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Abstract

Agent skills, structured artifacts distilled from interaction tra-
jectories and dynamically reused from skill banks, have be-
come a central mechanism for enabling large language model
(LLM)-based self-evolving agents to learn from past expe-
rience. Yet existing work has largely focused on the opera-
tional aspects of skills, such as acquisition, evolution, and
retrieval, while leaving a more fundamental reliability ques-
tion unresolved: Do accumulated skills in an agent’s skill
bank actually make positive mechanistic contributions? We
investigate this question through systematic skill-bank au-
dits across alternative bank compositions and deployment
domains, measuring the resulting changes in agent behav-
ior. These audits reveal two recurring reliability failures:
coalition pollution, where bank-level gains conceal negative
coalition-level skill contributions, and cross-domain utility
reversal, where source-beneficial skills reverse their effects
after transfer. These findings motivate two reliability interven-
tions: coalition-aware skill selection during skill accumulation
and label-free skill masking after transfer. Coalition-Aware
Skill Selection (CASS) selects more reliable candidate skills
for the current bank using sampled Shapley marginals. Un-
supervised Skill-Masked Coalition Optimizer (u-SMCO)
masks transferred skills whose exclusion improves retrieval
quality on unlabeled target-domain data. Agentic experi-
ments on LoCoMo, LongMemEval, HotpotQA, and ALF-
World show that CASS and u-SMCO consistently improve
task performance and cross-domain generalization over strong
skill-based self-evolving agent baselines. Beyond accuracy,
coalition-conditioned reliability modeling reduces sensitivity
to noisy outcome-reward fluctuations during reinforcement
learning and exposes the limits of isolation-based skill evalu-
ation. These results establish skill reliability as a joint property
of skills, banks, and deployment domains, with skill coalitions
serving as the central unit of reliable skill evolution. Our audit
toolkit, method code, and trained checkpoints will be released.

1 Introduction

Large language model (LLM)-based agents (Wei et al. 2026;
Huang et al. 2026; Wang et al. 2023) are increasingly ca-
pable of self-evolving by learning from both successful and
failed interactions. Recent works (Xia et al. 2026; Zhang
et al. 2026b; Yang et al. 2026; Shi et al. 2026; Ouyang et al.
2026) advance this paradigm by distilling raw interaction tra-
jectories into skills (Xu and Yan 2026): high-level, reusable,
structured artifacts that abstract the essential knowledge for

Prior 9 9 Ours
v oo oo Yy
Q @ W - - W
° |
o Base Agent Env
E 4 = New skills Bad>
n Task gains with Marginal gains with
S = =) skill bank. skill coalition A.
ad 1,010,0 f coalition pollution ... with coalition B. q ©©
w v} ... with coalition C.&2 ==
Policy Agent Policy Agent
Y A9 7 Skill Bank 7 g
S Prior Ours
k7 o . .
< Which skills 1 Wi eldlls
[ to select? still con’rmbu’rg in
[ i | the new domain?
= 1 C"J°55’d°"‘“f"' 2. Mask the rest,
X utility reversa then select.
9 New Env Base Agent New Env
S
a

Figure 1: Motivation. (a) Existing self-evolving agents over-
look coalition pollution during skill evolution, admitting un-
reliable skills with negative coalition-level contributions. (b)
During cross-domain transfer, prior methods ignore cross-
domain utility reversal, allowing skills that become unreli-
able in the target domain to influence subsequent decisions.
These two mechanistic failure modes motivate our work.

solving tasks. Once accumulated into a persistent skill bank,
these artifacts are retrieved and instantiated at inference time
without additional parameter updates (Berthon, Astorga, and
van der Schaar 2026; Li et al. 2026¢; Xu et al. 2026b).

Most existing work focuses on operations along the skill
lifecycle, particularly skill acquisition (Qiu et al. 2026; Ni
et al. 2026), evolution (Zhang et al. 2026a; Shen et al.
2026b), and retrieval (Xia et al. 2026; Su et al. 2026). Other
studies have investigated how individual skills can be com-
posed (Chen et al. 2026a; Li et al. 2026b) and evaluated their
generalization across tasks and domains (Huang et al. 2026;
Li et al. 2026c). Despite these practical successes in expand-
ing agent capabilities, a more fundamental reliability ques-
tion remains largely unexplored: Do the skills accumulated
in an agent’s skill bank actually make positive mechanistic
contributions when invoked?

To this end, we conduct a systematic Skill Mechanistic
Reliability Audit (SMRA) on representative skill-based self-
evolving agents (Zhang et al. 2026b). Our audit covers two
lifecycle stages: skill evolution and cross-domain transfer
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(a) Admitting a skill reshuffles contributions

(b) Skills interact within the coalition

(c) Utility reverses across domains
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Figure 2: Skill reliability is not intrinsic. We audit the same skills across bank compositions and deployment domains (skills
relabeled Skill_XX). (a) Acceptance is not contribution: the gate admits Skill_AP (purple star), yet it contributes ~0 while
the incumbent Skill_IN carries the bank. (b) Contribution depends on partners: the interaction matrix reveals synergies and
antagonisms, strongest between Skill_INand Skill_CR (boxed). (c) Same bank, different verdict: Skill_IN helps at the

source (LoCoMo) and reverses at the target (HotpotQA-50).

(Figure 1). Both stages audit skill reliability by systemati-
cally varying the skill-bank composition. The evolution stage
compares bank states before and after new skills are accepted
(Figure 2a-b); the transfer stage compares in-domain versus
out-of-domain deployment on the accumulated bank (Fig-
ure 2c¢). This audit reveals two key reliability failures:

Coalition Pollution. During skill evolution, a newly ex-
tracted candidate is accepted into the skill bank if its inclusion
improves aggregate task performance. Yet this gain reveals
neither which skill produces the value nor how skills inter-
act within the bank. Comparing the audit results before and
after acceptance (Figure 2a-b), we uncover an inversion: the
admitted skill shows near-zero contribution while an incum-
bent carries the bank, and existing marginals shift with the
composition. The gate thus retains skills whose mechanistic
reliability it never established, because a skill’s contribution
is conditioned on its coalition rather than intrinsic. We term
this phenomenon coalition pollution.

Cross-Domain Utility Reversal. During cross-domain
transfer, agents carry the entire accumulated skill bank into
the target domain and dynamically retrieve skills for down-
stream tasks. This practice implicitly assumes that skills use-
ful in the source domain remain useful after transfer. Com-
paring the audit results across in-domain and out-of-domain
deployment (Figure 2c), we find this assumption fails: some
skills beneficial in the source domain reverse their effect at
the target and degrade performance. We term this failure
mode cross-domain utility reversal.

Self-evolving agents’ skill banks contain two reliability
Jailure modes: bank-level gains conceal coalition-level
harm during evolution, and source-useful skills reverse
to harmful under transfer.

Based on these findings, we introduce two interventions,
one for each failure mode.

Coalition-Aware SKill Selection (CASS) addresses coali-
tion pollution during skill evolution. Instead of relying on
aggregate reward alone, CASS augments the acceptance cri-
terion with a coalition-aware signal. When evaluating a can-

didate, it uses Monte Carlo sampling to construct diverse skill
coalitions from the resulting bank and aggregates their Shap-
ley marginal contributions to estimate coalition-conditioned
reliability. This estimate is then combined with aggregate
reward to decide acceptance.

Unsupervised Skill-Masked Coalition Optimizer (u-
SMCO) addresses cross-domain utility reversal after trans-
fer. Using unlabeled queries from the target domain, u-
SMCO scores each skill by its retrieval-quality contribution
and greedily masks skills whose removal improves retrieval.
Because no task labels are required, u-SMCO applies at de-
ployment without target-domain supervision.

Experiments on LoCoMo, LongMemEval, HotpotQA, and
ALFWorld show that CASS and u-SMCO consistently im-
prove task performance and cross-domain generalization.
Further analysis shows that our coalition-aware signals mit-
igate reward noise during training; we further prove that
outcome-only gates are structurally blind to the coalition-
level interactions these failures rest on. Together, these results
reveal a broader principle: skill reliability is a joint property
of the skill, the surrounding skill bank, and the deployment
domain, not an intrinsic attribute of individual skills.

Our contributions can be summarized as follows.

* We introduce SMRA and identify two reliability failure
modes of self-evolving skills: coalition pollution during
evolution and cross-domain utility reversal after transfer.

* We propose CASS, a coalition-aware method that selects
more reliable candidate skills for the bank by augmenting
aggregate reward with sampled Shapley marginals.

* We propose u-SMCO, a label-free method that masks
skills whose utility reverses after transfer using only un-
labeled target-domain queries.

* We prove that outcome-only gates are structurally blind
to the coalition-level interactions that drive both failure
modes, motivating our two interventions.

e Across four benchmarks, CASS and u-SMCO consis-
tently improve task performance and cross-domain gen-
eralization over strong self-evolving baselines.



2 Related Work
2.1 Self-Evolving LLM Agents

Large language models (LLMs) (Huang et al. 2024; Yang
et al. 2025; Agarwal et al. 2025) have demonstrated strong
reasoning capabilities across a wide range of complex
tasks (Xu et al. 2026b; Maharana et al. 2024; Wu et al. 2025;
Yang et al. 2018; Shridhar et al. 2020), accelerating the de-
velopment of autonomous agent systems (Wei et al. 2026;
Wang et al. 2023). Some studies have further explored in-
context learning to enhance agent reasoning (Wu et al. 2023;
Zhao et al. 2024). However, these agents typically treat each
interaction as an isolated episode and approach every new
task from scratch, without leveraging prior experience. This
paradigm limits their ability to adapt to increasingly complex
or long-horizon tasks in dynamic, open-ended environments.
To enable LLM-based agents to learn from past interac-
tions, memory-based self-evolving agents (Xu et al. 2026a;
Wang and Chen 2025; Yu et al. 2024; Kang et al. 2025)
store sampled interaction trajectories in external databases
as reusable experience. However, raw trajectories often con-
tain substantial redundancy and noise (Zhao et al. 2024;
Chhikara et al. 2025; Mi et al. 2026), motivating the devel-
opment of skill-based self-evolving agents (Zhang, Fu, and
Yan 2025; Ouyang et al. 2025; Wei et al. 2025) that dis-
till historical trajectories into compact, reusable behavioral
primitives, namely skills (Tu et al. 2026; Zhu et al. 2026).
In parallel, advances in reinforcement learning (Chen et al.
2026b; Yu et al. 2026; Wang et al. 2026) have provided
stronger supervisory signals for agent self-evolution.

2.2 Agent Skills

With the emergence of agent scaffolds such as Claude Code
and OpenClaw (Xu and Yan 2026; Li et al. 2026a; He et al.
2026), Agent Skills have become a structured mechanism for
encoding reusable decision-making strategies (Shen et al.
2026a; Liang et al. 2026). These behavioral primitives can
be retrieved at inference time without updating model pa-
rameters, allowing agents to reuse knowledge distilled from
both successful and failed interaction trajectories (Qiu et al.
2026; Mi et al. 2026).

Existing work spans the full skill lifecycle (Xu and Yan
2026; Vishe et al. 2026): Trace2Skill (Ni et al. 2026) ex-
tracts skills from execution logs, MemP (Fang et al. 2026)
formalizes construction, retrieval, and updating as executable
programs, MemSkill (Zhang et al. 2026b) develops skills for
memory operations, CoEvoSkills (Zhang et al. 2026a) refines
skills through co-evolutionary validation, SkillRL (Xia et al.
2026) and other reinforcement-learning approaches (Alzubi
et al. 2026; Wang et al. 2026) refine skill banks with reward
signals, Skill0 (Lu et al. 2026) internalizes acquired skills
into model parameters, and SkillGraph (Li et al. 2026b)
models inter-skill dependencies with graph structures. De-
spite these advances, existing methods largely emphasize the
operational aspects of skills, leaving a fundamental reliabil-
ity question unresolved: Do accumulated skills in an agent’s
skill bank make positive mechanistic contributions when in-
voked? Our work addresses this question by examining skill
reliability during evolution and cross-domain transfer.

2.3 Skill Reliability

The concurrent work most closely related to ours is Skil-
ILens (Huang et al. 2026), which characterizes skill reli-
ability from a utility-grounded perspective and shows that
textually plausible skills can still have negative effects. Our
work is complementary along three axes: we examine reli-
ability through causal contributions to downstream perfor-
mance rather than text-based utility estimation; we adopt a
coalition-aware view in which reliability is a joint property
of the skill, its surrounding bank, and the deployment do-
main, rather than an intrinsic per-skill attribute; and we go
beyond diagnosis to propose two mechanistic interventions
that address the failure modes we identify.

Our approach builds on two methodological lineages:
coalition-level contribution attribution via the Shapley
value (Shapley et al. 1953; Lundberg and Lee 2017) and its
higher-order interaction extensions (Sundararajan and Najmi
2020; Grabisch et al. 2016); and model reliability under dis-
tribution shift (Iwasawa and Matsuo 2021; Wang et al. 2020),
which shows that source-domain competence is a poor pre-
dictor of target-domain behavior.

3 Skill Mechanistic Reliability Audit

In this section, we begin with a brief overview of the base-
line agent’s skill-bank evolution mechanism. We then apply
SMRA to trace skill contributions across bank compositions
and deployment domains, revealing coalition pollution and
cross-domain utility reversal. Finally, we analyze why these
failures arise, motivating our method design.

3.1 Self-Evolution and SMRA Formulation

Consider a skill-based agent built on a base agent F'. At evo-
lution stage e, let B, = {s1, ..., s, } denote its current skill
bank, where each s; is a reusable skill. Given the interac-
tion history accumulated by F, a skill-evolution policy F’
proposes a candidate skill sy, yielding the candidate bank

Bet1 = Be U {Snew }- Under an outcome-only gate, whether
Snew 18 retained is determined by the bank-level gain

Ge = Tout (86—0—1) - rout(Be)a (1)

where o4t (B) is the aggregate outcome reward estimated
online from recent training interactions with bank B. If G, >

0, the candidate is accepted and B.;1 = B.11; otherwise,
Be+1 = B.. This gate captures only bank-level gains, not
how skill contributions vary across bank compositions.

To test whether accumulated skills make positive mecha-
nistic contributions, we introduce the Skill Mechanistic Re-
liability Audit (SMRA). SMRA adopts Shapley’s marginal-
contribution view (Shapley et al. 1953; Lundberg and Lee
2017): skills are players, and V' (C) gives the downstream
value of any skill coalition C C B on domain D. For each
s € B, SMRA audits its full-bank marginal contribution
through a knockout intervention:

A2(B)=VP(B) = VP (B\ {s}). 2)

Full-bank and knockout evaluations are paired on identical
examples. Positive AP means s supports the bank in D;
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Figure 3: Reliability failures revealed by SMRA. (a) Decisions at the noise floor: accept/reject margins are commensurate
with the 1 SE error bars; the shaded band marks the +0.04 single-skill audit resolution, an order of magnitude wider. (b)
Partmer removed, marginal drops: insert falls from 40.084 to +0.018 once capture_contextual_relationships
is removed. (¢) Source benefit, target reversal: insert helps on the source (LoCoMo), reverses on the target (HP-50).

negative values mean its knockout improves performance.
To account for composition dependence, the Shapley value
generalizes this full-bank marginal by taking a weighted av-
erage over every subset C C B\ {s} of the other skills:

cl(B| — [c] — 1)!
oP(B) =
cc%\:{s} |B]! 3)
[VPcu{sh) —-vP(@)].

Thus, ¢ (B) summarizes the expected marginal contribution
of s across alternative bank compositions. Collectively, these
values form a mechanistic reliability profile of 3. Repeating
the audit across evolving banks and deployment domains
exposes coalition pollution and cross-domain utility reversal,
respectively.

3.2 Coalition Pollution

An outcome-only gate judges a candidate by a single scalar:
it accepts when the bank’s aggregate reward rises, G, >
0. That scalar is an online, bank-level summary of the
transition; it does not measure which skill in the result-
ing bank contributes. Our audit asks that separate ques-
tion, isolating each skill by a knockout paired on iden-
tical held-out examples (Eq. 2). In our baseline agent,
the gate admits B3 — B4 on an online margin of only
-+0.006, which it cannot ascribe to any single skill; the
paired audit of the resulting bank (Table 1) then finds the
newly admitted capture_activity_preferences
non-contributing (A = —0.005), its pairwise interac-
tions likewise negligible (Figure 2b), while insert is
the skill actually carrying the bank (A = +0.084).
Nor is contribution an intrinsic property of a skill: the
marginal of insert drops sharply once its coalition partner
capture_contextual_relationships is removed
(Figure 3(b)). Reliability is therefore a property of the coali-
tion rather than the individual skill; we term the retention of
non-contributing skills under such a gate coalition pollution.

The gate cannot prevent this. Figure 3(a) shows why: the
accept/reject margins it acts on (0.006 to 0.02) are only one to

Table 1: Per-skill SMRA contributions before (8B3) and af-
ter (By,) the gate’s acceptance (LoCoMo). *: 95% CI excludes
zero; ' newly accepted.

Skill As(B3) Ag(B4) Full name

Skill _IN +40.061* 40.084" insert
Skill_DE +0.035 —0.011 delete
Skill_UP +0.013 +40.019 update
Skill_NP —0.002 +0.011 noop

Skill_TD —0.010 —0.002 capture_temporal_details
Skill_CR +0.014 +40.029 capture_contextual_relationships
Skill_ES —0.024 +0.002 capture_entity_specifics
skill_apt — —0.005 capture_activity_preferences

a few times the per-stage standard error of its own reward es-
timate (error bars, ~ 0.004), so statistically indistinguishable
banks are ranked as decisively better or worse. The per-skill
contributions that would justify these rankings are further
out of reach: auditing a single skill on 314 paired queries
resolves its contribution only to ~ 40.04 (shaded band), an
order of magnitude coarser than the margins being acted on.
This is not merely a sampling limitation but a structural one.

Theorem 1 (Outcome-only non-identifiability). For a gate

observing only the endpoints V (B.) and V (Be11), a positive

gain V(Bey1) — V(B.) > 0 does not identify whether Be11

contains a negatively contributing skill.

In the audit’s terms, a noise-free gate reads exactly one en-
try of the bank’s reliability profile: G. is the candidate’s own
marginal A, (Bei1); every other member is left uncon-
strained, and Appendix A.1 constructs two banks with iden-
tical endpoints yet opposite signs for one member’s contribu-
tion. CASS closes this gap by sampling coalition knockouts
during evolution, an audit under alternative compositions.

3.3 Cross-Domain Utility Reversal

A skill selected in one domain is carried unchanged into
another, implicitly assuming its usefulness transfers. It need
not. Holding the bank fixed and varying only the deployment



domain, a skill exhibits cross-domain utility reversal when
its contribution is positive at the source Dy, yet negative at
the target Dy,

ASDsrC (B) >0 and ASD*’“ (B) < 0. 4

The clearest case is insert. On the source domain Lo-
CoMo it is significantly beneficial (A = +0.084, 95% CI
excluding zero), yet this benefit does not survive transfer: on
HotpotQA its point estimate reverses to A = —0.035, though
with a 95% CI that still includes zero (Figure 3(c)). We there-
fore read the target side as a directional reversal rather than
significant harm. Because the bank is identical in both eval-
uations and only the deployment distribution changes, a con-
tribution that is reliably positive at the source carries no such
guarantee at the target.

The cause is that the value function is itself domain-
dependent: the target distribution changes both where a skill
is exercised and what its contributions are worth, so a source-
domain contribution cannot be carried across domains as an
invariant. A training-time gate sees only V=< and has no

signal fixing the sign of AE“‘“. Correcting cross-domain
utility reversal therefore requires observing the target distri-
bution; because target labels are often unavailable, u-SMCO
relies instead on an unlabeled retrieval-quality signal, mask-
ing skills whose removal improves retrieval on target queries.

3.4 A Unified Reliability View

Coalition pollution and cross-domain utility reversal are two
faces of one fact: skill reliability is not intrinsic. A skill’s
contribution depends on the bank it sits in and on the domain
where it is deployed, so we write it as a contextual quantity
R(s; B, D) rather than a fixed score R(s). An outcome-only
gate, which reads a single bank-level scalar at the source do-
main, is blind to both dependencies by construction. The two
failures also mark where the missing signal can be restored:
during evolution, CASS re-audits the candidate bank under
sampled coalition knockouts before retaining it, supplying
the composition dependence the gate lacks; after transfer,
u-SMCO re-scores the transferred bank with a label-free,
target-conditioned retrieval signal, supplying the domain de-
pendence the gate never observed. Both apply the same prin-
ciple at the two stages where context changes: reliability is
judged on coalitions, never on skills in isolation.

Do accumulated skills actually contribute? The question
has no skill-intrinsic answer: contribution depends on
the surrounding coalition and the deployment domain,
and bank-level success is evidence of neither.

4 Method

To address coalition pollution and cross-domain utility re-
versal, we propose two reliability interventions, Coalition-
Aware Skill Selection (CASS) and Unsupervised Skill-
Masked Coalition Optimizer (u-SMCO), respectively.

4.1 CASS: Coalition-Aware SKkill Selection

Section 3.2 audited reliability after the fact; CASS em-
beds that audit into skill evolution itself. Whenever the gate
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Figure 4: One CASS gate decision. Each sampled coalition
is knocked out and scored against the full bank on one fixed
probe, so every margin is a paired difference from V' (1);
green marks removal that costs value, red that gains it. Algo-
rithm A1 gives the full procedure.

chooses between candidate banks that differ in composition,
the signal it needs is the composition-averaged contribu-
tion formalized by Eq. (3). Estimating that value to useful
precision takes hundreds of permutation samples per skill
(Appendix A.3), each rebuilding the agent’s memory under
the ablated composition and re-evaluating the bank, which is
prohibitive at every gate decision. CASS therefore retains the
coalition view but abandons per-skill attribution, estimating
instead a bank-level coalition average by Monte Carlo sam-
pling over a bounded number of coalitions, trading exhaustive
evaluation for a fixed stochastic budget as in sampling-based
planning (Kocsis and Szepesvari 2006; Grabisch et al. 2016).

Given a bank B and a coalition S C B, a subset of the
skills it holds, CASS scores the bank in two steps. It first
draws N distinct coalitions by Monte Carlo sampling over
the bank (Figure 4): each draw takes a size |S| uniform on
{1,...,k}, then a coalition S uniform among the subsets
of that size. It then evaluates every sampled coalition by its
knockout margin,

V(B)-V(B\S)

S| ’
which charges the joint loss of removing S equally to its
members. Sizes above one are what make the score more

than a per-skill average: the joint loss departs from the sum
of single-skill margins exactly when skills interact. CASS

As(B) = ®)

averages the N margins into Ay (B) and combines it with
the online outcome reward into the scalar the gate ranks,

o(B) = An(B) + Arow(B),  A=02, (6

retaining geﬂ iff its score exceeds every score seen so far.
The rule is the baseline’s best-so-far gate of Eq. (1) with only
the ranked scalar changed.

4.2 u-SMCO: Unsupervised Bank Masking

CASS handles coalition pollution during training; cross-
domain utility reversal instead calls for action at deployment.
Given a trained bank B and unlabeled target queries Qg, u-
SMCO decides which skills to mask, so it needs a per-skill
signal that is computable without labels and causally con-
nected to downstream utility. Label-free is the easy half. The



Conversational Benchmarks

Embodied Interactive Tasks

LoCoMo LongMemEval Avg. ALF-Seen ALF-Unseen Avg.
Method Fl1 L-J Fl1 L-J F1 L-J SR #Stpsl SR #Stpsl SR
CoN 30.86 41.72 30.78 56.44 30.82 49.08 75.00 19.15 80.60 17.38 77.80
ReadAgent 28.63 38.25 24.48 42.62 26.56 40.44 62.86 26.14 71.64 22.88 67.25
MemoryBank  36.80 44.43 30.56 41.96 33.68 43.20 60.71 28.23 66.42 24.64 63.57
A-MEM 39.39 49.71 25.83 38.04 32.61 43.88 62.86 27.53 70.15 23.79 66.51
Mem0O 25.48 34.58 30.25 46.81 27.87 40.70 74.29 19.77 81.34 17.15 77.82
MemoryOS 41.39 48.64 17.59 39.83 29.49 44.24 57.86 27.94 65.67 24.46 61.77
MemSkiLL! 39.45 54.78 30.02 53.47 34.74 54.13 74.01 19.97 80.09 19.04 77.05
Ours 41.48 56.58 30.03 5446 3576 5552 76.10 19.94 8322 1993 79.66

Table 2: Main results (%). L-J is the LLM-as-Judge score; #Stps is the mean number of environment interactions (lower is

better). T our reproduction from MEMSKILL’s released project.

agent’s own preference, the drop in selection-policy entropy
when a skill is present, ranks insert highest on HP-50, the
very skill SMRA exposes as negative at the target (Figure 2c):
that policy was trained under the outcome gate and inherits
its bias instead of tracking utility, echoing the collapse mode
of entropy-minimization TTA (Iwasawa and Matsuo 2021).
Appendix C.1 reports the ablation.

u-SMCO instead scores skills by retrieval quality on the
target itself. For a set of skills A C B, let M(.A) be the
memory bank rebuilt over the target contexts using only A,
and let Top(q) collect the memories of M(A) nearest ¢ in
cosine similarity. Define

1

RQ(A)

= Ol mean,, cop(q) COS(€q; €m).  (7)
g IEQu

The mask score ¢(s) = RQ(B) —RQ(B\ {s}) is the audit’s
knockout comparison once more, scored by retrieval quality
on the target rather than by task outcome. Unlike the entropy
signal it is decoupled from the training reward channel: it
asks whether a memory-writing skill improves the seman-
tic locality of what it stores with respect to the queries the
deployment distribution will ask.

Algorithm 1 applies this greedily, masking the lowest-
scoring skill and stopping once no score falls below a thresh-
old 7. Only unlabeled queries and their raw contexts are re-
quired. Rebuilding the memory dominates the cost at O (K ?)
rebuilds, 6-10 minutes per mask step in our setup and negli-
gible beside training.

S Experiments

In this section we evaluate both interventions in detail.
Matched-protocol comparisons against strong self-evolving
baselines establish their effectiveness, and ablations isolate
each design choice.

5.1 Setup

Our base self-evolving agent framework is MEMSKILL
(Zhang et al. 2026b), whose skill-extraction policy agent
is Llama-3.3-70B-Instruct (Huang et al. 2024), matching the
original; all experiments run on 8§ x H20 GPUs. We reproduce

Algorithm 1 u-SMCO: Unsupervised Skill Masking

Require: bank 3, unlabeled queries @y, contexts Cig;, Stop
threshold 7
1: kept < B
2: while |kept| > 1 do
3:  for each s € kept do

4: Rebuild memory M (kept\ {s}) over Cly
5. 4(s) « RQkept) — RQ(kept\ {s})
6: end for
7 8« argming ¢(s)
8: if ¢(s*) > 7 then
9: break
10:  else
11: kept < kept\ {s*}
12:  endif

13: end while
14: return kept

the baseline strictly under its original settings (Table 2). Our
methods are compared under a fully matched protocol: CASS
differs from MEMSKILL only in the gate, and u-SMCO is ap-
plied only before inference. Evaluation spans four domains:
LoCoMo (Maharana et al. 2024), LongMemEval (Wu et al.
2025), HotpotQA (Yang et al. 2018) and ALFWorld (Shrid-
har et al. 2020). Unless noted, we report mean + std over
three seeds under a fixed judge.

5.2 Main Results

We compare our method against state-of-the-art agents: CoN
(Yu et al. 2024), ReEapAGenT (Lee et al. 2024), MEMORY-
Bank (Zhong et al. 2024), A-MEM (Xu et al. 2026a), MEMO
(Chhikara et al. 2025), MEmorYOS (Kang et al. 2025) and
MEemSKILL (Zhang et al. 2026b); see Table 2. Our method de-
livers strong performance across the three benchmarks and
consistently improves on the baseline. We attribute this to
what CASS changes in MEMSKILL’s gating mechanism: be-
cause a candidate is admitted only when its contribution
survives the coalition audit, the skills that accumulate are
mechanistically more reliable and cooperate at the coalition
level with those already in the bank.



CASS MEMSKILL
13 14 15 16 K 13 14 15 16 K

st [RI[RJ[R][R] 1010  s1[AJR][A])[A] 1013
2[R RJAJ[R] 10—11 | s2[AJA][R](R] 10—12
$3 [RJRJ[RJ[R] 10—10 | s3[R]J[RJ[AJ(R] 10—11

Figure 5: Gate decisions at the four outer epochs, and the
resulting bank size. CASS accepts 1/12, MEMSKILL 6/12.

Benchmark MEeMSKILL e12  MEMSKILL final A
LoCoMo 0.5653 0.5303 —3.50
LME 0.5000 0.5248 42.48
HP-50 0.3008 0.2695 —3.13
Avg. 0.4554 0.4415 —1.38

Table 3: K-controlled ablation of the gate’s additions.

5.3 CASS Experiments

Across 12 candidate-skill proposals (4 gate decisions per
seed, 3 seeds), CASS accepts 1 while MEMSKILL accepts 6
(Figure 5). A low acceptance rate is a virtue only if what
it rejects deserved rejecting, so we audit what the outcome
gate admitted. Holding K fixed, we compare the bank at e12
against the trained bank containing those additions (Table 3):
they are collectively net-negative (—1.38 pp on average), al-
though every one satisfied the outcome criterion when ad-
mitted, which is the endpoint ambiguity of Theorem 1 in
practice. Figure 6 shows what the two gates admit.

5.4 u-SMCO Experiments

Table 4 reports u-SMCO on all six trained banks. Skill_IN
is masked on 5/6 of them with no target label: the skill the
audit finds carrying the bank at the source (Table 1) is the
one the target probe rejects, which is cross-domain utility
reversal detected label-free, and Figure 6 shows the skill
itself. Masking improves every bank, but it improves the
MEeMSKILL banks twice as much as the CASS banks (7.17
vs. 3.59 pp on average): the pollution CASS keeps out at the
gate is what u-SMCO must remove afterwards.

5.5 More Discussion

Reliability is a coalition-level property. Coalition pollu-
tion and cross-domain utility reversal share one root: relia-
bility is a joint property of skill, bank and distribution, not
an attribute of the skill. This is why judging a skill in isola-
tion fails. The margins an outcome gate acts on lie below the
resolution of a single-skill audit (Figure 3a), and Theorem 1
shows the limit is structural rather than statistical: no amount
of outcome sampling separates a bank that improved from
one that only appeared to. CASS therefore scores coalitions,
not skills.

Why retrieval quality. At deployment the same question
returns without labels, and the obvious signal is the agent’s
own preference. It fails. The drop in selection-policy entropy
ranks Skill_IN as the bank’s most preferred skill, pre-
cisely the one the target rejects, and anti-correlates with the
label-based ranking (p = —0.18, Table 5); that policy was

Capture Temporal Context — accepted by the outcome gate
Purpose: Capture temporal context and relationships between events from the text
chunk.
When to use: The text chunk mentions specific dates, time frames, or events related
to each other.
How to apply: Attribute the temporal context to the correct events; ensure it is
specific, relevant, and includes any causal relationships.

Capture Entity Attributes — accepted by CASS

Purpose: Capture detailed, factual information about entities from the text chunk,

including attributes, relationships, and preferences.

When to use: The text chunk mentions specific details about an entity’s attributes,
relationships, or preferences.

How to apply: Attribute the detail to the correct entity; ensure the detail is specific,
relevant, and factual.

Insert New Memory — masked by u-SMCO at the target
Purpose: Capture new, durable facts from the current text chunk that are missing
in memory.
When to use: The text chunk introduces new facts, events, plans, or context worth
storing.
How to apply: Compare against retrieved memories to avoid duplicates; split
distinct facts into separate items.

Figure 6: Case study. A coalition-polluting skill accepted by
the baseline gate, a coalition-aware skill accepted by CASS,
and a utility-reversing skill masked by u-SMCO.

Bank K Masked skills A HP-50 (pp)
CASS sl 10—9 AP 2.13
CASS s2 11—-9 IN, UP 4.09
CASS s3 10—8 ES, IN 4.55
MEMSKILL sl 13—9 ES, IN, TD, AP 5.01
MEMSKILL s2 12—10 IN, ES 8.58
MEMSKILL $3 11—9 TD, IN 7.92

Table 4: u-SMCO on the six trained banks with an unlabeled
20-query target probe; A HP-50 is the LLM-Judge change
from masking. Skill codes follow Table 1.

trained under the outcome gate and inherits its bias. Retrieval
quality is measured on the target itself and is decoupled from
the training reward, reaching p = +0.76.

Cost. CASS adds eight coalition evaluations per outer
epoch, about 5% of a 20-hour run, and u-SMCO runs once
before deployment at O (K ?) memory rebuilds. Neither adds
any inference-time cost.

6 Conclusion

We recast skill reliability as a coalition-level property: a
skill’s contribution depends on the bank around it and on the
domain it is deployed in. Under this view, outcome-only gates
are provably blind to the two failures we identify, coalition
pollution and cross-domain utility reversal. CASS addresses
the first during training by scoring sampled coalitions rather
than bank-level outcomes, and u-SMCO addresses the second
after transfer using only unlabeled target queries. Across
three seeds both improve the reliability-critical regimes they
target. Two directions follow: adapting the coalition budget
to how close candidate banks are, and extending the coalition
view beyond textual skills.
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