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Abstract

Skills play different roles as an agent’s policy evolves: they should
first provide learnable knowledge, then support capability forma-
tion, and finally be invoked only when they improve individual
decisions. Existing methods rarely model this lifecycle. They either
keep skills outside the model, fully internalize them, or select among
internalization and utilization objectives through noisy task-level
success rates. Such designs fragment training and assign uniform
importance to actions within the same trajectory, even though skill
guidance may help some decisions while distracting others. To
solve these problems, we introduce AUSO (Action-level Unified
Skill Optimization), which unifies skill learning and skill use
through a progressive, action-aware optimization process. At the
beginning of training, AUSO jointly learns from teacher guidance
and environmental outcomes, enabling the policy to acquire founda-
tional skills without losing task-oriented feedback. It subsequently
emphasizes outcome-based policy optimization to consolidate au-
tonomous problem-solving ability. As the policy matures, AUSO
evaluates each sampled action under both skill-conditioned and
skill-free contexts. The resulting action-level information signal is
coupled with the trajectory outcome advantage, allowing beneficial
skill-sensitive actions to receive stronger updates and harmful ones
to be suppressed. Therefore, skills gradually transition from an
external source of supervision into decision knowledge whose uti-
lization is adapted to its action-level benefit, while reinforcement
learning remains the shared backbone across all stages. Experi-
ments on ALFWorld, WebShop, and SearchQA show that AUSO
consistently improves agent performance and out-of-distribution
generalization over competitive baselines. Our code is available at
https://github.com/JordanSancholhz/Action-Skill.
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1 Introduction

Large language models (LLMs) are increasingly evolving from static
text generators into interactive agents that make sequential deci-
sions in complex, long-horizon environments. Rather than produc-
ing a single response, these agents interleave reasoning, acting,
and observation: they call external tools, retrieve information, navi-
gate web interfaces, manipulate embodied environments, and revise
plans based on feedback [13, 28, 46, 54]. Such interaction-centric set-
tings are central to modern information access and decision-making
tasks, including web shopping, embodied household execution, and
search-based question answering [11, 24, 34, 44]. However, as task
horizons grow, agents must repeatedly decide not only what action
to take, but also which procedural knowledge, tool-use strategy, or
environmental heuristic should guide that action.

Agent skills have emerged as a promising abstraction for this
problem. They encode reusable procedural knowledge, task strate-
gies, tool-use patterns, or environment-specific guidance, thereby
providing agents with transferable priors for long-horizon decision-
making [16, 37]. In prompt-based agents, skills are retrieved, com-
posed, or injected as explicit guidance to support complex inter-
active task solving [41]. Recent post-training methods further op-
timize diverse skill-conditioned behaviors through fine-grained
environment feedback, shifting skill usage from static prompts
toward learnable components of agent policies [32, 55].
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Figure 1: Empirical evidence of ambiguous medium/easy
skill-routing boundaries in Skill0.5. Samples across the suc-
cess threshold can differ by as little as 1/8, revealing the
ambiguity of threshold-based routing.

Existing skill-based agent learning methods can be broadly or-
ganized into three paradigms. The first paradigm fully externalizes
skills: the agent keeps a persistent skill library outside the model
and retrieves or updates skills during task execution, as in Voy-
ager [37], SkillRL [41], and Skill1 [32]. This design preserves inter-
pretability, modularity, and compositional reuse, but also introduces
context overhead and retrieval noise. The second paradigm fully
internalizes skills into the model parameters, aiming to eliminate
inference-time skill prompts and enable autonomous execution,
as in SKILLO [25], LatentSkill [48], and related skill-to-parameter
approaches [51]. This improves token efficiency and reduces de-
pendence on external memory, but may lose the controllability
and task-specific adaptability of explicit skills. The third paradigm
jointly externalizes and internalizes skills. Skill0.5 [55] internalizes
generalizable skills into the model while retaining explicit task-
specific skill utilization, demonstrating that such a hybrid strategy
can better balance cross-task transfer, inference efficiency, and task-
level specialization across diverse environments.

Despite this progress, existing hybrid methods still leave a key
optimization gap. Skill0.5 relies on task-level success rates to route
samples into difficulty tiers and then applies different objectives to
hard, medium, and easy tasks. Such routing makes the boundary
between internalization and utilization sensitive to noisy aggregate
outcomes: samples with very similar empirical success rates may
receive different training treatment simply because they fall on
opposite sides of a threshold. As shown in Figure 1, this issue is not
rare in practice: across ALFWorld, WebShop, and SearchQA, a sub-
stantial number of samples lie around the medium/easy boundary,
where their pass rates differ by at most one rollout unit but they
are assigned to different optimization objectives. This observation
suggests that the inherent boundaries introduced by trajectory-
level routing motivate us to move beyond explicit skill selection
and pursue a more unified learning paradigm, where skills are first
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internalized into the policy and then naturally utilized during sub-
sequent interaction. More importantly, trajectory-level skill routing
is broad and stable, but may be too coarse for pivotal states where
skill guidance changes the quality of a specific decision. In contrast,
action-level skill signals are more precise, but are harder to obtain
because the environment usually provides only trajectory-level re-
wards. Such coarse outcome feedback cannot directly reveal which
individual actions benefit from skill conditioning and which ac-
tions are distracted by it, echoing the credit-assignment challenge
in reinforcement learning [29, 31]. As a result, existing methods
struggle to optimize skill use at actual granularity of agent decision
making both in skills internalization and utilization.

To address these limitations, we propose AUSO (Action-level
Unified Skill Optimization), a progressive reinforcement learn-
ing framework that unifies skill internalization and skill utilization
through action-aware optimization. At its core, AUSO employs
Jensen-Shannon divergence (JSD) as a unified information-gain
signal to quantify how skill guidance changes the policy’s action
distribution, supporting both skill internalization and utilization
at the action level. AUSO first allows the policy to learn from both
teacher-provided skill guidance and environment outcomes, then
consolidates autonomous problem-solving ability through outcome-
based policy optimization, and finally evaluates each sampled action
under both skill-conditioned and skill-free contexts. By coupling
this action-level skill-sensitivity signal with trajectory-level advan-
tage, AUSO strengthens updates for actions that genuinely benefit
from skills while suppressing those where skill guidance is harmful.
In this way, skills gradually transition from external supervision
into decision knowledge utilized according to their action-level ben-
efits, while reinforcement learning remains the shared backbone
throughout the agent’s policy evolution. Extensive experiments
demonstrate that AUSO consistently outperforms strong baselines
such as Skill0.5 across WebShop, ALFWorld, and Search-QA, show-
ing robust improvements under both ID and OOD settings on Web-
Shop and ALFWorld, as well as across single-hop and multi-hop
tasks on Search-QA which shows effectiveness and generalization
ability of AUSO across diverse agent tasks and skill settings. Our
contributions are as follows:

e We propose AUSO, an Action-level Unified Skill Optimiza-
tion, which unifies skill internalization and utilization in a
progressive reinforcement learning process, enabling skills
to evolve from external supervision into decision knowledge
utilized according to their action-level benefits as the ability
of policy model improves gradually.

e We introduce action-level skill-sensitive optimization,
which unifies skill internalization and utilization at the action
level under a shared JSD-based information-gain measure. It
quantifies action-distribution discrepancies induced by skill
guidance to facilitate the internalization of generalizable
skills and subsequently guide adaptive skill utilization during
interaction, overcoming the problem of coarse granularity
of trajectory-level skill routing.

e We empirically validate our AUSO framework on ALFWorld,
WebShop, and SearchQA, showing consistent improvements
over competitive baselines in long-horizon agent perfor-
mance and out-of-distribution generalization.
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2 Related Work
2.1 LLM Agents

Large language models have increasingly been studied as interac-
tive agents that solve long-horizon tasks through iterative reason-
ing, action execution, and feedback from external environments.
Prompting methods such as chain-of-thought, ReAct, and Tree-of-
Thoughts show that intermediate reasoning and deliberate search
can substantially improve complex decision making [39, 45, 46].
Tool-augmented agents further extend LLMs beyond text-only gen-
eration by enabling API calls, search, calculation, and other external
operations [20, 28]. These capabilities have motivated a broad set
of agent benchmarks covering web navigation, online shopping,
embodied household tasks, software engineering, and general agent
evaluation (7, 10, 22, 34, 44, 54].

Another line of work improves LLM agents through memory
[9, 47], reflection, experience reuse, or reinforcement learning from
interaction. Reflexion uses verbal feedback from previous failures
to guide future decisions without updating model parameters [33],
while Voyager constructs reusable programs and curriculum-driven
exploration in open-ended embodied environments [37]. Recent
work on agentic reinforcement learning further emphasizes that
post-training LLMs for interactive environments differs from stan-
dard static preference optimization [12, 14], because agents must
collect trajectories, interact with environment states, and optimize
behavior under delayed outcomes [7, 49]. However, most LLM-
agent methods still treat external guidance, memory, and reusable
knowledge as auxiliary modules rather than modeling how such
knowledge should gradually transition into the policy itself. AUSO
addresses this gap by optimizing skill learning and skill use in a
unified reinforcement learning cycle process.

2.2 Agent Skills

Agent skills provide reusable procedural knowledge for solving com-
plex tasks. In embodied and robotic settings, skills often correspond
to executable primitives, affordance-aware subroutines, or program-
matic task plans that ground high-level language instructions into
feasible actions [2, 35]. In LLM agents, skills are commonly repre-
sented as natural-language strategies, environment-specific heuris-
tics, tool-use patterns, or executable procedures stored in exter-
nal libraries [37, 41]. This external skill paradigm improves inter-
pretability and modular reuse, but it also introduces retrieval noise,
context overhead, and difficulty in deciding which skills should be
loaded for a particular decision [15, 17, 18].

Recent studies make this bottleneck explicit. Skill Retrieval Aug-
mentation formulates large-scale skill retrieval as a distinct problem
and shows that agents often struggle to determine when retrieved
skills should actually be incorporated [36]. SkillComposer studies
structured skill composition, where an agent must select not only
which skills to use but also how many and in what order [53]. Skill-
usage benchmarking further shows that skill benefits can degrade
under realistic retrieval and refinement settings, especially when
skills are noisy, mismatched, or not directly tailored to the task
[23]. These works indicate that the external skills are useful but
fragile: their effectiveness for dealing with complex tasks depends
on accurate retrieval, composition, and selective use.
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A complementary direction attempts to internalize skills into
model parameters. SKILLO trains agents to absorb skill knowledge
and reduce dependence on explicit skill prompts at inference time
[25], while LatentSkill and Skill-to-LoRA study parameter or latent-
space forms of skill internalization [48, 51]. Other recent work
studies continual experience internalization and test-time skill evo-
lution, showing that the granularity and timing of experience in-
jection are important for stable long-horizon agent learning [6, 26].
Between full externalization and full internalization, Skill0.5 jointly
considers skill utilization and internalization through difficulty-
aware routing [55]. AUSO follows this hybrid motivation, but dif-
fers by unifying skill internalization and utilization within a sin-
gle action-level optimization framework, replacing trajectory-level
routing with skill-sensitive learning that progressively internal-
izes generalizable skills and adapts skill utilization according to its
benefit for each action.

3 Method

3.1 Problem Formulation

We consider a skill-augmented interactive agent that solves long-
horizon tasks through multi-step interaction with an environment.
Each task is formulated as an episodic decision process. At time step
t, the agent observes an interaction history state h; = (01, ay,...,0;)
and generates an action a; ~ 7mp(- | h;), where mp denotes the
policy parameterized by an LLM. The environment then returns
the next observation 0,41, and the episode terminates after T steps
or when the task is completed. A trajectory is denoted as 7 =
(01,4a1,...,0r,ar), and receives a trajectory-level outcome reward
R(7), such as task success or task score.

In skill-based agent learning, the policy may additionally con-
dition on a skill s, which provides reusable procedural knowledge,
task-solving guidance, or environment-specific strategies. We de-
note the skill-conditioned policy calculated as:

g (ar | hy,s), (1)
and the policy without using a skill calculated as:
Ty (ar | he). (2

Existing methods often decide whether a trajectory should be
used for skill internalization or skill utilization according to empiri-
cal success rates estimated within a sliding window. However, such
trajectory-level routing introduces fuzzy decision boundaries and
assigns a uniform training role to all actions in the same trajectory,
even though skill guidance may be beneficial for some actions but
harmful for others. Our goal is therefore to train an agent whose
skill learning follows a progressive lifecycle: the policy first internal-
izes useful skills, then improves through autonomous exploration,
and ultimately learns to assess the benefit of skill guidance for each
action rather than relying on coarse task-level routing. To realize
this objective, we formulate skill-based agent training as a uni-
fied progressive policy optimization problem. Instead of selecting
skill internalization or skill utilization through hard trajectory-level
success-rate thresholds, AUSO organizes the learning process into
a continuous policy evolution: the agent first internalizes useful
skill knowledge, then improves through autonomous exploration,
and finally learns to assess the benefit of skill guidance for each
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action and adapt its utilization accordingly. To support this, AUSO
further introduces action-level skill-aware weighting via JSD, so
different actions receive different update strengths according to
their outcome contribution and dependence on skill guidance.

3.2 ID and OOD settings

To evaluate our method under different generalization scenarios,
we follow the ID/OOD setting of Skill0.5. Specifically, the task do-
main space is partitioned into ID domains D;q and OOD domains
Dood, With their corresponding task sets denoted as X id and xood,
Accordingly, we distinguish the skill space into general skills Sg,
which capture transferable knowledge shared across domains, and
domain-specific skills Ss. The latter are further partitioned into
ID-specific skills S;d and OOD-specific skills Sg"d according to
their associated domains. During training, the agent only inter-
acts with ID tasks x ~ Xgim, together with the accessible general
skills S and ID-specific skills Sid while OOD tasks X°°d and their
corresponding skills Sg"’d remain unseen. During evaluation, we
evaluate the agent on both ID and previously unseen OOD tasks to
assess its in-domain performance and cross-domain skill general-
ization. We adopt this setting for both ALFWoRLD and WEBSHOP.
Since SEARCH-QA does not support the same ID/OOD partition, we
follow the original setting of Skill0 for its evaluation.

3.3 Overview of Action-level Unified Skill
Optimization

To train an agent whose skill learning follows a progressive life-
cycle and enables action-level skill-aware optimization, we pro-
pose Action-level Unified Skill Optimization (AUSO) framework.
Instead of treating skill internalization and skill utilization as two
disjoint objectives selected by hard trajectory-level routing, AUSO
keeps reinforcement learning via GRPO as the shared optimization
backbone and changes how skill information is injected into the
update. In the early stage, skills provide teacher-guided supervision
weighted by action-level information gain [38], so that states where
the student deviates more from skill-conditioned teacher behavior
receive stronger corrective updates. In the later satge, as the policy
becomes more capable through self-exploration, AUSO transitions
from externally guided skill internalization to self-guided skill uti-
lization, where the action-level influence of skill conditioning is
measured via JSD and used to adaptively reweight policy gradients.

3.3.1 Early-stage Teacher-guided Skill Internalization. In the early
stage, the main challenge is that outcome-only RL may provide no
learning signal for difficult tasks. When all sampled trajectories fail,
the group-normalized advantage becomes nearly zero according to
the advantage of GRPO calculating algorithm:

Ryi— Ry

AqulzPO = W = 0, iqu’l == Rq,G =0 (3)
where R;; means the q'" trajectory and i*" step in the trajectory.
In this case, the policy cannot infer which actions should be cor-
rected from the outcome reward alone. AUSO therefore introduces
a teacher-guided action distribution supervision term, but only for
such no-signal task groups.
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For each time step t, the agent observes the history state:

hy = (09, ag, - - .,0¢) (4)

Given the current observation state h;, we aim to internalize
skill knowledge into the model rather than relying on explicit skill
retrieval during inference. To this end, we construct a teacher—
student paradigm from the same model without requiring additional
environment rollouts. Specifically, the teacher is conditioned on
the available general skills Sg, while the student operates solely on
the original observation without access to any skills. Accordingly,
we compute two action distributions:

w5 (- | he)s 7r (- | he, Sg) ®)

where 71 represents the teacher distribution with Sgthat pro-
vides guidance for transferring the generalizable knowledge en-
coded in Sg, while 75 denotes the skill-free student distribution.
The teacher distribution is detached during optimization, such that
the supervision exclusively updates the student model, progres-
sively internalizing the general skills into its policy parameters.

We measure the discrepancy as the information gain between
teacher and student by Jensen-Shannon divergence:

DZ:]:)S =JSD (”T(' | htacteacher) ” HS(' | ht)) (6)

computed over the top-k teacher tokens. Since one environment
action may contain multiple generated tokens, we aggregate token-
level divergences within the action span A;:

1
T—-S _ § T—-S
Dt - ﬂ D[’k (7)
AN S

This prevents longer textual actions or reasoning tokens from re-
ceiving disproportionately large supervision weight.

To make teacher supervision action-aware while keeping the loss
scale stable, AUSO first normalizes the teacher-student discrepancy
among valid actions in the same task group:

DT—)S _
Zr = T He (8)

[ 2
O'q+€

where DI ™% denotes the action-level teacher-student divergence
at action ¢, and y4 and ag are the mean and variance of such diver-
gences over valid actions in task group q. We then transform the

normalized discrepancy z; into a centered and bounded modulation:
tanh(z;) — Eseq[tanh(z;)]
B maX;eq |tanh(zt) - Eteq[tanh(zt)]’ +€

Uz

©)

Here, tanh(-) bounds the modulation, the expectation term recen-
ters the weights within the task group, and the denominator nor-
malizes the maximum magnitude so that 4, € [-1,1].

Finally, the action-level teacher supervision weight is defined as

ur € [l - ﬁinta 1+ ﬁint] (10)

Following the stabilization principle of clipped policy optimiza-
tion [31], we cap fint with an action-level internalization clip, so that
teacher-guided JSD only mildly reweights actions instead of chang-
ing the overall optimization scale. This prevents high-discrepancy

uy = 1+ Pinetly,
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Figure 2: Overview of Our AUSO (Action-Level Unified Skill Optimization from Internalization to Utilization): (1) General Skills
Internalization: Internalize transferable general skills through action-level teacher-student guidance. (2) Skills Exploration:
Explore and optimize diverse skills via GRPO. (3) Specific Skill Utilization: Evaluate the benefit of task-specific skills for each

action to guide action-level skill utilization.

actions from dominating the gradient while still assigning them
stronger corrective supervision. The early-stage distillation loss is:

_ 1 T—S
Lysp = N Zt: u;D; (11)

We control the strength of teacher-guided internalization with a
time-dependent coefficient:

Agsp (s) = Aga(s) (12)

where Aq is the base JSD coefficient and «(s) determines how
strongly teacher supervision contributes at training step s. Follow-
ing the general principle of curriculum and scheduled supervision,
auxiliary guidance should be introduced gradually and annealed
as the learner becomes more capable [3, 4]. In AUSO, this is imple-
mented with a short ramp-up period followed by a smooth decay:
the teacher-guided signal is gradually activated during the first r
training steps, and then annealed as the policy shifts toward au-
tonomous exploration. We therefore define «(s) as a ramp-up term
multiplied by a smooth decay term:

a(s) = Ramp(s) - [1 — SmoothStep (S/—T)] (13)

Pint
where s is the current training step, T is the total number of training
steps, and pint denotes the fraction of training allocated to the
internalization phase. The ramp function is defined as:

Ramp(s) = min (l, ;) (14)

where r is the number of ramp-up steps. The smooth decay uses
the standard SmoothStep function, a cubic Hermite interpolation
commonly used for smooth transitions [19, 27]:

SmoothStep(x) = %%(3 — 2%) X = clip(x,0,1) (15)

With this schedule, teacher supervision is gradually activated at
the beginning of training and then smoothly annealed, so that the
policy first receives corrective skill guidance but is later encour-
aged to rely on environment-driven optimization. The early-stage
objective is finally written as:

Learly = Lareo +1[pg = 0] Asp (s) Lysp (16)
where p, means the success rate of the student agent in task q.

3.3.2  Outcome-driven Autonomous Exploration. After early skill
internalization, AUSO removes teacher-guided supervision and
lets the agent improve through standard GRPO. In this stage, the
policy samples multiple trajectories for each task and uses group-
normalized outcome advantages to update itself:

Lmia = Lerro 17)

This encourages the agent to consolidate autonomous problem-
solving ability through environment-driven exploration.

3.3.3 Later-stage Action-level Skill Utilization. In the later stage,
AUSO stops using the external teacher as a distillation target. The
question is no longer how to imitate teacher behavior, but when
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Table 1: Performance comparison on WebShop and ALFWorld under in-distribution (ID) and out-of-distribution (OOD) settings.

WebShop ALFWorld

Method ID 00D ID (0]0))]

App. Elec. Foot. Other Avg.|Access. Beauty Home Avg.|Pick Cool Clean Avg.|Look Heat Pick2 Avg.
Prompt-based Methods
Zero-shot 44 46 34 1.0 35 2.5 3.7 5.5 39 1286 120 185 20.7) 385 125 125 189
Few-shot 142 151 135 240 165 18.8 29.6 55 169629 440 630 575 46.2 312 83 245
ReAct 124 111 45 120 104 11.2 24.1 27 116|714 28.0 333 47.1| 46.2 188 125 22.6
Reflexion 35 8.6 1.1 7.0 5.5 6.3 5.6 1.4 44 (857 440 444 609 46.2 313 292 340
Mem0 89 92 23 110 82 10.0 16.7 4.1 97 | 543 40 185 28.7| 385 188 42 17.0
ExpeL 6.2 125 9.0 21.0 121 12.5 25.9 82 145)80.0 440 66.7 655 46.2 188 208 18.9
MemP 159 132 9.0 19.0 143 16.2 14.8 9.6 135657 120 333 402 | 46.2 375 125 283
SimpleMem 115 138 6.7 13.0 117 10.0 20.4 55 11.1 714 160 444 47.1) 538 188 208 283
RL-based Methods
RLOO 349 239 415 321 311 314 46.5 225 329914 80.0 815 851|615 563 208 415
GRPO 351 226 390 495 336 277 47.3 259 323 (800 720 889 805|769 563 16.7 434
Memory-Augmented RL Methods
MemRL 222 152 250 483 262 13.2 17.9 27.8 196 (743 120 556 506 | 46.2 125 458 358
EvolveR 325 311 25.0 209 28.0 20.8 28.6 18.2 219|886 520 815 759|462 6.2 500 358
Mem0+GRPO 36.5 220 406 23.1 295 10.2 32.1 294 250 (657 200 519 483|231 6.2 208 17.0
SimpleMem+GRPO | 25.4 28.0 26.6 25.1 26.4 16.2 32.1 294 250 (857 520 703 713|615 438 41.7 472
Skill-Augmented RL Methods
SkillRL 36.0 342 414 493 381 36.3 48.5 27.6  36.7 (914 84.0 963 908 | 69.2 750 125 453
Skillo 392 330 381 379 352 42.1 38.6 265 3541943 76.0 815 851 46.2 500 292 39.6
SLIM 319 368 315 33.0 337 350 29.6 356 338914 840 704 828|538 313 292 358
Skill0.5 39.1 373 411 509 404 36.6 54.2 314 40.6 | 943 88.0 963 931|692 875 333 585
AUSO (Ours) 474 48.0 50.1 60.0 49.7 53.1 62.9 397 512914 96.0 963 943|692 875 542 679

the student’s own decision is meaningfully affected by skill infor-
mation. For every state H; visited by the student, we compute two
distributions from the same policy under two contexts:

7o | he,C=Skill),  7p(- | hyyC =No-skill) (18

Because both distributions are evaluated at the same visited state,
this comparison does not require additional environment rollouts
and avoids the mismatch that would arise from comparing two
separately generated trajectories. Action-level skill information is:

I, =JSD (rtg(- | hs, C = Skill) || 7o (- | B, C = No-skill)) ~ (19)

Here, I; is not used as a distillation loss. It is an information measure:
a larger value means that skill conditioning changes the student’s
next-action distribution more strongly at state H;.

Since the raw scale of I; varies across tasks, AUSO standardizes
it within each task group:

1 I‘_”fl

e —
, 2
O-q,I+€

The normalized score m; € [—1, 1] indicates whether an action is
more or less skill-sensitive than the task-level average.

AUSO further modulates the action-level signal by a global un-
certainty gate based on the normalized Bernoulli variance:

9(pg) =K - pg(1 - pg)

m; = tanh(clip(z}, -3,3)) (20)

(21)

where K is a positive scaling constant. This form follows the com-
mon uncertainty principle that binary outcomes are most infor-
mative when their empirical probability is near 0.5 and least infor-
mative when the outcome is almost deterministic [30]. Thus, the
gate is small when all rollouts fail or all rollouts succeed, because
the group outcome provides little contrast for action-level credit
assignment. We provide a detailed mathematical justification of
this gate in Appendix A.1. It reaches its maximum when successful
and failed rollouts coexist, where outcome differences are most in-
formative for identifying which skill-sensitive actions matter. The
final action weight is calculated as:

we =1+ B(s)g(pg)m:

Same as the curriculum strategy in the early stage, we also in-
troduce f(s), which smoothly increases during training:

(22)

(23)

B(s) = SmoothStep (m)

— Sstart
where s denotes the current training step, ssart is the step at
which utilization optimization stage is activated, and T is the total
number of training steps. The weighted advantage becomes:
AUSO _ GRPO
A =4y

Wt. (24)

This reweighting preserves the sign of the original RL advantage:
(25)

ASRPO >0= A?}JSO > 0, AqGRPO <0= A{;I,JSO <0
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Figure 3: Single-hop and multi-hop validation success rates and training success rates of our method and Skill0.5 with task-

specific skills on Search QA benchmarks.

Therefore, AUSO does not create artificial rewards or reverse the
trajectory-level outcome signal. Instead, it redistributes update
strength across actions according to the information gain: in suc-
cessful trajectories, highly skill-sensitive actions receive stronger
positive reinforcement; in failed trajectories, highly skill-sensitive
actions receive stronger suppression; and low-information actions
receive smaller updates. The later-stage objective is still standard
on-policy RL, but with action-level skill-aware advantages:

Lie =— . A2 log my(ay | hy, C = Skill)

t

3.3.4  Unified Skill Lifecycle Objective. The complete AUSO objec-
tive is formulated as:

Lavso(8;s) = Larro (Q;Ag}}PO [1+ B(s) 4pg(1 - pg) mq,i,t])
+ doa(s) ) 1[pg = 0] L.
q

(26)

(27)
Here, a(s) gradually removes teacher-guided supervision, while
P(s) progressively activates action-level skill utilization. AUSO re-
tains outcome-driven GRPO as a persistent optimization backbone
and progressively advances from external skill internalization to
action-level skill utilization guided by skills benefit for each action.

4 Experiments

4.1 Experiment Settings

4.1.1 Datasets. We evaluate AUSO on three long-horizon agentic
benchmarks: ALFWorld [34], WebShop [44], and SearchQA [11].
These benchmarks cover embodied decision-making, web-based
interaction, and search-oriented question answering, allowing us
to examine whether AUSO can improve both task ID performance
and OOD (out-of-distribution) generalization across different forms
of agent interacting with different environment.

ALFWorld is an embodied household task benchmark that
aligns text-based environments with embodied manipulation sce-
narios. An agent must follow natural-language goals and complete

Table 2: Performance comparison on Search-QA benchmark.

Method Single-hop Multi-hop Avg.
NQ Triv Pop [Hotp 2Wk MuS Bam
Zero-Shot 10.4 324 223 158 154 7.2 192 | 175
Few-Shot' 123 36.8 245| 177 182 6.5 248 | 20.1
Zero-Shot* 69 304 120 105 9.1 55 240 | 14.0
Few-Shot*" 105 319 187 142 144 69 248 (173
GRPO 45.1 63.7 440 43.6 432 168 37.6 | 419
OPSD 88 86 175| 25 4.2 1.2 6.2 4.5
AgentOCR* 43.1 61.0 454 408 383 157 36.8 | 40.1
EvolveR 435 634 459 38.2 420 15.6 544 | 43.1
SkillRL 459 633 459 43.2 403 20.2 738 | 47.1
LatentSkill 36.2 57.6 41.0| 39.6 320 9.80 25.6 | 35.6
Skillo 42.7 61.1 453 40.0 383 164 669 | 444
Skillo.5 44.7 60.4 438 39.0 392 12.0 653 | 44.2
Skill1 46.8 463 47.8| 43.7 393 182 70.6 | 44.7
AUSO (Ours) | 45.0 64.7 46.1 | 440 418 154 68.1 | 475

multi-step household tasks through textual actions such as naviga-
tion, object interaction, and state manipulation. We use ALFWorld
to evaluate whether skill guidance can improve long-horizon plan-
ning and action execution in embodied environments.

WebShop is a web-based shopping benchmark where an agent
interacts with a simulated e-commerce website to find and pur-
chase products satisfying user instructions. The agent must search,
compare products, inspect attributes, and make purchase decisions
through multi-step web actions. Following our out-of-distribution
setting, we construct category-based ID and OOD splits according
to Skill0.5: ID tasks are drawn from frequent categories such as
apparel, electronics, footwear, and other products, while OOD vali-
dation tasks are drawn from held-out categories such as accessories,
beauty and health, and home decor.

SearchQA is a search-based question answering benchmark
where an agent must retrieve useful information and produce an-
swers based on external evidence. Compared with embodied and
web-shopping tasks, SearchQA emphasizes information seeking
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Table 3: Ablation studies of the average success rate on ALF-
World and WebShop to validate the effectiveness of all our
core modules; the best performance of each metric is bolded,
and the second-best result is underlined.

Variant ALFWorld WebShop
ID Avg. OOD Avg. ID Avg. OOD Avg.

w/o Int.-Action 85.1 54.7 44.7 47.3
w/o Ut.-Action 89.7 49.1 47.5 45.9
w/o Int.-Decrease 83.9 54.7 43.9 44.4
w/o Ut.-Increase 86.2 39.6 47.3 43.5
w/o Gate 86.2 47.2 46.7 43.0
AUSO 94.3 67.9 49.7 51.2

Table 4: Ablation Study for Period time for Internalize/Ex-
plore/Utilize in ALFWorld.

Variant ALFWorld

ID Avg. OOD Avg.
Ratio (3:5:2) 85.1 62.3
Ratio (3.3:3.3:3.3) 87.4 415
AUSO (2:5:3) 94.3 67.9

and evidence aggregation, providing a complementary testbed for
evaluating whether AUSO can improve skill use in knowledge-
intensive decision processes.

4.1.2 Baselines. We compare AUSO with a diverse spectrum of
agent learning methods. (1) Prompt-based methods: zero-shot
and few-shot prompting, which directly condition the backbone
model on task instructions without additional agent training [5].
(2) Prompt-based agentic and memory-based methods: ReAct
[46], Reflexion [33], ExpeL [52], MemO [8], and SimpleMem [21],
which improve multi-step decision making through in-context rea-
soning, verbal feedback, experiential memory, or external memory
retrieval without updating the policy parameters. (3) RL-based
methods: RLOO [1] and GRPO [31], which optimize LLM policies
with outcome rewards and group-relative or leave-one-out advan-
tage estimation. (4) Memory-augmented RL methods: MemRL
[50] and Memory-R1 [42], which integrate reinforcement learn-
ing with persistent or learnable memory mechanisms. (5) Skill-
augmented RL methods: SkillRL [41], Skill1 [32], SKILLO [25],
LatentSkill [48], and Skill0.5 [55], which represent recent attempts
to train agents with external skills, internalized skills, or hybrid
skill utilization and internalization.

4.1.3 Implementation Details. All experiments are conducted on a
server equipped with 4 NVIDIA H200 GPUs. Following Skill0.5 [55],
we adopt Qwen2.5-7B-Instruct [43] as the backbone policy model
for all experiments. For a fair comparison, all methods use the
same backbone model, rollout configuration, maximum interaction
length, and optimization budget within each benchmark. Specif-
ically, for each task g, the policy performs G = 8 rollouts to con-
struct a rollout group for group-based policy optimization. Across
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Figure 4: The ID and OOD success rate for different hyperpa-
rameter K in the ALFWorld benchmark.

all benchmarks, including ALFWorld, WebShop, and SearchQA, we
train each method for 150 optimization steps. For ALFWorld and
WebShop, we follow the category-based ID/OOD evaluation proto-
col and report both in-distribution (ID) validation performance
and out-of-distribution (OOD) generalization performance. For
SearchQA, which does not adopt an ID/OOD split, we report task
success following Skill0 to evaluate. More training and evaluation
details are provided in the supplemental materials.

4.2 Main Results

Tables 1 and 2 report the main results on WebShop, ALFWorld, and
Search-QA. Overall, AUSO consistently achieves the strongest
performance across heterogeneous agent scenarios. More im-
portantly, its improvements are observed under both ID and OOD
settings, demonstrating effective skill utilization and generalization
beyond seen tasks and unseen tasks.

WebShop. On WebShop, AUSO achieves the best average perfor-
mance under both ID and OOD settings, reaching 49.7 and 51.2,
respectively. Compared with Skill0.5, AUSO improves the two aver-
ages by 9.3 and 10.6 points. The gains are particularly pronounced
on Electronics and Other under ID, as well as Access and Beauty
under OOD. Notably, the larger improvement under OOD suggests
that AUSO does not simply fit task-specific skill patterns. Instead,
action-level optimization enables the agent to internalize useful
skill knowledge and adapt its utilization according to the benefit of
skill guidance for each action, resulting in stronger generalization
to the unseen (OOD) tasks.

ALFWorld. On ALFWorld, AUSO achieves an ID average of 94.3,
outperforming Skill0.5 by 1.2 points and obtaining the best overall
performance. More importantly, AUSO reaches an OOD average
of 67.9, substantially surpassing Skill0.5 (58.5) by 9.4 points. The
improvement is especially clear on challenging unseen tasks such
as Pick2, where the score increases from 33.3 to 54.2. These results
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demonstrate that action-level skill utilization optimization facili-
tates the acquisition of transferable behavioral knowledge rather
than merely fitting seen task configurations.

Search-QA. The effectiveness of AUSO further extends to the
knowledge-intensive reasoning tasks. AUSO achieves the highest
overall average of 47.5, outperforming SkillRL (47.1), Skill1 (44.7),
and Skill0.5 (44.2). It achieves the best performance on TriviaQA
(64.7) and HotpotQA (44.0), while remaining competitive across
other single-hop and multi-hop tasks. These results demonstrate
that AUSO generalizes beyond interactive environments and trans-
fers action-level skill knowledge to diverse reasoning tasks.

Training and Generalization Analysis. Fig. 3 further compares
the learning dynamics of AUSO and Skill0.5 on Search-QA. While
the two methods exhibit comparable training success rates, AUSO
achieves stronger validation performance as training progresses,
particularly on multi-hop tasks where Skill0.5 shows noticeable
fluctuations. This suggests that the advantage of AUSO does not
simply come from better fitting training trajectories; instead, action-
level optimization promotes more effective skill internalization and
utilization, leading to improved generalization.

4.3 Ablation Study

We conduct comprehensive ablation studies on ALFWorld and Web-
Shop to investigate the contribution of each component in AUSO.
As shown in Table 3, removing any component consistently de-
grades the overall performance, demonstrating that different stages
of action-level skill optimization are complementary. In particular,
removing Int.-Action (Action-Level Internalization) leads to a sub-
stantial drop on ALFWorld, from 94.3/67.9 to 85.1/54.7 in ID/OOD
settings, highlighting the importance of skill internalization. Simi-
larly, removing Ut.-Action (Action-Level Utilization) or the adaptive
increase/decrease strategies in utilization/internalization results
in consistent degradation, indicating that dynamically controlling
skill utilization is crucial for transferring learned skills to different
interaction states. Removing the gating mechanism also causes
clear performance drops on both benchmarks, further validating
its role in coordinating action-level skill optimization.

We further investigate the period allocation among different
optimization stages in Table 4. The adopted ratio of 2:5:3 achieves
the best ID and OOD performance, suggesting that an appropriate
balance between skill internalization, exploration, and utilization
is important for effective policy optimization. Finally, Fig. 4 studies
the influence of hyperparameter K. Performance peaks at K =
4, achieving 94.3 ID and 67.9 OOD success rates, while either
smaller or larger values lead to degradation, especially under OOD
evaluation. This indicates that a moderate K provides an effective
balance for skill optimization and generalization.

5 Conclusion

In this paper, we proposed AUSO, an information gain based action-
level via JSD unified skill optimization framework that unifies skill
internalization and skill utilization for LLM agents. AUSO progres-
sively learns from external skill guidance, consolidates autonomous
decision-making through reinforcement learning, and finally uses

Conference acronym 'XX, June 03-05, 2018, Woodstock, NY

action-level skill-sensitive signals to emphasize decisions that ben-
efit from skills while suppressing those where skill guidance is
unhelpful. Experiments on ALFWorld, WebShop, and SearchQA
demonstrate that AUSO consistently outperforms competitive base-
lines and achieves stronger out-of-distribution generalization. Fur-
ther ablation studies verify the contribution of progressive sched-
uling, action-level optimization, and the uncertainty-based gate.
These results show that modeling skills at the action level provides
an effective way to transform external guidance into transferable
policy knowledge for long-horizon llm agents.
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A Training Algorithm
A.1 Analysis of the Global Uncertainty Gate

Statistical Justification of the Uncertainty Gate. We provide a
statistical interpretation of the global uncertainty gate g(pg) =
K - pg(1 = pg) used in the skill utilization stage of AUSO. The key
intuition is that action-level credit assignment is more reliable when
both successful and failed trajectories are sufficiently represented
within the rollout group. For a task g, suppose the rollout group
contains G trajectories, with empirical success rate p,. The expected
numbers of successful trajectories G and failed trajectories G_ are
therefore be represented as:

G+ =Gpg, G-=G(1- pq) (28)

Let I denote the action-level skill information gain score. To
determine whether skill-sensitive actions are associated with suc-
cessful outcomes, consider the difference between the expected
information scores of successful and failed trajectories:

Ar=E[I|R=1]-E[I|R=0]. (29)
Its empirical estimator is calculated as:

Ar=1.-1, (30)
where I, and I_ denote the average action-level information scores
computed from successful and failed trajectories, respectively.

Motivated by the standard variance analysis for the difference
between two sample means [40], we analyze the statistical relia-
bility of this success—failure information contrast. To this end, we

consider the conditional variances of the action-level information
score under successful and failed outcomes:

Ui+ =Var(I |R=1), Ui_ =Var(I|R=0) (31)

The variance of the estimated information contrast can then be
characterized as:

2 2
N o ot
Var(A;) = RECA
ny n_
) 5 (32)
L+ o1

= o
Gpg  G(1—-pq)
To isolate the effect of the rollout outcome composition from
task-dependent variations in the information-score variance, we
consider the homoscedastic approximation:

2 2 2
o7, R Oj_ %0 (33)
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Under this approximation, Eq. (32) becomes:
—~ a?
Var(A) v ——1—— (34)
Gpq (1- Pq)
For a fixed rollout budget G and information-score variance o2,
the precision of the estimated success—failure contrast, defined as
the inverse of its variance, therefore satisfies:

Precision(Ry) = ——— o pq(1 - py) (
recision(Ay) = ——— « - 35

Var(Aj) 1 1 )
This result shows that the reliability of the success—failure contrast
depends directly on the composition of rollout outcomes. When
Pq approaches either 0 or 1, one outcome group becomes absent
or severely underrepresented, making the contrast increasingly
unreliable.

Boundedness and Direction Preservation. Recall that the action-
level modulation weight is:

wr =1+ B(s)g(pg)m: (36)
where |m;| < 1and 0 < S(s) < 1. Since 0 < g(py) < 1, we have:
1-B(s) <w <1+ (s) (37)

Therefore, w; > 0, and the resulting action-level advantage

AIqXJUSO — thqGRPO (38)

preserves the sign of the original GRPO advantage:
sign (Aj;”l;so) = sign (AqGRPO) (39)

Moreover,

ATRO =0 = AN =0 (40)

so the action-level information signal cannot introduce an artificial
optimization direction unsupported by the original outcome reward.

Finally, because the action-level modulation is centered within
each task, E;cq[m;] = 0, we obtain:

Ereqlwe] =1+ B(s)g(pg)Breqlm:] =1 (41)

Therefore, the global uncertainty gate does not alter the average
optimization scale within a task. Instead, it controls the reliability of
action-level modulation according to the available success—failure
contrast, while m, redistributes the resulting credit across the indi-
vidual actions of agent in the same trajectory.

A.2 A Unified View of Internalization and
Utilization

Analysis of the Unified Procedure. Although skill internalization
and skill utilization play different roles during training, AUSO
implements both through the same action-level counterfactual in-
formation operator. The distinction between the two stages lies not
in how action-level information is measured, but in how the result-
ing information signal is used for optimization. For an action ag
taken at interaction history hg;, let C;"t and C;, denote two coun-
terfactual context conditions. We define the unified action-level
information operator for the task g as:

I (Cq t,c ) :JSD (779 ( | hq,hC(;z)

‘7[9 ( | hq,ta C;,t)) (42)
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Since one environment action may contain multiple generated
tokens, the implemented action-level score averages token-level
divergences over the action span:

|aqt|

1
| Z SD (71'9( |hq,t,aq,t<,,cqt)

Iq,t |
q t

(43)
””9 ( | hq,t’ Aq.t,<j» C;)t)

The two learning stages instantiate this operator with different
counterfactual contexts:

( (C‘g}eneral U C(s]peclﬂc, C(s]peclﬁc)  xeH,
CoCar) =
q.t

(C;peciﬁc’ ®) ’ ge &

Here, H and & denote the task regimes corresponding to skill
internalization and skill utilization, respectively.

For tasks in H, the information score measures the discrepancy
between a privileged skill-conditioned teacher and the student. It
is therefore used as a direct supervision signal:

(44)

Iq
1 . .
Lint(q) — F z W;n;.[q (Cgeneral U C;pemﬁc’ C;pemﬁc) (45)
9 =1

For tasks in &, the same operator instead measures how strongly
the current policy depends on task-specific skill conditioning:
til _ specific
I = I, (C, 0) (46)

This information is not optimized directly. Instead, it is converted
into the action-level modulation:

ut11

=1+ p(s)g(pg)mx.s, (47)
which reweights the orlgmal GRPO advantage:
Luii(q) = Lorreo (q; w, Aq) (48)
Therefore, the unified procedure can be summarized as:
direct skill supervision, qgeH,
qt — . , (49)
GRPO credit modulation, g € &.

while tasks in the intermediate regime are optimized by standard
GRPO without additional skill-based correction.

Unified Routed Objective. Let pint, Pexp, and py1 denote the cur-
riculum proportions allocated to skill internalization, autonomous
exploration, and skill utilization, respectively:

Pint t Pexp + Putil = 1. (50)

Rather than routing individual tasks to different objectives, AUSO
progressively changes the contribution of skill information along
this training curriculum. The complete objective is written as

Lauso(0;s) = Lgreo (9 AGRPO [1+ ﬁ(s)g(Pq)mq,t])

+ Joar(s) z 0L, 1)

where a(s) progressively decreases the contribution of teacher-
guided skill internalization, while f(s) progressively activates action-
level skill utilization. The curriculum proportions determine when
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these transitions occur, rather than routing individual tasks into
discrete optimization regimes.

Thus, GRPO remains the persistent optimization backbone through-
out training, while the role of skill information evolves progres-
sively from external skill internalization, through autonomous ex-
ploration, to action-level information-gain-guided skill utilization.

Smooth reduction to the common backbone. The utilization branch
continuously reduces to standard GRPO when the action-level evi-
dence is uninformative. Specifically,

witl =1 (52)

whenever any of the following conditions holds:

pq €1{0,1}, mg;: =0, B(s) =0. (53)
Therefore, we can get the results under each of these conditions:
Lui(q) = Lareo(q) (54)
Furthermore, because:
o e
then we can get the following results:
(1sl)nl o Luit(@) = Loreo(q)- (56)

Thus, utilization is not an independent or competing optimization
objective; it is a continuous, bounded refinement of the same GRPO
objective. Similarly, when the internalization coefficient vanishes:

Aint(s) =0 (57)

the hard auxiliary correction disappears. When both auxiliary mech-
anisms are inactive, we can get:

Lunified — Lcrro (58)

Unification result. Above establishes three forms of unification:

(1) Signal unification: internalization and utilization are both
derived from same counterfactual action-level JSD operator;

(2) Optimization unification: all routing branches update a
single policy under one mutually exclusive routed objective;

(3) Backbone unification: the proposed objective continu-
ously reduces to standard GRPO when the auxiliary infor-
mation is absent or unreliable.

Hence, the framework does not combine unrelated auxiliary
losses heuristically. Instead, it instantiates a single counterfactual-
information principle in two complementary directions: reducing
dependence on general skills through internalization and preserv-
ing sensitivity to task-specific skills through utilization.

A.3 Why Jensen—-Shannon Divergence for
Action-Level Information Gain?

Action-level information gain based on JSD. At each environ-
ment state h;, AUSO evaluates two counterfactual executions of
the same policy: one conditioned on the retrieved skill and one
without skill conditioning. Let C € {0, 1} denote the skill context,
where C = 1 represents skill-conditioned execution and C = 0
represents skill-free execution. Because the language-model action

H. Lin et al.

is generated autoregressively, we define the action distribution at
the £-th response-token position as:

Pre(a) =mo(al hee.C=1),  Quea) =mg(a| hee,C=0).
(59)
Here, h; ¢ denotes the token-level history within environment action
u;. In this paper, we assign a uniform prior over the two contexts:

pC=0)=pC=1=> (60)

The corresponding marginal token distribution is

Mio(@) = plal hie) = 2Pee(@) + 50ur(@) (61)

The conditional mutual information between the skill context
and the token-level action is:

I(C; At | hey) Z p(c)Dxr, (P(At,f | hte,C =c) ”P(Az,f | ht,t’))
ce{0,1}

1 1
EDKL (Pre || Mee) + EDKL (Qre || Mee)

= Dyg (Pre ” Ore)

(62)
Therefore, we can get:

‘DJS (Pre || Qre) =I(CiAne | hey) ‘ (63)

This identity shows that token-level JSD measures how much in-
formation about the skill context is expressed in the local action
distribution. In particular, when:

Dys (Pre || Que) =0 &= Pre=Que (64)
which means that skill conditioning does not change the token-level

decision at that position.

Symmetry. The two distributions P, and Q, , correspond to two
counterfactual decisions of the same policy. They do not form a
teacher—student pair with a predefined reference direction. A one-
sided KL divergence is direction-dependent:

Dxr(PrellQr,e) # Dxr(Qt,ellPre) (65)

in general. Choosing one of these two directions would therefore
introduce an arbitrary asymmetry. In contrast, JSD satisfies

DJS (Pz,t’HQt,t’) = D]S(Qt,[“Pt,()x (66)

more suitable for comparing two counterfactual policy decisions.

Boundedness. Because JSD is equal to the mutual information be-
tween a binary context variable and the token action, it is bounded
by the entropy of the context:

0 < Dys(PrellQre) = I(Cs Ape | hey) < H(C) =log2.  (67)
The action-level average is consequently also bounded:
0 <1G(u;) < log2. (68)

This bounded scale is useful for stable action-level modulation. By
contrast, the KL divergence satisfies

Dx1(PrellQre) € [0, 00] (69)

and may become arbitrarily large when Q,, assigns very small
probability to an action favored by Py ..
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Top-k approximation used in implementation. Computing the
exact JSD over the entire vocabulary is expensive. Therefore, for
each token position, AUSO constructs a coarse-grained support

Ste = TopK(Pre) U TopK(Qre) U {tail}. (70)

The first two terms contain the union of the top-k tokens selected
by the skill-conditioned and skill-free policies. All remaining vocab-
ulary probability mass is grouped into one aggregate tail category.
Let Igt,[ and Q,g denote the resulting normalized distributions on
S;¢. The implemented token-level score is then

G =Dy (Pur | @), 71)
and the implemented action-level score is
- 1 ~

1Glu) = - Z my o IGre. (72)

The top-k union and the aggregate tail preserve the normalization
of both distributions while avoiding the construction of two full
vocabulary-sized probability tensors.

Role in AUSO. JSD is used as the unified action-level information
signal throughout both internalization and utilization, providing
a consistent measure of how skill knowledge influences individ-
ual decisions. During internalization, it quantifies the discrepancy
between skill-conditioned teacher behavior and the skill-free coun-
terfactual behavior, thereby identifying actions for which external
skill guidance provides stronger corrective information. During
utilization, the same measure characterizes how strongly the cur-
rent policy decision depends on the retrieved skill, allowing the
policy to selectively emphasize skill-sensitive actions. Therefore,
the same action-level signal naturally connects the transition from
external skill supervision to autonomous skill utilization, while pro-
viding symmetry, boundedness, support robustness, and a direct
information-theoretic interpretation.

Importantly, IG(u,;) measures the influence of skill condition-
ing on the action distribution rather than directly representing a
task-success probability. A large information gain indicates that
introducing the skill substantially changes the policy’s decision,
but does not necessarily imply that this change is beneficial. The
actual usefulness of such skill-induced changes is ultimately deter-
mined by the reinforcement-learning objective and the resulting
task reward. In this way, JSD identifies where skills exert meaning-
ful influence, while environment feedback determines whether that
influence contributes to successful behavior.

B Experimental Setup

Environments and ID/OOD protocol. We evaluate our method on
ALFWorld, WebShop, and SearchQA. Across all benchmarks, policy
optimization uses only in-distribution (ID) training tasks, while out-
of-distribution (OOD) tasks are reserved for validation and final
evaluation. ID and OOD performance is reported separately.

ALFWorld. Following Skill0.5, we treat {Pick & Place, Clean &
Place, Cool & Place} as ID task types and {Examine in Light, Heat
& Place, Pick Two & Place} as OOD task types. Training samples
are drawn only from the three ID types in the standard training
split. For evaluation, the standard eval_in_distribution games
are partitioned by task type into disjoint ID and OOD subsets, and
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Figure 5: ID and OOD validation success rates and training
success rates of our method and Skill0.5 with task-specific
skills on Alfworld and Webshop benchmarks.

all available games are evaluated. ID tasks use the ID skill bank,
whereas OOD tasks use the corresponding OOD-specific skill bank.
We report per-task success rates and the macro-average within
each domain. The interaction horizon is 30 actions.

WebShop. We partition the 12,087 human-annotated goals into
seven product domains. The ID domains are {Apparel, Electronics,
Footwear, Other}, and the OOD domains are {Accessories, Beauty &
Health, Home Decor}. Following Skill0.5, we downsample the dom-
inant Other category using farthest-point sampling. This produces
3,320 ID training goals, 454 ID evaluation goals, and 207 OOD eval-
uation goals. Training uses only ID goals from the original training
range (indices 1,500 and above). The original test and development
ranges (indices 0-1,499) are merged and then separated into ID
and OOD evaluation subsets. OOD goals never contribute to policy
updates. We report exact task success, per-category success rates,
and ID/OOD averages. The interaction horizon is 15 actions.

SearchQA.. The policy is trained only on the training splits of
NQ and HotpotQA, which form the ID group. Evaluation covers
seven datasets: NQ and HotpotQA are ID, while TriviaQA, PopQA,
2WikiMultiHopQA, MuSiQue, and Bamboogle are OOD. The five
OOD datasets are not used for policy optimization. We construct
a deterministic and domain-balanced validation set with random
seed 42 and select the checkpoint at the last step. The selected
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Figure 6: Training curves of AUSO vs. GRPO on ALFWorld:
AUSO achieves higher success rate and reward with lower
policy entropy and shorter episode length, indicating more
confident and sample-efficient learning,.

checkpoint is then evaluated on the full test collection. All datasets
query the same Wikipedia corpus and complete SearchQA skill
library; ID/OOD labels are used only to identify training exposure
and aggregate metrics. We report per-dataset accuracy and ID/OOD
averages. Each episode may issue at most four search actions, with
the top three passages returned per query.

Implementation details. All experiments initialize from Qwen2.5-
7B-Instruct and use GRPO with learning rate 1x10~°, group size G =
8, and one policy epoch per update. We train each benchmark for
150 optimization steps and validate every five steps. The task batch
sizes are 16, 16, and 128 for ALFWorld, WebShop, and SearchQA,
respectively. Skill banks remain fixed during training, allowing us
to evaluate policy learning and OOD skill utilization without online
changes to the external skill corpus.

C Detail Experimental Results
C.1 Training Dynamics of AUSO on ALFWorld

As shown in Fig. 5, we first compare the training dynamics of AUSO
with Skill0.5 on ALFWorld and WebShop. To verify that the superior
performance of AUSO on ALFWorld is not simply attributable to
a longer training process, we extend Skill0.5 to the same training
budget of 150 steps for a controlled comparison. Under this identical
optimization budget, AUSO still achieves stronger performance,
particularly on the ID and OOD evaluations, demonstrating that
simply increasing the number of training steps is insufficient to
match the gains brought by AUSO. As training proceeds, AUSO
maintains or further improves its performance, whereas Skill0.5
tends to plateau or even degrade in the later stages despite contin-
ued optimization. This trend is especially evident under the more
challenging OOD settings of both ALFWorld and WebShop, where
AUSO exhibits a more stable improvement and the performance gap
gradually becomes more pronounced. he consistent advantage on
ID tasks indicates that the improvement in generalization does not
come at the expense of skill-covered scenarios. These observations
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rule out additional training steps as the primary source of improve-
ment and instead demonstrate that AUSO learns more effective and
robust skill-conditioned behaviors under same training budget.

We further investigate the optimization behavior of AUSO against
standard GRPO in Fig. 6. AUSO achieves a consistently higher train-
ing success rate and mean reward throughout most of the optimiza-
tion process, indicating that successful task behaviors are acquired
earlier and reinforced more effectively. Meanwhile, AUSO exhibits
lower policy entropy and progressively shorter episode lengths
than GRPO, particularly during the middle and later stages of train-
ing. The reduced policy entropy suggests that the policy gradually
forms more confident action distributions instead of remaining
dependent on uncertain exploration, while the shorter trajectories
indicate that AUSO learns to complete tasks with fewer redundant
or ineffective interactions. Importantly, these improvements occur
consistently across multiple optimization metrics rather than only
in the final success rate. Taken together, the two analyses provide
complementary evidence that the gains of AUSO originate from its
more effective action-level skill optimization rather than a larger
training budget, enabling the agent to acquire successful behav-
iors more efficiently, utilize skill information more effectively, and
generalize more robustly to unseen task scenarios.

C.2 Case Study: AUSO is More Sample-Efficient
than Skill0.5

AUSO — Same Query [SUCCESS, 2 steps]

Query: Frank Lamson-Scribner was adopted by a family near
which town in Kennebec County?
Step 0: search: Frank Lamson-Scribner adopted family
Kennebec County town

Success: Answer-bearing passage retrieved
Observation: “was adopted by the Virgil Scribner family near
Manchester, Maine”
Step 1: answer: Manchester

Success: Minimal answer span; terminate
\ J

Skill0.5 — Same Query [FAIL, 4 steps]

Step 0: Retrieve the same answer-bearing passage.

Success: Sufficient evidence already available
Step 1: search: manchester maine adopted by virgil
scribner family

Failure: Redundant search
Step 2: search: manchester maine adopted by virgil
scribner family near
Failure: Irrelevant retrieval
Step 3: answer: Manchester, Maine
Failure: Over-answering under exact match
\ J
SearchQA (Multi-hop). For the same multi-hop SearchQA ques-
tion, both AUSO and Skill0.5 successfully retrieve the answer-
bearing passage in the first search step, indicating that their perfor-
mance difference does not originate from initial retrieval quality.
Given the sufficient evidence that Frank Lamson-Scribner “was
adopted by the Virgil Scribner family near Manchester, Maine,”
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Table 5: Representative cases comparing AUSO and Skill0.5.

Domain Method Query / Task #Steps Correct Final output/ action

SearchQA  AUSO (Ours)  Frank Lamson-Scribner was adopted by a family near which 2 v Manchester

(multi-hop) SKillo.5 town in Kennebec County? 4 % Manchester, Maine

ALFWorld AUSO (Ours) put a spraybottle in garbagecan 4 N put spraybottle 2 in/on garbagecan 1
(O0D) Skillo.5 put a cool lettuce in countertop 25 X go to diningtable 1

AUSO immediately identifies the relevant information, extracts the
minimal answer span Manchester, and terminates the interaction
after only two steps. In contrast, Skill0.5 fails to recognize that
the retrieved evidence is already sufficient and continues issuing
redundant follow-up queries about the adoption location. These
unnecessary searches not only increase the interaction cost but also
introduce additional and less relevant information into the reason-
ing context, eventually leading Skill0.5 to return the over-specified
answer Manchester, Maine, which fails under exact-match eval-
uation. This comparison highlights that successful SearchQA rea-
soning depends not only on retrieving relevant evidence, but also
on determining when the available evidence is sufficient and how
it should be converted into a precise final answer. By making more
effective action-level decisions, AUSO avoids unnecessary retrieval,
terminates at an appropriate point, and produces a concise answer
consistent with the required answer granularity. This case therefore
illustrates how AUSO can translate retrieved evidence into more
efficient and precise search-and-answer trajectories than Skill0.5.

AUSO — “Put a spraybottle in garbagecan” [SUCCESS, 4
steps]

Step 0: go to countertop 1
Success: Locate target object

Step 1: take spraybottle 2
Success: Acquire object

Step 2: go to garbagecan 1
Success: Navigate to target receptacle

Step 3: put spraybottle 2 in/on garbagecan 1

Success: Goal completed

-

Skill0.5 — “Put a cool lettuce in countertop” [FAIL, 25
steps]

Trajectory summary:
open fridge — inspect countertop — inspect cabinet
— revisit locations — go to diningtable 1

Final observation: Nothing happens
Failure: Target lettuce still not found
Failure: Repeated exploration of already-checked locations.
Failure: Step budget exhausted.
\ J
ALFWorld (OOD). A similar advantage is observed in the OOD
ALFWorld case reported in Table 5. AUSO successfully completes
the task “put a spraybottle in garbagecan” within only four interac-
tion steps. Specifically, it first navigates to the countertop to locate

the target object, directly acquires the spraybottle, moves to the
target garbagecan, and executes the required placement action. The
entire trajectory remains compact and goal-directed, with each ac-
tion making explicit progress toward task completion. In contrast,
Skill0.5 fails to complete its OOD task even after exhausting the
25-step interaction budget. Its trajectory repeatedly explores pre-
viously inspected locations, including the fridge, countertop, and
cabinet, without successfully locating the target lettuce or estab-
lishing a reliable direction for subsequent actions. Eventually, the
agent moves to an unrelated location and terminates without sat-
isfying the task objective. This substantial difference in trajectory
efficiency suggests that AUSO is better able to translate its learned
skills into effective action-level decisions in unseen scenarios, re-
ducing redundant exploration and maintaining consistent progress
toward the goal. Together with the SearchQA case, these examples
demonstrate that AUSO improves not only final task success but
also the efficiency and precision of intermediate decision making
across different interactive environments.

Overall, these cases illustrate that AUSO not only improves task
success but also produces more economical and goal-directed inter-
action trajectories. On SearchQA, it avoids unnecessary retrieval
once sufficient evidence has been obtained and terminates with
a concise answer, whereas redundant follow-up searches can in-
troduce irrelevant information. On ALFWorld, AUSO follows a
compact locate—acquire—navigate—place sequence instead of re-
peatedly revisiting ineffective states. These observations suggest
that AUSO improves not only final task performance but also the
efficiency and precision of intermediate decision making.

Received 20 February 2007; revised 12 March 2009; accepted 5 June 2009
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Figure 7: Success rate of each action on the ALFWorld benchmark for AUSO (ID for training part and OOD for validation)
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