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Abstract

LLM-based multi-agent systems have shown
strong performance on complex tasks, yet
continual improvement from interaction ex-
perience remains challenging. Existing self-
reflection methods build experience memories,
but memories are mostly hard to invoke, re-
fine, or scale, while agent skills offer a more
actionable unit: structured procedural knowl-
edge that specifies when to act, how to act,
and which resources or tools to use. We in-
troduce MASkills, a continual learning frame-
work that optimizes multi-agent LLM sys-
tems through agent skills. MASkills presents
a new agent-optimization pipeline that inte-
grates skill-conditioned credit assignment, hi-
erarchical credit aggregation, and momentum-
smoothed optimization, enabling agent skill li-
braries to evolve through refinement, induction,
consolidation, and pruning. Experiments on
HotpotQA, LoCoMo, and GAIA demonstrate
the effectiveness of MASkills across multiple
agentic tasks. Our code is available at https:
//github.com/DaRL-GenAI/MASkills

1 Introduction

LLM-based multi-agent systems have emerged as
a practical paradigm for solving complex tasks
through coordination, role specialization, and long-
horizon interaction (Liu et al., 2026; Yao et al.,
2025a; Zhao et al., 2025). However, how to contin-
ually improve a multi-agent LLM system over time
remains challenging. Existing methods typically
use self-reflection to construct an experience mem-
ory (Tsui, 2025; Yao et al., 2025b). Such memories
can preserve useful experience, but they remain a
weak basis for continual improvement: they record
what happened in past trajectories, but not which
action policy should be reused; they lack reliable
invocation conditions; and as the memory grows,
useful lessons become mixed with noisy, redundant,
or stale free-form records (Zhang et al., 2024).

A more useful unit for continual improvement
is a skill. According to Anthropic (Anthropic,
2025), a skill is a structured package of proce-
dural knowledge that tells an agent how to per-
form a class of tasks, including when to invoke it,
how to act, which resources or tools to use. Skills
make experience reusable: agents can discover rel-
evant skills from lightweight descriptions, load de-
tailed instructions and resources on demand, and
refine them as new experience accumulates. This
progressive-disclosure design makes skills more
scalable and actionable than large unstructured
memory stores. Recent methods such as MEM-
SKILL (Zhang et al., 2026), EVOSKILL (Alzubi
et al., 2026), and POLYSKILL (Yu et al., 2026) de-
velop such reusable procedural abstractions, but
remain predominantly single-agent and do not op-
timize skills under the coordination dynamics that
determine team-level utility in multi-agent systems.

Extending skill evolution to multi-agent settings
requires agents to refine their skills through interac-
tion, so that skill updates reflect not only individual
outcomes but also their contributions to team-level
coordination. This goal raises three concrete chal-
lenges: (1) Skill-level credit assignment. Team
rewards should be attributed not only to the cor-
rect agent, but also to the correct skill. In multi-
agent settings, a skill may only be invoked at a
few timesteps, and its effect is entangled with the
behaviors and skills of other agents. As a result,
team-level or even agent-level feedback is insuf-
ficient to determine which specific skills should
be improved. (2) Noisy and heterogeneous inter-
action. Language-based feedback extracted from
trajectories is often noisy, inconsistent, and unsta-
ble across learning cycles. Moreover, multi-agent
systems may operate under very different coordi-
nation structures, such as centralized planning or
decentralized peer communication, which induce
different patterns of interaction dependency and
credit propagation. (3) Discrete and high-risk
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skill updates. Unlike parameter vectors, skills
are discrete language artifacts such as SKILL.md
files, scripts, and references. Skill evolution, there-
fore, requires open-ended structural modifications
rather than smooth numerical updates. Incorrect
edits may directly alter the agent’s effective action
space, making continual skill optimization inher-
ently high-risk and difficult to stabilize.

To address these challenges, we introduce
MASkills, a language-based continual learning
framework that performs policy improvement di-
rectly in agents’ skill spaces rather than parame-
ter spaces. Under decentralized execution, each
agent invokes reusable skill artifacts as part of its
latent policy reasoning, while the system contin-
ually evolves these skills through language-space
optimization. MASkills adopts a unified language-
space policy-gradient-style framework, following
the structural interpretation of TextGrad (Yuksek-
gonul et al., 2025) and LangMARL (Yao et al.,
2026a), with three components corresponding to
the challenges above: (1) skill-conditioned credit
assignment, where a critic attributes trajectory feed-
back to specific skill invocations through counter-
factual comparison; (2) hierarchical credit aggrega-
tion and momentum-smoothed optimization, which
stabilize noisy feedback across trajectories, agents,
skills, and interaction topologies; and (3) credit-
driven skill-space optimization, where stable credit
signals drive skill refinement, induction, consolida-
tion, and pruning, together with held-out validation
and rollback mechanisms.

Our contributions are summarized as follows: (1)
We introduce a new paradigm for continual multi-
agent LLM learning that casts policy improvement
as optimization over reusable skill spaces distilled
from interaction traces. (2) We propose MASkills,
a continual learning framework for multi-agent
skill optimization that combines skill-conditioned
credit assignment, aggregation, and optimization
to evolve agent skill libraries through refinement,
induction, consolidation, and pruning, together
with held-out validation and rollback for stable
updates. (3) We evaluate MASkills on HotpotQA,
LoCoMo, and GAIA, demonstrating strong perfor-
mance across memory and agentic tasks.

2 Related Work

Single-agent skill discovery. VOYAGER (Wang
et al., 2023) pioneered an ever-growing skill library
for an embodied LLM agent. Recent work has

extended this paradigm in three complementary di-
rections. MEMSKILL (Zhang et al., 2026) treats
memory operations themselves as a learnable skill
bank: a controller selects a Top-K subset of skills
per text span, an LLM executor applies them, and
a designer periodically revises the bank from clus-
tered hard cases. EVOSKILL (Alzubi et al., 2026)
casts skill discovery as iterative textual feedback de-
scent: an Executor runs tasks, a Proposer diagnoses
failures, and a Skill-Builder materializes propos-
als into structured SKILL.md folders, retained on a
Pareto frontier only if they improve held-out valida-
tion. POLYSKILL (Yu et al., 2026) introduces poly-
morphic abstraction, separating a skill’s abstract
goal from its concrete site-specific implementation,
enabling cross-website transfer. However, these
methods assume single-agent feedback and cannot
directly attribute team-level outcomes to interact-
ing agents and skills.

Multi-agent LLM systems. LLM multi-agent
frameworks such as AutoGen (Wu et al.),
MetaGPT (Hong et al., 2024), agentic neural
networks (Ma et al., 2026), and symbolic learn-
ing (Zhou et al., 2024) have demonstrated that
division of labor among LLMs improves cover-
age on complex tasks. Most of these systems rely
on hand-engineered roles and prompts (Yao et al.,
2026b; Chen et al., 2026; Hu et al., 2026); the
few that self-improve do so by either rewriting
prompts globally such as TextGrad (Yuksekgonul
et al., 2025), DSPy (Khattab et al., 2023) or shar-
ing a memory like Reflexion (Shinn et al., 2023).
LangMARL (Yao et al., 2026a) introduced explicit
credit assignment into language-space optimiza-
tion.

3 Problem Formulation

We formalize MASkills on top of a cooperative
multi-agent setting, a skill artifact, and a language-
based notion of credit.

Cooperative multi-agent setting. We model a
team of N LLM agents as a Dec-POMDPM =
⟨S, {Ai}Ni=1, {Oi}Ni=1, P,R, γ⟩. The agents share
a team reward rt = R(st, a

1
t , . . . , a

N
t ), and each

agent i executes a decentralized policy πi(a
i
t | oit)

that maps its local observation to an action. The
team objective is the expected discounted return
J(π) = Eπ[

∑
t γ

trt]. MASkills inherits this Dec-
POMDP and re-parameterizes each πi through a
skill library.
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Figure 1: Overview of the MASkills pipeline as a four-step language-space analog of policy optimization. Agents
execute skills to generate trajectories, receive skill-conditioned linguistic credit, aggregate temporally stable
advantages, and update the skill library through refinement, induction, consolidation, and pruning.

Skill artifacts. Following (Alzubi et al., 2026),
we model each skill artifact as a structured, file-
system-based representation. For agent i, the j-th
skill artifact is defined as

k
(j)
i =

(
y
(j)
i ,m

(j)
i ,R(j)

i

)
, (1)

where y
(j)
i denotes the metadata file, such as

skill.yaml; m(j)
i denotes the procedural instruc-

tion file, such as SKILL.md; andR(j)
i denotes a set

of auxiliary resources, such as scripts, references,
assets, and configuration files. In implementations
such as Claude/Codex-style skills, this represen-
tation often corresponds to a directory containing
a procedural instruction file and optional resource
folders, while some variants separate metadata into
a dedicated skill.yaml file. This structure sup-
ports concise procedural abstraction, actionable
execution guidance, hierarchical disclosure, and
reusable skill composition.

Each agent i maintains an evolving skill library

Ki = {k(1)i , k
(2)
i , . . . , k

(Mi)
i }, (2)

where Mi denotes the current number of skills
available to agent i. We treat Ki as the learnable
component of agent i’s policy. MASkills therefore
optimizes reusable structured skill artifacts that pa-
rameterize decentralized agent behavior.

Skill-space optimization. Whereas classical
MARL optimizes network parameters θ, MASkills
directly optimizes the agents’ skill libraries:

max
{Ki}Ni=1

Eτ∼π(·|{Ki})
[
R(τ)

]
. (3)

Here, the optimization variables {Ki} are discrete
language-structured skill artifacts.

We approach Eq. 3 through a language-
space policy-gradient-style framework, follow-
ing the structural interpretation introduced by
TextGrad (Yuksekgonul et al., 2025). The anal-
ogy is conceptual rather than differentiable: de-
centralized rollouts provide trajectory sampling,
language critics provide skill-level advantage-like
feedback, hierarchical aggregation and momentum
smoothing approximate Monte-Carlo expectation
and variance reduction, and credit-driven skill edit-
ing operators act as pseudo-gradient updates over
each Ki. Throughout the paper, terms such as gra-
dient, advantage, and momentum should therefore
be understood as language-space analogies rather
than literal derivatives.

4 MASkills Framework

MASkills operationalizes the skill-space objective
as a closed-loop process structured as a language-
space analogue of a policy gradient: decentralized
rollouts produce skill traces; a language critic emits
per-agent, per-skill counterfactual credits; a hier-
archical aggregator over a batch plus momentum
smoothing across cycles produces a temporally sta-
ble skill advantage; and this advantage drives four
credit-driven operators on each skill space under a
held-out validation, as shown in Fig. 1.

4.1 Multi-Agent Skill Execution
Each agent is an LLM equipped with a skill space
Ki. At rollout time, lightweight metadata from
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each skill.yaml (e.g., skill name and short de-
scription) is injected into the agent prompt, expos-
ing the currently available skills to the model. The
agent then autonomously decides whether to invoke
a skill, which skill to invoke, and how to compose
multiple skills during reasoning.

Skills are exposed as callable tools rather than
fully expanded prompts. When a skill is se-
lected, its corresponding SKILL.md and auxiliary
resources R are dynamically loaded into the con-
text. This keeps the active context compact while
enabling specialized procedural behavior.

Formally, the agent policy is conditioned on its
local observation oit, interaction history hit, and
skill space Ki:

ait ∼ πθ
(
· | oit,Ki, h

i
t

)
. (4)

Let cit ∈ Ki ∪ {∅} denote the skill invoked by
agent i at timestep t, where cit = ∅ means the
agent acted directly without loading a skill. Since
skill invocations are explicit tool calls, the resulting
skill trace ξi = {(t, cit)}T−1

t=0 is directly observable
from execution logs.

The resulting trajectory becomes

τ =
〈
s0, {ai0, ξi0}Ni=1, . . . , sT

〉
, (5)

augmenting the standard multi-agent trajectory
with explicit skill-invocation records that later sup-
port skill-level credit assignment.

4.2 Fine-Grained Skill Credit Assignment
Optimizing LLM agents at the skill level requires
identifying which invoked skills actually con-
tributed to team success or failure. Agent-level
feedback alone is insufficient: a single trajectory
may involve multiple interacting skills across mul-
tiple agents, and only a subset of them may be
responsible for the final outcome.

MASkills therefore assigns credit at the granu-
larity of individual skill invocations. Given a tra-
jectory τ with skill traces, a centralized language
critic evaluates how each invoked skill affected the
team outcome relative to the counterfactual where
that skill had not been used.

For each skill k ∈ Ki(τ) actually invoked by
agent i along trajectory τ , the critic produces a
structured natural-language credit:

C text
i (τ, k) = LLMcritic(τ, i, k, ξi), (6)

which explains whether the skill helped coordina-
tion, was redundant, caused a failure, or should be
generalized or specialized.

In addition to per-skill feedback, the critic also
emits an agent-level residual credit:

C text
i (τ) = LLMcritic(τ, i), (7)

which captures effects not attributable to any single
skill. This residual is particularly important for
skill induction: if a failure cannot be explained by
existing skills, the agent-level critique signals that
a new skill may be needed.

4.3 Stabilized Language Gradient Descent

Trajectory-level language critiques are inherently
noisy and often contradictory across rollouts. To
stabilize optimization, MASkills converts raw cri-
tiques into stable language-space gradients through
gradient extraction, hierarchical aggregation, and
momentum-based updates.

Trajectory-level edit directions. Given a tra-
jectory τ and an invoked skill k, the language
critic first converts the textual credit signal into
a trajectory-level edit direction:

gi(τ, k) = Grad
(
C text
i (τ, k)

)
, (8)

where Grad(·) extracts a structured update direc-
tion from the credit signal, including suggested
refinements, behavioral adjustments, generaliza-
tions, or removals in skill space. Unlike numerical
gradients, gi(τ, k) is a structured natural-language
edit direction over skills.

Hierarchical aggregation. Given a rollout batch
B = {τ1, . . . , τB}, trajectory-level gradients are
recursively aggregated across trajectories, skills,
agents, and interaction topologies. At the skill level,
the gradients associated with skill k are merged into
a single language-space gradient estimate:

G
(m)
i (k) = Agg

(
{gi(τb, k)}Bb=1

)
, (9)

where Agg(·) is an LLM-based operator that
merges recurring behavioral patterns, resolves con-
flicting update directions, removes redundancy,
and summarizes the coordination utility of the
skill. Higher-level aggregation recursively com-
bines these gradients across agents into a stable
language gradient estimate.

Momentum-stabilized skill editing. Even af-
ter aggregation, edit directions may still fluctuate
across optimization cycles. Instead of treating each
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cycle independently, MASkills carries forward per-
sistent historical edit directions together with the
current aggregated feedback.

The skill-space update therefore follows a
language-space analogue of momentum gradient
descent:

K(m+1)
i = Edit

(
K(m)

i , G
(m)
i , G

(m−1)
i

)
, (10)

where Edit(·) denotes a language-space editing
procedure that modifies the skill library using both
the current aggregated feedback and persistent his-
torical edit directions from previous optimization
cycles. Conceptually, the current edit direction
plays the role of the current gradient update, while
the historical edit direction acts as a momentum
term that preserves persistent behavioral improve-
ments over time. This stabilization suppresses tran-
sient or contradictory critiques and encourages con-
sistent long-horizon skill evolution. In practice,
the abstract editing operator Edit(·) is instantiated
through four concrete skill-space transformations:
refinement, induction, consolidation, and pruning.

4.4 Skill Evolution Operators

MASkills improves agent behavior by directly mod-
ifying the skill space Ki. Since skills are structured
language artifacts rather than differentiable param-
eters, policy improvement is realized through a set
of credit-driven editing operators acting on differ-
ent regions of the skill space.

Refinement. Useful but imperfect skills are re-
fined through localized diff-style edits guided by
the aggregated edit direction:

k ← k ⊕∆k, ∆k = LLMrefine
(
k,G

(m)
i (k)

)
,

(11)
where ∆k is a structured edit patch rather than a
full skill rewrite. The refinement operator modifies
only the skill regions implicated by the aggregated
feedback while preserving unrelated procedural
structure and previously validated behavior.

Induction. When persistent failures or unre-
solved coordination patterns cannot be adequately
addressed by the current skill library, MASkills ex-
pands the skill space by inducing new skills from
difficult trajectories.

LetHi denote the set of hard trajectories associ-
ated with persistent unresolved critiques, missing
behavioral capabilities, or repeated coordination

failures for agent i. The system proposes a new
skill

knew ∼ LLMpropose
(
Hi, G

(m)
i

)
, (12)

where the proposal is conditioned on both the hard-
case trajectories and the aggregated edit directions
accumulated during optimization. Unlike refine-
ment, which applies localized edits to existing
skills, induction introduces entirely new procedural
abstractions into the skill space.

Consolidation. To prevent uncontrolled growth
and fragmentation of the skill space, MASkills peri-
odically consolidates related skills into higher-level
procedural abstractions.

Given a set of functionally overlapping skills
{ka, kb, . . . }, it constructs a consolidated skill

kmacro = Merge(ka, kb, . . . ), (13)

where Merge(·) synthesizes shared behavioral
structure, coordination logic, and reusable proce-
dural patterns into a unified skill. Consolidation
reduces redundancy in the skill library and encour-
ages reusable higher-level abstractions.

Pruning. Not all skills remain useful as the skill
space evolves. Some skills become obsolete after
consolidation, others exhibit persistently poor coor-
dination utility, and some are rarely invoked across
trajectories. To control skill-space growth and re-
move low-value behaviors, MASkills periodically
prunes skills with consistently weak utility signals.

Given the momentum-stabilized edit directions
accumulated across optimization cycles, low-utility
skills are removed from the skill library:

Ki ← Ki \ {k : LowUtility
(
G

(m)
i (k)

)
}, (14)

where LowUtility(·) identifies skills whose behav-
ioral contribution remains persistently negative, re-
dundant, unstable, or negligible across trajectories.

Validation and rollback. Because skill updates
directly modify the agent’s skill space, incorrect
edits may introduce behavioral regressions. To
ensure stable skill evolution, all candidate edits are
evaluated on a held-out validation set before being
committed to the skill library.

LetDval denote a held-out set of validation tasks
and rollouts that are not used during the current
optimization cycle. Given a candidate updated skill
space K′

i, MASkills estimates its validation perfor-
mance while keeping all other agents’ skills fixed:

Ĵval(K′
i | K−i) = Eτ∼Dval

[
R(τ)

]
. (15)
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Table 1: Main results across HotpotQA, LoCoMo, and GAIA.

(a) Multi-Hop Reasoning: HotpotQA

Method IO CoT CoT-SC MedPrompt MultiPersona Self-Refine ADAS MASkills

F1 68.1 67.9 68.9 68.3 69.2 60.8 64.5 76.3

(b) Long-horizon Memory: LoCoMo

Method SH-F1 SH-BLEU MH-F1 MH-BLEU

MemoryBank 5.00 4.77 5.56 5.94
ReadAgent 9.15 6.48 5.31 5.12
LoCoMo 25.02 19.75 12.04 11.16
MemGPT 26.65 17.72 9.15 7.44

MASkills 27.61 21.30 17.22 12.87

(c) General AI Assistants Benchmark

Framework L1 L2 L3 Avg.

Base 12.8 3.8 0.0 6.8
Search-o1 23.1 17.3 0.0 17.5
Vanilla ReAct 28.2 15.3 0.0 18.4
R1-Searcher 28.2 19.2 8.3 20.4
MASkills 35.3 22.6 0.0 23.3

1 2 3 4 5
Iteration

0.45

0.50

0.55

0.60

0.65

0.70

0.75

0.80

Te
st

 F
1

HotPotQA

Test F1 (MASkills)
val_base
val_new (accepted)
val_new (rolled back)

1 2 3 4 5
Iteration

0.00

0.05

0.10

0.15

0.20

0.25

0.30

Te
st

 F
1

LoCoMo Single-Hop

Test F1 (MASkills)
Test BLEU (MASkills)

0 1 2 3 4 5
Iteration

0.00

0.05

0.10

0.15

0.20

Te
st

 F
1

LoCoMo Multi-Hop

Test F1 (MASkills)
Test BLEU (MASkills)

1 2 3 4 5
Iteration

0.100

0.125

0.150

0.175

0.200

0.225

0.250

Te
st

 a
cc

ur
ac

y

GAIA

Test accuracy (MASkills)
0.00

0.05

0.10

0.15

0.20

0.25

0.30

Te
st

 B
LE

U

0.00

0.05

0.10

0.15

0.20

Te
st

 B
LE

U

Figure 2: Training curves of MASkills across all benchmarks together with validation-based skill update decisions.

A candidate update is accepted only if

Ĵval(K′
i | K−i) ≥ Ĵval(Ki | K−i)− δ, (16)

where δ ≥ 0 absorbs rollout variance and eval-
uation noise. Otherwise, the proposed edit is dis-
carded and the previous skill space is restored. This
validation-and-rollback mechanism acts as a trust-
region-style constraint in skill space, preventing
unstable edits caused by noisy critiques, or overfit-
ting to recent trajectories.

5 Experiments

We organize the empirical evaluation around three
research questions (RQ1–RQ3).
• RQ1 (Task Performance): Does continual skill
optimization improve the performance of multi-
agent LLM systems across diverse tasks, and which
components contribute most to the improvements?
• RQ2 (Skill Quality and Transferability): Do
continually optimized skills become more reusable,
transferable, and coordination-effective over time?
• RQ3 (Robustness and Generalization): Is
MASkills robust across different multi-agent co-
ordination topologies and LLM backbones?

5.1 Experimental Setup

We instantiate all tasks as cooperative Dec-POMDP
environments in which a team of specialized LLM
agents interacts under decentralized execution and
a shared team-level objective. Each agent main-
tains a local observation space and executes a role-
specialized policy conditioned on its observation
history and skill library. To enable coordinated
problem solving, agents are assigned complemen-
tary functional responsibilities, such as information
retrieval, verification, planning, memory tracking,
tool use, and decision making. Agents communi-
cate through decentralized peer-to-peer interaction.

For continual skill optimization, we use GPT-5.1
as the optimizer backbone responsible for skill-
conditioned credit assignment, trajectory aggrega-
tion, skill refinement, induction, consolidation, and
pruning. Following prior work (Chhikara et al.,
2025; Zhang et al., 2025; Wu et al., 2025), we
use GPT-4o-mini (HotpotQA and LoCoMo) and
Qwen2.5-7B (GAIA) as the primary actor back-
bones for agent execution.

5.2 Benchmarks

Tasks. We instantiate experiments on three
benchmarks: (1) Multi-hop Reasoning: Hot-
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Figure 3: Skill quality and transferability analysis of MASkills. (a) Comparison between evolved skills, prompt-
generated skills, and no-skill baselines on LoCoMo and GAIA. (b) Cross-task skill transfer results show that skills
learned in one environment generalize effectively to unseen target tasks, indicating that MASkills acquires reusable
procedural abstractions rather than task-specific prompting heuristics.

Topology HotpotQA F1 LoCoMo-SH F1 LoCoMo-SH BLEU LoCoMo-MH F1 LoCoMo-MH BLEU GAIA-L1 GAIA-L2 GAIA-Avg

Centralized 72.46 27.68 20.76 22.27 17.70 17.65 11.54 11.76
Hierarchical 71.86 27.55 20.85 22.03 17.62 20.59 11.54 12.75
Decentralized Peer 76.30 27.61 21.30 17.22 12.87 35.30 22.60 23.30

Table 2: Performance under different coordination topologies.

potQA (Yang et al., 2018), a multi-document ques-
tion answering benchmark requiring compositional
reasoning across supporting evidence. (2) Long-
horizon dialogue memory: LoCoMo (Maharana
et al., 2024), a very-long-term multi-session conver-
sation benchmark designed to evaluate persistent
conversational memory and temporal reasoning. (3)
General AI Assistants Benchmark (GAIA) (Mi-
alon et al., 2024) is a benchmark designed to eval-
uate general AI agents on real-world tasks, with
a focus on reasoning, multimodal understanding,
web browsing, and tool-use capabilities.

Metrics. We report both benchmark-specific task
metrics and skill-evolution diagnostics. For Hot-
potQA, we follow the standard evaluation protocol
and report answer-level F1. For LoCoMo, we re-
port both F1 and BLEU across the four question
categories defined by the benchmark (multi-hop,
temporal, open-domain, and single-hop memory
queries). For GAIA, we report averaged success
rate across various tasks.

5.3 Main Results (RQ1)
Table 1 summarizes the main results on HotpotQA,
LoCoMo, and GAIA. Overall, MASkills achieves
strong and consistent performance across a diverse
set of reasoning, long-context memory, and agentic
problem-solving benchmarks, demonstrating the
effectiveness of skill optimization in multi-agent
systems. On HotpotQA, MASkills outperforms
existing prompting-based and multi-agent reason-

ing baselines, indicating stronger multi-hop rea-
soning and evidence integration capabilities. On
LoCoMo, MASkills consistently improves long-
context memory retrieval and response quality
across both single-hop and multi-hop settings, sug-
gesting better temporal reasoning and memory co-
ordination over extended interactions. On GAIA,
MASkills achieves the strongest overall perfor-
mance among compared agent frameworks, demon-
strating improved planning, decomposition, and
tool-use abilities in open-ended environments.

5.4 Skill Quality and Transferability (RQ2)

We next evaluate whether continually optimized
skills become more reusable, transferable, and
coordination-effective over time. To this end, we
analyze both the intrinsic quality of evolved skills
and their ability to generalize across benchmarks.

Figure 3(a) compares MASkills against no-
skill baselines and prompt-generated skills across
LoCoMo and GAIA. We observe that prompt-
generated skills provide only marginal improve-
ments over directly prompting the agents, while
continually optimized skills learned by MASkills
lead to substantial gains across all evaluated set-
tings. In particular, MASkills significantly im-
proves both F1 and BLEU on LoCoMo single-hop
and multi-hop memory tasks, while also achiev-
ing the strongest performance on GAIA. These
results suggest that iterative skill refinement and
trajectory-driven optimization produce substan-
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Figure 4: Backbone comparison across different under-
lying language models.

tially higher-quality procedural abstractions than
one-shot prompt-generated skills.

Figure 3(b) further evaluates cross-task skill
transfer. We transfer skill libraries learned from
one environment into previously unseen target tasks
without additional optimization. Transferred skills
consistently improve downstream performance
across all evaluated source-target pairs. For exam-
ple, skills optimized on GAIA improve HotpotQA
reasoning performance beyond strong prompting-
based baselines such as CoT and MultiPersona,
while LoCoMo-derived skills improve downstream
long-horizon memory reasoning. These findings
suggest that MASkills captures reusable behav-
ioral patterns rather than memorizing benchmark-
specific heuristics.

5.5 Robustness and Generalization (RQ3)
We next evaluate whether MASkills generalizes
across different coordination structures and under-
lying language model backbones.

Topology Robustness. We instantiate MASkills
under centralized, decentralized peer, and hierar-
chical structures while keeping the optimization
pipeline unchanged. Table 2 shows that MASkills
maintains competitive performance across different
coordination topologies, suggesting that the pro-
posed skill optimization framework is not tightly
coupled with a specific orchestration structure.

Interestingly, the optimal topology is highly task-
dependent. On HotpotQA and GAIA, decentral-
ized peer coordination achieves the strongest per-
formance. These tasks benefit from diverse explo-
ration, independent tool or retrieval trajectories. In
contrast, centralized coordination performs best on
LoCoMo, particularly on multi-hop memory re-
trieval. Unlike retrieval-centric tasks, LoCoMo re-
quires maintaining globally consistent long-context

Method LoCoMo-MH GAIA

MASkills (Full) 17.2 23.3
w/o Skill Credit assignment 14.2 17.1
w/o Momentum Smoothing 16.4 21.9
w/o Validation Rollback 6.6 13.5
w/o Consolidation / Pruning 13.9 13.0

Table 3: Ablation Study

memory representations, resolving temporal depen-
dencies, and integrating information across mul-
tiple conversational sessions. Centralized coordi-
nation provides a shared global state that reduces
memory fragmentation and inconsistency across
agents, leading to more coherent long-horizon rea-
soning and generation quality. Hierarchical coordi-
nation generally yields intermediate performance,
balancing structured information aggregation with
partial decentralization.

Backbone Generalization. We further evaluate
MASkills across multiple LLM backbones, includ-
ing both proprietary and open-source models. Fig-
ure 4 shows that MASkills maintains competi-
tive performance across different model families
on HotpotQA, LoCoMo, and GAIA. While the
relative strengths of the backbones vary across
tasks, the overall trends remain consistent: stronger
reasoning-oriented models perform better on long-
context and agentic tasks, whereas open-weight
models still achieve solid performance under the
MASkills framework.

5.6 Ablation Study

To understand the contribution of different com-
ponents in MASkills, we conduct ablation studies
over skill-conditioned credit assignment, momen-
tum smoothing, validation rollback, and consoli-
dation/pruning. Table 3 shows that removing any
component leads to performance degradation, in-
dicating that all modules contribute to stable con-
tinual skill optimization. Among them, validation
rollback has the largest impact, suggesting that re-
verting unstable updates is critical for preventing
performance collapse during iterative optimization.
Skill-conditioned credit assignment also plays an
important role by improving the attribution of suc-
cessful behaviors to specific skills. In addition,
momentum smoothing and consolidation/pruning
provide consistent gains by stabilizing optimization
and reducing redundant or low-quality skills.
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6 Conclusion

We presented MASkills, a continual learning frame-
work that optimizes multi-agent LLM systems in
skill space. Through skill-conditioned credit as-
signment and evolution, MASkills enables agents
to continually refine and reuse skills from interac-
tion experience. Experiments on various bench-
marks show that MASkills consistently improves
memory and agentic tasks, highlighting the poten-
tial of continual skill optimization for scalable and
adaptive multi-agent systems.
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Limitations

Although MASkills demonstrates strong perfor-
mance across multiple benchmarks, several limita-
tions remain. First, our current experiments mainly
focus on cooperative settings with relatively fixed
agent roles and communication topologies, leav-
ing more dynamic, adversarial, and open-world
environments underexplored. Future work could
extend MASkills to adaptive organizational struc-
tures, competitive multi-agent games, and large-
scale decentralized coordination scenarios. Second,
as the skill library continually expands during opti-
mization, scalability challenges may emerge in skill
retrieval, consolidation, and coordination efficiency.
Future research may investigate hierarchical skill
organization, retrieval compression, and lifelong
learning mechanisms to support efficient long-term
continual skill evolution at scale.

Ethical Considerations

MASkills aims to improve multi-agent LLM sys-
tems by continually refining reusable skill artifacts
from interaction experience. While this can en-
hance agent performance and adaptability, it also
introduces several ethical considerations. First, au-
tomatically evolved skills may amplify undesirable
behaviors inherited from the underlying LLMs, in-
cluding factual errors, social biases, unsafe tool-use
patterns, or overconfident reasoning. To mitigate
this risk, MASkills incorporates held-out valida-

tion, rollback, consolidation, and pruning mecha-
nisms before committing skill updates; however,
these mechanisms should not be viewed as a sub-
stitute for human oversight in high-stakes applica-
tions. Second, because the framework learns from
interaction trajectories, deployments involving user
data should follow strict privacy practices, includ-
ing data minimization, anonymization, access con-
trol, and compliance with the licenses and usage
terms of the underlying datasets and tools. Third,
improved multi-agent coordination and tool-use
ability could be misused for harmful automation if
applied without appropriate safeguards. We there-
fore recommend restricting MASkills to benign
use cases, monitoring evolved skills for unsafe or
deceptive behavior, and maintaining transparent
audit logs of skill modifications. Our experiments
are conducted on established research benchmarks,
and we do not intend the framework to be used for
decision-making in sensitive domains without addi-
tional safety evaluation, domain-specific validation,
and human accountability.

AI usage

During the preparation of this work, the authors em-
ployed LLMs to assist with code implementation
and to refine the manuscript’s grammatical clarity
and stylistic flow. All final content, technical contri-
butions, and experimental analyses were rigorously
reviewed and verified by the authors.
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