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Abstract

Long-horizon LLM agents often fail from pro-
cedural errors such as forgetting constraints,
misordering tool calls, or stopping prematurely.
Because these slips are unpredictable, the same
agent can succeed on one run and fail on an
identical task later. The resulting execution tra-
jectories contain rich signals about which pro-
cedural choices lead to success or failure, yet
existing approaches that extract reusable guid-
ance from agent trajectories either introduce
noise through imprecise distillation or depend
on external retrievers for deployment. We pro-
pose SkillForge, a training-free framework that
rethinks both the construction and deployment
of procedural guidance: it pairs successful and
failed attempts on the same task to identify crit-
ical procedural choices, consolidates and filters
candidate guidance to remove low-quality en-
tries, and loads relevant guidance on demand
at inference time only when the agent’s cur-
rent context signals its relevance. Across agent
benchmarks including 72-Bench and Terminal-
Bench, SkillForge improves repeated-run con-
sistency, reducing the consistency gap by up
to 37% and lowering total token usage by up
to 23.6% compared to baselines without de-
grading single-trial performance. These results
suggest a practical path toward distilling high-
quality procedural guidance from past trajec-
tories for more consistent and efficient long-
horizon agents.

1 Introduction

Large language model (LLM) agents have demon-
strated impressive capabilities on tasks requiring
planning, tool usage, and extended interaction with
external environments (Yu et al., 2026; Yang et al.,
2025; Shinn et al., 2023; Wang et al., 2023; Yao
et al., 2023; Wei et al., 2022). Many practical tasks
are long-horizon: resolving a customer-service re-
quest may require verifying account status, check-
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Figure 1: Motivation. Comparing successful and failed
trajectories on the same task reveals a decisive diver-
gence point; the rule induced there stabilizes the agent
on future similar tasks.

ing policy eligibility, and coordinating across mul-
tiple tools over multiple steps (Ye et al., 2026b).
On such tasks, model behavior remains unreliable.
Repeated runs on the same or a nearly identical in-
stance regularly produce different outcomes (Gan
et al., 2025), as small procedural deviations such
as forgetting a constraint, misordering tool calls,
or terminating prematurely compound over the ex-
tended action sequence (Wan et al., 2025a), making
consistency the dominant practical concern (Wang
et al., 2024; Zhou et al., 2025; Wan et al., 2025¢).
A natural response is to improve the context sup-
plied to the agent at inference time (Snell et al.,
2025) and learn from past mistakes (Hu et al.,
2026). Prior work has explored episodic memory
and verbal self-feedback (Shinn et al., 2023; Park
et al., 2023; Packer et al., 2023), persistent skill li-
braries (Zheng et al., 2025; Yang et al., 2026), and
automatically induced guidelines (Fu et al., 2024;
Chen et al., 2024; Li et al., 2026). But key limita-
tions remain: retrieved guidance is often noisy or
overly detailed, diluting the agent’s reasoning with
irrelevant context and wasting tokens (Zhao et al.,
2024; Xiong et al., 2025); high-quality guidance
typically requires costly human curation; and auto-
matically generated skills tend to be too generic to
transfer reliably across tasks (Li et al., 2026). This
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raises a key question: how can we automatically
distill high-quality guidance from past trajecto-
ries and deploy it efficiently at inference time,
without human curation or external retrievers?

A key insight to answer this question comes
from recent work on difficulty-aware learning (Gao
et al., 2026; Wang et al., 2025): the richest sig-
nal for procedural guidance lies at the decision
boundary between success and failure. Tasks
that are too easy (all runs pass) or too hard (all
runs fail) provide little signal about which proce-
dural choices matter. The most informative cases
are tasks of intermediate difficulty where the agent
sometimes succeeds and sometimes fails, as these
mixed-outcome cases expose where procedural
choices diverge. By pairing successful and failed
attempts on such tasks, we obtain contrastive tra-
jectory evidence: rather than separately summariz-
ing what went right or wrong, this evidence isolates
decisive procedural differences of the form “in sit-
uation X, do Y rather than Z.”, as illustrated in
Fig. 1.

We thus propose SkillForge, a training-free
framework that distills reusable procedural guid-
ance from past trajectories. SkillForge operational-
izes this idea in four stages: (1) Collect contrastive
trajectories—executions of the same task where the
agent sometimes succeeds and sometimes fails—
providing direct evidence about which procedural
choices are decisive; (2) Extract candidate guid-
ance by prompting a generator LLM to contrast pro-
cedural differences between successful and failed
runs; (3) Validate each candidate on held-out tasks,
discarding those that fail to improve pass rate or
cause net-negative effects; and (4) Retrieve on
demand at test time, exposing only lightweight
metadata by default and loading full skill content
through an explicit tool call. This design keeps the
default input small, preserves agent autonomy, and
surfaces detailed procedural support only when the
trajectory makes its relevance clear.

We evaluate SkillForge on 72-Bench (Barres
et al., 2025) and Terminal-Bench (Merrill et al.,
2026). SkillForge improves average task perfor-
mance and remains more consistent as the number
of attempts k£ grows. Our analyses further reveal
that contrastive grounding and validation filtering
are both essential for reliable skill quality, and that
on-demand loading outperforms full-prompt injec-
tion, as prematurely exposing guidance distracts
the agent rather than helping it. In sum, our con-
tributions are: (1) a contrastive extraction princi-

ple that pairs successful and failed trajectories on
mixed-outcome tasks to isolate decisive procedu-
ral choices, substantially outperforming guidance
derived from a single outcome polarity or from
task descriptions alone; (2) SkillForge, a training-
free framework that operationalizes this principle
through validated skill construction and hierarchi-
cal on-demand retrieval, reducing the consistency
gap by up to 37% and token usage by up to 23.6%
over existing procedure-building baselines; and
(3) an in-depth analysis establishing the comple-
mentary roles of success and failure trajectories, the
scaling effect of trajectory budget on skill quality,
and the efficiency advantages, along with practical
deployment guidelines and detailed case studies.

2 Method: SkillForge

This section presents the core design of SkillForge.
As illustrated in Fig.2, we first collect mixed-
outcome executions on the same tasks (§2.1), then
extract and refine candidate skills by contrasting
successful and failed trajectories (§2.2). Candi-
dates are subsequently consolidated and filtered to
retain only skills that reliably improve performance
(§2.2). The retained skills are then exposed to the
agent on demand at inference time (§2.3).

Terminology. Consistency is the degree to which
an agent produces the same correct outcome across
independent runs on the same task, measured via
Pass® (see §3.1). Procedural guidance refers to
reusable, actionable knowledge extracted from past
trajectories, such as decision rules, preferred tool-
call orderings, and error-recovery patterns, which
steers the agent toward correct behavior; we use ex-
perience exclusively to refer to raw trajectories, not
to derived artifacts. A skill is the concrete format
in which procedural guidance is packaged for stor-
age and retrieval (Anthropic, 2025; Li et al., 2026):
each skill contains a name, a short description for
lightweight metadata matching, and a body speci-
fying trigger conditions, a key procedure, common
failure variants, and reconciliation rules.

2.1 Trajectory Collection

We use disjoint skill-induction, validation, and test
sets to prevent data leakage. For each benchmark,
we preserve the official test split as Ties and ran-
domly partition the official training split into two
equal halves: Tiin for skill induction and 7y, for
empirical validation. Skills are induced only from
Tirain, filtered only on 7y, and evaluated only on
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Figure 2: Detailed workflow of SkillForge. Starting from mixed-outcome trajectories, SkillForge prompts an LLM
to extract procedural guidance by contrasting successful and failed runs. Guidance skills are then consolidated and
validated. At test time, the agent reads only metadata and retrieves full skill content on demand only when the

current context matches a relevant trigger condition.

Teest; the test set is never used during skill con-
struction or validation. For each task ¢ € Tyains
we execute an agent under K different configura-
tions {c1, ¢, ..., cx }, producing a set of trajecto-
ries {7/, 7/%,...,7, X }. Each trajectory records
the sequence of observations, actions, and a binary
outcome rf € {0,1} indicating whether config-
uration c failed or succeeded on task ¢t. Here, a
configuration refers to a specific choice of agent hy-
perparameters, such as sampling temperature and
reasoning effort (thinking budget), while holding
the backbone model and environment fixed.'

The key requirement is to produce mixed out-
comes on a meaningful subset of tasks, providing
both successful and failed trajectories for skill ex-
traction. These paired sets need not be balanced,
so a single success among many failures (or vice
versa) is sufficient. We define the set of contrastive
tasks as

Teontrast = {t € Tirain ‘ dei, Cj

. . (D
ré=1Ary =0}

For each contrastive task ¢, we group trajectories
into successful and failed sets:

Sp=Ar|ri=1}  F={r[rf=0}

2.2 Contrastive Skill Extraction and
Validation

Given the successful and failed trajectory sets for
each task t € Teonrast, W€ prompt a generator LLM
'We vary decoding configurations (see Appendix B) to in-

crease the yield of mixed-outcome tasks; Fig. 15 in Appendix
illustrates a resulting divergences.

G to extract candidate skills by identifying the be-
havioural differences that distinguish successful
attempts from failed ones. For each task ¢, we
sample up to m successful and m failed trajecto-
ries from S; and F; respectively, and provide G
with the task description d;, the sampled trajecto-
ries with key decision points and observed failure
modes, and structured extraction instructions (full
prompt templates in Appendix C):

.,7';;}, {Tf,...,T;L}). 2)

Stage 1: LLM-based refinement. Poorly gener-
ated skills can be counterproductive by consuming
context, creating conflicting instructions, or mis-
leading the agent (Ye et al., 2026a; Zhang et al.,
2026b). Based on prior work identifying criteria
for high-quality skills (Li et al., 2026), we prompt
G to evaluate and revise each candidate against
four criteria: actionability (concrete, executable
steps rather than vague advice), scope (targets a
specific failure pattern rather than serving as a
broad manual), generality (transfers beyond the
source instance to similar tasks), and conciseness
(remains within a target token budget). Each can-
didate receives a binary pass/fail judgment per cri-
terion; those failing any criterion are revised, and
those that remain non-general after revision are
discarded.

Stage 2: Skill consolidation and update. Af-
ter candidate skills {c;}¥, are induced from con-
trastive pairs, we consolidate them through an in-
cremental library update process. Each candidate
is first normalized into a standard skill format with

g =G(dy, {r1,..
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a name, description, use condition, optional do-
not-use condition, procedural guidance, and failure
signature. We then retrieve similar existing skills
from the current library £ based on overlap in task
triggers, tool-use patterns, constraints, and failure
modes. If an existing skill already covers the can-
didate’s trigger, failure signature, and corrective
procedure, the candidate is treated as redundant
and only useful examples or sharper wording are
merged. If it contributes a distinct element, such
as a new task subtype, applicability boundary, tool-
use sequence, or recurring failure mode, it is added
as a new skill. Conflicts with existing skills are
resolved before insertion by narrowing the can-
didate’s scope, adding a do-not-use condition, or
rewriting the procedure so that the skills apply to
different situations. This process favors specific,
actionable skills over broad reminders, preserving
runtime selectivity because the agent initially de-
cides what to load from skill metadata alone. A
specific example of workflow is presented in Ap-
pendix D.1:

Stage 3: Empirical validation. To further reduce
the variance, we evaluate each s € C on the held-
out validation split 7y, (§2.1), comparing a base-
line with no skill against a skill-augmented condi-
tion in which s is available for on-demand loading
(82.3). Let r? and r{ denote outcomes on task ¢
without and with s, and define the per-task impact
as:

ol =g ¥, olei{-1,0+1). ®

A candidate s is retained only if it is invoked suf-
ficiently often on the validation split and yields
a strictly positive average impact when invoked.
Let us denote the number of validation episodes in
which the agent loads skill s, and let 7;[;1] denote
the corresponding set of tasks. We require us > 5
and compute

5ls) —

1 :
a2 o )

”7:’&1 ’ tGT[S]

val

The final retained set is
C*:{SECM%25Aﬁﬂ>O} 5)

Candidates loaded fewer than five times, including
candidates never loaded on the validation split, are
discarded because there is insufficient evidence to
estimate their downstream utility reliably.

2.3 Hierarchical On-Demand Retrieval

Preloading the full skill repository into the prompt
wastes context and can hurt both reward and con-
sistency (Fu et al., 2024). The failure mode is
not merely token bloat: when many skills are ex-
posed at once, surface keyword overlap between
the user’s request and unrelated skills can cause the
agent to load and follow the wrong guidance, violat-
ing policy in ways that the no-skill baseline would
have avoided (Fig. 16). SkillForge instead organ-
ises each skill into layers of increasing depth and
lets the agent descend only as far as the current task
requires. The shallowest layer holds only metadata
(a short name and description), intermediate layers
expose decision rules or diagnostic patterns, and
terminal layers contain the heaviest resources such
as code templates or step-by-step repair procedures.
Each non-terminal layer specifies a descent condi-
tion, a natural-language description of when to load
the next layer (e.g., “retrieve the repair template
once the root cause is confirmed”). The number
of layers varies by domain: latency-sensitive tasks
typically need only one or two lightweight layers,
while precision-sensitive tasks benefit from deeper
hierarchies (see §B.6).

At episode start, only the metadata layer of
each retained skill is appended to the system
prompt; deeper layers reside as files in a dedi-
cated skill directory. We expose a single tool,
load_skill(skill_name), which injects the next
unobserved layer into the working context. At
any turn, the agent decides whether to invoke this
tool based on the context, including the most re-
cently observed layer. No embedding index, vec-
tor database, or learned retriever is involved: the
LLM’s own judgment of whether the current con-
text matches a descent condition is the sole gating
mechanism.

3 Experiments

This section first describes our experimental setup,
including benchmarks, models, baselines, and eval-
uation metrics (§3.1). We then present the main
results, focusing on three questions: whether Skill-
Forge improves task effectiveness, whether it im-
proves repeated-run consistency, and whether these
gains come with favorable efficiency trade-offs
(8§3.2), and finally present case analyses and discus-
sions on practical usage scenarios (§3.3).
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3.1 Experimental Setup

Benchmarks. We evaluate SKILLFORGE on three
primary benchmarks: 72-Bench Airline and 72-
Bench Retail, which evaluate policy-constrained
customer-service agents over multi-step tool-call
dialogues; and Terminal-Bench, which evaluates
software-engineering agents on fault-diagnosis and
repair tasks requiring long action sequences. For
the 72-Bench domains, we use the corrected task
set from 72 (Barres et al., 2025), which resolves an-
notation errors and impossible constraints present
in the original release (Yao et al., 2025). We omit
the newly introduced Telecom domain, as new mod-
els like Gemini 3.0 Flash already saturate it (above
90% accuracy) and its 2,285 tasks make evalua-
tion expensive. We additionally report results on
SkillsBench in a supplementary analysis of proxy
supervision (§3.3).

Models. Our main experiments use Gem-
ini 2.5 Flash (gemini-2.5-flash), Gem-
ini 3 Flash Preview (gemini-3-flash-preview),
and, in selected experiments, GPT-5 Nano
(gpt-5-nano-2025-08-07). We prioritize
these lightweight models to support broad and
cost-efficient evaluation across repeated agent
executions. All ablations and diagnostic analyses
use Gemini 3 Flash Preview.

Baselines. We compare three methods: No
Skill, Self-Generated Skill (skills generated from
task descriptions without trajectory evidence, us-
ing the SKILLSBENCH implementation (Li et al.,
2026)), and SkillForge (our contrastively extracted,
validation-filtered skills). We additionally include
Reasoning Bank (Ouyang et al., 2026) in the ab-
lation study (Fig.4) to test the overall design of
our framework. While both our and their methods
learn from past trajectories to improve future agent
behavior, Reasoning Bank differs in how guidance
is retrieved at inference time: it relies on exter-
nal embedding-based retrievers to select relevant
memories, whereas SkillForge exposes skills via
metadata matching and an explicit bash grep-based
tool call to retrieve the folders at pre-refined paths.
Because the retrieval mechanisms are not directly
comparable, we isolate their memory-generation
and consolidation stages (which update their mem-
ory banks sequentially from individual trajectories)
and keep our retrieval mechanism for both for a
controlled comparison.

Metrics. We report single-trial performance via
Pass@1 and repeated-run consistency via Pass”.

For each task ¢, with ¢; successes over n indepen-
dent executions, we follow 7-bench (Yao et al.,
2025) and compute Pass®(t) = (%)/(}), aver-
aged over tasks. In our main experiments, n = 5,
so Pass® requires all five executions of a task to
succeed. We further report relative consistency,
RC = Pass®/Pass@1 € [0, 1], where Pass@Q1 =
Pass' and RC = 1 indicates perfect consistency.
We define the consistency gap as 1 — RC; reported
percentage reductions in the consistency gap are
relative reductions in this quantity. More setup
details are in Appendix B.1.

3.2 Main Results

Overall performance and consistency. Table 1
reports results across three model families. On
single-trial performance (Pass@1), SkillForge is
broadly superior to the baselines, with consistent
gains in all settings on different benchmarks and
base models. The primary benefit lies in consis-
tency: RC improves in every model-benchmark
pair, with absolute gains ranging from 2.7 to 13.1
percentage points. The largest improvement is on
72-Bench Airline with Gemini 3.0 Flash (+13.1pp,
0.552—0.683, a 24% relative improvement).
Trajectory-budget scaling for skill construction.
The memory-construction stage exposes a useful
scaling rule that is consistent with prior work on
dynamic sampling that balances exploration and
exploitation in information gathering (Wan et al.,
2025b). As shown in Fig.3, increasing sampling
budget from 4 to 12 trajectories consistently im-
proves repeated-run consistency over the no-skill
baseline, because additional trajectories help find
more intermediate-difficulty tasks, strengthening
the contrastive signal available for extraction.
Beyond this, sampling with 16 trajectories per-
forms comparably to 12 across all values of k. The
middle and right panels of Fig.3 explain why: First,
12 and 16 trajectories yield the same proportion
of mixed-outcome pairs, indicating that the addi-
tional samples no longer surface new intermediate
difficulty tasks on which the agent behaves incon-
sistently. Second, the skill load percentage, the
fraction of tasks in which the agent invokes at least
one skill, also saturates at the same point (75%
for both 12 and 16 trajectories), confirming that
the extra trajectory budget does not produce skills
that the agent finds relevant more often. Together,
these results suggest that beyond a modest trajec-
tory budget, additional samples yield diminishing
contrastive signal and little additional skill utility.
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Model Benchmark No Skill Self-Gen. Skill SkillForge (Ours)
Pass@1 RC Pass@1 RC Pass@1 RC
72-Bench Airline 0.575 0.480 0.550 0.480 0.600 0.567
Gemini 2.5 Flash  72-Bench Retail 0.629 0.455 0.621 0.428 0.635 0.482
Terminal-Bench 0.264 0.413 0.261 0.395 0.296 0.524
72-Bench Airline 0.668 0.552 0.670 0.537 0.701 0.683
Gemini 3.0 Flash  72-Bench Retail 0.761 0.599 0.742 0.597 0.778 0.701
Terminal-Bench 0.512 0.670 0.528 0.667 0.535 0.791
72-Bench Airline 0.435 0.389 0.440 0.359 0.455 0.443
GPT-5 Nano 72-Bench Retail 0.643 0.443 0.623 0.425 0.645 0.519
Terminal-Bench 0.256 0.450 0.248 0.425 0.273 0.525

Table 1: Performance and consistency across three models. Pass@1 measures single-trial success, and RC =
Pass® /Pass@1 measures repeated-run consistency (higher is better). Bold denotes the best method for each
comparison. SkillForge mainly improves RC, suggesting stronger stability across repeated executions. See
Appendices B.4 and B.5 for statistics on significance, skill retrieval rate, and token usage.
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Figure 3: Trajectory-budget scaling during skill construction. Increasing the trajectory sampling budget improves
consistency up to 12 trajectories. Increasing the budget to 16 trajectories yields no clear additional gain, while both
the proportion of mixed-outcome examples (middle) and the fraction of tasks on which a skill is loaded (right)
plateau, indicating diminishing additional contrastive signal.

In practice, a moderate budget (here, 12 trajecto-
ries) captures most of the useful signal at reason-
able sampling cost.

Ablation Studies. Fig. 4 breaks down the contribu-
tions of each SkillForge component along two axes:
consistency across Pass® (left) and total token cost
(right). Among the trajectory-grounding variants,
Grounding (Success) Only yields the most stable
consistency curve, suggesting that successful tra-
jectories provide the strongest signal for reusable
behavior that transfers across runs; however, it does
not improve over the no-skill baseline at £ = 1 and
incurs substantially higher token cost. Ground-
ing (Failed) Only improves over the baseline at
smaller & but degrades more quickly as k grows, in-
dicating that failed trajectories contain useful error-

avoidance cues yet are insufficient on their own to
induce stable guidance. The contrast supports our
design rationale: successful trajectories show what
to preserve, failed trajectories show what to avoid,
and their combination isolates the procedural dif-
ferences that matter most. Removing the validation
stage (No-validation/filter) matches SkillForge at
k = 1 but its Pass* drops sharply as k grows while
token cost rises, confirming that unfiltered skills
fail to sustain consistency and bloat context with
low-utility guidance. Finally, under the controlled
comparison described in §3.1, where both meth-
ods use the same SkillForge retrieval mechanism,
Reasoning Bank (Ouyang et al., 2026)’s sequen-
tial memory-generation and consolidation proce-
dure is outperformed by SkillForge’s contrastive,
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Figure 4: Ablation comparison of consistency and token efficiency across design variants. SKILLFORGE
achieves the best overall trade-off: the strongest consistency across k together with the lowest token cost among the
skill-using variants. The No Skill baseline uses fewer tokens than any skill-using variant on this benchmark, since it
never loads skill content; the comparison of interest is therefore against the other skill-using variants.

validation-filtered construction procedure, with the
gap widening at larger k. Together, these results
indicate that contrastive grounding and validation
filtering are complementary: grounding determines
what guidance to generate, while filtering deter-
mines what guidance to keep. The prompt details
are provided in Appendix C.

Efficiency trade-offs. SkillForge improves effi-
ciency through both guidance quality and delivery.
Fig. 4 (right) shows that lower-quality or poorly
guidance can increase token usage while weaken-
ing performance. Skills extracted from successful
or failed only trajectories without proper validation
lack contrastive precision, which can mislead the
agent and induce unproductive exploration or back-
tracking, as illustrated by the retail failure case in
Appendix Fig. 14 and 16. Methods such as Rea-
soning Bank present a complementary limitation:
because their guidance is not structured for progres-
sive loading, they may expose all guidance upfront
regardless of relevance, increasing context length
without necessarily helping the current decision;
SkillForge avoids both issues by using contrastive
grounding and validation filtering to improve skill
content, together with hierarchical on-demand load-
ing to improve skill delivery. Consistent with this
explanation, the delivery ablation in Appendix Ta-
ble 3 shows that on-demand loading achieves the
best reward, strongest Pass” retention, and lowest
token usage, reducing tokens by 16.7% over no-
skill and 23.6% over full-prompt guidance.

3.3 Practical Analysis

Case Study: Workflow Control Under User Pres-
sure. A recurring failure mode in 72-Bench is
not misidentifying the correct policy, but aban-
doning it under sustained user pressure. Agents
frequently recognize the policy-compliant action,
then drift away from it when the user pushes back,
citing prior advice, or reframes the request, produc-
ing unsupported workarounds that stitch together
otherwise-valid tools into a sequence the policy
does not sanction. SkillForge mitigates this class
of failure by stabilizing post-recognition decision-
making: once the agent has identified the applicable
constraint, loading a relevant skill module anchors
it to the sanctioned resolution path (e.g., escala-
tion, refusal, or deferral) rather than improvising
an alternative. The effect is less about improving
what the agent knows and more about improving
whether it holds the line when challenged. Fig. 5
illustrates this pattern in a representative cancel-
lation scenario: both the no-skill and SkillForge
agents correctly determine that reservation EHGLP3
is refund-ineligible, but only the SkillForge agent,
by loading the skill-impasse-escalation, pro-
ceeds to transfer_to_human_agents instead of
fabricating an upgrade-then-cancel workaround un-
der user pressure. Additional case studies are pro-
vided in Appendix Figure 13.

Robustness to Approximate Supervision. Our
main pipeline uses golden task outcomes to sep-
arate successful and failed trajectories, but such
supervision is often unavailable in practice. To
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CASE STUDY: POLICY-AWARE WORKFLOW CONTROL ON TAU-BENCH

TASK & Task: Cancel reservation EHGLP3 only if a refund is available. E:%
STATE Verified state: Basic Economy, booked >24h ago, no insurance = not eligible for refund under policy. A
( ~ € NO SKILL (FAILURE) @ SKILLFORGE (SUCCESS) |
OBSERVED TRAJECTORY OBSERVED TRAJECTORY
get_reservation(EHGLP3) ﬁ‘ 8 get reservation(EHGLP3) ]
‘ booking found: Basnc Economy, no insurance LI:'ooklng found: Basm Economy, no insurance |
|
| refund request cl checked - ineﬂgible J [ refund request checked — ineligible ] '
(" USER INSISTS and cites ) 0 USER INSISTS and cites
Q __prior insurance advice J e prior insurance advice
|
ég —»\\ update_reservation(Business) 0 J —»[ Loaded guidance: skill-impasse-escalation ] ‘
® > {7c;ce17_r;rvationffor refunﬁ 781 g%)) ~>[ transfer_to_human_agents } Q_j “
|

Why this fails: The agent invents a new refund path by upgrading first
and canceling after, creating an unsupported exception under pressure.

Failure type: Policy-inconsistent diagnosis, but invalid workflow selection.

S

Why this succeeds: The skill treats interaction as a policy impasse.
Prevents tool-based workarounds and escalates for manual handling.

Outcome: Correct policy-consistent action. |

TAKEAWAY

The skill helps the agent act correctly AFTER discovering the policy, preventing an unsupported

upgrade-then-cancel sequence and ensuring the proper escalation workflow.

Figure 5: Case study: policy-aware workflow control under user pressure. Both agents correctly identify that
reservation EHGLP3 is non-refundable, but the no-skill agent invents an invalid workflow, whereas SKILLFORGE
invokes the relevant procedural guidance and correctly addresses the issue.

== Golden
== Proxy
Baseline (Self-Generated)

Figure 6: Golden vs. LLM-judge proxy supervision
for trajectory sampling. Golden labels produce the
strongest consistency, but proxy supervision remains
a practical alternative, preserving the consistency gain
across all values of k.

test whether approximate feedback is sufficient, we
replace gold labels with an LLM judge and eval-
uate on SKILLSBENCH (Li et al., 2026), a recent
long-horizon benchmark designed to test skill us-
age in agents. As shown in Fig.6, golden labels
yield the strongest consistency, as expected, but
proxy supervision remains a practical alternative.
It consistently outperforms self-generated skills
and preserves most of the consistency gain over
the no-skill baseline. The proxy judge achieves
77% agreement with gold trajectory labels, com-
parable to agreement rates reported in prior work
on LL.M-based trajectory evaluation (Zheng et al.,
2023). This suggests that moderate label noise does
not substantially weaken the contrastive extraction
stage.

4 Related Work

Experience Memory for Agent Self-
Improvement. A central challenge for LLM
agents is retaining and reusing past experience.
Foundational approaches explore self-reflection
and episodic memory retrieval (Shinn et al.,
2023; Park et al., 2023; Packer et al., 2023;
Wang et al., 2023). More recent work distills
trajectories into structured artifacts such as lessons,
workflows, and reasoning traces (Zhao et al.,
2024; Wang et al., 2024; Ouyang et al., 2026;
Suzgun et al., 2025; Wang and Li, 2026), and
explicitly manages abstraction boundaries across
planning and execution (Ye et al., 2025; Zhou
et al., 2025). However, these systems assume
the stored experience is correct; recent studies
show that incorrect or low-quality artifacts can
degrade performance (Zhu et al., 2025; Li et al.,
2026). Rather than filtering for correctness alone,
curriculum-aware learning suggests that targeting
informative, appropriately difficult examples
yields more robust generalization (Wang et al.,
2025; Qi et al., 2025). SkillForge builds on both
observations: it selectively targets tasks where
outcomes are mixed across runs and distills the
resulting contrastive evidence into structured skill
artifacts that can be loaded on demand without an
external embedding-based or learned retriever.

From Retrieval-Based Memory to Agent Skills.
A key question in experience-based agent improve-
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ment is how stored knowledge is surfaced at infer-
ence time. Retrieval-augmented approaches query
episodic memory banks via embedding-based simi-
larity search (Lewis et al., 2020; Fan et al., 2024;
Fang et al., 2025; Hu et al., 2025). An emerg-
ing alternative packages reusable procedures as
declarative skills designed for progressive disclo-
sure, loaded on-demand as targeted context when
relevant (Zhou et al., 2026a; Zheng et al., 2025; Ye
et al., 2026a; Ni et al., 2026; Zhang et al., 2026b,a;
Lu et al., 2026), making artifacts architecture-
agnostic, shareable, and efficient (Anthropic, 2025).
However, high-quality skills remain mostly human-
authored (Anthropic, 2026; Zhou et al., 2026b);
self-generated, low quality skill can even hurt per-
formance (Li et al., 2026). SkillForge bridges this
gap by distilling contrastive evidence from past
trajectories into declarative skills, improving proce-
dural consistency without manual per-skill curation
or an external embedding-based or learned retriever
at inference time.

5 Conclusion

We introduced SkillForge, a framework that distills
reusable procedural guidance from contrastive past
trajectories. By pairing successful and failed agent
attempts, validating candidate skills, and loading
retained guidance on demand, SkillForge identi-
fies and deploys actionable procedural knowledge
for reliable long-horizon agents. Across diverse
agentic benchmarks, SkillForge improves repeated-
run consistency without degrading performance in
single-trial performance. These results show that
contrastive grounding and selective deployment are
effective ingredients for long-horizon agent relia-
bility and learning from structured success—failure
differences is a promising direction for automated,
high-quality skill generation.

Limitations

SkillForge has several limitations that shape both
its current scope and natural extensions.

Evaluation scope. Our experiments cover policy-
constrained customer-service dialogue (72-Bench
Airline, Retail) and command-line software engi-
neering (Terminal-Bench). These domains share a
property critical to our analysis, but they do not ex-
ercise the full range of long-horizon agent settings.
We do not evaluate on web agents, GUI agents,
or open-ended generation tasks where success is
harder to verify and where procedural patterns may
be more diffuse. Extending the contrastive extrac-
tion principle to these settings, particularly to Deep-
Research and GUI agents where mixed-outcome
trajectories are common but reward signals are nois-
ier, is a natural next step.

Failure modes addressed. SkillForge targets
failures from recurring procedural errors: misor-
dered tool calls, missed constraints, premature ter-
mination, or failure to reconcile conflicting state.
Tasks dominated instead by missing factual knowl-
edge, fundamentally hard reasoning gaps, or highly
open-ended generation are less likely to benefit,
since reusable procedural guidance cannot supply
capabilities the base model lacks. The framework
improves how agents apply their capabilities over
long horizons rather than expanding those capabili-
ties.

Retrieval bounded by model judgment. On-
demand loading relies on the base model to rec-
ognize when stored guidance is relevant from
metadata alone. Our per-skill diagnostics (Ap-
pendix B.5) show that invocations are usually ap-
propriate when they fire, but a model that system-
atically under-loads or over-loads skills would di-
lute the benefit. Lightweight retrieval-assist mecha-
nisms, e.g., trigger-match hints surfaced alongside
metadata, could improve recall without reintroduc-
ing the cost of full embedding-based retrieval.
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A Use of Al Assistance

We used large language models in two limited, non-
scientific capacities during the preparation of this
manuscript:

(1) Code review: identifying bugs, style inconsis-
tencies, and potential edge cases in our experiment
and evaluation scripts; and

(2) Grammar and prose review: proofreading
draft text for grammatical errors, awkward phras-
ing, and typographical issues.

No Al tool was used for scientific ideation, ex-
perimental design, result interpretation, or the writ-
ing of substantive claims. All conceptual contri-
butions, methodological decisions, analyses, and
conclusions are solely the work of the authors. We
believe this disclosure aligns with the transparency
expectations of the research community.

B Implementation Details

B.1 Infrastructure and Evaluation Settings

Infrastructure. All experiments, skill induction
runs, and agent evaluations were orchestrated using
Google’s Agent Development Kit (ADK), with the
Vertex Al API used to access the Gemini model
family. To evaluate on standardized environments,
we adapted the original codebases of 72-Bench and
Terminal-Bench to be natively compatible with the
ADK framework.

Data splits. For 72-Bench, we follow the official
train/test split provided by the benchmark. Be-
cause no official validation split is available, we
randomly partition the official training set into two
equal halves: Ty for skill induction and 7y, for
empirical validation, while keeping the official test
set Tiest untouched for final evaluation. We ap-
ply the same procedure to Terminal-Bench. In all
cases, Trest 18 never used during skill construction
or validation. Within Tiin, Teontrast denotes only
the subset of tasks for which both successful and
failed trajectories are observed.

Trajectory collection. To induce mixed-outcome
trajectories for skill construction, we run the same
task under a small set of inference-time configura-
tions. In particular, we vary the decoding temper-
ature from 0.5 to 1.0 and also vary the reasoning
budget depending on the backbone model. For
Gemini 2.5 Flash, we use reasoning budgets of
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8192 tokens and auto; for Gemini 3.0 Flash, we
use low, medium, and high thinking levels. These
variations are used only during trajectory collection
to increase the number of mixed-outcome tasks and
expose diverse procedural behaviors on the same
task. Configuration-specific artifacts are mitigated
by the held-out validation stage, which retains only
skills with positive downstream impact.

Evaluation settings. Unless otherwise stated, we
evaluate agents at decoding temperature 1.0 and
run 5 trials per task for consistency estimation. Ex-
act model names, trial counts, and concurrency set-
tings are reported alongside each experiment table,
rather than assuming a single global configuration
across all benchmarks.

Pipeline defaults. Skill generation uses con-
trastive mode by default, with up to 6 trajectories
per outcome group (successful and failed) for con-
trastive drafting and up to 4 trajectories for single-
outcome drafting. The generator LLM is run at low
temperature (0.25 for drafting and 0.15 for batch
refinement) with structured JSON outputs to en-
sure parseable skill candidates. The retained skill
pool is capped at 50 skills, with up to 20 existing
skills shown to the generator during drafting to re-
duce redundancy. Policy text is truncated at 6,000
characters to stay within context limits. Individ-
ual experiment scripts may override these defaults
where noted; full configuration details are provided
in the accompanying code repository.

Skills Generated. We summarize the final skill
sets used by our method after generation, refine-
ment, and filtering. For the airline domain, the final
skill set used in our experiments contains 7 skills:
airline-baggage-allowance-logic, airline-
cancellation-refund-validation, airline-
disruption-compensation-and-disputes,
airline-itinerary-search-optimization,
airline-mirror-booking-workflow, airline-
modification-financial-validation, and
airline-rebooking-workflow. These skills
correspond to recurring airline-agent decision
points, such as refund validation, rebooking,
itinerary search, payment and fare-difference
checking, and disruption-related compensation
handling.

For coding and terminal tasks, the fi-
nal Terminal-Bench skill set is stored un-
der Memory/Procedural_Memory/Outputs/
tb_w8_skills. It contains 5 skills: glibc-

compat-legacy-c, secret-sanitization-
workflow, workflow-security-audit, qemu-
initramfs-media-integration, and cli-
tool-feature-extension. These skills encode
reusable software-engineering procedures such
as compatibility fixes, security auditing, secret
removal, command-line feature extension, and
QEMU/initramfs integration.

For tau2-retail, the final
tail library contains 25 skills in skills/
tau2_retail_cheatsheets_v2. These skills
capture common retail-agent failure patterns
including multi-intent clarification, replacement-
item confirmation, transaction-scope confirmation,
irreversible-action confirmation, and information
verification before transactional updates. As a
concrete example, we show the full skill card for
address-multi-part-requests below.

refined re-

name: address-multi-part-requests

description: Ensures all distinct components
of a user's multi-part request are
acknowledged and addressed, preventing
partial fulfillment.

metadata:

benchmark: tau2_retail_cheatsheets_v2

## Layer 1: Metadata & Description

- Description: Ensures all distinct components
of a user's multi-part request are
acknowledged and addressed, preventing
partial fulfillment.

## Layer 2: Guidelines

### General Guidelines

- Always parse the user's initial statement
for all explicit and implicit intents.

- Confirm understanding of all parts of a
multi-part request.

- Do not assume prioritization of one request
type over another.

- Seek user clarification on which part to
address first if multiple intents are present.

- Avoid proceeding with any part of a request
until all components are acknowledged.

### Specific Guidelines

- If a user asks questions AND requests an
action, acknowledge both and ask, 'I
understand you have questions about products
and also want to initiate returns. Which
would you like to tackle first?'

- Before initiating any transactional action
(like returns), explicitly confirm the
specific items or details involved.

- If an informational query is present, ensure
it is addressed or explicitly deferred with
user consent.

- Avoid immediately executing a transactional
request if an informational query is also
present.

- Use a summary statement to confirm all
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understood parts of the request before
proceeding with any action.

## Layer 3: Context

- Problem Pattern: Failing to address all
distinct components of a multi-part user
request.

- State Signature: User's initial statement
contains multiple, distinct requests or
intents (e.g., informational query and
transactional action).

- Bypass Strategy:

1. Identify all distinct intents within
the user's utterance.

2. Acknowledge each identified intent to
the user.

3. Explicitly ask the user which component
they would like to address first.

4. Before proceeding with any transactional
component, confirm specific details
related to that transaction.

For mode details, please see our code attached

in the supplemental materials.

B.2 72-Bench Revisions

For our 72-Bench experiments, we used a re-
vised benchmark configuration based on the public
tau2-bench-revised release.> According to the
released revision notes, this resource provides two
benchmark-side changes:

1. Airline domain task fixes, documented in the
airline task revision file.

2. Retail user simulation prompt improve-
ments, intended to reduce premature task ter-
mination.

We used these revised benchmark files as replace-
ments for the corresponding original 72-Bench re-
sources.

B.3 Structured Skill Format Across
Benchmarks

All skills originate from a primary SKILL.md file
that includes a standardized YAML frontmatter for
dynamic metadata extraction:

name: <skill-name>
description: <when to load this skill
and what it helps with>

For Tau-Bench style conversational skills, the
guidance is typically self-contained within this sin-
gle document. The body focuses on reusable tool-
call procedures and policy-sensitive decision rules,
organized into sections such as:

2https://github.com/AGI—Eval—Official/
tau2-bench-revised

## When to Use

## Key Sequence Pattern

## Common Failure Variants

## Preferred Procedure

## Capability Reconciliation

For SWE-Bench and Terminal-Bench style

coding skills, the organization is inherently hier-
archical to support progressive disclosure. The
root SKILL.md acts as a high-level entry point or
playbook:

## Context

## Why This Is Challenging

## Implementation Strategy

## Code Patterns

## Debugging Approach

## Common Mistakes

## Verification

Crucially, to prevent overwhelming the agent’s

context window, this root document does not con-
tain every dense script or code snippet. Instead,
sections like ## Debugging Approach or ## Code
Patterns provide high-level summaries alongside
explicit file paths pointing to deeper, specialized
sub-documents. If the agent determines that a par-
ticular debugging strategy is relevant to its current
context, it can issue subsequent tool calls to load
those targeted, longer code patterns and verification
techniques. This allows the agent to dynamically
drill down into complex procedures only when nec-
essary, maximizing both context space and token
efficiency.

B.4 Statistical Analysis

Significance Calculation. Because consistency
is reported as a curve over Pass' (e.g. Pass @ 1)—
Pass®, we quantify uncertainty at two levels. For
each plotted Pass* value, we report a 95% confi-
dence interval computed by bootstrap resampling
over tasks: we repeatedly resample the evaluation
tasks with replacement, recompute Pass* on each
resample, and take the 2.5th and 97.5th percentiles
of the resulting bootstrap distribution. For over-
all significance, we summarize each task by the
normalized area under its consistency curve,

5
AUC; = % Z Pass’,
k=1

and compare methods against the No Skill baseline
using a paired Wilcoxon signed-rank test over the
per-task AUC values. This weights all values of k&
equally; alternative weightings (e.g., emphasizing
small k for single-trial performance or large k for
consistency) would yield different but correlated
summaries.
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B.5 Pipeline Statistics.

Per-Skill Diagnostics Table 2 reports, for each
retained skill on 72-Bench Airline (Gemini 3.0
Flash), how often the agent invoked it and the frac-
tion of those episodes that succeeded.

Skill Calls Succ. Rate
baggage-allowance-logic 29 21 72.4%
cancellation-refund-valid 153 98 64.1%
disruption-compensation 45 42 93.3%
itinerary-search-optimize 24 8 33.3%
mirror-booking-workflow 8 7 87.5%
modification-financial-valid 163 105 64.4%
rebooking-workflow 9 5 55.6%
Total / weighted avg. 431 286 66.6%

Table 2: Per-skill invocation statistics on 72-Bench Air-
line. “Rate” is the fraction of episodes that succeeded
conditional on the skill being loaded. The airline-
prefix is omitted for brevity.

Invocations concentrate on a
few dominant skills. Two skills
(modification-financial-validation and
cancellation-refund-validation) account for
73% of all loads, while three skills fire fewer than
30 times. This concentration suggests that a small
number of procedural decision points dominate the
domain, consistent with our motivating claim that
consistency failures stem from a bounded set of
recurring slip patterns rather than broad capability

gaps.

Conditional success varies but stays above
baseline on average. Per-skill success rates
range from 33.3% to 93.3%, with six of seven
skills exceeding or closely matching the no-
skill baseline of 55.2%. The single excep-
tion (itinerary-search-optimization) was re-
tained because it produced positive average impact
on the validation split (Eq. 4)—it helps the tasks it
loads on, even though those tasks are intrinsically
hard.

Token Efficiency. A natural question is whether
the gains reported in the main text come from the
content of the extracted skills, the delivery mecha-
nism used to surface them at inference time, or both.
To isolate the contribution of delivery, we hold the
skill pool fixed and vary only how skills are ex-
posed to the agent: (i) No SKkill, the unaugmented
baseline; (ii) Full Prompt Guidance, in which
all retained skills are concatenated into the sys-
tem prompt at episode start; and (iii) On-Demand

Loading, the hierarchical retrieval, where only
metadata is exposed by default and full skill con-
tent is loaded through an explicit tool call when the
agent judges it relevant.

Table 3 reports results on Terminal-Bench across
four axes: average reward, single-trial-to-repeated-
run consistency (Pass@1 — Pass®), token usage,
and conversation length in turns. Three observa-
tions stand out. First, Full Prompt Guidance
underperforms even the No SKkill baseline on
reward (0.493 vs. 0.512), despite having access
to the same skill pool as On-Demand Loading.
This suggests that preloading all guidance regard-
less of relevance dilutes the agent’s reasoning with
low-utility content and can actively mislead it on
tasks where no skill applies. Second, On-Demand
Loading achieves the best reward, the smallest
consistency drop from Pass@1 to Pass®, and the
lowest token usage simultaneously, reducing to-
kens by 16.7% over No Skill and 23.6% over Full
Prompt Guidance. The token savings are not a
trade-off against quality but a consequence of se-
lective retrieval: the agent loads detailed procedu-
ral content only when the current trajectory makes
its relevance clear. Third, Full Prompt Guidance
uses fewer turns (27.1) than the other variants, but
this reflects premature termination rather than ef-
ficiency, the agent commits to a course of action
earlier because the preloaded context biases it to-
ward whichever skill is most prominent, which is
consistent with its lower reward.

Together, these results indicate that contrastive
grounding (what guidance to generate) and on-
demand delivery (when to surface it) are comple-
mentary: high-quality skills exposed at the wrong
time can underperform no skills at all, while the
same skills routed through hierarchical retrieval
yield the strongest results on every axis we mea-
sure.

B.6 Task Adaptivity and Progressive
Disclosure

The appropriate depth and format of procedural
guidance depends on the complexity profile of the
target task. SkillForge does not enforce a single
skill template; instead, the structure of each skill
is adapted to match what the task demands. Fig.7
illustrates this contrast along two representative
regimes.

For short-horizon, latency-sensitive tasks—
those that require relatively few tool calls and re-
ward fast, decisive responses—Ilightweight text-
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Method Avg. Reward 1 Pass@1 — Pass® (A) Avg. Tokens | Avg. Turns |
No Skill 0.5117 0.512 — 0.343 (—0.169) 819,101 37.7
Full Prompt Guidance 0.4930 0.493 — 0.350 (—0.143) 892,756 271
On-Demand Loading 0.5352 0.535 — 0.423 (—0.113) 682,266 31.1

Table 3: Efficiency trade-offs on Terminal-Bench. On-demand loading achieves the best reward, the smallest
consistency drop, and the fewest tokens simultaneously. The second column tracks A = Pass® — Pass@1 (smaller

magnitude is better, indicating less degradation across repeated runs).

Method AUC (Pass' ~°)  p-value
No Skill 0.513 [0.468, 0.557] -
Self-Generated 0.508 [0.463,0.554]  0.631
SKILLFORGE  0.581 [0.537,0.626] 0.003

Table 4: Overall repeated-run consistency comparison
on 72-Bench, Gemini 3.0 Flash. AUC denotes the nor-
malized area under the Pass* curve from k& = 1 to
5. Brackets denote 95% bootstrap confidence inter-
vals over tasks (10,000 resamples). p-values are from
a paired Wilcoxon signed-rank test on per-task AUC
values against the No Skill baseline. Self-Generated
Skill does not reach significance (p = 0.631), while
SkillForge does (p = 0.003).

Mictaidata A. Conversational Domain (Tau-Bench)
> Goal: Minimize Latency (Lightweight Situations)
Index (Metadata) Core Situation |
(2% Name: “Rebooking” = Policy snippet for > ©
Desc: “Change flights” elite members

Early Exit:
metadata_id: REB_001 arly Exil

book
an reboo 2 Reduces Latency

elite nembers c:
for free within 24hrs. .
s

B. Engineering Domain (Terminal-Bench) @

(€9 Full Content
.sh scripts +
monkeypatch templates

Index (Metadata) | |E3 Core Situation
[, Name: “Async_Fix” | Diagnostic guide & >
Desc: “Race condition” traceback patterns
situation_id: ASY_002 line 12, ...
Deep Retrieval Required for Complex Repair

PROGRESSIVE DISCLOSURE DEPTH

! _.#1/bin/bash, .. monkeypateh(func). ...
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Figure 7: Progressive disclosure is task-adaptive.
Conversational tasks (72-Bench) are latency-sensitive
and often benefit from stopping after lightweight meta-
data or short situational snippets. Engineering tasks
(Terminal-Bench) more often justify deeper staged re-
trieval, exposing specialised repair templates only after
the failure subtype is identified.

based guidance is sufficient. Skills for these set-
tings consist primarily of trigger conditions and
a concise preferred procedure: short situational
rules and decision boundaries that the agent can
absorb quickly without context bloat. Tau-Bench,
where most interactions involve a handful of policy
lookups and tool calls, exemplifies this regime.
For long-horizon, precision-sensitive tasks—
those that require many sequential tool calls, multi-
step diagnosis, or iterative repair—skills bene-
fit from a deeper, progressively disclosed struc-
ture. Metadata and diagnostic patterns are ex-

posed first, while heavier content such as shell
scripts, code templates, and step-by-step repair
sequences is loaded only after the agent identi-
fies the relevant failure subtype. Terminal-Bench,
where a single task may involve dozens of tool
calls across diagnosis, patching, and verification,
exemplifies this regime. For instance, a skill
like async-proxy-method-delegation includes
traceback-matching patterns at the metadata level
but reserves its templates for on-demand retrieval,
material that would be unnecessary and distracting
if injected before the failure subtype is known.

More broadly, the design principle is that skill
granularity should scale with task complexity: sim-
ple tasks need concise decision rules, while com-
plex tasks benefit from layered content that is re-
vealed progressively as the trajectory narrows the
problem. Details on the skill format for each bench-
mark are provided in Appendix B.3.

B.7 SKkill Integration: Agent-Facing Prompts
and Tools

At inference time, we supported two mutually ex-
clusive mechanisms for exposing skills to the base
agent:

1. Tool-based loading. The agent is shown a cat-
alog of available skills in the system prompt,
including each skill’s name, description, and
absolute file path. The agent may then call
load_skill_report(path) to retrieve the
full content of a single skill on demand.

2. Inline injection. All skill contents are loaded
at initialization time and appended directly to
the system prompt, without exposing a skill-
loading tool.

For example, in 72-Bench the base agent prompt
is:
<instructions>
You are a customer service agent that helps the

user according to the <policy> provided below.
In each turn you can either:

* Send a message to the user.
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* Make a tool call.

You cannot do both at the same time.

Try to be helpful and always follow the policy.
Always make sure you generate valid JSON only.
</instructions>

<policy> {{DOMAIN_POLICY}} </policy>

When tool-based loading is enabled, the follow-
ing skill-usage hint is appended:
A skill is a reusable instruction playbook for a
specific task pattern. Each listed skill includes
a description and an absolute file path. Descrip-

tions include applicability boundaries (use-when,
minimum-evidence, do-not-use-when).

When to call load_skill_report: call it only
when the current user scenario clearly matches
the skill description, and you are about to perform
the related procedure or tool-calling workflow
covered by that skill.

When NOT to call: do not load a skill when the
scenario does not match the description trigger;
do not load a skill for unrelated tools or work-
flows; and do not call load_skill_report again
for the same skill if it was already loaded earlier
in the conversation history. If a loaded skill is
not applicable, continue without loading another
unrelated skill.

The available skills are rendered in a structured

catalog:

<available_skills>

<skill>

<name>. . .</name>

<description>...</description>

<location>/path/to/SKILL.md</location>

</skill>

</available_skills>

To prevent arbitrary file access,
load_skill_report(path) only accepts ab-
solute paths that resolve under the configured skill
directories.

C System Prompts for SKill Generation
and Evaluation

This appendix provides the exact system prompt
templates used across our experiments for skill in-
duction and library construction. Depending on the
availability of trajectory annotations and the spe-
cific baseline being evaluated, we employ different
prompt variants to instruct the generator LLM to
extract procedural guidance.

Specifically, we utilize the following prompt con-
figurations:

* Failure-Driven Induction: Figure 8 details
the prompt used to extract corrective skills
and recovery strategies exclusively from failed
trajectories.

* Unlabeled Induction: Figure 9 presents the
prompt for the unlabeled setting, where the
generator LLM must infer strong versus weak
approaches by critically analyzing unanno-
tated trajectories.

* Self-Generated Induction: Figure 10 out-
lines the zero-shot baseline prompt, where the
model generates skills directly from domain
metadata and tool descriptions without any
trajectory demonstrations.

* Success-Only Induction: Figure 11 shows
the prompt used to extract high-value proce-
dural patterns and shortcuts exclusively from
successful trajectories.

D Qualitative Case Studies

This section presents qualitative case studies illus-
trating how SkillForge affects agent behavior in
practice with two concrete examples of skill con-
solidation and skill refinements , followed by the
full prompt templates used for skill induction and
validation and the actual case examples cited in
the main paper. For additional examples and im-
plementation details, we refer the reader to the
accompanying code files.

D.1 Worked Example of Skill Consolidation

This appendix illustrates how SKILLFORGE consol-
idates an induced candidate skill into the existing
skill library. Consolidation is not a simple append
operation: each candidate is normalized, compared
against nearby existing skills, checked for redun-
dancy or conflict, and either merged, rejected, or
added as a new skill.

Induced candidate. Consider a failed trajectory
from the TAU2-RETAIL environment. The user
asks: “Can you check the shipping address on my
recent order? I might need it changed.” A failed
agent immediately updates the user’s profile ad-
dress, or changes an order address without first
showing the current address and confirming the in-
tended scope. In contrast, a successful trajectory
first retrieves the current order address, shows it
to the user, asks whether the change applies to the
current order or to the account default, and con-
firms the exact new address before executing the
update. From this contrastive pair, the induction
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Prompt for failure skill induction

Task context
Problem family: {{QUESTION_TEXT}}

Trajectories
{{FAILED_CASES_BLOCK}}

misunderstandings.

Selection policy

Output format

",

create: {"action”:"create”, "name":"...",

n,.n

{"action"”:"update”,

update:
"description”:"...", "body":"..."}

You are building a coding skill library for an Al software engineering agent. Each skill captures a reusable
implementation pattern for a specific type of coding task.

These agents failed. Identify only strongly supported implementation mistakes and the actionable corrective
approach—for example, wrong algorithm choice, missed edge cases, poor debugging strategy, or environment

Keep only high-value, transferable, non-trivial patterns. Do not emit generic advice, task-specific quirks, or
patterns tied to file names, repository names, or task IDs. Prefer returning [] over weak or speculative skills.

Return ONLY a JSON array of operation objects. Supported operations are:
"description”:"Load when ...",

"target”:"existing-skill-slug”,

delete: {"action”:"delete"”, "target":"existing-skill-slug"”}

"body”:"..."}

n,n n,.n n

"name":"...",

Figure 8: Prompt template for failure-driven coding skill induction.

stage proposes the following candidate:

name: confirm-address-update-scope

desc: distinguish checking, order-
level updates, and profile
updates prior to execution.

C =

Step 1: Normalize the candidate. The candidate
is first rewritten into the standard skill format used
by the library: a name, short description, use con-
dition, optional do-not-use condition, procedural
guidance, and failure signature. This normalization
makes the candidate comparable to existing skills
and ensures that the runtime agent can later decide
whether to load it from metadata alone.

Step 2: Retrieve nearby existing skills. SKILL-
FORGE then searches the current library for skills
with overlapping task triggers, tool-use patterns,
constraints, or failure modes. For the address-
update candidate, the most relevant existing skills
are:

e prioritize-information-verification,
which covers “check,” “verify,” or “con-
firm” requests and instructs the agent to

display requested information before making
changes;

e confirm-specific-modification-
details, which covers confirming ex-
act modification details before execution;

e prevent-unconfirmed-irreversible-
action, which prevents drastic or irreversible
actions without explicit confirmation.

Step 3: Check redundancy and distinctness.
The candidate partially overlaps with existing veri-
fication and confirmation skills, but it is not fully
redundant. The existing skills cover broad verifica-
tion and modification-confirmation behavior, while
the candidate introduces a more specific boundary
condition:

display-only, single-order,
scope € { profile/default, multiple orders

This scope distinction is not explicit in the nearby
skills. Therefore, the candidate contributes a dis-
tinct recurring failure signature: the agent may up-
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date the wrong address target after a vague address-
check or address-change request.

Step 4: Resolve conflicts and decide the update.
Because the candidate specializes existing verifica-
tion behavior rather than contradicting it, SKILL-
FORGE adds it as a new skill rather than replacing
the broader skills. The consolidation decision is:

Decision(c, £) = ADDNEWSKILL,

where L is the current skill library. The new skill
is useful when the ambiguity is specifically about
the scope of an address update, while the broader
skills remain applicable to general information ver-
ification and modification confirmation.

Consolidated skill. The final consolidated skill
is added to the library as a new SKILL.md file:

name: confirm-address-update-scope
description: Ensures agent distinguishes
between checking an address, updating
one order's shipping address, and
updating a profile/default address
before executing any address change.
metadata:
benchmark: tau2_retail
source: consolidated_from_failures

## When to Use

Use this skill when the user asks to
check, verify, confirm, or change an
address, but the intended scope of
the action is ambiguous.

## Do Not Use When

Do not use this skill when the user
has clearly specified both the exact
address and the exact scope.

## Procedural Guidance

- Treat address requests containing
"check”, "verify"”, or "confirm” as
information-verification first.

- Retrieve and display the current
relevant address before proposing
or executing a change.

- If the user says the address is
wrong, ask for the corrected address
and whether it applies to the
current order only, multiple orders,
or the default/profile address.

- Before executing an update, restate
the exact order ID or profile scope
and the new address.

- Do not apply an address change to
all orders or to the profile unless
explicitly requested.

## Failure Signature

Agent performs an address update with
wrong scope after a vague check/change
request.

## Bypass Strategy

1. Identify if checking or changing.

2. Retrieve and display address.

3. Ask for corrected address if needed.

4. Ask if change applies to order,
multiple orders, or profile.

5. Restate exact scope and address.

6. Execute update after confirmation.

Runtime effect. At runtime, the agent initially
sees only the skill metadata:

<skill>
<name>confirm-address-update-scope</name>
<description>
Ensures agent distinguishes between
checking an address, updating one
order's address, and updating a
profile/default address before
executing a change.
</description>
<location>.../confirm-address-update-
scope/SKILL.md</location>
</skill>
If the current task involves checking or changing
an address, the metadata is specific enough for the
agent to load the skill. Thus, consolidation pre-
serves runtime selectivity: broad reminders such
as “verify before acting” are avoided in favor of a
situation-specific skill that identifies when to ver-
ify, what state to inspect, and what confirmation is

required before the tool call.

Summary. This example shows that consolida-
tion filters candidate skills according to three ques-
tions:

REDUNDANT? DISTINCT? CONFLICTING?

If a candidate is fully covered by an existing skill,
its useful wording is merged or the candidate is dis-
carded. If it adds a sharper trigger, a new failure sig-
nature, or a previously uncovered tool-use bound-
ary, it is added as a separate skill. If it conflicts
with an existing skill, its applicability is narrowed
before insertion. We provide the full prompt in
situational_skill_builder.py in the accom-
panying supplemental code.

D.2 Worked Examples of Filtered Candidates

To illustrate the behavior of Stages 1 and 3, we trace
one discarded candidate at each filtering stage.

Stage 1: discarded by LLM refinement. Con-
sider a candidate drafted from 72-Bench Retail tra-
jectories:

name: verify-before-changing-things
description: Load when the user asks
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for any change. Use this skill to
double-check details before making
updates.

procedure: Be careful. Double-check
the user’s request. Verify all relevant
information.

The Stage 1 LLM reviewer rejects this candidate
on three of the four core criteria. Actionability
fails because “be careful” and “double-check” are
not executable procedures—the skill names no
state to inspect, no tool to call, and no termination
condition. Scope fails because the trigger (“any
change”) conflates exchanges, address updates,
cancellations, and item modifications, which
require distinct procedures.  Generality fails
in the unhelpful direction: the candidate is
broadly worded but lacks a concrete recurring
failure signature, so it transfers to nothing in
particular. Only conciseness is technically
satisfied (the candidate is short), but the refine-
ment rubric treats sub-200-token candidates as
suspect for exactly this reason. The candidate
is also redundant with already-retained skills
(confirm-specific-modification-details,
prevent-unconfirmed-irreversible-action)
and is discarded rather than revised.

Stage 3: discarded by empir-
ical validation. The candidate
escalate-emergency-flight-requests sur-
vived Stages 1 and 2 and was evaluated on the
held-out validation split. The recorded statistics
are:

usage_count: 21, avg_reward_with: 0.714,
avg_reward_baseline: 0.810,
reward_lift: —0.095, keep: false

The candidate met the minimum usage threshold
(21 invocations > 5) but showed a strictly neg-
ative average impact (01 = —0.095 < 0, vio-
lating Eq. 4). Inspection of its trajectories sug-
gests the skill encouraged premature escalation:
the agent transferred to a human or invoked emer-
gency procedures on tasks that could have been
resolved through standard tool sequences, lower-
ing reward relative to the no-skill baseline on the
same matched tasks. This case illustrates the role
of Stage 3: a candidate may be well-formed, ac-
tionable, and frequently invoked, yet still degrade
performance in deployment. Without empirical val-
idation, such a skill would silently dilute the skill
pool.
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Prompt for unlabeled skill

You are building a situational skill library for an Al agent. Each skill captures a reusable pattern for a specific
type of task—when to use it and how to succeed.

Task context
Question family these trajectories address: {question}

{policy_section}

Trajectories
The trajectories below are UNLABELED. You are not told which trajectories are correct or incorrect. Any explicit
correctness annotations were removed.

Study all conversations critically and infer likely strong vs. weak approaches based on internal evidence:
* Which tools were called and in what order

* What arguments were passed

* Whether the approach appears to satisfy the user request and constraints

* Signs of weak reasoning: wrong tool choice, redundant calls, missing checks, stopping too early, contradic-
tions

UNLABELED trajectories:
{unlabeled_text}

Your job
Infer likely stronger vs. weaker trajectories from internal evidence. Identify only the most important reusable
procedural patterns that separate reliable behavior from unreliable.

Only include a pattern if it is specific, transferable, non-obvious, and likely to materially improve future
behavior. When evidence is ambiguous, skip or return [].
{strict_selection}

Already existing skills (do not duplicate)
{existing_text}

Before creating a new skill, compare with existing skills and decide create/update/delete. Prefer revising
existing skills over adding siblings.

Output schema
{operation_schema_situational}

Figure 9: Prompt template for unlabeled situational skill induction.
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Prompt for self-generated skill

You are building an agent skill library for the {{DOMAIN_NAME}} domain. A skill is a pre-written subroutine—a
shortcut the agent loads to complete a task via a direct, known-good tool-call sequence instead of re-deriving the
procedure each time.

Domain Policy
{{DOMAIN_POLICY}}

Available Tools
{{TOOL_DEFINITIONS}}

Task Types (representative sample; treat as abstract)
{{TASK_TYPES}}

Existing skills (do not duplicate)

Your task
Generate up to {{OP_BUDGET}} high-value operations. For each task type, ask:

* Is there a well-defined direct tool-call sequence that resolves this correctly?
 Are there unnecessary calls agents might make before reaching the correct path?
* Is there a policy rule or decision boundary that eliminates exploratory calls?
Only create/update a skill if a genuine shortcut exists—a known-good sequence shorter than what a naive agent
would attempt. Do not create skills for tasks requiring exploration.
Selection policy (high bar)
* Identify candidates mentally, then keep only top 1-{{OP_BUDGET}}.

* Prefer 0-2 strong operations over broad coverage.

Output format
Return ONLY a JSON array of operation objects. Return [] if nothing passes the high bar.
create: {"action"”:"create", "name":"...", "description”:"Load when <scenario>. Use this
skill to <shortcut>.", "body":"..."}
update: {"action":"update", "target”:"existing-skill-slug”, "name":"...",
"description”:"...", "body":"..."}

delete: {"action"”:"delete"”, "target":"existing-skill-slug"}
Rules

» Prefer update over create for similar patterns.

* Use delete for duplicates or low-value skills.

* Body must include Common Issues and Direct Path.

 Description must explicitly state when to load (“Load when...”).

Figure 10: Prompt template for self-generated (no-trajectory) skill induction.
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Prompt for success skill induction

Question family: {{QUESTION_TEXT}}

Domain Policy (authoritative; follow this
over inferred heuristics):
{{DOMAIN_POLICY_TEXT}}

Trajectories:
{{SUCCESS_CASES_BLOCK?}}

These agents succeeded. Extract only high-
value non-obvious procedural patterns.

Selection policy (high bar; follow strictly):
First identify candidate patterns mentally, then Prompt' for expected-outcome reward
keep only the top 1-3. Output at most 3 opera- evaluation

tions. Prefer 02 strong operations. Return []
when evidence is weak, generic, overlapping,

You are grading 7-bench trajectories against
or low-confidence. g g J g

natural-language expected outcomes.
Only emit an operation if it is specific, trans-
ferable, non-trivial, and likely to change future

action sequence. Description must explicitly Output format
say when to load (“Load when. . . ”). Do not Return JSON with the following structure:
emit generic advice or one-off quirks. { "results”: [ { "expectedOutcome”: "...",
Already existing skills (do not duplicate): “reasoning”:  "...", "metExpectation”:
{{EXISTING_SKILLS_TEXT}} true|false } 1}
Before creating a new skill, compare against
existing and decide create/update/delete. If sim- Judging rule
ilar behavior already exists, update it instead of Be conservative: if the evidence is ambiguous’
creating a sibling. mark metExpectation=false.
Output format:
Return ONLY a JSON array of operation ob- .
jects. Conversgtlon
{conversation}
create: {"action":"create”,
"name”:"...", "description”:"Load
when <scenario>. Use this skill to Expected outcomes
<what it enforces>.", "body":"Include {nl_assertions}

## Context, ## Why This Is Challenging,

## Correct Approach, ## Failure N g
Recovery, ## Common Mistakes, ##
Alternative Paths”} Figure 12: Prompt template used to evaluate whether a
update: {"action”:"update”, trajectory satisfies natural-language expected outcomes
"target”:"existing-skill-slug”, for reward estimation.
"name":"...", "description”:"...",
Ilbodyll:ll’ . .II}
delete: {"action":"delete",

"target":"existing-skill-slug"}

Rules: Prefer update over create when simi-
lar. Use delete for duplicates/redundant skills.
Maximum 3 operations total.

Figure 11: Prompt template for success-only situational
skill induction.
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(a) Agent without policy skill

user: I need to change my May 15th flight from JFK to

SFO. My cat is sick—I need a non-stop home.

agent: Please share your user ID and reservation ID.

user: User ID: daiki_lee_6144. No reservation ID.

agent: get_reservation_details( user: I need to change my May 15th flight from JFK to
user="daiki_lee_6144") SFO. My cat is sick—I need a non-stop home.

result: DF89BM, cabin="Basic Economy” agent: Please share your user ID and reservation ID.

agent: Found reservation DF89BM (Basic Economy). user: User ID: daiki_lee_6144. No reservation ID.

Per policy, changes are forbidden. Upgrading to Main agent: get_reservation_details(

Cabin will permit the modification. user="daiki_lee_6144")

> fabricated policy exception result: DF89BM, cabin="Basic Economy”

agent: search_flights( [skill: basic_economy_no_modify]
"JFK", "SFO", "2024-05-15", trigger: cabin == “Basic Economy” A intent == “modify”
cabin="Main Cabin") action: refuse; escalate to human agent

result: non-stop available, $81 agent: Found reservation DF89BM. Basic Economy

agent: update_reservation_flights(...) bookings strictly forbid changes per policy. I cannot

result: modification applied to Basic Economy modify this reservation.

booking agent: transfer_to_human_agents(...)

Reward =0 Policy violated: Basic Economy Reward =1 Policy upheld: refusal correctly enforced

non-modification rule bypassed. under Basic Economy restriction.

Figure 13: Case study: skill-guided policy compliance on 7-bench airline (Task 31). Without the retrieved policy
skill (left), the agent fabricates a non-existent “upgrade-to-modify” exception and processes an invalid change,
violating the Basic Economy rule. With the relevant skill loaded on demand (right), the trigger condition fires
immediately after the reservation lookup, and the agent enforces the documented refusal and transfers to a human,
earning full reward.

User Trajectory (Task 5) Agent Behavior with Imperfect Skill Loaded Skill Prompt

CX.skill:
Turn 1: Exchange water bottle + desk lamp Plan: Exchange both items .
@ delivered-order-returns
What it tells the agent
Turn 2: Only exchange desk lamp Update: Exchange desk lamp only B — o ot

+ Handle mid-conversation pivots by discarding

Fail I | R generating a fresh return summary.
+ After explicit confirmation, call return_oél-
= ivered_order_items immediately.
e Old exchange plan persists

= Return intent not fully grounded

Turn 3: Cancel exchanges;
return water bottle instead

Why it becomes problematic here

Wrong Outcome: + Task 5 starts as an exchange workflow.

* The skill is specialized for within-return
e No tool call updates, but this case requires a
full switch from exchange to return.

Final Step: (Expected) Call return tool

® or Wrong tool (Exchange)
+ The agent may update the summary text,
= or Stale arguments yet keep the old exchange action policy active.

i Observed failure mode
Root Cause: Prompt handles local updates, but fails to enforce workflow-level reset. « Incomplete workflow reset after Turn 3.
Agent updates summary but retains stale action policy. + Wrong tool may still be selected, or no final
return tool call call is made.
+ Dynamic prompt loading hurts performance
when the loaded skill mismatches the current

Figure: Failure case on Tau2 retail task 5. Agent fails to reset action policy after repeated user pivots. S e

Figure 14: Failure case on 72-Bench Retail Task 5. After repeated user pivots between exchange and return
requests, the agent fails to fully reset its workflow state, retaining a stale action policy. The loaded skill (CX.skill:
delivered-order-returns) is mismatched to the task’s exchange-then-return structure, illustrating how imprecise
skill selection can degrade rather than improve performance.
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Shared prefix (identical across all three independent runs)

user: I want to exchange both items from my order: the clicky full-size RGB keyboard and the smart thermostat. Order
#W2378156, Yusuf Rossi, ZIP 19122.

1. agent: find_user_id_by_name_zip("Yusuf Rossi”, "19122")

2. agent: get_order_details("#W2378156")

3. agent: get_product_details(...)

result: order contains: thermostat (item 4983901480) and mechanical keyboard (item 1151293680, linear switch, not
clicky)

1 divergence at step 4 |

Trial 0: incomplete compliance Trials 1—2: correct action

4. agent: exchange_delivered_order_items( > verified catalog: no clicky full-size RGB keyboard variant available
order="#W2378156", 4. agent: exchange_delivered_order_items(
items=[1151293680, 4983901480], order="#W2378156",
new_items=[9951482, 7747408585]) items=[4983901480],

> exchanged both items without checking whether a clicky full-size RGB new_items=[7747408585])

variant exists agent: Exchanged thermostat only; clarified that the

agent: Confirmed exchange of both items. requested keyboard variant is unavailable.

Reward =0 Invalid multi-item exchange: requested Reward =1 Partial exchange correctly applied;

keyboard variant is not offered. unsupported request declined.

Figure 15: Mixed-outcome trajectories on identical inputs (7-bench retail). Three independent runs of the same
agent on the same user request share an identical 3-step prefix (top) but diverge at step 4. Trial O (left) issues an
invalid multi-item exchange without verifying the keyboard catalog, while Trials 1-2 (right) check availability
and correctly exchange only the thermostat. This kind of outcome split on a shared prefix is precisely the signal
SkillForge mines to extract procedural guidance.

(b) Trajectory under flat retrieval

user: I need to change my May 15th JFK flight—my cat is
sick, I need to get home sooner on a non-stop.
agent: Please share your user ID.

(a) Skill library: metadata visible to the agent user: daiki_lee_6144

agent: get_reservation_details(

/1 6 flight-related skills, all surface-relevant user="daiki_lee_6144")
manage_flight_change_requests result: DF89BM, cabin="Basic Economy”
trigger: intent == “modify flight”

retrieve_skill(query=‘“change flight, sooner, non-
stop”)
top-1: find_cheapest_flight_deals

matched on: “sooner” — “save time” — “deals” (spurious)

manage_basic_economy_restrictions
trigger: cabin == “Basic Economy”
find_cheapest_flight_deals

trigger: keywords {cheap, deal, cheaper, save}

. . > correct skill manage_basic_economy_restrictions ranked 4th
flight_delay_compensation 2 Y

trigger: intent == “delay claim” agent: I can look for a cheaper non-stop alternative for your
request_seat_upgrades May 15th trip. Would you like to upgrade to Main Cabin to
trigger: intent == “upgrade” V keyword “upgrade” access more options?

airport_lounge_access > follows the wrong skill; never checks the Basic Economy restriction
trigger: intent == “lounge access” agent: search_flights(..., cabin="Main Cabin")

> Two skills are genuinely relevant (rows 1-2). The e WTpekTe e VR ELer A - o )

other four share keywords with the request and Reward =0 Wrong skill retrieved under keyword overlap;
compete during retrieval. Basic Economy non-modification rule bypassed.

Figure 16: Failure mode: skill interference under flat retrieval. When all candidate skills are ex-
posed at once (a), surface keyword overlap between the user’s phrasing (“sooner,” “non-stop”) and unrelated
skills (find_cheapest_flight_deals) causes the retriever to load an irrelevant skill while the correct one
(manage_basic_economy_restrictions) is ranked lower (b). The agent then executes the spurious skill’s instruc-
tions and violates policy. This motivates the on-demand, trigger-conditioned retrieval design used by SkillForge,
which gates skill loading on structured trigger conditions rather than free-text similarity alone.
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