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Abstract

Large language models (LLMs) are increasingly applied to se-
quential decision-making through in-context learning (ICL),
yet their effectiveness is highly sensitive to prompt qual-
ity. Effective prompts should meet three principles: focus on
decision-critical information, provide step-level granularity,
and minimize reliance on expert annotations through label
efficiency. However, existing ICL methods often fail to sat-
isfy all three criteria simultaneously. Motivated by these chal-
lenges, we introduce SkillGen, a skill-based ICL framework
for structured sequential reasoning. It constructs an action-
centric, domain-level graph from sampled trajectories, identi-
fies high-utility actions via temporal-difference credit assign-
ment, and retrieves step-wise skills to generate fine-grained,
context-aware prompts. We further present a theoretical anal-
ysis showing that focusing on high-utility segments supports
task identifiability and informs more effective ICL prompt
design. Experiments on ALFWorld, BabyAI, and Science-
World, using both open-source and proprietary LLMs, show
that SkillGen achieves consistent gains, improving progress
rate by 5.9%–16.5% on average across models.

Code — https://github.com/ruomengd/SkillGen

1 Introduction
Large language models (LLMs) are increasingly applied to
multi-step decision-making tasks across domains such as em-
bodied control (Li et al. 2024; Yang et al. 2025), text-based
games (Liu et al. 2024; Klissarov et al. 2024), and online
shopping (Yao et al. 2022; Zhou et al. 2024b). These tasks
require agents to operate in dynamic environments, interact
with the world through sequences of actions, and pursue long-
horizon goals. In contrast to supervised fine-tuning (SFT)
methods (Chen et al. 2023; Zeng et al. 2024), which de-
pend on large-scale expert demonstrations, in-context learn-
ing (ICL) offers a more lightweight and efficient alterna-
tive by guiding inference with only a few examples (Achiam
et al. 2023). Consequently, ICL has emerged as a central
reasoning paradigm in many LLM-based agent frameworks
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ICL Method Focused Granular Label-efficient
Fixed Prompting % % !
Task-level Retrieval %
Step-wise Retrieval ! %
Insight Summary ! %

SkillGen (ours) ! ! !

Table 1: Comparison of ICL Methods.

for decision-making (Yao et al. 2023; Shinn et al. 2023;
Sun et al. 2023). To make ICL effective for multi-step tasks,
prompt design should adhere to three key principles: (1) Fo-
cused: emphasize decision-critical information while mini-
mizing redundant context; (2) Granular: offer fine-grained,
step-level guidance that aligns to the evolving task state; (3)
Label-efficient: replaces costly expert trajectories with sub-
goal completion and success signals, which offer a more
scalable and structurally aligned form of supervision.

Recent advances in ICL have enhanced performance by
shifting from fixed, hand-crafted prompts to more context-
sensitive prompt designs (Zhang, Feng, and Tan 2022;
Liskavets et al. 2025). As summarized in Table 1, various
methods target different aspects of prompt design. Fixed
prompting relies on limited examples that ignore task-specific
context. Although label-free, such prompts fail to provide ac-
tionable, decision-level guidance. Task-level retrieval meth-
ods, such as Synapse (Zheng et al. 2024), retrieve full ex-
pert demonstrations based on task metadata and use them
as few-shot exemplars. While this improves contextual rel-
evance, the retrieved prompts often include redundant steps
and lack step-level resolution, limiting both focus and gran-
ularity. Step-level retrieval strategies, such as Trad (Zhou
et al. 2024a), enhance granularity by retrieving trajectory
fragments at each decision step. However, the retrieved ac-
tions are often disconnected and lack structural coherence,
which undermines decision focus. These approaches often
depend on expert-annotated trajectories, thereby reducing
their label efficiency. Insight summarization approaches, in-
cluding Leap (Zhang et al. 2024b) and ExpeL (Zhao et al.
2024), generate high-level insights by comparing correct and
wrong solutions. Yet these summarized insights are often too
abstract to support intermediate decisions, providing limited
fine-grained guidance. While each of these approaches ad-
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dresses different aspects of prompt design, none of them
simultaneously meets all three core principles.

To address these limitations, we propose SkillGen, an
ICL framework that extracts and applies domain-oriented
and action-centric skills. As illustrated in Figure 1, Skill-
Gen operates in three stages, the first two stages are per-
formed offline, while the third leverages the extracted skills
to generate actions step-by-step during inference: (1) Do-
main Knowledge Construction – We construct an action-
centric domain knowledge graph from sampled trajectories,
effectively capturing the structural dynamics of the task.
(2) Domain Skill Extraction – Temporal-Difference (TD)
based credit assignment is employed to identify actions that
consistently contribute to task progress; (3) Skill-Based In-
Context Learning – During inference, SkillGen combines
a golden segment with step-wise skills retrieved based on
the current transition history to guide action generation. To
support focused reasoning, SkillGen constructs prompts
around decision-critical skill segments while filtering out
irrelevant context. For fine-grained guidance, it encodes tem-
poral and structural dependencies from the domain graph to
retrieve skills that align with the current task history. To
promote label efficiency, SkillGen leverages subgoal com-
pletion progress as weak supervision and applies TD-based
action credits to extract skills, eliminating the need for full ex-
pert trajectories. SkillGen improves average progress rate
by 5.9%–16.5% across ALFWorld, BabyAI, and Science-
World, showing clear gains in sequential decision-making.
To conclude, our primary contributions are as follows:

• We address the challenge of designing in-context learn-
ing (ICL) prompts that jointly support decision focus,
step-level granularity, and label efficiency in sequential
decision-making tasks.

• We propose SkillGen, a framework that learns domain-
oriented skills to support focused, fine-grained ICL. The-
oretical analysis shows that high-utility segments enhance
task identifiability and ICL prompts.

• Our empirical results show that SkillGen consistently im-
proves progress and success rates across various tasks. Ab-
lations show that both the golden segment and step-wise
skill retrieval contribute to performance gains.

2 Related Work
Sequential Decision Making with LLMs. Recent ad-
vances in LLM-based decision-making have led to inter-
active agents that operate in multi-turn loops, either select-
ing actions directly or reasoning before acting (Yao et al.
2023; Zhao et al. 2025). To address long-horizon tasks, many
methods incorporate feedback-driven refinement (Shinn et al.
2023; Sun et al. 2023; Chen et al. 2024a) or structured
search (Besta et al. 2024; Zhuang et al. 2024; Li et al. 2025).
Another line of work improves inference by retrieving ex-
pert or history information from offline interactions (Zheng
et al. 2024; Zhou et al. 2024a). More recently, self-improving
agents construct in-context examples from prior episodes,
enabling generalization to unseen tasks without relying on
expert demonstrations (Sarukkai, Xie, and Fatahalian 2025;

Liu et al. 2025). These methods highlight a growing empha-
sis on experience-driven decision-making.

Knowledge-Augmented In-Context Learning. Knowl-
edge augmented methods aim to enrich the prompt with
structured information—such as relational or procedural
knowledge, to provide stronger inductive bias and sup-
port more accurate reasoning. Some approaches guide rea-
soning with high-level prompts derived from prior inter-
actions (Zhang et al. 2024a; Kong et al. 2025). Others
inject retrieved graph-based knowledge to support multi-
hop inference (Luo et al. 2024). LLMs can also self-
synthesize reusable strategies from world models for gen-
eralization (Ding et al. 2024; Qiao et al. 2024b,a), or incor-
porate procedural knowledge via rule induction (Zhang et al.
2025) and skill reuse (Zhu et al. 2025; Chen et al. 2024b;
Zhang et al. 2023; Zhao et al. 2024). These approaches en-
rich in-context learning by integrating external or derived
task-specific knowledge as decision support.

3 Background
In-Context Learning. Xie et al. (Xie et al. 2022) model
in-context learning (ICL) as an instance of implicit Bayesian
inference. In this view, a language model infers a latent task
parameter ϕ ∈ Φ from the observed context C (e.g., a se-
quence of demonstrations or interaction history), forming a
posterior p(ϕ | C) (Min et al. 2022; Falck, Wang, and Holmes
2024). Given a query input x ∈ X , the model predicts by
computing the posterior predictive distribution:

p(y | x, C) =
∫
ϕ

p(y | x, ϕ) p(ϕ | C) dϕ, (1)

where y ∈ Y is the predicted output and p(y | x, ϕ) is
the task-specific likelihood. Wies et al. (Wies, Levine, and
Shashua 2023) formalize this intuition within a PAC frame-
work by modeling pretraining as sampling from a latent task
mixture D =

∑
ϕ∈Φ π(ϕ)Pϕ, where π(ϕ) is the prior of

latent task ϕ, and Pϕ denotes the corresponding data distri-
bution. In this view, ICL serves to recover the underlying
task ϕ⋆ from the prompt, enabling accurate prediction with-
out updating model parameters.

LLMs for Sequential Decision-making. We consider
adopting LLMs as autonomous agents for sequential
decision-making. In such environments, agents cannot di-
rectly observe the underlying state. We model this set-
ting as a Partially Observable Markov Decision Process
(POMDP) (He et al. 2024; Sun et al. 2024), defined by
POMDP = (S,A,Ω, P,R,O), where S denotes the latent
state space, A the discrete action space, Ω the observation
space, P the state transition function, R a sparse, progress-
based reward function, and O the observation model. At
each time step t, the agent receives a partial observation
ot ∼ O(ot | st) and selects an action at based on the in-
teraction transition: ht = {(o0, a0), (o1, a1), . . . , ot}. Given
the current history ht, the LLM generates the next action
through a prompting mechanism:

π(at | ht) = LLM(at | Prompt(ht)). (2)
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(a) Domain Knowledge Construction (b) Domain Skill Extraction (c) Skill-Based In-Context Learning
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Figure 1: Framework of SkillGen.

This formulation enables LLMs to serve as decision-making
agents in partially observable settings, leveraging contex-
tual information without access to full environment states
or explicit policy optimization. The agent aims to maximize
cumulative task progress over long-horizon episodes.

4 Method
To enable focused and fine-grained in-context learning, we
introduce two forms of decision-critical knowledge derived
from structured action knowledge: (1) Golden segment – a
concise action sequence extracted from training trajectories
within the task domain, selected for its maximal contribution
toward goal completion; (2) Step-wise skills – reusable local
patterns centered on a key action, summarizing its typical
antecedents and consequences within the domain.

4.1 Domain Knowledge Construction
To induce domain-level knowledge, we first sample diverse
trajectories from LLMs using high-temperature stochastic
decoding. Each training instance is denoted by d = (m, g) ∈
Dtrain, where m is the task domain information and g is the
task goal. For each instance, N trajectories are sampled:

Ttrain = {(m, g, T ) | (m, g) ∈ Dtrain},
T = {(ot, at, pt)}Tt=0,

(3)

where each step includes the observation ot, action at, and
progress signal pt. To reduce noise and task-specific variance,
trajectories are filtered by discarding invalid actions and those
with zero final progress (pT = 0). Actions are abstracted by
removing object-specific identifiers (e.g., “open cabinet 5”
→ “open cabinet”) to reveal transferable patterns across
instances, yielding sequences of action–progress pairs. The
filtered trajectories for each domain m form:
Tm = {T1, T2, . . . , TK}, with Tk = {(at, pt)}Tk

t=0. (4)

From these, a directed domain knowledge graph Gm =
(V,E) is constructed, where each node a ∈ V denotes
an action, and each edge (ai, aj) ∈ E indicates a transi-
tion between consecutive actions. All paths share a common
start astart and end node aend to ensure structural consistency.
Edges are annotated with sets of observed progress deltas:

P∆(ai, aj) = {pt+1 − pt | (at, pt), (at+1, pt+1) ∈ T ,
at = ai, at+1 = aj}

(5)

To maintain graph quality, self-loops are removed and low-
impact nodes pruned based on P∆(ai, aj) once the graph
exceeds a reasonable scale. The resulting graph captures
reusable action patterns and domain-level decision dynam-
ics, offering a structured foundation for skill extraction. We
extract a golden segment—a short action sequence with the
highest subgoal progress rate within the domain—to serve as
a concise, decision-critical exemplar for focused prompting.

4.2 Domain Skill Extraction
The progress delta P∆, annotated on graph edges, provides
sparse, subgoal-level feedback by marking major milestones
such as completing a cleaning step or reaching a destination.
However, it often fails to capture the contribution of inter-
mediate actions that enable these outcomes. As illustrated in
Figure 2, only a few steps in the task “heat some apple and
put it in countertop” receive positive deltas (e.g., heating
and placing the apple), while prerequisite actions—like nav-
igating to and opening the microwave—remain uncredited
despite being causally necessary. This illustrates the need for
credit assignment to assign action value more accurately.

To address it, we treat P∆ as delayed rewards and propa-
gate them backward along sampled action paths to estimate
fine-grained action utility. While various metrics (Mesnard
et al. 2021) provide alternative means of estimating action
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importance, we adopt temporal difference learning with eli-
gibility traces (TD(λ)) (Sutton 1988) to learn an action-value
Q(a), capturing the expected long-term credit of each action.

TD-based Credit Assignment. In the action-centric graph
Gm = (V,E), each iteration samples a set of action paths
from a designated start node astart to an end node aend for
downstream credit estimation. Formally, for iteration i =
1, . . . , N , we sample:

τ (i) = (a
(i)
1 , a

(i)
2 , . . . , a

(i)
Ti
) ∼ Spath(astart, aend,Gm), (6)

where each τ (i) is a valid path inGm satisfying (a(i)t , a
(i)
t+1) ∈

E, a(i)1 = astart, a
(i)
Ti

= aend. Here, Spath denotes a uniform
distribution over all valid paths from astart to aend in Gm. For
each path τ = [a0, a1, . . . , aT ], action credits are estimated
using temporal-difference learning with eligibility traces. At
each step t, the reward rt is defined based on empirical
progress deltas. If such records exist, i.e., P∆(at, at+1) ̸= ∅,
a value is uniformly sampled and perturbed with Gaussian
noise:

rt ∼ Uniform(P∆(at, at+1)) +N (0, σ2), (7)
where Uniform(·) denotes a uniform distribution over fi-
nite setP∆(at, at+1). Otherwise, the reward defaults to pure
noise, rt = ϵ, treating the transition as a step without observ-
able progress. For each action at along path τ , the temporal-
difference (TD) error is computed as:

δt = rt + γQ(at+1)−Q(at). (8)
To propagate credit backward, the eligibility trace for the
current action at is incremented, and all actions with nonzero
trace values are updated:

E(at)← E(at) + 1, Q(a)← Q(a) + αδtE(a),

E(a)← γλE(a), ∀a ∈ {a′ | E(a′) > 0}.
(9)

Here, α is the learning rate, γ the discount factor, and λ the
trace decay rate. The eligibility traceE(a) accumulates credit
for recently visited actions, enabling delayed reward signals
to influence earlier decisions across the sampled paths. After
learning, Q(a) values are normalized into a dense credit
distribution:

Q̄(a) =
max(Q(a), 0)∑
a′ max(Q(a′), 0)

, (10)

emphasizing both goal-reaching actions and the intermediate
steps that enable them.

Skill Extraction. For each action node a in the domain
graph, we extract a local skill centered on a using its imme-
diate neighbors and credit scores. We define the antecedent
set as the set of predecessor actions (incoming edges), and
the consequence set as the set of successor actions (outgo-
ing edges). Each action is assigned a normalized credit score
from TD-based propagation, and both sets are ranked ac-
cordingly. As shown in Figure 1 (b), the resulting skill is
formulated as:

Skill(a) = (a,Antecedents(a),Consequences(a)) , (11)
where a is the central action, and the ranked context captures
its typical usage patterns. This structure supports context-
aware retrieval of reusable action-centric skills.

take apple from countertop
𝛥𝑝 = 0.33 go to microwave

open microwave

put apple in microwave

heat apple

put apple on countertop𝛥𝑝 = 0.33 𝛥𝑝 = 0.33

𝛥𝑝 = 0

𝛥𝑝 = 0

𝛥𝑝 = 0

Goal: heat some apple and put it on countertop. 
(a) take apple. (b) heat it. (c) put it on countertop.

Figure 2: Sparse P∆(ai, aj) reward only subgoal comple-
tions, omitting intermediate actions.

4.3 Skill-Based In-Context Learning
Building on structured skills extracted via TD-based credit
assignment, we develop a retrieval-augmented prompting
strategy that conditions a frozen LLM on both reusable do-
main knowledge and the agent’s interaction history (Figure 1,
right). The prompt integrates two levels of contextual infor-
mation: (i) a domain-level golden segment—a concise, high-
impact action sequence selected offline to serve as a focused
exemplar; and (ii) step-wise skills—local, action-centric tran-
sitions retrieved based on the most recent action at−1.

Concretely, at each time step t, given a history transition
ht = {(o0, a0), . . . , (ot−1, at−1), ot}, a pretrained seman-
tic retriever processes the recent action at−1 and retrieves
the most relevant action â from the domain graph. The fi-
nal prompt is formed by concatenating the golden segment
from domain m, the retrieved skills Skill(â), and the current
trajectory history, each serialized into natural language. This
composite prompt enables context-aware, credit-guided rea-
soning without requiring any parameter updates to the LLM.
The next action is then sampled autoregressively:

Φ = GoldenSegment(m)⊕ Skill(â),
π(at | ht,Φ) = LLM(at | Prompt(ht,Φ)).

(12)

4.4 Theoretical Analysis
In sequential reasoning tasks, prompts often include both
decision-relevant and irrelevant segments, whereas uninfor-
mative tokens may obscure task-specific signals. Following
the latent task mixture framework of Wies et al. (Wies,
Levine, and Shashua 2023), we study how selecting a fo-
cused subset of high-utility content improves task identifi-
cation. Assume prompts are drawn from a mixture distri-
bution D =

∑
ϕ∈Φ π(ϕ)Pϕ, where ϕ indexes latent tasks,

π(ϕ) is the prior, and Pϕ the task-specific sequence distribu-
tion. Each input xt = (g, ht) includes a goal g and history
ht = {(o0, a0), . . . , ot}, and yt = at is the action. We de-
compose the prompt as p = pfocused ∪ pirrelevant, defined rela-
tive to the ground-truth task ϕ⋆: pfocused := pfocused | ϕ⋆, cap-
turing informative segments, and pirrelevant := pirrelevant | ϕ⋆,
capturing segments with little or misleading task evidence.

Theorem 1 (Task Identifiability). Let p ∼ P⊗k
ϕ⋆ be a

prompt sampled from the true task ϕ⋆ ∈ Φ, and sup-
pose it admits a decomposition p = pfocused ∪ pirrelevant,
where the partition is defined relative to ϕ⋆. Suppose that
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Method Qwen2.5-7B-Instruct Qwen-Turbo GPT-4o-mini
GR PR SR AUPC GR PR SR AUPC GR PR SR AUPC

0-shot 10.5 6.0 0.8 0.027 56.3 32.2 9.7 0.212 73.7 26.8 1.5 0.184
1-shot 28.1 16.0 2.2 0.095 63.9 55.3 36.5 0.380 77.3 43.3 10.5 0.292
Leap 27.7 21.2 5.2 0.125 66.3 55.6 37.3 0.386 78.6 50.8 11.2 0.348

Synapse (1-shot) 61.5 41.6 17.1 0.278 74.9 54.7 35.8 0.379 76.3 48.8 14.8 0.340
Synapse (3-shot) 71.4 44.8 19.4 0.302 78.4 60.6 47.0 0.421 77.4 52.9 17.8 0.360

Trad 65.4 44.2 22.4 0.296 65.5 54.8 35.8 0.372 79.1 49.1 16.4 0.341
SkillGen (ours) 84.9 68.0 55.2 0.464 85.9 67.6 53.8 0.460 83.6 55.1 29.8 0.369

Table 2: Grounding Rate [%] (↑), Progress Rate [%] (↑), Success Rate [%] (↑), and AUPC [0, 1] (↑) on ALFWorld. The best
method for each LLM is in bold; the second-best method is underlined.

Method Qwen2.5-7B-Instruct Qwen-Turbo GPT-4o-mini
GR PR SR AUPC GR PR SR AUPC GR PR SR AUPC

0-shot 31.8 21.8 7.1 0.037 50.2 32.7 19.6 0.092 55.3 34.2 22.3 0.129
1-shot 59.2 36.5 18.8 0.112 61.4 37.2 16.3 0.076 76.6 42.6 28.6 0.154
Leap 66.6 46.3 27.7 0.151 68.4 52.9 38.4 0.206 73.1 43.8 29.4 0.170

Synapse (1-shot) 67.2 39.4 21.4 0.153 65.0 55.8 45.5 0.242 86.5 44.9 33.9 0.169
Synapse (3-shot) 78.6 44.6 28.6 0.163 62.1 50.8 38.4 0.191 92.8 49.5 38.4 0.188

Trad 68.2 36.9 19.7 0.115 64.9 46.9 34.8 0.157 87.3 40.9 30.4 0.126
SkillGen (ours) 66.7 50.0 31.2 0.158 73.9 59.4 45.5 0.254 89.5 57.6 41.1 0.248

Table 3: Grounding Rate [%] (↑), Progress Rate [%] (↑), Success Rate [%] (↑), and AUPC [0, 1] (↑) on BabyAI. The best method
for each LLM is in bold; the second-best method is underlined.

Method Qwen2.5-7B-Instruct Qwen-Turbo GPT-4o-mini
GR PR SR AUPC GR PR SR AUPC GR PR SR AUPC

0-shot 10.8 27.1 9.0 0.136 28.8 19.3 4.4 0.113 34.3 44.3 7.7 0.206
1-shot 9.6 19.1 5.5 0.108 11.8 19.1 7.7 0.111 34.3 46.8 18.8 0.294
Leap 8.5 25.8 11.1 0.155 4.4 21.8 6.6 0.124 11.4 51.7 21.1 0.330

Synapse (1-shot) 8.6 15.4 4.4 0.090 5.4 16.0 3.3 0.106 14.0 52.8 25.6 0.334
Synapse (3-shot) 6.0 15.3 5.5 0.086 7.2 24.0 10.1 0.155 15.5 60.0 32.4 0.390

Trad 7.3 21.1 4.4 0.135 7.1 29.3 8.8 0.180 16.9 61.4 29.0 0.375
SkillGen (ours) 16.1 46.7 23.4 0.298 13.3 37.7 11.1 0.242 25.3 67.3 40.2 0.442

Table 4: Grounding Rate [%] (↑), Progress Rate [%] (↑), Success Rate [%] (↑), and AUPC [0, 1] (↑) on ScienceWorld. The best
method for each LLM is in bold; the second-best method is underlined.

minϕ̸=ϕ⋆ KL(Pϕ⋆(p)∥Pϕ(p)) > 8 log
(

1
c1·c2

)
. Then, there

exists a sample complexity threshold m̃D : (0, 1)2 → N such
that for any ϵ, δ > 0, if the number of in-context examples
k ≥ m̃D(ϵ, δ), the following holds with probability at least
1− δ over the sampling of p:

∀ϕ ̸= ϕ⋆,
Pϕ(pfocused)

Pϕ⋆(pfocused)
≤ Pϕ(p)

Pϕ⋆(p)
< ϵ. (13)

This result suggests that removing irrelevant segments
sharpens the contrast between tasks, leading to a more task-
aligned prompt with reduced ambiguity.

5 Experimental Setup
Datasets. We conduct experiments on three sequential
decision-making datasets: ALFWorld (Shridhar et al. 2021),
BabyAI (Chevalier-Boisvert et al. 2019), and Science-
World (Wang et al. 2022). These benchmarks span house-
hold tasks, grid-based navigation, and scientific reasoning,
requiring agents to perform multi-turn interactions to achieve

final goals. They cover diverse domains and increase in com-
plexity—from ALFWorld to ScienceWorld. We employ four-
fold cross-validation, and report results averaged over all
folds. Based on the subgoal annotations provided by Agent-
Board (Chang et al. 2024), we compute the subgoal achieved
rate to quantify the model’s step-wise progress. Notably, we
use subgoal labels to construct domain graphs but do not rely
on full expert trajectories during training or inference.

Evaluation Metrics. We evaluate all methods using four
metrics: Grounding Rate (GR), measuring action validity in
the current state; Progress Rate (PR), capturing the fraction
of subgoals achieved; Success Rate (SR), indicating full task
completion; and Area Under the Progress Curve (AUPC),
which captures the cumulative task progress over time.

Baselines. We consider the following baselines: 0-shot
asks the agent to perform the task without any in-context ex-
amples. 1-shot provides a single demonstration trajectory as
example. Leap (Zhang et al. 2024b) enables the agent to self-
revise by identifying and learning from mistakes in provided
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Figure 3: Ablation study of SkillGen on ALFWorld. Bars represent PR, ♢ markers indicate SR.
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Figure 4: Ablation study of SkillGen on ScienceWorld. Bars represent PR, ♢ markers indicate SR.

examples. Synapse (Zheng et al. 2024) retrieves and prompts
entire expert trajectories from memory based on task meta-
data. Trad (Zhou et al. 2024a) guides inference by retrieving
observation-action pairs from past interaction history. All
baselines are built on the Act prompting framework (Yao
et al. 2023), chosen for its simplicity and broad compatibil-
ity with instruction-following LLMs. To reduce foundation
model bias, we evaluate all baselines using three models:
Qwen2.5-7B-Instruct (Yang et al. 2024), Qwen-Turbo (Yang
et al. 2024), and GPT-4o-mini (Hurst et al. 2024).

6 Evaluation Results
6.1 Main Results
ALFWorld. Table 2 presents the comparison of prompt-
ing strategies on ALFWorld. While SkillGen achieves the
highest GR across all models, the most notable gains appear
in PR and SR. On Qwen2.5-7B-Instruct, SkillGen achieves
a PR of 68.0 and an SR of 55.2, substantially outperform-
ing the strongest baseline, Synapse (3-shot), which achieves
44.8 (PR) and 19.4 (SR). On Qwen-Turbo, SkillGen reaches
67.6 (PR) and 53.8 (SR), surpassing the second-best Synapse

(3-shot) with 60.6 and 47.0, respectively. Similar trends are
observed on GPT-4o-mini, where SkillGen boosts SR from
17.8 to 29.8, again outperforming all alternatives. SkillGen
outperforms Synapse and Trad by providing more reusable
skills, yielding denser step-wise progress, higher subgoal
completion, and the best AUPC for efficient task execution.

BabyAI. Table 3 shows that SkillGen achieves the highest
PR scores across all models—reaching 59.4 on Qwen-Turbo
and 57.6 on GPT-4o-mini. For SR, SkillGen shows signif-
icant improvements: a +7.0% gain on GPT-4o-mini (41.1
vs. 38.4). On Qwen2.5-7B-Instruct, SkillGen achieves 50.0
(PR) and 31.2 (SR), outperforming Synapse (3-shot) at 44.6
and 28.6, respectively. Compared to Leap and Trad, Skill-
Gen achieves higher PR and SR—for example, +10.7 SR
over Trad on GPT-4o-mini—highlighting the advantage of
structured skill prompting. These results demonstrate that
SkillGen outperforms both insight-summary and trajectory-
retrieval baselines in spatially constrained environments.

ScienceWorld. In Table 4, SkillGen achieves a PR of
67.3 and an SR of 40.2 on GPT-4o-mini—a +7.8% improve-
ment in SR over the strongest baseline, Synapse (3-shot), and
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Figure 5: Sensitivity analysis of SkillGen with respect to the number of sampled trajectories per task for training set.

+11.2% over Trad—while also attaining the highest AUPC
of 0.442. On Qwen-Turbo, the best baseline is Trad with 29.3
(PR) and 8.8 (SR), while SkillGen improves these to 37.7
and 11.1. Notably, naive baselines such as 0-shot show in-
flated GR scores by repeatedly issuing generic queries like
"check valid action", which fail to make substantive progress.
SkillGen consistently leads in AUPC, highlighting its effi-
ciency in making steady progress. These results demonstrate
that SkillGen ’s structured prompting enables more goal-
directed reasoning and higher task success.

6.2 Ablation Study
Effect of Golden Segment. To validate the effectiveness
of focused prompting, we compare three strategies: (i) Fixed
Demo+Skills, which uses a static, full demonstration aug-
mented with skills; (ii) Retrieved Demo+Skills, which re-
trieves a relevant full trajectory from the training set. In Fig-
ure 3 (a) and 4 (a), SkillGen consistently outperforms the
other two strategies across all tasks and model backbones.
The largest gain is observed on ALFWorld with Qwen-Turbo,
where SkillGen improves SR by +17.2% over Fixed and
+3.7% over Retrieved. These results demonstrate that fo-
cused, high-impact segments lead to more effective decision-
making by eliminating irrelevant context.

Effect of Step-wise Skills. To evaluate granular prompt-
ing, we compare SkillGen w/o skills and SkillGen w/o step-
wise retrieval. As shown in Fig. 3(b) and 4(b), SkillGen per-
forms best across all settings, improving SR over w/o skills by
+8.1% (ALFWorld) and +4.5% (ScienceWorld). Step-wise
retrieval provides further gains (+3.0% and +5.7%), while
naive skill injection yields limited improvement, indicating
that skill effectiveness depends on contextual relevance.

Effect of TD-based Credit Assignment. To assess the ef-
fect of TD-based credit assignment, we compare three step-
wise retrieval methods: (i) Trajectory Retrieval (i.e., Trad),
which retrieves step-wise observation–action pairs; (ii) Seg-
ment Retrieval, which retrieves action-only segments with-
out applying credit assignment, using the original sparse
progress signal. In Figure 3 (c) and 4 (c), SkillGen con-
sistently achieves the highest performance, followed by Seg-
ment Retrieval with moderate gains. In ALFWorld, Skill-
Gen achieves a SR of 55.2 (Qwen2.5-7B-Instruct), outper-
forming Segment Retrieval by +12.8 SR. On the more com-

Dataset Qwen2.5-7B Qwen-Turbo GPT-4o-mini
PR SR PR SR PR SR

ALFWorld 63.2 50.1 64.6 52.2 32.9 14.2
BabyAI 43.2 32.1 50.5 36.6 56.8 41.1

ScienceWorld 29.1 18.9 27.7 10.0 56.2 32.4

Table 5: Results of SkillGen w/o subgoal annotations.

positional ScienceWorld, SkillGen yields substantial gains,
achieving a SR of 40.2 on GPT-4o-mini—a 16.8% increase
over Segment Retrieval.

Effect of Subgoal Annotations. Table 5 shows that sub-
goal supervision mainly benefits complex tasks, improving
ScienceWorld SR from 32.4% to 40.2% (GPT-4o-mini).
Even without subgoal labels, SkillGen surpasses strong
baselines, raising ALFWorld SR from 19.4% (Synapse 3-
shot) to 50.1% with Qwen2.5-7B-Instruct, indicating robust
interaction-driven skill learning.

Sampling Scale. We vary the number of sampled trajec-
tories to test robustness. As shown in Fig. 5, performance
is stable across settings. Even the smallest configuration
(sampling=3) achieves strong SR (53.7% on ALFWorld with
Qwen2.5-7B-Instruct). Increasing to sampling=6 gives small
gains, while larger values (9,12) add noise and can slightly
reduce performance. This shows that a small, diverse trajec-
tory set is sufficient for effective skill extraction.

7 Conclusion
In this study, we explore how to improve in-context learn-
ing for sequential decision-making by tackling three key
challenges: maintaining decision focus, offering granular
guidance, and reducing dependence on expert supervision.
To address these issues, we propose SkillGen, a skill-
aware prompting framework that leverages structured knowl-
edge and weak supervision to enable fine-grained, context-
sensitive reasoning. Our theoretical analysis highlights how
decision-critical content supports task identifiability, moti-
vating more principled prompt design. Experiments on ALF-
World, BabyAI, and ScienceWorld show consistent gains
without expert demonstrations, highlighting SkillGen as a
promising direction for improving generalization, efficiency,
and coherence in LLM-based decision-making.
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