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Abstract

Reliable deployment of LLM agents in user-facing
products depends not on raw task-solving ability
but on consistency and limit-awareness: behav-
ing the same way across repeated trials, and rec-
ognizing when a request cannot, or cannot yet,
be safely fulfilled. CAR-bench exposes this reli-
ability gap in the domain of in-car assistants: an
LLM-simulated user issues incomplete or ambigu-
ous requests, requiring the agent to resolve un-
certainty through multi-turn dialogue and tool use
while strictly adhering to domain policies. Even
frontier models show a substantial gap between
what they can solve at least once (Pass@k) and
what they solve consistently across trials (Pass"k).
We bridge this gap with TRACE (TRAjectory-
Contrastive Evolution), which iteratively improves
a skill-based agent’s behavioral knowledge without
modifying model weights. This knowledge is orga-
nized as a Skill Bank of modular, retrievable skills,
each encoding a self-contained set of tool-use rules
and behavioral guidelines. TRACE evolves this
bank through an agentic self-evolution loop: after
each evaluation round, it groups trajectories by the
skills invoked and refines each skill by contrast-
ing successful and failed behaviors. The updated
bank then guides subsequent rounds, while during
deployment the Actor performs state-conditioned
skill orchestration at every turn. On GPT-5.5,
TRACE improves consistency (Pass"3) by 34.6
points, from 59.9% to 94.5%, while shrinking the
gap between potential and reliable performance to
just 4.0 points. On the official hidden set, TRACE
achieved first place using GPT-5.6-Sol, attaining
a Pass™3 score of 70%—a 40% relative improve-
ment over the baseline. These results show that
TRACE converts high model potential into stable,
consistent performance gain.
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Figure 1: LLM agents may fail to recognize their capability bound-
aries, falsely claim unsupported success, and behave inconsistently
across repeated rollouts. State-conditioned skill orchestration nar-
rows the gap between potential (Pass@3) and reliable performance
(Pass™3) while producing more concentrated and consistent outputs.

1 Introduction

Deploying LLM agents in user-facing products demands
more than raw task-solving capability [Jaech et al., 2024; Guo
et al., 2025; Han et al., 2025]. Modern agents combine chain-
of-thought reasoning [Wei et al., 2022; Wang er al., 2023;
Zhan et al., 2026] with tool use and action [Yao et al., 20231,
enabling recent reasoning-centric models [Yan et al., 2025;
Zhang et al., 2026] to tackle demanding agentic bench-
marks [Hu et al., 2025; Wu et al., 2026], such as real-world
software issue resolution [Jimenez et al., 2024]. However,
benchmark success does not guarantee reliable behavior in
multi-turn interactions, where users may issue incomplete,
ambiguous, or unsatisfiable requests and agents must manage



the resulting uncertainty while adhering to domain-specific
policies [Barres er al., 2025]. Two properties are therefore
essential: (i) consistency, producing stable behavior across
repeated trials, and (ii) limit-awareness, recognizing when a
request cannot, or cannot yet, be safely fulfilled instead of
claiming unsupported success. Both properties are safety-
critical for in-car assistants, where premature or unsupported
actions can distract or endanger drivers.

Current LLMs are poorly aligned with both. Consistency
remains fragile because, although models possess the meta-
reasoning ability to recognize ambiguous requests and de-
termine when clarification is needed, they do not reliably
activate this ability across repeated trials [Hu et al., 2026].
Limit-awareness is weakened by training objectives that fa-
vor plausible task completion over honest uncertainty, lead-
ing models to claim they can fulfill a request even when
they lack the required capability rather than admit the limi-
tation [Kalai et al., 2025]. Together, these weaknesses cre-
ate a completion-compliance tension: agents often prioritize
satisfying the request over following policies, seeking clari-
fication, or acknowledging unavailable capabilities. Because
such failures are intermittent, the same agent may succeed in
one trial but fail in another, exposing a gap between what it
can do and what it does reliably.

We address this gap with TRACE (TRAjectory-
Contrastive Evolution), a general, model-agnostic method
that turns existing model capabilities into more consistent,
limit-aware agent behavior, as illustrated in Figure 1.
Rather than modifying model weights, TRACE improves
the behavioral scaffolding around the model, in line with
recent work on self-evolving agent harnesses [Chen et al.,
2026] and lifecycle memory evolution [Liu et al., 2026].
Unlike single-episode reflection methods [Shinn et al.,
2023], TRACE distills reusable behavioral knowledge
across evaluation rounds into a persistent Skill Bank of
modular and retrievable skills. Each skill encodes tool-use
rules and behavioral guidelines, and the Actor performs
state-conditioned skill orchestration at each inference turn.

TRACE evolves the Skill Bank through an LLM-driven
closed loop: after each evaluation round, it groups trajectories
by the skills invoked and refines each skill by contrasting suc-
cessful and failed behaviors. This contrast reveals decisions
that cause unreliable outcomes, such as acting on incomplete
information, overlooking policy constraints, or claiming un-
available capabilities, and converts them into reusable guid-
ance for limit-awareness and policy adherence. Two design
choices keep the evolved skills general and transferable: i)
operation-level organization abstracts skills from individual
tasks, allowing knowledge learned in one scenario to transfer
to others that require the same operation; and ii) a strict de-
hardcoding constraint prevents skill updates from encoding
memorized answers or environment-specific values, preserv-
ing only transferable tool-use and decision principles.

We summarize our contributions as follows.

* We introduce TRACE, a model-agnostic framework that
self-evolves a modular Skill Bank from an agent’s eval-
uation trajectories without modifying model weights.

* We develop an agentic loop that refines skills by con-

trastive trajectory analysis, with operation-level orga-
nization, deployment-faithful reconstruction, and de-
hardcoding to preserve transferability.

* We validate the evolved Skill Bank across multiple
LLMs, showing substantial improvements in Pass™3 and
limited degradation in Pass™k as k increases, with gains
that transfer across underlying models.

2 TRACE: A Self-Evolving Skill Bank

TRACE is organized around two agents, as shown in Figure 2.
The Actor is the task-executing agent that converses with the
user, calls tools, and orchestrates the skills relevant to the cur-
rent dialogue state. The Curator is the skill-optimizing agent
that reads the Actor’s evaluation trajectories and rewrites the
behavioral knowledge the Actor will act on next. The behav-
ioral knowledge lives in a Skill Bank B = {si1,...,sn} of
N skills: a set of modular, retrievable competencies stored as
markdown SKILL.md files. Each skill is a pair s; = (d;, b;),
where the one-line description d; serves as a compact routing
cue and the body b; is a self-contained bundle of tool-usage
rules and behavioral guidelines. At every turn the Actor con-
structs an ordered sequence of relevant skills to augment its
generation, while the Curator’s job is to self-evolve the bank
from evaluation evidence, mapping B to an improved B’ so
that in later runs the Actor activates and executes the right
competency more consistently. The two agents therefore op-
erate at complementary stages of the evolution loop: within
each evaluation round, the Actor makes turn-level decisions
during task execution; between rounds, the Curator updates
the Skill Bank from the collected trajectories.

2.1 Initializing the Skill Bank

Before the evolution loop, the Curator bootstraps an initial
bank B©) from tens of rounds of the Actor’s evaluation on the
training set. The initialization follows a bottom-up pipeline
of three hierarchical passes followed by a final decomposi-
tion step. The Curator distills task-level skills, aggregates
them at the task-type level, abstracts them into operation-
level competencies, and then decomposes broad competen-
cies to enable precise activation. Formally, the process is
Bk s P, 50— BO).

Hierarchical Skill Abstraction. The Curator consolidates
the trajectories through three successive passes:

¢ Task-Level Distillation. For each task, the Curator
compares its trajectories across evaluation rounds and
distills a task-level skill that captures both successful
behalyiors and common failure patterns. This produces
Btas .

* Type-Level Aggregation. The Curator groups tasks by
type and merges their task-level skills, removing task-
specific details so that only behavior shared within each
type remains. This produces B%Pe,

e Operation-Level Abstraction. The Curator further
merges skills across task types according to their under-
lying operations. Behaviors associated with the same
operation are unified into a reusable competency, even
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Figure 2: Overview of TRACE. (Skill Bank Initialization and Evolution) The Curator initializes the Skill Bank bottom-up, then runs the
evolution loop to iteratively refine it from the Actor’s evaluation trajectories. (Deployment) At every turn, the deployed Actor performs

state-conditioned skill orchestration and executes tools accordingly.

when they arise from tasks with different surface goals.
This produces B°P.

Skill Decomposition. The Curator then decomposes broad
skills in B°P into finer-grained skills, each covering a single,
focused competency. This allows the Actor to activate pre-
cisely the knowledge required at each turn rather than broad
or overlapping guidance, yielding the initial Skill Bank B(?).

Hierarchical abstraction enables knowledge learned in one
scenario to transfer to others that require the same operation,
while decomposition keeps each skill sufficiently focused for
precise and reliable orchestration.

2.2 Trajectory-Contrastive SKkill Evolution

Let D denote the evaluation tasks used during evolution, and
let 7(") be the trajectories produced by the Actor on D with
bank B("). After each round, the Curator runs one pass of
the loop, an update B"+1) = &(B) T(M): it clusters the
trajectories in 7(") by the skill each turn invoked, recon-
structs each trajectory from the Actor’s deployment view, and
rewrites each skill by contrasting the Actor’s successful and
failed behavior. Algorithm 1 summarizes the complete ini-
tialization and evolution procedure.

Skill-Aware Grouping. The Curator first partitions 7 (")
by the skills each trajectory selected, sending trajectories that
hit an existing skill s; to that skill’s group 7; and setting aside
those with an unrecognized name or no skill at all. This turns
a stream of noisy trajectories into per-skill samples that can
be attributed to a specific competency, each carrying the re-
ward, tool calls, expected actions, and errors needed for skill
optimization. For a trajectory 7, let ¢(7) denote the set of
skills selected at the relevant turn. The grouping step is

7;(7‘) ={re T g € o)},
%(T) ={r:ur) =0oru(r) € BM}.

This grouping provides the Curator with skill-specific evi-
dence, enabling it to contrast successful and failed trajectories
and refine each competency independently.

Deployment-Faithful Reconstruction. The Curator then
renders each skill’s trajectories into structured text, with one
key design decision: it distinguishes deployment-visible in-
formation from evidence available only to the Curator dur-
ing evolution, and labels each piece accordingly. The shared
prompt and base tools are shown once, while each task adds
only its capability changes relative to that baseline. This
separation lets the Curator use privileged information to di-
agnose what went wrong in a trajectory, while still judging
the Actor’s decisions by exactly the affordances it faced, so
that a skill is never rewritten to depend on knowledge the Ac-
tor will not have during deployment.

Contrastive Skill Refinement. Finally, the Curator
rewrites in two modes. When optimizing an existing skill,
it reads that skill’s paired success and failure trajectories
and edits it directly, so it learns not only why the compe-
tency worked but also how it went wrong; if a skill has
grown too large and complex, it is further split into finer-
grained skills. When mining for missing skills, the Curator
inspects the set-aside no-skill trajectories and creates or re-
vises a skill if a reusable, uncovered pattern recurs. Before
accepting the next bank, the Curator validates skill bound-
aries and removes task identifiers, memorized answers, and
environment-specific values. Together, these two modes ad-
dress complementary gaps in the Skill Bank: mixed outcomes
expose weaknesses in an activated skill, while recurring no-
skill trajectories reveal competencies that the bank does not
yet cover.

2.3 State-Conditioned Skill Orchestration

While the evolution loop shapes what the Skill Bank con-
tains, this section describes how the Actor performs state-
conditioned skill orchestration during deployment (Algo-
rithm 2). Here, orchestration goes beyond static retrieval:
conditioned on the current dialogue state, the Actor jointly
determines which skills are relevant, how many to activate,
and in what order to compose them, then grounds the result-
ing skill sequence in context and recomputes it after every
turn.



Algorithm 1 TRACE Skill Bank initialization and evolution

Input: initial trajectories 7 "i*; evaluation tasks D; evolution
rounds R; skill groups G
Output: evolved Skill Bank B()

1: Btask « DISTILLBYTASK(7™t)
2: BWPe « MERGEBYTYPE(Bk)
3: B°P + MERGEBYOPERATION(B%WP®)
4: B + DECOMPOSE(B°P)
5:forr=0,1,..., R—1do
6: T < EVALUATEACTOR(D, B(")
7. (6™, 7,7) < GROUPBYSKILL(T "), B()
8 B+« BM
9: foralls; € B") do
10: (T(i),T(’”)) < SPLITBYOUTCOME(G(")[s;])
11: 1fT #@andT(r) # () then
12: Xi — RECONSTRUCT('ES:), 7;@)
13: B <+ REFINEORSPLIT(B, s;, X;)
14: end if
15:  end for
16: if REUSABLEUNCOVEREDPATTERN(%(T)) then
17: Xy + RECONSTRUCT(%(T))
18: B + MINEORREVISE(B, X;)
19:  endif _
20: Bt < VALIDATE(B)
21: end for

22: return B

State-Conditioned Orchestration. Let h; denote the di-
alogue history before the Actor’s action at inference turn t.
As N is small, the Actor orchestrates skills by evaluating the
descriptions {d;} against h;, yielding an ordered sequence
S = o(h,{d;}) = (st15---, ¢ k,). The decision is con-
ditioned on the user’s current request, unresolved constraints,
and observations accumulated in h;, rather than on surface
similarity alone. This process jointly determines skill rele-
vance, the number of activated skills K, and their composi-
tion order, which determines how the activated skill bodies
are arranged in the generation context.

Context Grounding. Once S; is constructed, the Ac-
tor retrieves the corresponding ordered body sequence b; =
(bea,... by k,). It forms ¢, by combining h, with these
tool-use rules, behavioral guidelines, mistakes to avoid, and
procedures in the selected order. The Actor then samples
a; ~ 7(- | ¢t), and the environment returns an observation
0¢, such as a tool result, the next user utterance, or a termi-
nal signal. The tuple (h¢, St, at, 0¢) is appended to 7 before
the dialogue state is updated. Grounding each activated skill
body in the current dialogue state allows its guidance to shape
both what the Actor should do, such as verifying prerequisites
before a tool call, and what it should avoid, such as claiming
an unavailable capability.

Per-Turn Re-Orchestration. Skill orchestration is recom-
puted each turn: S;y1 = o(h¢t1,{d;}), independent of S;.
The bodies injected on one turn are not carried over; at the
next turn, the Actor reevaluates all descriptions against the

Algorithm 2 State-conditioned skill orchestration at deploy-
ment
Input: Skill Bank B = {(d;, b;)}}¥,; Actor policy 7; initial
state hi; environment £
Output: dialogue trajectory 7
Lm0t 1
2: while “-TERMINAL(%;) do
3: St — O'(ht,{di}gvzl)
b; + ORDEREDBODIES(S;, B)
¢t < COMPOSEPROMPT(hy, by)
ag ~7(- | cr)
o¢ < OBSERVE(E, ay)
T < APPENDSTEP(T, (hy, Sy, ar, 01))
9: ht+1 — ‘APPEND(ht7 Qg, Ot)
10: t+—t+1
11: end while
12: return 7

A

updated dialogue state and constructs a new skill orchestra-
tion. This refresh keeps the context lean and, more impor-
tantly, lets the active competencies track the conversation as
it evolves: a turn that begins as a clear request but proves
underspecified, or one that hits a missing capability, pulls in
exactly the skills that now apply rather than staying anchored
to what was relevant earlier.

3 Experiments

Benchmark. We evaluate on CAR-bench [Kirmayr et al.,
2026], which extends agent testing to a safety-critical in-car
assistant setting. An LLM-simulated user is given a persona
and a hidden task instruction and exchanges text messages
with the agent, which has native tool-calling access to 58 in-
terconnected tools and must obey 19 domain policies. Tasks
span three types: (i) Base tasks, which test ordinary task com-
pletion; (ii) Hallucination tasks, in which a required tool, pa-
rameter, or result is removed, so the agent must acknowledge
the missing capability rather than fabricate one; and (iii) Dis-
ambiguation tasks, which introduce controlled ambiguity that
the agent should resolve internally where possible and esca-
late to the user only when necessary.

Metrics. To measure consistency directly rather than inci-
dentally, each task is run k times and aggregated over T tasks
into two metrics:

k

Pass"k = ] Z Zl Zri , (D

ceC e tec

Pass@Qk =

ICIZ 21 Zr<”z1, )

ceC C tec
where C is the set of task types, 7, is the number of tasks in

type ¢, and 7"(3 ) e {0, 1} indicates whether trial j solves task
t. Pass’k (solved in all k trials) captures reliability, while
Pass@F (solved in at least one) captures potential. The gap
between the two isolates the latent competence a model pos-
sesses but cannot apply reliably, and our goal is to close this
gap while lifting both metrics.



Backbone Method Pass@1 Pass™1 Pass@2 Pass™2 Ao Pass@3 Pass™3 A3
. baseline 71.9 71.9 80.6 66.7 13.9 82.7 62.8 19.9
GLM-5.2 (high) TRACE 93.6 (121.7) 93.6 (121.7) 95.2 (1146) 89.4 (12270 5.8 81 96.8 (1141 84.8 (1220 12.0( 7.9
GPT-5.5 (medium) baseline 75.6 75.6 83.3 67.7 15.6 87.7 59.9 27.8
: TRACE 97.8 (+222) 97.8 (1222) 98.1 (114.8) 96.2 (1285 1.9 137 98.5 (1108 94.5 (+346) 4.0 (] 23.8)

Table 1: Consistency (Pass"k) and potential (Pass@k) on the full CAR-bench dataset (%), for k € {1,2,3}. A, = Pass@k —Pass"k measures
the consistency gap (smaller is better). The best results are highlighted in bold. Each backbone is annotated with its reasoning effort.

Backbone Method Base Hallu.

baseline  76.0 64.3 48.2
TRACE 90.0 80.6 83.9

baseline  67.0 73.5 39.3
TRACE 95.0 93.9 94.6

Disamb.

GLM-5.2 (high)

GPT-5.5 (medium)

Table 2: Pass™3 broken down by task type on the full CAR-bench
dataset (%): Base, Hallucination (Hallu.), and Disambiguation (Dis-
amb.). Each backbone is annotated with its reasoning effort.

3.1 Experimental Setup

We use CAR-bench for both skill optimization and evalua-
tion. The self-evolution loop first bootstraps the Skill Bank on
the training split and then broadens its coverage using the test
split, so that the resulting skills span a broader range of tasks.
We report all numbers on the combined dataset of the training
and test splits. To test the generality of the evolved Skill Bank
across different underlying models, we run every experiment
on two backbones: GPT-5.5 with medium reasoning effort
and GLM-5.2 with high reasoning effort. The Skill Bank is
evolved iteratively using trajectories collected from a GPT-
5.5, and is then applied unchanged to both backbones at test
time. For each backbone we compare two configurations:

* baseline: the model with its default prompt and native
tool-calling, without any Skill Bank or skill orchestra-
tion.

¢ TRACE (Ours): the same model augmented with our
self-evolved Skill Bank via state-conditioned skill or-
chestration.

Each task is run 3 times, and we report both metrics macro-
averaged over the three task types.

3.2 Main Results

Tables 1 and 2 report all results on the full CAR-bench
dataset. Table 1 gives the overall Pass"k and Pass@k for
k € {1,2,3}, and Table 2 breaks Pass"3 down by the three
task types. Since the two configurations share the same
model, base prompt, and native tool-calling and differ only in
whether state-conditioned skill orchestration is enabled, the
gap between the corresponding rows isolates the contribution
of the skills derived from TRACE.

Overall Reliability and Gap Closure. The baselines ex-
pose precisely the gap CAR-bench targets: Pass"k decays
with k& while PassQF rises, leaving a 19.9-point spread on
GLM-5.2 (Pass™3 62.8% vs. Pass@3 82.7%) and 27.8 on
GPT-5.5 (59.9% vs. 87.7%) between what a model can do

and what it does on every trial. TRACE lifts reliability on
both backbones: Pass™3 rises to 84.8% (+22.0) on GLM-
5.2 and 94.5% (434.6) on GPT-5.5, shrinking the Pass*3-to-
Pass@3 gap to 12.0 and 4.0 points. The gains thus favor re-
liability over single-trial capability: Pass™3 improves by 22.0
points on GLM-5.2 and 34.6 points on GPT-5.5, compared
with 21.7 and 22.2 points for Pass™1, respectively.

Skill Evolution and Cross-Backbone Transfer. As the
baseline and TRACE configurations differ only in state-
conditioned skill orchestration, contrasting the two rows pro-
vides a controlled comparison of the final Skill Bank’s ef-
fect: adding it is the only change to the pipeline, yet every
cell of Table 1 improves substantially on both backbones (e.g.
Pass™3 by +22.0 and +34.6 points), so the gains stem from
the evolved competencies rather than the model, prompt, or
tooling. Because this bank was evolved solely on GPT-5.5
trajectories yet applied unchanged to GLM-5.2, its compa-
rable GLM-5.2 gains further show the competencies transfer
across backbones rather than overfitting their source model.

Performance across Task Types. Both baselines are
highly uneven (Table 2), and Disambiguation is by far the
weakest type on both backbones (48.2% on GLM-5.2 and
39.3% on GPT-5.5). Their relative strengths otherwise dif-
fer: GLM-5.2 is strongest on Base (76.0%), whereas GPT-
5.5 is strongest on Hallucination (73.5%), underscoring the
challenge of consistently resolving ambiguity. TRACE im-
proves every type but most where the baseline is weakest:
Disambiguation rises to 83.9% (+35.7) on GLM-5.2 and
94.6% (+55.3, its largest single gain) on GPT-5.5. This flat-
tens the profile, narrowing the cross-type spread from 27.8
to 9.4 points on GLM-5.2 and 34.2 to 1.1 on GPT-5.5, so
the evolved skills concentrate their effect on the hard, safety-
critical behaviors that motivate the benchmark.

3.3 Official Hidden-Set Evaluation

The official evaluation additionally tests the submitted sys-
tems on a previously unseen hidden set, distinct from the
combined training and test splits reported above. Table 3
compares TRACE with the baseline under the same GPT-5.6-
Sol backbone over 30 hidden tasks, with three trials per task.

Reliability and Generalization. TRACE improves the
strict three-trial success rate, Pass™3, from 50.0% to 70.0%: a
gain of 20.0 percentage points. The gains also hold under the
less stringent metrics, with Pass@3 increasing by 16.6 points
and Pass@1 by 10.0 points. At the trial level, TRACE com-
pletes 69 of 90 trials successfully, 15 more than the baseline,
while success consistency rises from 85.0% to 88.0%. These
improvements on tasks unavailable during skill evolution pro-



Method Pass™3 1 Pass@3 1 Pass@1 1  Successful trials T Consistency T Latency (s) |  Tokens/trial | Cost/trial |,
baseline 50.0 66.7 60.0 54/90 85.0 21.21 82,179 $0.17
TRACE 70.0 (1 40.0%) 83.3 (125.0%) 70.0 (1 16.7%)  69/90 (1 27.8%) 88.0 (13.5%) 25.87 (122.0%) 141,684 (+72.4%) $0.27 (1 58.8%)

Table 3: Official results on the CAR-bench hidden set using GPT-5.6-Sol. Pass and consistency values are percentages; latency is the median
task latency, tokens are the mean per trial, and cost is estimated per trial. Parenthetical annotations next to TRACE report relative changes
with respect to the baseline (in percent). Arrows indicate the preferred direction. The best result in each column is highlighted in bold.

vide evidence that the Skill Bank transfers beyond the public
evaluation tasks rather than merely memorizing them.

Latency-Accuracy Trade-Off. The 20.0-point gain in
Pass”3 comes with a 4.66-second increase in median task la-
tency, from 21.21 to 25.87 seconds. Thus, the 40.0% rel-
ative reliability gain is substantially larger than the relative
22.0% latency increase. This result indicates that per-turn
state-conditioned skill orchestration adds only a moderate
wall-clock overhead while materially improving reliable task
completion. The computational overhead is more pronounced
in model usage: mean tokens per trial increase by 59,505
(72.4%), and estimated cost rises by $0.10 per trial (58.8%).
TRACE therefore offers a favorable reliability—latency trade-
off on the hidden set, although its token and monetary costs
remain important targets for future optimization.

4 Conclusions and Limitations

We presented TRACE: a skill-based agent whose behavioral
knowledge is a self-evolving Skill Bank that rewrites modular
markdown competencies from clustered, deployment-faithful
evaluation evidence under a strict de-hardcoding guide. Dur-
ing deployment, TRACE adds state-conditioned skill orches-
tration on top of the base model: the Actor selects and
grounds a small set of competencies at each turn, keeping
the active context focused. The current orchestrator is imple-
mented by the LLM evaluating all skill descriptions against
the dialogue history at each turn, which suits the small bank
used here but scales poorly as the bank grows. A learned
or hierarchical orchestrator is a natural next step. The Skill
Bank also acts as a forward guide, with no feedback channel
from task execution back into the skills during deployment.
Introducing such a channel could enable the system to adapt
or correct its behavior mid-dialogue.
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