zτ .
For each retrieved skill s ∈ Sx, an evaluator
q(·, ·) ∈ [0, 1] scores the transcript against every
rubric criterion. The per-skill fulfillment score is

rful(τ, s) =

∑
j wj q(zτ , cj)∑

j wj
. (3)

Aggregating over retrieved applicable skills gives
the intrinsic fulfillment reward

rintr(τ) =
1

|Sx|
∑

s∈Sx

rful(τ, s). (4)

The policy is trained with a reward that combines
task success and skill fulfillment:

r(τ) = λenv renv(τ) + β rintr(τ). (5)

This reward keeps environment success as the pri-
mary objective while providing dense supervision
for whether retrieved skills are actually executed.
Because fulfillment scores remain indexed by skill
before aggregation, trajectories with the same out-
come reward but different skill usage patterns be-
come distinguishable during training and analysis.

3.3 Counterfactual Utility via Skill
Replacement

Fulfillment alone is insufficient: a skill can be faith-
fully followed but irrelevant, redundant, or harmful.
SKILLRUBRICSRL therefore estimates a second
signal, utility, which measures whether a skill im-
proves task outcomes.

For a task context t and retrieved set St, we cre-
ate perturbed prompts by stochastically replacing
selected skills while keeping the task and policy
fixed. Let S(−s)

t denote a perturbed skill set in
which skill s is replaced by an alternative skill. We
compare rollouts under the original and perturbed
skill sets and estimate the utility of s as the outcome
difference

∆(s, t) = E[renv(τ) | St]− E
[
renv(τ) | S(−s)

t

]
.

(6)
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A positive ∆(s, t) indicates a helpful skill; a
non-positive value indicates a redundant or harm-
ful one. Rather than entering the policy re-
ward, this signal updates retrieval and the skill
bank: we aggregate ∆(s, t) via EMA, wn+1(s) =
(1 − η)wn(s) + η Et[∆(s, t)], rank candidates
by cos(s, t) + αwn(s), and archive skills with
wn(s) < τ , where n indexes skill-weight updates
and t denotes task contexts.

3.4 Retrieval and Skill-Bank Evolution

Retrieval links policy guidance and skill evalua-
tion: selected skills are inserted into prompt and
scored by their paired rubrics. Utility estimates up-
date retrieval by promoting helpful skills and down-
weighting unused, redundant, or harmful ones.

The skill bank is evolved from failed trajec-
tories containing the task, task type, and action–
observation transcript. An LLM updater proposes
general and task-specific skills, which are filtered
by per-update budgets, deduplicated by title and
embedding similarity, and rewritten when they en-
code brittle object–location priors. Remaining can-
didates are compared with the active bank; exact
title matches are treated as updates, and semanti-
cally similar skills are merged only when an LLM
verifies that they share the same objective, trigger
condition, task phase, and required behavior.

Accepted skills are added to the active bank,
duplicates are archived, and merged skills either
update an existing entry or create a fresh entry with
parent ids. After each update, retrieval embeddings
are invalidated and rubrics are generated for newly
admitted skills, making them immediately usable
for both prompting and reward computation.

Algorithm 1 summarizes the full training loop.

4 Experiments

4.1 Experiment Setup

Our experiments evaluate whether explicit skill-
level supervision improves task performance and
knowledge usage. We focus on three questions.
Q1: Does making skills rewardable improve
long-horizon task success? This is tested by com-
paring SkillRubricsRL against prompting, memory-
only, RL-only, and skill-augmented RL baselines.
Q2: Do fulfillment and utility signals mat-
ter separately? This is tested through ablations
that remove rubric reward, skill-dropout utility,
contribution-aware retrieval, or skill evolution. Q3:
Does the learned policy internalize procedural

Algorithm 1 SkillRubricsRL: Rubric-Grounded Skill-Augmented RL

Require: policy πθ , environment E , tasks D, skill bank S, rubric bank R,
group size G, update interval K, weights λenv, β.
Ensure: trained policy πθ∗ , evolved skill bank S∗ and rubric bank R∗.

1: Initialize S and generate R(s) for skills without rubrics.
2: for training step t = 1, . . . , T do
3: Sample task batch B ⊂ D.
4: Retrieve skill set Sx for each task x ∈ B and insert principles

{ps : s ∈ Sx} into prompts.
5: Roll out πθ to collect trajectories T .
6: for all τ ∈ T do
7: Score zτ against R(s) for each retrieved skill s ∈ Sx.
8: Compute rintr(τ) and combined reward r(τ) by Eq. 5.
9: end for

10: Update πθ with grouped advantages over environment and fulfill-
ment rewards.

11: Stochastically replace selected skills and estimate utility ∆(s, x).
12: Update skill weights and retrieval ranking using utility estimates.
13: if t mod K = 0 then
14: Analyze recent failure traces to propose candidate skills.
15: Filter duplicates, merge near-duplicates, admit useful skills, and

generate rubrics.
16: end if
17: end for
18: return πθ∗ ,S∗,R∗.

Table 1: Training procedure of SkillRubricsRL.

skills? This is tested by comparing skill-on evalu-
ation, where retrieved skills remain in the prompt,
with skill-off evaluation, where prompt-time skills
are removed while keeping trained policy fixed.

Benchmark. We evaluate on two long-horizon
interactive benchmarks. ALFWorld requires em-
bodied household reasoning across pick, look,
clean, heat, cool, and pick-two-object tasks. Many
of its skills correspond to observable action-order
constraints, making it a direct test of rubric-
grounded fulfillment supervision. WebShop re-
quires shopping decisions under user constraints,
where retrieved skills can help only if they are use-
ful for the current product and attribute require-
ments; it therefore stresses utility-aware retrieval.

Baseline. We compare against groups of meth-
ods. The first contains prompting and memory-
only agents without RL training, including Zero-
Shot, ReAct, Reflexion, Mem0, and ExpeL. The
second contains RL-trained agents without skill
credit, including PPO, RLOO, GRPO, and GiGPO.
The third contains skill- or memory-augmented
RL agents, including EvolveR, Mem0 w/ GRPO,
SimpleMem w/ GRPO, SkillRL, Skill0, D2Skill,
RetroAgent, and Skill1. These are the closest base-
lines because they use external procedural knowl-
edge, but they do not explicitly supervise whether
retrieved skills are fulfilled or useful.

For ALFWorld, we report per-category success
rate and the average across categories. For Web-
Shop, we report continuous score and binary suc-
cess rate. During training, early rollouts use re-
trieved skills to bootstrap skill-conditioned behav-
ior; after 75 training steps, each rollout batch is
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Method ALFWorld (Success Rate, %) WebShop

Pick Look Clean Heat Cool Pick2 Avg. Score Succ.

w/o training
Zero-Shot (Yang et al., 2024) 33.4 21.6 19.3 6.9 2.8 3.2 14.8 26.4 7.8
ReAct (Yao et al., 2023) 48.5 35.4 34.3 13.2 18.2 17.6 31.2 46.2 19.5
Reflexion (Shinn et al., 2023) 62.0 41.6 44.9 30.9 36.3 23.8 42.7 58.1 28.8
Mem0 (Chhikara et al., 2025) 54.0 55.0 26.9 36.4 20.8 7.7 33.6 23.9 2.0
ExpeL (Zhao et al., 2023) 21.0 67.0 55.0 52.0 71.0 6.0 46.3 30.9 11.2

RL w/o skills
PPO (Schulman et al., 2017) 92.3 64.0 92.5 89.5 80.3 68.8 80.4 81.4 68.7
RLOO (Ahmadian et al., 2024) 87.6 78.2 87.3 81.3 71.9 48.9 75.5 80.3 65.7
GRPO (Shao et al., 2024) 90.8 66.1 89.3 74.7 72.5 64.7 77.6 79.3 66.1
GiGPO (Feng et al., 2026) 97.7 82.7 98.8 83.7 89.3 79.2 90.8 84.4 72.8

Single-skill RL agents
SKILL0 (Lu et al., 2026) 100.0 85.8 94.6 81.9 85.7 80.1 89.8 85.1 74.2
Skill1 (Shi et al., 2026) 100.0 98.6 97.3 99.2 96.1 96.0 97.5 89.7 82.9

Multi-skill RL agents
EvolveR (Wu et al., 2025) 64.9 33.3 46.4 13.3 33.3 33.3 43.8 42.5 17.6
Mem0 (Chhikara et al., 2025) w/ GRPO 78.1 54.8 56.1 31.0 65.0 26.9 54.7 58.1 37.5
SimpleMem (Liu et al., 2026) w/ GRPO 89.5 36.3 60.0 50.0 64.9 26.3 62.5 67.8 46.9
SkillRL (Xia et al., 2026) 97.9 71.4 90.0 90.0 95.5 87.5 89.9 85.2 72.7
D2Skill (Tu et al., 2026) 97.1 100.0 75.0 87.5 100.0 78.6 90.6 91.1 80.5
RetroAgent (Zhang et al., 2026) 97.9 90.9 99.2 92.9 85.3 91.0 94.9 88.9 82.3
SkillRubricsRL (skill-on) 100.0 100.0 100.0 77.9 96.2 100.0 96.1 88.5 84.4
SkillRubricsRL (skill-off) 100.0 92.9 96.7 100.0 95.0 100.0 97.7 92.7 82.8

Table 2: Main results on ALFWorld and WebShop, organized by training and skill usage. Bold marks the best result
in each column, and underline marks the second-best result. Avg. denotes average success rate; Succ. denotes
WebShop success rate.
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Figure 4: Training and test dynamics of SkillRubricsRL on ALFWorld. The left two panels show training success
rate and intrinsic reward; the right two panels show test success rate and intrinsic reward. The dashed line marks
step 75, after which training rollouts are split evenly between skill-on and skill-off prompts, with intrinsic rubric
rewards computed for both. Evaluation is reported separately under skill-on and skill-off settings, where skill-off
removes prompt-time skills to test procedural internalization.

split evenly between skill-on prompts and skill-off
prompts. This mixed training forces the policy to
benefit from external skills when available while
learning to execute reusable procedures without
prompt-time skill text. Table 2 measures task per-
formance, Table 3 isolates the contribution of each
component, and Figures 4–5 show whether reward
and validation dynamics support our mechanism.

4.2 Main Results

Task performance. Table 2 shows that explicit
skill-level evaluation improves over strong skill-
augmented RL baselines. Prompting and memory-
only methods provide useful context but do not opti-
mize the policy, while RL-only methods learn long-
horizon behavior but remain skill-blind. Multi-skill
RL baselines perform better, confirming that proce-
dural memory is valuable, but their retrieved skills

are still supervised only through trajectory-level
rewards. SkillRubricsRL improves this setting by
making each retrieved skill rewardable and by us-
ing utility estimates to refine retrieval and the skill
bank. It achieves the best WebShop success rate
with skill-on evaluation and the best ALFWorld
average with skill-off evaluation, improving over
the strongest prior multi-skill baseline by 2.8 per-
centage points on ALFWorld average success and
2.1 percentage points on WebShop success.

Skill-on vs. skill-off: external use and internal-
ization. The skill-on/off comparison is the key
diagnostic for whether the method merely relies on
prompt-time skills or transfers procedural knowl-
edge into the policy. In the skill-on setting, re-
trieved skill principles are visible at inference time,
so performance measures the combined effect of
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Table 3: Ablation study on ALFWorld. Each row removes one mechanism from SkillRubricsRL: removing the
rubric reward tests whether per-skill execution credit is necessary; removing the skill-dropout utility tests whether
execution and contribution must be separated and removing skill evolution freezes the skill bank. Subscript values
next to “Avg.” indicate the percentage point difference from the best average success rate in the table.

Variant ALFWorld Success Rate (%)

Pick Look Clean Heat Cool Pick2 Avg.

SkillRubricsRL (skill-on) 100.0 100.0 100.0 77.9 96.2 100.0 96.1 (−1.6)
SkillRubricsRL (skill-off) 100.0 92.9 96.7 100.0 95.0 100.0 97.7 (+0.0)

w/o rubric reward 96.9 71.3 95.4 91.7 88.9 92.2 91.4 (−6.3)
w/o skill-dropout utility 100.0 85.0 100.0 92.6 78.3 100.0 94.5 (−3.2)
w/o skill evolution 100.0 67.9 91.0 100.0 83.7 63.9 87.5 (−10.2)
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Figure 5: Training success across ALFWorld task fami-
lies. All categories improve over training, while compo-
sitional tasks show fluctuations, highlighting the need
for task-specific skills and rubric-based procedural su-
pervision in multi-step settings.

the learned policy and the external skill bank. In the
skill-off setting, these principles are removed while
the trained policy is unchanged, so retained perfor-
mance reflects internalized procedures. The 50/50
skill-on/off rollout mixture after step 75 makes this
test meaningful: the policy is explicitly trained both
to use external skills and to act without them.

The results show both effects. On ALFWorld,
skill-off reaches 97.7% average success, exceed-
ing the skill-on average of 96.1%. This indicates
that many household procedures have been inter-
nalized: after rubric-grounded training with mixed
skill availability, the policy can execute reusable
behaviors such as valid first actions, systematic nav-
igation, object acquisition, and required task phases
even without retrieved skill text. This is important
because it shows that rubrics are not only evaluat-
ing prompt following; they shape the policy into
a more capable standalone actor. On WebShop,
skill-on obtains the highest success rate, 84.4%,
while skill-off remains competitive at 82.8%. This
suggests that the policy internalizes general deci-
sion routines, but prompt-time skills remain useful
for instance-specific constraints such as product
attributes and purchase requirements.

Why the gap matters. The difference between
skill-on and skill-off illustrates why fulfillment and
utility must be separated. If skill-on is better, the ex-
ternal skill bank provides useful task-specific guid-
ance at inference time. If skill-off is better or com-
parable, the policy has internalized the useful parts
of the skill bank and may avoid over-constraining
or mismatched retrieved skills. Thus, the goal is
not simply to maximize dependence on retrieved
text, but to train an agent that can both use ex-
ternal skills when they help and retain reusable
procedures when absent. This directly supports the
central claim of SkillRubricsRL: explicit skill-level
evaluation turns procedural memory from passive
context into training signal.

Process evidence from training dynamics. Fig-
ure 4 provides mechanism-level evidence on ALF-
World. During training, task success and intrinsic
rubric reward improve, indicating that the policy is
not only optimizing sparse terminal reward but also
learning to satisfy retrieved skill rubrics. After step
75, the mixed skill-on/off rollout regime preserves
this improvement under both prompt conditions,
supporting procedural internalization.

Figure 5 further breaks down training success
by ALFWorld task family. All six categories im-
prove over training, but the more compositional
families, such as pick-two-object, heat-and-place,
cool-and-place, and clean-and-place, show larger
fluctuations. This pattern is expected: these tasks
require ordered subgoals, state tracking, and re-
peated object–receptacle interactions, so a single
outcome reward provides weak process feedback.
The per-category curves therefore motivate the task-
specific part of the skill bank and the use of rubric
criteria that reward intermediate procedural fulfill-
ment rather than only final success.
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4.3 Ablations

Table 3 isolates the components of SkillRubricsRL.
Removing rubric reward causes the average suc-
cess rate to drop from 97.7% to 91.4%, showing
that trajectory-level outcome reward alone is not
enough to teach reliable skill execution. The largest
drops occur on categories such as look and cool,
where success depends on following a multi-step
procedure rather than merely reaching a terminal
state. This supports the role of fulfillment super-
vision: rubrics convert retrieved skills into dense,
observable execution targets.

The utility-related ablations show that correct
execution alone is insufficient. Removing skill-
dropout utility lowers average success to 94.5%,
and removing contribution-aware retrieval drops it
to 94.3%. In both variants, the policy can still re-
ceive rubric reward, but the system loses the ability
to distinguish useful skills from redundant or harm-
ful ones under multi-skill retrieval. This confirms
that utility estimation is needed to promote only
fulfilled skills that benefit future retrieval.

Freezing skill evolution produces the largest
degradation, reducing average success to 87.5%.
This indicates that initial skill bank does not cover
all failure modes encountered during RL training.
Dynamic evolution allows the system to turn re-
peated failures into new or refined skills, filter brit-
tle object–location priors, merge redundant candi-
dates, and attach rubrics to admitted skills. The
ablation therefore supports the full loop proposed
in the method section: fulfillment trains execution,
utility shapes retrieval, and skill evolution expands
and cleans the procedural memory over time.

4.4 Case Study

Fig. 2 shows a two-object ALFWorld task where
the agent must find two pans and place them on a
countertop. The base model repeatedly searches
cabinets and fails to progress. Outcome-only
SkillRL retrieves procedural skills, but several pro-
vide low-utility guidance for this instance: they
bias the agent toward cabinets and countertops even
though the pans are on stove burners. Since the fi-
nal reward is zero, this baseline cannot determine
whether the failure comes from ignoring a useful
skill, following an irrelevant one, or lacking the
right search procedure.

SkillRubricsRL makes this failure mode action-
able. Each retrieved skill is paired with a rubric that
checks procedural events, such as searching plausi-
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Figure 6: UMAP visualization of the ALFWorld skill
bank before and after releasing recorded merge opera-
tions. The merged bank is more compact while preserv-
ing broad semantic coverage.

ble receptacles, acquiring a target object, returning
to the destination, and repeating the acquire–place
cycle for the required count. In this case, the agent
first finds and places one pan, then preserves that
progress instead of restarting the search or looping
over the same cabinets. The utility estimator dis-
tinguishes fulfilled but unhelpful skills from skills
that improve the trajectory, allowing low-utility
guidance to be down-weighted and missing useful
behaviors to be added to the skill bank. This il-
lustrates the full credit loop: external skills guide
the policy, rubrics make their execution observable,
and utility estimates decide which skills should
shape future retrieval and training.

4.5 Skill Merging Analysis

We analyze skill merging on the filtered final skill
bank. During evolution, many generated candidates
are discarded before entering memory because they
are overly specific, brittle, redundant, or not useful
for the current task distribution. Thus, these statis-
tics reflect merging after candidate filtering rather
than the total number of generated skills.

In the final ALFWorld bank, SkillRubricsRL
records 28 merge operations. Releasing all
recorded merges expands the active bank from 78
to 106 skills, with the increase mainly coming from
general-purpose skills. As shown in Fig 6, merged
bank is more compact while still spanning the
main semantic regions of the unmerged bank. This
suggests that merging primarily consolidates fine-
grained variants of reusable general procedures, in-
stead of removing task-specific coverage. Detailed
examples are provided in Appendix Tab 8.

5 Conclusion

The key bottleneck in skill-augmented RL is not
storing skills, but making training use them effec-
tively. With multi-skill retrieval, trajectory-level
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reward cannot identify which skills were executed
or which ones helped. SkillRubricsRL addresses
this with a dual-use skill representation: a prompt
view guides the policy, while a reward view en-
ables rubric-grounded fulfillment evaluation. We
further estimate skill utility through stochastic re-
placement, separating execution from contribution.
On ALFWorld and WebShop, our method outper-
forms strong multi-skill baselines.

Limitations

Our work has several limitations. First, we evalu-
ate SkillRubricsRL on two long-horizon interactive
benchmarks (ALFWorld and WebShop). While
these benchmarks jointly cover embodied reason-
ing and web-based decision making, we believe
evaluation on an even broader set of environments
would further strengthen the generality of our con-
clusions, which we view as a promising direction
for follow-up studies. Second, the rubric formu-
lation in this paper is instantiated for procedural
skills in interactive environments; we see it as a
natural opportunity to explore how the same frame-
work can be extended to richer skill schemas, such
as declarative or compositional skills.
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A Appendix

A.1 Additional Results
A.1.1 Case Study: How Skills Evolve
To make the dynamic memory interpretable, we
summarize the learned skill bank and present three
concrete cases: semantic skill merging, effective
generation of new task-specific skills, and the final
evolution path of currently used dynamic skills.

Skill categories. The final ALFWorld skill bank
contains both hand-initialized skills and dynami-
cally introduced skills. Although many active skills
are broad heuristics, dynamically generated skills
are concentrated in actionable failure modes ex-
posed by RL training. In particular, most dynamic
additions address first-step stalling and invalid or
empty actions, while a smaller set captures task-
specific procedural constraints such as cleaning,
heating, light-source use, and quantity grounding.

Per-task training dynamics. Figure 5 comple-
ments the aggregate training curves in the main
text by breaking ALFWorld success down by task
family. The curves show that SkillRubricsRL im-
proves across all six categories, but the learning pro-
files differ by procedural structure. Pick-and-place
and heat-and-place rise quickly, while look-in-light,
cool-and-place, and pick-two-object tasks exhibit
larger variance because they require additional
grounding steps such as locating a light source,
preserving object state after cooling, or tracking
multiple target instances. This supports the role of
task-specific skills and rubrics: the model receives
dense feedback for category-specific procedures
rather than relying only on a single terminal suc-
cess signal.

Case 1: semantic merging of redundant skills.
When the LLM repeatedly proposes skills for the
same failure mode, the updater does not simply
append every candidate. Instead, it merges seman-
tically similar candidates with existing skills and
archives superseded versions. This is visible in
the Immediate First Navigation chain, where mul-
tiple variants of a first-action anti-stalling rule are
consolidated into a more precise active skill.
Representative merge chain. dyn_002 →
dyn_005 → dyn_009 → dyn_013 → dyn_016 →
dyn_040 → dyn_048 → dyn_058 → dyn_066 →
dyn_094 → dyn_110.

Case 2: effective task-specific skill generation.
Besides generic anti-stalling rules, the updater gen-

erates task-specific procedural skills. These skills
are useful because ALFWorld tasks often require a
fixed latent sequence, e.g., find–clean–place or find–
heat–place. The examples below show generated
skills that encode such constraints explicitly.

Case 3: current dynamic skills as evolved mem-
ory. The active dynamic skills in the final bank
are not isolated one-shot additions. Several are
endpoints of repeated proposal–merge–archive cy-
cles. The final skill therefore reflects a compressed
history of recurring failures. For example, first-
step failures repeatedly produced candidates such
as Break Start Paralysis, Mandatory Initial Nav-
igation, and Format Initial Go Command; these
were merged into successive versions of an active
first-navigation skill.

Takeaway These cases show that the dynamic
skill bank is not merely an ever-growing list. It
behaves as a curated memory: redundant propos-
als are merged, failed behaviors are converted
into actionable rules, and active skills become in-
creasingly specific about when and how the policy
should act.

A.2 Human Validation
We sampled 60 trajectory–skill pairs from complete
interaction trajectories in ALFWorld and WebShop.
Three expert annotators independently labeled the
same set of 60 samples. Each sample included the
task instruction, the skill principle and its appli-
cability condition, the corresponding rubric crite-
ria, and the complete action–observation trajectory.
Without access to the LLM Judge outputs, the an-
notators assessed skill applicability, the degree to
which each criterion was satisfied, and whether the
skill’s core procedure was actually executed.

We aggregated the human annotations into con-
sensus labels and compared them with the Judge’s
skill-execution decisions and rubric scores. Be-
cause a single trajectory may correspond to multi-
ple skill pairs, all confidence intervals were com-
puted using a trajectory-clustered bootstrap. This
avoids treating samples derived from the same tra-
jectory as independent.

The annotators achieve κ values of 0.601 and
0.671 for skill applicability and rubric criteria, re-
spectively, indicating that the rubric can be ap-
plied with reasonable consistency. Against the
human consensus, the Judge achieves strong agree-
ment on skill execution (Cohen’s κ = 0.776;
F1 = 0.928). Its continuous rubric scores are also
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Current skill Evolution source Title Final behavior encoded

dyn_110 long merge chain Immediate First Navigation Upon starting a task, immediately select a vis-
ible receptacle or furniture item exactly as it
appears in the initial observation and explicitly
issue a ’go to [target]’ command to begin explo-
ration. Never return empty text, skip your tur...

dyn_032 active dynamic bank Prevent Empty Action Strings Never submit a blank or empty action string.
Always formulate a concrete, syntactically valid
command (e.g., ’go to [receptacle]’) to ensure
the simulation advances.

dyn_062 active dynamic bank Enforce Valid Action Syntax Always construct your action using valid ALF-
World command syntax and environment verbs
(e.g., go to, take, put, open, close). Never sub-
mit an empty string or thought-only output.

dyn_090 active dynamic bank Identify Source and Destina-
tion

Deconstruct the task to separate the target ob-
ject from its final destination, and immediately
execute a ’go to’ command to begin the initial
object search.

dyn_091 active dynamic bank Establish Cleaning Sequence Recognize that the object must be found, taken
to a sinkbasin, cleaned, and then placed, and
start immediately by navigating to a receptacle
to find the target object.

dyn_093 active dynamic bank Plan Appliance Sequence Note the requirement to use a microwave for
heating, and immediately issue a navigation
command to begin searching for the target ob-
ject to be heated.

Table 4: Current dynamic skills as endpoints of skill-bank evolution. The final active bank retains compact rules
that summarize repeated training failures.

Task type Skill ID Title Principle Why it helps

clean dyn_091 Establish Cleaning Se-
quence

Recognize that the object must
be found, taken to a sinkbasin,
cleaned, and then placed, and start
immediately by navigating to a re-
ceptacle to find the target object.

Encodes the required find–
clean–place phase order.

heat dyn_093 Plan Appliance Sequence Note the requirement to use a mi-
crowave for heating, and immedi-
ately issue a navigation command
to begin searching for the target ob-
ject to be heated.

Encodes appliance use be-
fore final placement.

look_at_
obj_in_light

dyn_092 Acknowledge Light Re-
quirement

Identify the required light source
(e.g., desklamp) from the task, and
begin by navigating to find the tar-
get object before attempting to ap-
proach the light.

Makes the light-source con-
straint explicit.

pick_and_
place

dyn_090 Identify Source and Des-
tination

Deconstruct the task to separate the
target object from its final desti-
nation, and immediately execute a
’go to’ command to begin the ini-
tial object search.

Separates source object
from destination receptacle.

examine dyn_089 Address Target Quantities If the task specifies finding mul-
tiple instances of an object (e.g.,
’two spraybottles’), immediately
initiate the search for the first in-
stance by moving to a visible...

Prevents stopping after find-
ing only one required in-
stance.

general dyn_062 Enforce Valid Action Syn-
tax

Always construct your action using
valid ALFWorld command syntax
and environment verbs (e.g., go to,
take, put, open, close). Never sub-
mit an empty string or thought-o...

Prevents blank actions and
keeps interaction moving.

Table 5: Examples of effective dynamically generated skills. These skills convert repeated failure patterns into
explicit procedural guidance for future rollouts.
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Group Parameter ALFWorld WebShop

Training

Policy model Qwen2.5-7B-Instruct Qwen2.5-7B-Instruct
RL algorithm GRPO GRPO
Train batch / group size 16 / 16 16 / 8
Max environment steps 50 15

Retrieval Skill retrieval mode embedding embedding
General / task skill top-k 3 / 2 3 / 2

Rubric reward

Rubric reward enabled enabled
Judge model Doubao-1.8 Doubao-1.8
Max rubric items per skill 2 2
Reward weights (λenv, β) (1.0, 0.2) (1.0, 0.2)

Skill evolution

Dynamic skill update enabled enabled
Skill update model Gemini-3.1 Gemini-3.1
Update interval 5 train steps 10 train steps
Max new skills per update 2 general + 1 task-specific 2 general + 1 task-specific
Merge policy strict, max 1/update strict, max 1/update

Skill dropout Skill-on/off rollout mixing after step 75, 50% off after step 75, 50% off

Table 6: Key experimental parameters for SkillRubricsRL. We group parameters by training, retrieval, rubric reward,
skill-bank evolution, and skill-on/off rollout mixing, and omit infrastructure-only settings such as logging, file paths,
and parallelism.

Self-evolved skill Task-specific principle Generated rubric criteria

Investigate Cabinets For
Soapbars
clean

If a soapbar is not immediately visible on
a sink or bathtubbasin, systematically open
and search bathroom cabinets to locate one.
Failure pattern: surface-only bathroom
search misses hidden soapbars.

1. Systematic cabinet opening (0.6): opens bathroom cabinets when the soapbar is
not found on exposed fixtures.

2. Interior visual inspection (0.4): scans opened cabinet interiors for the soapbar.

Locate Eggs In Fridge
heat

If a heating task requires an egg, initiate the
search by navigating directly to the fridge,
the primary storage location for produce.
Failure pattern: generic kitchen search de-
lays checking the fridge.

1. Immediate fridge navigation (0.7): the first navigation action moves directly to
the fridge.

2. Fridge interior inspection (0.3): opens the fridge and inspects its contents for the
egg.

Target Coffeemachine Des-
tination
cool

When placing a cooled object, such as a mug,
in a coffeemachine, navigate there directly
after retrieving the item from the fridge.
Failure pattern: the agent cools the object
but wanders before final placement.

1. Immediate coffeemachine navigation (0.6): after retrieving the cooled object,
moves directly to the coffeemachine.

2. Final placement execution (0.4): places the cooled object in or on the coffeema-
chine.

Locate Desklamp Host
Early
look-at-light

Find the furniture hosting the desklamp early
so the agent knows where to illuminate the
target object once found.
Failure pattern: the target object is found
before the lamp host is localized.

1. Early host confirmation (0.6): the desklamp-hosting furniture enters view within
the first 25 actions.

2. Initial navigation priority (0.4): early exploration prioritizes common lamp hosts
such as desks or nightstands.

Search Kitchen For Pota-
toes
pick-and-place

When moving a potato, immediately navi-
gate to countertops, cabinets, or the fridge,
which are likely produce locations.
Failure pattern: broad room exploration de-
lays object acquisition.

1. Initial produce-location navigation (0.5): the first movement goes to a countertop,
cabinet, or fridge.

2. Focused receptacle search (0.5): opens and scans likely produce locations while
avoiding irrelevant receptacles.

Table 7: Representative self-evolved skill–rubric pairs generated during ALFWorld training. The selected skills
are non-duplicative and cover distinct task families: cleaning, heating, cooling, look-at-light, and pick-and-place.
Each failure-induced skill is paired with a trajectory-level rubric that turns the discovered behavior into an intrinsic
reward signal.
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Theme Generated candidate Similar existing skill Merged active skill

initial navi-
gation / anti-
stalling

dyn_003: Break Start Paraly-
sis – If unsure how to begin a
task, immediately output a ’go
to’ command targeting the very
first receptacle listed in the...

dyn_002: Immediate First Nav-
igation – Upon starting a task,
immediately select a receptacle
from the initial room observa-
tion and use the ’go to’ com-
mand t...

dyn_005: Immediate First Naviga-
tion – Upon starting a task, imme-
diately select a receptacle from the
initial room observation and use
the ’go to’ command to begin ex-
ploration and a...

initial navi-
gation / anti-
stalling

dyn_007: Initiate Task Immedi-
ately – Upon receiving the initial
room description at the start of
a task, immediately select a re-
ceptacle from the observat...

dyn_005: Immediate First Nav-
igation – Upon starting a task,
immediately select a receptacle
from the initial room observa-
tion and use the ’go to’ com-
mand t...

dyn_009: Immediate First Naviga-
tion – Upon starting a task, imme-
diately select a receptacle from the
initial room observation and issue
a ’go to [receptacle]’ command to
begin expl...

initial navi-
gation / anti-
stalling

dyn_011: Mandatory Initial
Navigation – At the start of the
task, immediately select a furni-
ture item from the initial room
observation and execute a ’go
to’...

dyn_009: Immediate First Nav-
igation – Upon starting a task,
immediately select a receptacle
from the initial room observa-
tion and issue a ’go to [recep-
tacl...

dyn_013: Immediate First Naviga-
tion – Upon starting a task, imme-
diately select a receptacle or fur-
niture item from the initial room
observation and issue a ’go to [re-
ceptacle]’ com...

Table 8: Examples of semantic skill merging. The updater identifies candidate skills that address an already known
failure mode and creates a consolidated replacement while archiving the older version.

Validation evidence Result (95% CI)

Human agreement on skill applicability Fleiss’ κ = 0.601 [0.392, 0.782]
Human agreement on rubric criteria Weighted κ = 0.671 [0.430, 0.849]
Judge–human agreement on skill execution Cohen’s κ = 0.776 [0.570, 0.947]
Judge–human skill-execution classification performance F1 = 0.928 [0.853, 0.984]
Judge–human agreement on rubric scores Spearman ρ = 0.792 [0.617, 0.909]
Judge–human rubric-score error MAE = 0.127 [0.082, 0.175]

Table 9: Human agreement and Judge validity. Confidence intervals are computed with a trajectory-clustered
bootstrap over 60 trajectory–skill pairs labeled independently by three expert annotators.

strongly aligned with the human scores (Spearman
ρ = 0.792; MAE = 0.127). These results sup-
port both the operational consistency of the rubric
and the validity of the Judge, providing human-
grounded evidence for the reliability of Judge-
based skill execution rate (SER) estimates.

A.3 Computational Overhead and
Approximate Training Cost

The counterfactual utility probes directly reuse the
existing GRPO rollout group: one trajectory serves
as the full-skill anchor, while each remaining trajec-
tory drops one skill. Consequently, this mechanism
neither expands the rollout group nor introduces
additional external-model calls. Its overhead is
limited to local-policy inference and environment
interaction within the existing training procedure.

As shown in Table 10, counterfactual utility
probes add no external-model tokens and there-
fore incur zero additional API cost. Owing to the
high cache-hit rate, the effective Doubao-1.8 rubric-
Judge cost is approximately $2.47 for ALFWorld
and $3.02 for WebShop. Gemini-3.1 consumes

Training component ALFWorld
API tokens

WebShop
API tokens

Counterfactual utility probes 0 0
Doubao-1.8 rubric Judge 103M 126M
Gemini-3.1 skill evolution 0.80M 0.92M

Total external-model usage 103.80M 126.92M

Table 10: External-model token usage during training.
Counterfactual utility probes reuse the existing roll-
out group and therefore require no additional external-
model tokens.

0.80M and 0.92M tokens, respectively, accounting
for less than 1% of total external-model token usage
in either environment; its API cost is not included
because the applicable pricing has not yet been in-
corporated. Overall, rubric scoring dominates the
measured external-model overhead.

Accounting boundary. The token counts above
cover external-model usage, whereas the reported
dollar amounts cover only Doubao-1.8 rubric-
Judge calls. They exclude Gemini-3.1 API charges,
actor-training compute, local-policy inference, and

9883



environment rollouts because consistent pricing
and local-compute accounting were not available.
Table 10 should therefore be interpreted as a mea-
sured partial cost rather than the total end-to-end
training cost.

A.4 AI Assistance Statement
We used generative AI tools, including ChatGPT,
as auxiliary support during manuscript prepara-
tion and experimental organization. These tools
were employed only to assist the authors in improv-
ing efficiency and clarity, without participating in
any core research activities such as study design,
data collection, or result interpretation. Their use
was strictly limited to well-defined, non-critical
tasks: language polishing, grammar correction,
and clarity editing to refine readability and aca-
demic tone; formatting suggestions to align the
manuscript with standard scientific writing conven-
tions; code-command drafting for basic script struc-
turing; log summarization to organize experimental
records; and consistency checks for reported tables
and figures to ensure internal coherence. All AI-
generated outputs were reviewed, edited, and ver-
ified by the authors, who retain full responsibility
for the accuracy and integrity of the work.

A.5 Reproducibility Prompt Templates
For clarity and reproducibility, we collect the main
prompt templates used by SkillRubricsRL at the
end of the appendix. The templates are organized
by their role in the framework: policy interaction
and retrieved-skill injection, rubric supervision,
and skill-bank evolution and deduplication.

A.5.1 Policy Interaction and Retrieved-Skill
Injection

ALFWorld policy prompt with retrieved skills

You are an expert agent operating in the ALFRED Embodied
Environment.↪→

Your task is to: {task_description}

## Retrieved Relevant Experience

{retrieved_memories}

## Current Progress

Prior to this step, you have already taken {step_count}
step(s).↪→

Below are the most recent {history_length} observations
and the↪→

corresponding actions you took: {action_history}
You are now at step {current_step} and your current

observation is:↪→
{current_observation}
Your admissible actions of the current situation are:
[{admissible_actions}].

Now it's your turn to take an action.

Return only one command copied exactly from the admissible
actions list above.↪→

Do not include reasoning, tags, brackets, punctuation, or
extra words.↪→

Retrieved skill injection format

### General Principles
- **{general_skill_title}**: {general_skill_principle}

### Task-Relevant Skills
- **{task_skill_title}**: {task_skill_principle}

_Apply when: {task_skill_when_to_apply}_

### Mistakes to Avoid
- **Don't**: {mistake_description}

**Instead**: {how_to_avoid}

WebShop policy prompt with retrieved skills

You are an expert autonomous agent operating in the
WebShop e-commerce environment.↪→

Your task is to: {task_description}.

## Retrieved Relevant Experience

{retrieved_memories}

## Current Progress

Prior to this step, you have already taken {step_count}
step(s).↪→

Below are the most recent {history_length} observations
and the↪→

corresponding actions you took: {action_history}
You are now at step {current_step} and your current

observation is:↪→
{current_observation}.
Your admissible actions of the current situation are:
[
{available_actions}
].

Now it's your turn to take one action for the current step.
You should first reason step-by-step about the current

situation, then think↪→
carefully which admissible action best advances the

shopping goal. This↪→
reasoning process MUST be enclosed within <think> </think>

tags.↪→
Once you've finished your reasoning, choose an admissible

action and present it↪→
within <action> </action> tags.

A.5.2 Rubric Supervision
Rubric generation prompt

You are writing evaluation rubrics for an RL agent skill.
Each rubric item↪→

should be a concrete, observable criterion. Return
1-{rubric_max_items} rubric↪→

items as JSON array. Each item must have: title,
description, weight. Return↪→

ONLY JSON.

Skill title: {skill_title}
Principle: {skill_principle}
When to apply: {when_to_apply}

A.5.3 Skill-Bank Evolution and Deduplication
Failure-to-skill evolution prompt

Analyze these failed agent trajectories and suggest NEW
skills to add to the↪→

skill bank.

FAILED TRAJECTORIES:
{failure_examples}
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TASK TYPES OBSERVED:
{allowed_task_types}

EXISTING SKILL TITLES:
{existing_titles}
Use these to avoid exact duplicates, but do not suppress

useful new↪→
specializations merely because they relate to an existing

skill.↪→

Generate two kinds of skills:
1. general_skills: cross-task failure fixes that apply

across multiple task types.↪→
2. task_specific_skills: failure fixes that apply only to

one observed Task Type.↪→

Prioritize reusable failure-mode skills:
- Each skill should target a distinct failure mode, task

phase, object↪→
interaction, navigation recovery, or required

tool/receptacle behavior.↪→
- Prefer task-specific skills when the failure depends on

a concrete task type.↪→
- Do not collapse different task phases into one generic

skill.↪→
- Do not generate multiple skills that say the same thing

with different wording.↪→
- Abstract across objects and rooms; write skills that

would still be useful if↪→
all object names and furniture names changed.

Forbidden overfit skills:
- Do NOT create object-location priors such as "search

drawers for watches",↪→
"target sofas for remotes", "locate tomatoes at

countertops", or↪→
"check beds for books".

- Do NOT claim an object is usually, commonly, frequently,
primarily, or↪→

typically found at a specific furniture/receptacle.
- Do NOT tell the agent to navigate to a specific

furniture/receptacle first↪→
solely because of an object type.

- Do NOT encode room-specific assumptions unless the task
explicitly requires↪→

that room or tool.
- Mention concrete tools only when they are required by

task semantics: fridge↪→
for cool, microwave for heat, sink/faucet for clean,

desklamp for look/examine.↪→

Limits:
- Generate at most {max_new_skills_per_update} general

skills.↪→
- For every non-general task category, generate at most

{max_task_specific_skills_per_update} skills.
- task_specific_skills keys must exactly match one of the

observed Task Types:↪→
{allowed_task_types}.

Each skill must have: skill_id, title (3-5 words),
principle (1-2 sentences),↪→

when_to_apply.
Use skill_ids from this sequence if needed: {example_ids}.
The caller will validate and reassign IDs.

Return ONLY a JSON object, no other text.

Strict merge-candidate selection prompt

Select whether a generated RL agent skill is semantically
redundant with an↪→

existing skill.

Generated skill category: {generated_category}
Generated skill:
{generated_skill_json}

Existing candidate skills:
{candidate_skills_json}

Choose one existing skill only when it has the same
objective, same trigger↪→

condition, same task phase, and same required behavior as
the generated skill.↪→

The generated skill may only add wording clarity or
missing detail without↪→

changing scope.

Do NOT choose a candidate if the generated skill is a
useful specialization, a↪→

complementary behavior, a different failure mode, a
different task phase, tied↪→

to different objects/receptacles/tools, or tied to a
different task type. If↪→

uncertain, return {"candidate_skill_id": null}.

Return ONLY JSON in this format:
{"candidate_skill_id": "existing skill_id or null",
"relation": "duplicate|same_scope_detail_update|null",
"confidence": "high|medium|low",
"reason": "short reason"}

Strict skill-merge prompt

Decide whether a generated RL agent skill is the same
operational skill as an↪→

existing skill.

Existing skill category: {original_category}
Existing skill:
{original_skill_json}

Generated skill category: {generated_category}
Generated skill:
{generated_skill_json}

Merge only if both skills have the same objective, same
trigger condition, same↪→

task phase, and same required behavior. The generated
skill may only add clearer↪→

wording or missing detail without changing scope.

Return {"merge": false} if the generated skill is a useful
specialization, a↪→

complementary behavior, a different failure mode, a
different task phase, tied↪→

to different objects/receptacles/tools, tied to a
different task type, or if↪→

both skills could be useful as separate retrieval items.
If uncertain, return↪→

{"merge": false}.

Return ONLY JSON with this format:
{

"merge": true,
"relation": "duplicate|same_scope_detail_update",
"confidence": "high",
"skill": {

"title": "3-5 words",
"principle": "1-2 sentences combining both skills",
"when_to_apply": "clear application condition"

}
}
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