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Abstract

Agent skills are callable procedural modules
that provide reusable knowledge and execution
policies for complex agentic tasks. However,
existing methods mainly focus on selecting
relevant skills or improving the skills them-
selves, while overlooking whether a relevant
skill should actually be invoked at the current
decision point. Unhelpful invocations may in-
troduce irrelevant context and disrupt an other-
wise correct execution process. To address this
issue, we propose SelSkill, a dual-granularity
preference-learning framework for selective
skill invocation. SelSkill formulates skill use
as a skill-or-skip decision, uses predictive un-
certainty to prioritize candidate decision points,
and constructs controlled invoke-skip prefer-
ence pairs from shared trajectory prefixes. It
further combines episode-level outcome prefer-
ences with step-level invocation preferences to
capture both overall trajectory quality and the
local effectiveness of skill invocation. On ALF-
World with Qwen3-8B, SelSkill improves task
success by 10.9 points over the skill-enabled
baseline and 7.8 over No-Skill, with 29.1-
point higher execution precision. On BFCL,
task success and execution precision improve
by 5.7 and 29.5 points, respectively. Zero-
shot results on Tau-bench and PopQA suggest
partial transfer to unseen domains and skills.
Code: https://github.com/ChenChiShui/
selective-skill-invocation.

1 Introduction

As agent systems are increasingly applied to long-
horizon, highly interactive tasks, relying on the
model to plan and execute from scratch at each
step can underuse prior experience and lead to inef-
ficient exploration (Wang et al., 2025b). In this con-
text, agent skills have received growing attention
in settings such as web interaction and software
“Equal contribution.

Corresponding author.
Work done during an internship at Meituan.

Yangen Hu?
?Meituan LongCat Interaction Team

2+ Te Sun®**  Yi Yang>**

LuPan’ Ke Zeng?

3Shanghai Jiao Tong University
SPeking University
jiaye.lin22@gmail.com

engineering (Wang et al., 2025a; Ling et al., 2026;
Li et al., 2026). As callable procedural modules,
agent skills encapsulate domain knowledge, appli-
cability conditions, and reusable execution policies,
providing agents with reusable support for complex
task solving (Jiang et al., 2026; Wang et al., 2026).

Existing methods mainly focus on either iden-
tifying useful skills or improving their construc-
tion and use. Some retrieve relevant skills from a
library based on the current task context (Zheng
et al., 2026; Su et al., 2026), while others construct
or refine skills from external knowledge and in-
teraction trajectories, sometimes integrating them
into agent policy optimization (Xia et al., 2026; Tu
et al., 2026). However, these methods largely as-
sume that relevant skills should be invoked, while
overlooking a more fundamental question: even
if a skill is relevant, should the agent actually in-
voke it at the current decision point? During task
execution, unhelpful invocations may introduce ir-
relevant context, thereby disrupting an otherwise
correct execution process. Through our analysis,
we reveal two important characteristics of skills
during task execution:

(I) Highly Concentrated Skill Benefits. Fig-
ures 1(a)—(b) show that effective skill use does not
mean invoking a skill whenever it appears rele-
vant. The case study in Figure 1(a) illustrates that
a seemingly relevant skill call can still produce
an unnecessarily broad and suboptimal response.
Across multiple benchmarks, the counterfactual
results in Figure 1(b) show that enabling skill ac-
cess improves the final outcome in only about 14%
of paired trajectories, has no clear effect in about
78% , and worsens the outcome in about 8% . Fur-
ther analysis shows that harmful invocations are
often semantically close to effective skill uses in
the same context. Thus, the value of a skill is
concentrated in a narrow set of states, requiring
precise invocation rather than calling skills when-
ever they appear relevant.
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Figure 1: Motivation for selective skill invocation. (a) A representative skill-or-skip case illustrates that a relevant

skill may still be unnecessary for the current request.

(b) Counterfactual analysis shows that beneficial effects

of skill access are concentrated in only a small fraction of paired trajectories. (¢) Episode-level feedback cannot
directly identify the local contribution of each invocation.

(II) Trajectory-Level Ambiguity. Figure 1(c)
suggests that episode-level feedback alone makes
it difficult to determine the effect of an individual
skill invocation. For example, a skill call may help
complete the task, act as an unhelpful step, or have
its negative effect corrected by later actions. The
final outcome does not reliably indicate whether
invoking a skill was helpful at the current decision
point. This makes it insufficient to learn skill in-
vocation only from episode-level feedback or to
address this problem with simple retrieval-based
rules. Thus, the effect of a skill invocation should
be assessed at the decision-point level.

Therefore, learning an effective skill invocation
policy requires accounting for both the concen-
trated benefits of skill use and the ambiguity of
trajectory-level feedback. This calls for learning
signals that capture not only the overall utility of
skill use for task completion, but also the local
effectiveness of invoking a skill at a specific de-

cision point. To this end, we propose SelSKkill, a
preference-learning framework for selective skill
invocation. SelSkill uses the model’s predictive
uncertainty to guide the selection of candidate skill-
decision points, and constructs contrastive training
pairs by comparing skill invocation with skipping
at these points. Furthermore, SelSkill combines
episode-level outcome preferences with step-level
invocation preferences, enabling the agent to more
accurately determine when to invoke a skill and
when to skip it. In summary, the main contribu-
tions of this paper are as follows:

» Systematic Analysis. We provide a detailed
analysis of the limitations of existing skill in-
vocation methods and formulate selective skill
invocation as a skill-or-skip problem at each deci-
sion point, determining whether the agent should
invoke a skill under the current state.

* Novel Optimization Framework. We propose
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SelSKkill, a preference-learning framework for
selective skill invocation, which optimizes the
skill invocation policy by constructing invoke—
skip contrastive pairs and combining episode-
level and step-level preferences.

e Strong Empirical Results. On ALFWorld, Sel-
Skill improves task success by 10.9 points over
the skill-enabled baseline and 7.8 points over
No-Skill, while improving execution precision
by 29.1 points. On BFCL, it improves task suc-
cess and execution precision by 5.7 and 29.5
points, respectively.

2 Related Work

2.1 From Tools and Experience to Skills

Language agents often use external tools and past
experience to extend the base model. Prior work
studies API invocation, function selection, and ar-
gument generation (Schick et al., 2023; Patil et al.,
2024). Later work abstracts tool chains or inter-
action traces into reusable procedural representa-
tions (Chen et al., 2026). Building on these abstrac-
tions, skills provide a compact form of reusable
experience while retaining part of the executability
of tools. They package domain knowledge, ap-
plicability conditions, and executable or textual
procedures (Jiang et al., 2026; Ling et al., 2026).
They can also be organized into structured libraries
to support retrieval and controlled injection during
agent execution (Wang et al., 2026).

2.2 SKkill Integration and Optimization

Existing skill-based agent methods mainly utilize
skills in three ways. First, routing-based methods
address skill selection in large libraries by match-
ing the current context to a small set of candidate
skills using routers, retrievers, or graph-based rep-
resentations (Zheng et al., 2026; Liang et al., 2026;
Liu et al., 2026). Second, skill-library manage-
ment methods maintain and expand the library by
adding, revising, or pruning skills based on envi-
ronment interaction (Yang et al., 2026; Ni et al.,
2026; Mi et al., 2026; Ouyang et al., 2026). Third,
building on dynamically maintained skill or expe-
rience libraries, reinforcement-learning methods
use retrieved reusable knowledge to guide explo-
ration and provide behavior priors during policy
optimization (Xia et al., 2026; Tu et al., 2026; Lu
et al., 2026; Shi et al., 2026). However, existing
work mainly studies how to obtain, maintain, or
use skills, while a relevant skill may still be un-

necessary or harmful at a specific decision point, a
concern also noted in recent analyses of skill-based
agents (Li et al., 2026; Su et al., 2026).

2.3 Selectivity in Related Agent Settings

Related studies have identified selectivity as a con-
cern in agents that access external resources. In
tool-augmented agents, models may invoke tools
when they are not helpful or fail to use tool results
effectively (Chen et al., 2025; Xu et al., 2025; Ross
et al., 2025). In memory-augmented agents, re-
trieved experience may not match the current task
context (Xiong et al., 2025). Concurrent work fur-
ther learns proactive retrieval over an evolving ex-
perience base through paired retrieval/no-retrieval
rollouts (Cai et al., 2026). These studies collec-
tively suggest that external assistance should not
be used indiscriminately in practice.

3 Preliminary

We consider an agent that performs tasks in a multi-
step environment. At step ¢, the agent conditions
on a trajectory prefix h; and generates an action
at. The prefix h; may include the task instruction,
interaction history, environment observations, and
previously returned tool or skill outputs.

In addition to ordinary actions, the agent has ac-
cess to a fixed skill library S. Each skill s € S
is a callable procedural module with lightweight
metadata mg and full skill content ¢;. The meta-
data includes the skill name and a short description,
while the full content contains reusable knowledge,
constraints, procedures, or action policies. We de-
note the visible metadata of the skill library as
Ms = {ms : s € §}. At decision time, the agent
policy is written as mg(a; | hy, Ms), where a; can
be either an ordinary environment action or a skill
invocation. The full skill content ¢, is not injected
into the model context by default; it is loaded or
executed only after the model explicitly invokes
the corresponding skill. Specifically, memory skills
return textual information such as strategy hints
or API documentation, while executable skills en-
capsulate action or tool-call sequences. This paper
does not study how to generate, modify, or improve
the skills themselves. Instead, given a fixed skill li-
brary, we study selective skill invocation: deciding
whether and when a relevant skill should intervene
in a multi-step trajectory.

For each benchmark, the skill library is con-
structed offline from the training split and remains
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Figure 2: The overview of SelSkill. We construct episode-level trajectory preferences and entropy-guided decision-
point preferences, and jointly optimize the policy for selective skill invocation.

fixed throughout training and evaluation; construc-
tion details are provided in Appendix A.

4 Methodology

4.1 Overview

The overview of SelSkill is illustrated in Figure 2.
Our framework constructs two complementary pref-
erence signals, namely episode-level preferences
and local decision-point preferences. These two
signals guide the agent to balance overall task util-
ity with the local effectiveness of skill invocation,
as detailed in the following subsections.

4.2 Preference Construction

Episode-level preferences. Episode-level prefer-
ences provide a global task-outcome signal. For the
same task, we sample multiple complete trajecto-
ries and group them according to final task success.
If one trajectory succeeds and another fails, we
construct a preference pair:

(rF,77), (1

where 71 denotes a successful trajectory and 7~
denotes a failed trajectory. This pair indicates that
the model should prefer the complete behavior se-
quence that solves the task.

This signal constrains the overall downstream
utility of skill invocation. It does not directly deter-
mine whether an individual skill call is necessary,
but it identifies which complete trajectories are ul-
timately more effective.

Local decision-point preferences. A limitation
of episode-level preferences is that they only pro-
vide trajectory-level success or failure feedback,
making it difficult to assign credit to a specific
skill invocation decision. To directly optimize lo-
cal invocation decisions, we further construct local

decision-point preferences. Specifically, for each
rollout, we record token-level log-probabilities dur-
ing generation and compute the predictive entropy
at candidate skill-decision points. These candidate
points cover uncertain states both after skill invo-
cation and during ordinary generation. Given a
trajectory prefix h;, the predictive entropy is de-
fined as:

H(ht) = — ZP&(U | he)logpa(v | he), (2

where v denotes a token in the vocabulary. A higher
entropy indicates greater uncertainty in the model’s
subsequent generation. Motivated by prior findings
that tool interactions can produce high-entropy de-
cision points suitable for targeted branching (Dong
et al., 2025; Chen et al., 2025), we use entropy to
prioritize candidate positions for local invoke/skip
comparison during pair construction.

We further examine this heuristic through an
entropy-fork analysis on ALFWorld (Shridhar et al.,
2021). As a diagnostic analysis, we create in-
voke/skip forks at actual skill-call positions and
compare the token-level entropy of the two paths af-
ter the fork, as shown in Figure 3. The invoke path
with skill injection exhibits higher average token
entropy in subsequent action prediction. This sug-
gests that skill injection often increases the model’s
uncertainty when integrating the returned skill in-
formation into the next actions. We therefore use
predictive entropy as a lightweight signal to priori-
tize candidate branch points that are more likely to
produce informative invoke/skip comparisons.

For each selected skill-decision point (h¢, s), we
construct two continuations: one that invokes skill
s and one that skips it. Both continuations start
from the same prefix h; and differ only in the forced
local decision: invoking skill s or skipping it. We
roll out both branches to the end of the episode
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Figure 3: Token entropy around invoke/skip points.

and assign labels by an outcome-efficiency rule. A
successful continuation is preferred over a failed
one. If both continuations succeed, we prefer the
shorter one, measured by the number of environ-
ment steps after the branch. If both continuations
fail, we discard the branch. This keeps redundant-
but-successful skill calls in the training signal and
encourages the model to skip unnecessary skills.

(Cj)cti | htvs)v (3)

where ¢ and ¢, denote the preferred and dis-
preferred continuations, respectively, under this
outcome-efficiency ordering.

This construction differs from episode-level pair-
ing because the two continuations share the same
history h; and are generated by an explicit in-
voke/skip intervention at the branch point. Thus,
although the label is still evaluated by downstream
outcome and efficiency, the comparison controls
for the pre-branch trajectory and isolates the imme-
diate skill-or-skip choice more directly than pairing
independently sampled complete trajectories.

To focus this signal on the local invoke/skip deci-
sion, we compute the DPO loss only within a local
window after the branching point. Specifically, we
apply a local loss mask Mt(”) to the continuation
and keep only the next n assistant turns after the
branch for local DPO. This makes the gradients
more directly target the short-term consequences
of the invoke/skip decision rather than the entire
continuation of each branch.

Local decision-point preferences concentrate the
learning signal around specific invoke/skip deci-
sions, while episode-level preferences provide full-
trajectory constraints.

4.3 Preference Optimization

We optimize the constructed preference data using
Direct Preference Optimization (DPO) (Rafailov

et al., 2023). For a conditioning input z and an
output y, we define rg(z,y) = logmg(y | z) —
log et (y | 2), where 7y is the trainable model and
Tref 18 the reference model. Given a preference pair
(y™,y ™), the DPO loss is

Lppo = _E(z,y"',y_)N’D |:10g o (BTH(Za y+)

“)
~Bro(z,y7))];
where [ is the DPO temperature.

We merge episode-level preference pairs and lo-
cal decision-point preference pairs into the training
data and optimize them with the same DPO objec-
tive. For episode-level pairs, z is the task context,
while y T and 5~ are the successful and failed tra-
jectories. For local pairs, the model is conditioned
on the pre-branch history h; and the full skill meta-
data list, while s only identifies the candidate skill
used to create the forced invoke/skip fork. The
paired continuations (y*,y~) are then ordered by
the outcome-efficiency rule. During optimization,
Mt(n) masks out tokens outside the first n assistant
turns after the branch, so local DPO trains only on
the selected assistant-generated tokens.

5 Experiments

5.1 Experimental Setup

Benchmarks. We evaluate SelSkill on four
benchmarks. ALFWorld (Shridhar et al., 2021)
evaluates multi-step embodied decision making,
and BFCL (Patil et al., 2025) evaluates multi-turn
function calling. We further use PopQA (Mallen
et al., 2023) and Tau-bench (Yao et al., 2024) to
evaluate out-of-domain transfer.

Backbones. We use models with basic task-
solving ability and valid skill-call formats, allowing
SelSkill to focus on selective invocation. For ALF-
World, since raw models are unstable in environ-
ment interaction, we train no-skill Qwen3-4B/8B
(Yang et al., 2025) policies with GRPO (Shao et al.,
2024) as RL-Init, and enable skills afterward. For
BFCL, we use Qwen3-14B as Base, which already
supports reliable function-style skill calls through
prompting without additional RL initialization. We
follow standard benchmark-specific evaluation pro-
tocols and configurations. Details are provided in
Appendix G.

Baselines. We compare SelSkill with No-
Skill, skill-enabled baselines without selective-
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invocation training (RL-Init w/ Skill for ALF-
World and Base w/ Skill for BFCL), and signal
ablations (Episode only, Entropy-local only, and
Skill-call-local only). For out-of-domain evalua-
tion, we compare No-Skill with +Skill, which en-
ables target-benchmark skills without additional
training. Appendix D reports additional engineer-
ing and adapted selective-invocation baselines.

Metrics. We report the following metrics. SR
measures the task success rate. Exec. Prec. mea-
sures whether a skill invocation is valid and suc-
cessfully completed. It is the fraction of attempted
invocations that are valid and successfully com-
pleted. Invalid, malformed, and execution-error
calls count as failures. For executable skills, this
means the skill can interact with the environment
without execution errors caused by unmet precon-
ditions, invalid arguments, or malformed calls; for
memory skills, this means the call returns valid
content for subsequent generation. SR @Invoke
and SR @Skip report success rates conditioned on
whether an episode invokes at least one skill. Their
changes provide an indirect view of how selectively
the model invokes skills across different trajectory
states. We additionally report Skill/ep as an indica-
tor of invocation frequency and Avg. Steps as an
indicator of trajectory efficiency.

5.2 Main Results

Performance on ALFWorld. Table 1 reports the
main results on ALFWorld. The experimental re-
sults can be summarized in three points:

(i) Necessity of selective invocation. Simply
enabling skills on RL-Init does not lead to consis-
tent performance gains: it improves task success
in some settings but degrades it in others. This
inconsistency suggests that the model cannot yet
reliably determine when and how to invoke skills.

(ii) Improved invocation reliability. Compared
with skill-enabled initialization, SelSkill substan-
tially improves execution precision and shortens
trajectories overall. For Qwen3-8B, Exec. Prec. in-
creases from 70.9% to 100.0%, while Avg. Steps
decreases from 24.0 to 16.9 by Round3.

(iii) A narrow but reliable invocation bound-
ary. For Qwen3-8B, SelSkill Round3 achieves
97.0% SR @Invoke while reducing Skill/ep from
2.55 to 0.44, suggesting that the model learns
a more selective and reliable invocation policy.
Qwen3-4B likewise improves SR and SR@Invoke,
while keeping its invocation frequency close to the

skill-enabled initialization.

Performance on BFCL. Table 1 also reports the
main results on BFCL. The experimental results
can be summarized in three points:

(i) Incremental value of skill access. Enabling
skills improves SR from 14.1% to 18.5%, showing
that skills can provide additional value in multi-
turn function-calling tasks, while leaving room for
learning more reliable invocation behavior.

(ii) Execution precision as a key bottleneck.
Base w/ SKkill achieves only 44.0% Exec. Prec.,
indicating that many skill calls are not validly and
successfully executed.

(iii) Higher-quality invocation. Compared with
Base w/ Skill, SelSkill Round2 improves SR from
18.5% to 24.2% and Exec. Prec. from 44.0% to
73.5%, while reducing Avg. Steps from 18.2 to
14.2. Notably, Skill/ep increases from 0.73 to 1.01
rather than decreasing. This suggests that SelSkill
does not simply suppress skill use; instead, it en-
ables more reliable invocations, higher task suc-
cess, and shorter trajectories. Appendix D provides
a concise BFCL failure breakdown.

5.3 Ablation Study

We conduct ablation experiments on ALFWorld
with Qwen3-8B to examine the contributions of dif-
ferent preference signals. All variants use the same
one-round training setting as SelSkill Round1. Sel-
Skill combines episode-level preferences, which
compare successful and failed trajectories, with
entropy-guided step-level preferences, which su-
pervise local invoke/skip decisions. The loss-mask
parameter n controls how many post-branch as-
sistant turns are included in the local training ob-
jective. Table 2 reports the results, which can be
summarized in three points:

(i) Episode-level supervision is insufficient.
Episode only, which corresponds to standard DPO
using only episode-level preference pairs, achieves
75.0% SR and 75.4% Exec. Prec. This suggests that
trajectory-level preference learning alone cannot
reliably supervise local skill invocation decisions.

(ii) Local supervision alone is unbalanced.
Entropy-local only achieves relatively high
Exec. Prec. but low SR, while Skill-call-local only
improves SR to 80.5% but reduces Exec. Prec. to
41.7% with 4.29 Skill/ep. This indicates that lo-
cal supervision alone may improve one aspect of
invocation behavior while sacrificing others.

(iii) Mixed signals achieve the best balance.
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Method SR (1) Exec.Prec. (1) SR@Invoke () SR@SKkip (1) Skill/ep Avg. Steps ({)
ALFWorld benchmark

Qwen3-4B (No-Skill) 66.4 — — — — 26.2
+RL-Init w/ Skill 69.5 87.8 81.4 63.5 0.58 23.8
+SelSkill Round1 73.4 81.6 86.8 64.0 0.68 21.5
+SelSkill Round2 71.3 96.0 92.6 66.2 0.59 21.3

Qwen3-8B (No-Skill) 78.9 — — — — 22.3
+RL-Init w/ Skill 75.8 70.9 73.7 78.8 2.55 24.0
+SelSkill Round1 82.8 94.1 90.7 78.8 0.66 19.7
+SelSkill Round2 85.9 96.6 91.4 83.9 0.46 16.3
+SelSkill Round3 86.7 100.0 97.0 83.2 0.44 16.9

BFCL benchmark

Qwen3-14B (No-Skill)  14.1 — — — — 24.2
+Base w/ Skill 18.5 44.0 134 22.8 0.73 18.2
+SelSkill Round1 22.6 69.7 14.8 30.8 0.92 14.1
+SelSkill Round2 24.2 73.5 18.2 324 1.01 14.2

Table 1: Performance comparison of different baselines on ALFWorld and BFCL benchmarks.

denotes

our methods. For each backbone, the best results are highlighted in bold.

Setting SR (1) Skill/ep Exec. Prec. (1)
Episode-level
Episode only
(standard DPO) 75.0 1.30 75.4
Step-level
Entropy-local only 70.3 1.77 81.0
Skill-call-local only 80.5 4.29 41.7
Episode-level + Step-level

SelSkill (n = 1) 79.7 0.80 91.2
SelSkill (n = 3) 82.8 0.66 94.1

SelSkill (n = all) 82.0 0.72 92.6

Table 2: Ablation study on ALFWorld benchmark
using Qwen3-8B. denotes mixed-signal training,
and n denotes the number of post-branch assistant turns
covered by the loss mask.

SelSkill with n = 3 achieves the highest SR of
82.8% and Exec. Prec. of 94.1%, with 0.66 Skill/ep.
These results show that combining episode-level
and step-level preferences improves both task suc-
cess and invocation quality, rather than relying on
more frequent skill calls.

5.4 Out-of-Domain Generalization

A key question is whether the selective invocation
ability learned on BFCL can generalize to new
domains with previously unseen skills. We evalu-
ate BFCL SelSkill Round? in a zero-shot manner
on two OOD benchmarks that are not seen during
training. PopQA uses Wikipedia retrieval skills
for knowledge-intensive question answering, while
Tau-bench evaluates multi-turn service-oriented
agent tasks with benchmark-specific skills and a
GPT-4.1 user simulator. Tables 3 and 4 report the

results on PopQA and Tau-bench, respectively. The
results can be summarized in three points:

(i) Partial transfer across domains and un-
seen skills. Neither benchmark uses the BFCL
skills available during training, so this evaluation
tests the transfer of invocation judgment rather than
memorization of specific skill knowledge. On both
OOD benchmarks, enabling benchmark-specific
skills improves performance over the no-skill base-
line, showing that the newly provided skills are
useful in their target domains. SelSkill further im-
proves over +Skill on both benchmarks, suggesting
partial transfer of its invocation criterion.

(ii) Selective retrieval on PopQA. In this set-
ting, Skill Rate denotes the percentage of examples
where the model invokes a Wikipedia retrieval skill.
Since PopQA is single-turn, Skill Rate is equiva-
lent to Skill/ep. We use entity popularity as a rough
proxy for how likely the answer is to be covered by
the model’s parametric knowledge: high-popularity
entities are more likely to be internalized by the
model, while mid- and low-popularity entities typi-
cally require external retrieval more often. Table 3
shows that SelSkill improves EM across all popu-
larity groups while reducing Skill Rate in an intu-
itive way. For high-popularity entities, Skill Rate
drops substantially from 78% to 57%, while EM
improves from 58.4 to 60.2. In contrast, for mid-
and low-popularity entities, SelSkill only slightly
reduces Skill Rate, from 93% and 94% to 87%,
while improving EM from 62.0/62.7 to 63.9/64.5.
This indicates that SelSkill does not simply sup-
press skill use; instead, it tends to preserve retrieval
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High-pop Mid-pop Low-pop
Method Overall EM (1)
EM (1) Skill Rate EM (1) Skill Rate EM (1) Skill Rate
Base 20.1 422 — 8.4 — 9.6 —
+Skill 61.0 58.4 78% 62.0 93% 62.7 94%
SelSkill 62.9 60.2 57% 63.9 87% 64.5 87%

Table 3: OOD transfer on PopQA benchmark.

Method Avg. (1) Air. (1) Ret. (1) SR@Inv./Skip (1)

Base 31.9 220 41.7 —/—
+Skill 39.6 34.0 45.2 41.7/47.8
SelSkill  41.4 34.0 48.7 50.0/ 49.2

Table 4: OOD transfer on Tau-bench. Avg. is mean
pass@1 over airline (Air.) and retail (Ret.) domains.

for examples that likely require external knowledge
and skip unhelpful calls when parametric knowl-
edge is more likely to suffice.

(iiif) More reliable invocation on Tau-bench.
On Tau-bench, we evaluate SelSkill zero-shot with
unseen APIs, policies, and skills. Compared with
+Skill, it improves average pass@1 from 39.6 to
41.4. Both Avg. and SR@Invoke are macro-
averaged across airline and retail; the latter in-
creases from 41.7 to 50.0, indicating that invoked
episodes succeed more often in new settings.

6 Analyses

Gradient localization. To examine whether step-
level preferences provide more localized supervi-
sion for skill invocation, we compare gradient peak
positions between ALFWorld episode-level pairs
from complete trajectories and entropy-guided
step-level pairs branched at high-uncertainty skill-
decision points. For each pair, we align the skill-
call position to 0, record the token position with
the largest gradient norm, and visualize its distribu-
tion using kernel density estimation. The vertical
axis in Figure 4 represents the estimated density of
gradient peak positions.

Figure 4 shows that episode-level preferences
produce more dispersed gradient peaks, whereas
step-level preferences concentrate them around the
skill-call region. This suggests that episode-level
preferences provide broad trajectory-level guid-
ance, while step-level preferences more directly
supervise local invoke/skip decisions. The two sig-
nals thus provide complementary supervision for
selective skill invocation, consistent with the ad-
vantage of mixed-signal training in Table 2.

Episode-level
Step-level

0.035

S S
=) 1=
= &
I3 3

=~ 0.020

Density of gradient peak
o 2
(=] (=]
S &

0.005

0'0094(] -30 -20 -10 0 10 20 30 40 50

Token position relative to skill call

Figure 4: Step-level preferences produce more local-
ized gradient peaks around the skill-call token.

Additional analyses. Appendix B uses counter-
factual comparisons to examine when skill calls
are useful. Skill invocation improves only a small
fraction of trajectories, and harmful calls can still
be semantically plausible. Appendix C examines
episode-level reinforcement learning and finds that
it does not reliably calibrate local invocation deci-
sions. Skill usage remains unstable even when over-
all task success improves. Appendix D compares
SelSkill with engineering and adapted selective-
invocation baselines. These simple alternatives do
not replace selectivity training. Appendix E eval-
uates entropy-guided branching. It selects more
informative local comparisons than random branch-
ing and achieves comparable performance to all-
skill branching at lower sampling cost. Appendix F
tests robustness under injected distractor skills. Sel-
Skill almost never invokes noise skills and shows
only modest degradation with the largest skill list-
ing. Finally, Appendix H presents cases in which
skills are unnecessary, invoked before their precon-
ditions are met, or beneficial when invoked at the
appropriate time.

7 Conclusion

We formulate selective skill invocation as a skill-or-
skip decision and propose SelSkill, which learns se-
lective invocation policies from combined episode-
and step-level preferences. On ALFWorld, Sel-
Skill improves task success by 10.9 points over
the skill-enabled baseline and 7.8 points over No-
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Skill, while improving execution precision by 29.1
points. On BFCL, task success and execution pre-
cision improve by 5.7 and 29.5 points, respectively.
Zero-shot results on PopQA and Tau-bench suggest
partial transfer to unseen domains and skills.

Limitations

This work studies selective skill invocation with a
fixed, offline-constructed skill library, while its con-
struction and evolution are beyond our scope. We
use predictive entropy as a lightweight heuristic for
prioritizing candidate decision points, leaving alter-
native criteria to future work. Our evaluation is lim-
ited to Qwen3 backbones. Finally, our benchmarks
do not fully capture deployments with irreversible
external effects.
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A Skill Library

We study selective skill invocation under a fixed
skill library. All skills are constructed offline before
policy optimization, using only training resources
such as training trajectories, task instructions, API
schemas, and environment documentation. These
skills remain unchanged throughout SelSkill train-
ing and evaluation, and no evaluation examples are
used during skill construction.

For each benchmark, we identify recurring pro-
cedural patterns from training resources and consol-
idate them into reusable callable skills. Each skill
consists of lightweight metadata and full skill con-
tent. The metadata is visible to the model before
invocation and supports the skill-or-skip decision,
while the full content is injected into the context or
executed only after the model explicitly chooses to
invoke the skill.

Skill construction follows two principles. First,
each skill should capture a reusable procedure
that can apply across multiple task instances, such
as checking preconditions, following environment
constraints, retrieving supporting evidence, or ex-
ecuting a common action sequence. It should not
encode an instance-specific solution or a shortcut
tailored to a particular example. Second, skill con-
tent should avoid any evaluation leakage. It must

not contain evaluation answers, evaluation trajec-
tories, target states, case identifiers, or other in-
formation that would allow the model to solve an
evaluation instance by memorization rather than by
deciding when to invoke a fixed skill.

Table 5 shows representative skills from each
benchmark. The entries in the table are summa-
rized and shortened; full skill definitions are pro-
vided in the supplementary materials.

B Counterfactual Skill Benefit

We conduct counterfactual experiments to charac-
terize when skill access actually changes the execu-
tion trajectory. For each benchmark and model, we
deliberately construct a counterfactual pair for the
same task instance: a skill-disabled trajectory and a
skill-enabled trajectory under the same task setting.
We then align the two runs by case ID and compare
whether enabling skills changes the final outcome.
This design compares outcome changes under skill
access on the same case, rather than comparing
different tasks or different sampled instances.

The analysis covers 513 paired runs across
multiple benchmarks and model families: BFCL
and Tau-bench with Qwen3-14B, ALFWorld with
Qwen3-8B, and BFCL with Gemini-2.5-flash-lite.
For BFCL, we use the base and long-context
multi-turn splits and exclude missing-function and
missing-parameter categories, where the required
function or parameter information is unavailable
and skill use is therefore structurally blocked. For
Tau-bench and ALFWorld, we align paired runs by
task ID/trial and game file, respectively.

Table 6 shows that skill benefits are highly con-
centrated. Across 513 paired runs, enabling skills
improves the trajectory in only 13.5% of cases,
harms an otherwise correct trajectory in 8.4%, and
has no clear effect in 78.2%. Thus, skill access is
not uniformly beneficial: most cases either do not
require the skill or cannot be changed by it, while a
smaller but non-negligible set of cases is sensitive
to the invocation decision.

Panel B further examines whether harmful in-
vocations are simply caused by choosing seman-
tically unrelated skills. We compute BM25 and
embedding-based cosine similarity between the
task instruction and the invoked skill metadata,
using ES (Wang et al., 2022) as the embedding
model. Negative cases have similarity scores close
to Positive cases and higher than No-clear-effect,
indicating that harmful invocations are often seman-
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Benchmark Skills Example Before invocation After invocation
ALFWorld 10 (4/6) heat object Use when a task requires a Check object and microwave avail-
heated object. ability, then perform the heating
procedure.
BFCL 18 (10/8) place stock order ~ Use for stock order placement or Check ticker, side, quantity, order
verification. type, and price, while preserving
user-specified limit prices.
Tau-bench airline 11 (4/7) cancel flight Use when a user requests flight Check cancellation eligibility un-
cancellation. der airline policy before calling
the cancellation API.
Tau-bench retail 6(2/4) cancel order Use when a user requests order Check order status, cancellation
cancellation. window, and item eligibility be-
fore calling the cancellation API.
PopQA 4(4/0) lookup person fact Use when uncertain about a per- Retrieve Wikipedia evidence and

son’s biographical attribute.

extract the requested attribute.

Table 5: Representative skills from each benchmark. Skill counts are reported as total (memory / executable).

Entries are summarized and shortened.

Panel A: Counterfactual outcome changes

Outcome BFCL Qwen3 ALFWorld Qwen3 Tau-bench Qwen3 BFCL Gemini Total
(n=124) (n=84) (n =181) (n =124) (n =513)
Positive 21 (16.9%) 9 (10.7%) 34 (18.8%) 5 (4.0%) 69 (13.5%)
Negative 6 (4.8%) 1 (1.2%) 20 (11.0%) 16 (12.9%) 43 (8.4%)
No clear effect 97 (78.2%) 74 (88.1%) 127 (70.2%) 103 (83.1%) 401 (78.2%)
Panel B: Semantic relevance of invoked skills

Outcome BM25 Embedding cosine (ES) Interpretation

Positive 4.58 0.721 Relatively relevant

Negative 4.19 0.719 Relatively relevant

No clear effect  3.62 0.703 Relatively less relevant

Table 6: Counterfactual analysis of skill benefit. Panel A reports outcome changes after enabling skills. Panel
B reports similarity between task instructions and invoked skill metadata, showing that both helpful and harmful

invocations can appear semantically relevant.

tically plausible. The BM25 gap between effective
or harmful invocations and unnecessary invoca-
tions is significant (p = 0.042), while embedding
similarity shows a consistent but non-significant
trend. This suggests that many failures arise after
the model has already selected a plausible skill:
the harder problem is deciding whether the current
state provides the right conditions and timing for
invoking it effectively.

C Episode-Level RL Does Not Reliably
Calibrate Skill Use

We compare two GRPO+KL variants on ALF-
World to examine whether episode-level reward
can learn selective skill invocation. Both variants
start from Qwen3-8B base and use the same train-
ing hyperparameters: learning rate le—6, group

size 8, train batch size 32, mini-batch size 64, KL
coefficient 0.01, maximum 50 steps per episode,
and validation temperature 0.4. GRPO-W/OSKILL
does not receive any skill listing and is trained with
task reward only: +10 for success and —0.1 for
invalid actions. GRPO-W/SKILL receives the skill
listing at every step and uses the same task reward
plus a skill-success bonus of +1.0 whenever a skill
executes without error.

Table 7 shows that episode-level RL improves
task success at some checkpoints, but does not pro-
duce stable skill-use behavior. The advantage of
GRPO-w/SKILL over GRPO-W/OSKILL fluctu-
ates across training, and skill calls per episode do
not converge to a consistent pattern. Episodes with-
out skill calls often achieve higher success rates
than episodes with skill calls, suggesting that the

4676



Step | w/o Skill SR (1) w/Skill SR(t) A | Skillep SR@Invoke(t) SR@SKip (1)
0 19.5 214 +1.9 11.13 20.7 50.0
5 24.2 19.0 -5.2 1.25 24.3 14.3
10 26.6 39.1 +12.5 3.26 30.8 63.6
15 28.9 45.8 +16.9 12.25 33.8 100.0
20 422 54.0 +11.8 1.84 13.5 84.0
25 44.5 66.3 +21.8 2.84 31.7 100.0
30 52.3 48.3 -4.0 0.97 9.8 82.6
35 63.3 63.9 +0.6 3.18 194 97.9
40 79.7 59.3 -20.4 2.45 22.2 100.0

Table 7: Comparison of GRPO+KL Performance on ALFWorld benchmark. All SR values are percentages.
SR @Invoke and SR@ Skip are computed on validation episodes with and without skill calls, respectively.

learned policy still invokes skills in many low-
yield states. This does not mean that skill calls
directly cause failure, since invoked episodes may
be harder or more uncertain. Rather, the result
shows that sparse task reward, even with a sim-
ple skill-success bonus, is too coarse to supervise
the local skill-or-skip decision. The policy can im-
prove final task success while still failing to learn
when a skill should be skipped.

Table 8 illustrates this issue with a representative
ALFWorld trajectory. The model eventually suc-
ceeds, but it invokes heat_object for a task that
only requires placing a tomato on the microwave.
The redundant calls waste steps, introduce precon-
dition errors, and make the trajectory much longer
than necessary. Thus, the final success reward can-
not distinguish a skill that helped from a skill that
the model succeeded despite. This is the credit as-
signment problem at the individual skill-call level.

D Additional Selective-Invocation
Baselines

Engineering baselines. We evaluate whether
simple engineering changes can replace selectiv-
ity training on ALFWorld with Qwen3-8B RL-Init.
Skill-as-Context injects all skill content directly
into the prompt, Conservative Prompt explicitly
discourages unnecessary calls, and Explicit Skip
Option adds a universal skip skill. None improves
over RL-Init w/ Skill, while SelSkill reaches sub-
stantially higher SR with fewer and more reliable
invocations.

Adapted selective-invocation baselines. We
adapt two prior selective-use ideas to our setting
rather than treat them as direct reproductions. Raw-
Logit Gate (Xu et al., 2025) skips skill access
when the no-skill action has low mean token NLL,
while Call-or-Skip Gate (Ross et al., 2025) trains

a same-backbone SFT invoke/skip classifier using
SelSkill’s outcome-efficiency labels. Both improve
execution precision but trail SelSkill in SR and
SR @Invoke at similar Skill/ep.

BFCL failure analysis. Among the remaining
attributable BFCL failures, 7.2% arise from in-
correct skill/function decisions, 40.3% from miss-
ing API/environment knowledge, and 52.5% from
downstream reasoning errors.

E Ablation on Entropy-Guided
Branching

We ablate the branching-point selection strategy
used for local decision-point preference construc-
tion. All conditions use the same base model,
Qwen3-8B RL-Init on ALFWorld, and the same
K = 4 free-sampling procedure. To isolate the
effect of branching-point selection, we match the
final amount of training data to the entropy-guided
setting across all strategies.

Table 10 reports the retained local preference
pairs before final size matching. Random branch-
ing retains many pairs, but only a relatively small
portion of them prefer the invoke continuation.
Entropy-guided branching retains a comparable
number of pairs while yielding a higher invoke-
preferred ratio. All-skill branching has the highest
invoke-preferred ratio, but it retains substantially
fewer pairs per game. This is because it attempts
forks at all skill-invocation positions, while many
of these positions lead the invoke and skip contin-
uations to the same final outcome and therefore
cannot form a clear outcome-efficiency preference.
Thus, trying more branch points does not neces-
sarily produce more valid preference pairs. These
results suggest that entropy-guided selection can
more efficiently identify positions where valid local
invoke/skip comparisons can be constructed.

Table 11 further compares the downstream re-
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RL-Init model: successful trajectory with redundant skill calls
Task: Put some tomato on microwave. Success in 18 steps; optimal 6.

Correct prefix
obtains the tomato.

Redundant invocation
in the microwave.

State-breaking action

go to fridge 1 — open fridge 1 — take tomato 3 from fridge 1. The agent correctly
Skill(heat_object) is invoked and executes, although the task only requires placing the tomato

go to countertop 1 — move tomato 3 to countertop 1. The unnecessary skill invocation

changes the subsequent behavior, and the agent puts down the tomato.

Failed invocations

The model invokes Skill(heat_object) twice more. Both calls fail because the agent is no

longer holding an object, violating the skill precondition.

Recovery

go to countertop 1 — take tomato 3 from countertop 1 — Skill(heat_object) —

move tomato 3 to microwave 1. The task is eventually completed, but only after several

unnecessary steps.

Table 8: Success Despite Redundant Skill Calls. An ALFWorld trajectory where the model succeeds on a
placement-only task despite unnecessary heat_object calls that introduce precondition errors and extra steps.

Method SR (T) Exec.Prec. (1) Skill/lep SR@Invoke () SR@SKkip (1)
No-Skill 78.9 — 0.00 — 78.9
RL-Init w/ Skill 75.8 70.9 2.55 73.7 78.8
Skill-as-Context 71.9 — — — —
Conservative Prompt ~ 71.9 — 1.41 78.0 66.7
Explicit Skip Option ~ 70.3 — 2.34 72.4 67.3
Raw-Logit Gate 71.3 95.9 0.57 68.2 82.1
Call-or-Skip Gate 79.7 95.0 0.55 69.0 82.5
SelSkill Round1 82.8 94.1 0.66 90.7 78.8
SelSkill Round2 85.9 96.6 0.46 91.4 83.9
SelSkill Round3 86.7 100.0 0.44 97.0 83.2

Table 9: Engineering and adapted selective-invocation baselines on ALFWorld with Qwen3-8B. Raw-Logit
Gate and Call-or-Skip Gate are adaptations of prior selective-use formulations rather than direct reproductions.

Strategy Pairs/game({) Inv.-pref. (%)
All-skill 0.18 31.0
Random 0.68 15.7
Entropy 0.57 241

Table 10: Quality of retained local preference pairs
before size matching.

Condition SR (1) Skill/ep Exec. Prec. (1)
RL-Init w/ Skill ~ 75.8 2.55 70.9
All-skill 82.8 0.95 77.0
Random 80.5 0.59 96.1
Entropy-guided  82.8 0.66 94.1

Table 11: Experimental Results on ALFWorld bench-
mark with Different Branching Strategies. All values
except Skill/ep are percentages.

sults after size-matched training. Entropy-guided
branching achieves the same SR as all-skill branch-
ing, while the latter requires roughly three times the
sampling cost. It also yields slightly higher SR than
random branching. This indicates that entropy is
not an exact causal criterion, but it provides useful

guidance for branching-point selection, achieving
training performance close to exhaustive branching
with much lower sampling cost.

F Robustness to Distractor SKkills

We evaluate whether the invocation decisions of
SelSkill Round2 remain robust as the skill listing
expands. Starting from the standard 18-skill BFCL
setting, we inject noise skills to create listings of 28,
38, and 68 skills. The noise skills are synthetically
constructed to cover unrelated domains, such as cal-
endar management, music streaming, e-commerce,
and fitness tracking, with realistic when-to-use
conditions that do not overlap with any BFCL eval-
uation task. They provide no task-relevant informa-
tion and serve only as listing distractors. All other
conditions remain identical to the main experiment.

Table 12 shows that SR remains stable when
the skill listing expands from 18 to 38 skills, and
only drops modestly when the listing is further
expanded to 68 skills. This decline is likely due
to additional context noise from the longer skill
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Skill listing size SR(1) Noise skill calls

18 skills (standard) 242 —

28 skills (+10 noise) 24.2 0/301 (0.0%)
38 skills (+20 noise) 254 5/250 (2.0%)
68 skills (+50 noise) 214 0/263 (0.0%)

Table 12: Robustness of SelSkill Round2 under ex-
panded skill listings.

Setting ALFWorld BFCL
Backbone Qwen3-8B/4B  Qwen3-14B
Mode Thinking-style Non-thinking
Initialization RL-Init Base

Eval decoding Greedy Greedy

Eval metric Task success  Exact match
SelSkill rounds 3 (8B)/2 (4B) 2

Learning rate ~ 1x107° 5%x1076
Max length 4096 12288
Tuning Full-parameter fine-tuning

154 0.1

Optimizer AdamW with cosine schedule
Warmup 0.1

Epochs 3

Local mask n = 3 post-branch assistant turns

Table 13: Model, evaluation, and training settings.

listing, rather than incorrect invocations of the in-
jected noise skills. The model almost never invokes
these noise skills, indicating strong robustness to
irrelevant or low-quality skills. This behavior is
consistent with the skill-or-skip formulation: the
model learns not only to identify potentially rele-
vant skills, but also to skip skills that should not
intervene in the current task state. These results
suggest that SelSkill Round2 remains applicable
under larger and noisier skill libraries.

G Experimental Details

G.1 Benchmark-Specific Setup

ALFWorld. We keep the benchmark’s thinking-
style interaction format, because the agent needs
to reason over environment observations before
producing executable actions. After RL initializa-
tion, skills are enabled through the system prompt,
which contains skill metadata and few-shot skill-
call examples. The full skill body is loaded only
after the model explicitly invokes the correspond-
ing skill. Evaluation uses greedy decoding on a
fixed held-out split.

BFCL. We use Qwen3-14B in non-thinking
mode for BFCL. BFCL contains long multi-turn
function-calling conversations, and enabling think-
ing substantially increases the context length dur-
ing rollout collection and preference training. We

therefore use non-thinking mode to keep the inter-
action within the context budget. Skills are enabled
by adding skill metadata and few-shot examples to
the system prompt. The skill metadata follows the
BFCL tool-calling format and includes the skill-use
condition in the description. Evaluation uses exact
scoring with greedy decoding.

G.2 Preference Pair Collection

Episode-level collection. For episode-level data,
we sample K = 10 complete trajectories or task
outputs for the same input and label them using
the final benchmark outcome. When constructing
episode-level pairs, we remove malformed positive
samples so that the chosen side does not contain
invalid action or call formats.

Local branching collection. For local data, we
first run the current policy and record token-level
log probabilities during generation. For each sam-
pled instance, we form two candidate pools: the
top-3 high-entropy positions following skill invo-
cations and the top-3 high-entropy positions during
ordinary generation. The former captures uncer-
tain states after skill intervention, while the latter
captures uncertain states in ordinary execution. For
each selected branch point, we use interrupted roll-
out with K = 4. Specifically, we use a temporary
intervention prompt only during data collection to
elicit invoke and skip continuations from the same
trajectory prefix at that branch point. Apart from
this local collection prompt, all continuations use
the same original prompt, skill listing, decoding
setting, and evaluation protocol. After the local
invoke/skip choice is made, generation continues
normally under the current policy. During training,
we restore the original prompt so that the chosen
and rejected continuations are conditioned on the
same original prefix.

The resulting continuations are then filtered and
ordered by the outcome-efficiency rule in Section 4.
As with episode-level data, we remove malformed
positive samples from local pairs.

Sampling budget. The rollout hyperparameters
above are chosen based on preliminary runs. We
set episode-level collection to X = 10, and local
collection to two groups of top-3 high-entropy po-
sitions with ' = 4 rollout at each branch point,
so that episode-level and local collection produce
comparable numbers and proportions of valid pref-
erence pairs under a similar rollout-time budget.
This avoids having one type of preference signal
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Setting GRPO Rollout Train Total
ALFWorld 8B 30.0 11.7 2.7 44.4
ALFWorld 4B 27.0 7.8 1.2 36.0
BFCL 14B — 4.6 1.8 6.4

GRPO comparison (without / with skill): 27.0 /64.0 h

Table 14: Wall-clock time (hours) for the main exper-
iments.

dominate the training data and allows the global
outcome signal and the local invoke/skip signal to
be combined more evenly.

G.3 Training Rounds and Loss Masking

We iteratively collect preference data with the pre-
vious round’s model and train the next model only
on that round’s pairs, without accumulating data
across rounds. ALFWorld-8B runs three SelSkill
rounds from RL-Init, while ALFWorld-4B and
BFCL run two rounds.

We stop at these points as valid preference pairs
become sparse. One additional round reduces SR
from 86.7 to 85.2, 77.3 to 73.4, and 24.2 to 22.6,
respectively, consistent with preference-data satu-
ration and overfitting.

For local pairs, we mask environment observa-
tions, skill returns, tool outputs, and tokens outside
the first n = 3 post-branch assistant turns. All
training uses full-parameter fine-tuning with the
hyperparameters in Table 13.

G.4 Compute Cost

All runs use 8 NVIDIA A100 80GB GPUs. Ta-
ble 14 reports wall-clock costs; SelSkill’s addi-
tional cost is offline and requires no counterfactual
branching at inference time.

H Trajectory Analysis

We illustrate three invocation patterns: context pol-
lution from mistimed calls, failures from unmet
preconditions, and successful calls made at an ap-
propriate state.

BFCL context pollution. Table 15 shows that
invoking place_stock_order introduces a live
price that overrides the user’s specified limit price
and derails an otherwise correct BFCL trajectory.

ALFWorld premature call. Table 16 shows a
premature examine_with_light call before the
agent acquires the desk lamp, causing repeated
failures until the step budget is exhausted.

ALFWorld correct call. Table 17 shows a suc-
cessful heat_object call after the egg has been
acquired and the skill precondition is satisfied.
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Turn Without skill (v')

With skill (x)

1 place_order(price=150, amount=100)
— order 12446 v

Skill(place_stock_order)

— get_stock_info(AAPL) — $227.16

— place_order(price=227.16, amount=100)
— insufficient balance x

2 get_order_details(12446)
— correct recent order v

get_order_history()
— old completed order 12345
get_order_details(12345) x

3 cancel_order(12446) v

cancel_order(12345)
— already completed x

4 trading_logout() v

trading_logout() v

Table 15: Context pollution in BFCL. A mistimed skill call introduces an additional live price into the context,
causing the model to override the user-specified limit price and derail subsequent execution.

Without skill (v)

With skill (x)

go to sidetable 1

examine alarmclock 1

go to desk 1

pick up desklamp 1

go to sidetable 1

use desklamp 1 with alarmclock 1
— task complete v

go to sidetable 1

examine alarmclock 1
Skill(examine_with_light, alarmclock 1)
— “Nothing happens.” x
Skill(examine_with_light, alarmclock 1)
— “Nothing happens.” x

go to desk 1
Skill(examine_with_light, alarmclock 1)
— “Nothing happens.” x

repeats failing skill attempts

— step budget exhausted x

Table 16: Premature invocation in ALFWorld. The model invokes examine_with_light before acquiring the

lamp, so the skill precondition is not satisfied.

With skill (v')

Without skill (x)

go to countertop 1

go to countertop 2

go to cabinet 1

go to fridge 1

open fridge 1

take egg 3 from fridge 1
Skill(heat_object)

— go to microwave

— put egg in microwave
— heat egg

— retrieve hot egg

go to fridge 1

move egg 3 to fridge 1
— task complete v/

go to countertop 1

go to countertop 2

go to fridge 1

go to stoveburner 1

go to fridge 1

go to sinkbasin 1

repeats navigation among countertops, stove burners, mi-
crowave, cabinets, sink, coffeemachine, and garbage can
go to microwave 1

visits microwave but never executes the heat sequence
— step budget exhausted x

Table 17: Correct invocation in ALFWorld. For a task requiring a heated egg, SelSkill invokes heat_object only
after the egg has been picked up, when the skill precondition is satisfied.
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