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Abstract
Multi-agent AI systems have proven effective for complex
reasoning. These systems are compounded by specialized
agents, which collaborate through explicit communication,
but incur substantial computational overhead. A natural
question arises: can we achieve similar modularity benefits
with a single agent that selects from a library of skills? We
explore this question by viewing skills as internalized agent
behaviors. From this perspective, a multi-agent system can
be compiled into an equivalent single-agent system, trading
inter-agent communication for skill selection. Our prelimi-
nary experiments suggest this approach can substantially re-
duce token usage and latency while maintaining competitive
accuracy on reasoning benchmarks. However, this efficiency
raises a deeper question that has received little attention:
how does skill selection scale as libraries grow? Drawing on
principles from cognitive science, we propose that LLM skill
selection exhibits bounded capacity analogous to human
decision-making. We investigate the scaling behavior of skill
selection and observe a striking pattern. Rather than de-
grading gradually, selection accuracy remains stable up to a
critical library size, then drops sharply, indicating a phase
transition reminiscent of capacity limits in human cognition.
Furthermore, we find evidence that semantic confusability
among similar skills, rather than library size alone, plays a
central role in this degradation. This perspective suggests
that hierarchical organization, which has long helped hu-
mans manage complex choices, may similarly benefit AI
systems. Our initial results with hierarchical routing support
this hypothesis. This work opens new questions about the
fundamental limits of semantic-based skill selection in LLMs
and offers a cognitive-grounded framework and practical
guidelines for designing scalable skill-based agents.

Keywords: Skill Selection, Scaling Law, Multi-Agent Sys-
tems, Cognitive Load, LLM Agents

“The capacity of the human mind for formulating
and solving complex problems is very small com-
pared with the size of the problems whose solution
is required for objectively rational behavior in the
real world.”

— Herbert A. Simon

1 Introduction
Large Language Models (LLMs) are increasingly deployed
as general-purpose problem solvers that rely on modular
decomposition to handle complex tasks. Recent progress
has shown that multi-agent systems (MAS), where spe-
cialized agents collaborate via explicit communication, can
substantially improve reasoning performance on challenging
benchmarks [6, 9, 42–44]. However, these systems incur sig-
nificant computational overhead due to repeated context
exchange, multi-round coordination, and verbose natural
language interactions [7, 46, 49]. A natural question arises:
can we retain the benefits of modular reasoning while reducing
the cost of explicit multi-agent coordination?
One promising direction is to replace distributed agent

coordination with tool use—equipping a single LLM with
external APIs that it can invoke as needed [27, 29, 32]. While
effective for atomic operations (calculators, search engines,
code interpreters), tools typically lack the rich behavioral
specifications needed for complex reasoning subtasks. In
this work, we investigate skills (recently introduced by
Anthropic [2, 3]) as a middle ground: a skill is a schema-
bounded operation characterized by a semantic descriptor, a
well-defined input-output signature, and an execution policy
that specifies how to perform the operation. Unlike tools,
which are automatically triggered, skills are chosen based on
the meaning and content of user requests, thus encapsulating
not just what to do but how to reason, making them suitable
for internalizing the specialized roles that would otherwise
require separate agents.

Skills offer a compelling alternative to multi-agent coordi-
nation. Where an MAS instantiates specialized reasoning as
distributed roles communicating through natural language, a
single-agent system with skills (SAS) internalizes these roles
as selectable actionswithin a unified context. This perspective
suggests a compilation view: a MAS can be transformed
into an equivalent SAS by encoding each agent’s behavior
as a skill, eliminating inter-agent communication overhead
while preserving functional capability.

We first demonstrate that this compilation is both faith-
ful and efficient. On representative reasoning benchmarks
(GSM8K [8], HumanEval [5], HotpotQA [47]), skill-based
single-agent systems achieve similar accuracy of their multi-
agent counterparts while reducing token consumption by
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Figure 1. Skill-based agents: efficiency gains and scaling limits. (a) Compiling multi-agent systems into single-agent skill
libraries reduces communication overhead, cutting latency and token usage. (b) Skill selection accuracy degrades non-linearly
as libraries grow, exhibiting a phase transition at a capacity threshold. As skill libraries grow, the increased size and semantic
confusability among skills drive this degradation; hierarchical routing restores reliable selection by organizing skills into
structured categories.

54% and latency by 50% on average. These results establish
skills as a practical alternative to explicit agent decomposi-
tion (at least when skill libraries remain small).

However, expanding the skill repertoire introduces a fun-
damental challenge. As the number of available skills grows,

the model must select the appropriate action from an increas-
ingly large and semantically overlapping set. This raises a
question that has received little systematic attention:

How does the size of the skill library affect an
LLM’s ability to select the correct skill?

To answer this question, we study the scaling behavior
of skill selection in LLMs. Drawing on principles from
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cognitive science, we hypothesize that skill selection ex-
hibits capacity-limited scaling analogous to human decision-
making. Our experiments confirm this hypothesis. Across
controlled skill libraries ranging from 5 to 200 skills, we find
that selection accuracy degrades non-linearly, following a
phase transition pattern: accuracy remains high when library
size is below a critical threshold, then drops sharply beyond
this capacity. This degradation is also driven by semantic
confusability among skills, rather than by library size alone.
This finding connects LLM behavior to similarity-based inter-
ference in human memory retrieval [1, 34]. We further show
that hierarchical routing: decomposing skill selection into
coarse-to-fine decisions can effectively mitigate this degra-
dation when flat selection fails when skill library scales up.
This mirrors findings from cognitive science on chunking [4]
and menu design [23].

Contributions. This work makes three contributions:
1. We demonstrate that skill-based systems can approximate

multi-agent performance with significantly lower token
usage and latency and formalize the compilation process.

2. We characterize the non-linear scaling limits of skill se-
lection, identifying a capacity threshold and establishing
that semantic confusability, not library size alone, drives
degradation.

3. We show that hierarchical routing mitigates scaling lim-
its, providing cognitive-grounded design principles for
scalable skill-based agents.

Our findings bridge agent skills, multi-agent systems, tool
use, and cognitive science, offering both theoretical insights
into LLM action selection and practical guidelines for build-
ing efficient, scalable agent systems.

2 Problem Formulation: Multi-Agent
Systems to Single-Agent with Skills

To answer the question “when can single-agent with skills
replace multi-agent systems?”, we formalize the relationship
between Multi-Agent Systems (MAS) and Single-Agent with
Skills (SAS), establishing the theoretical foundation for study-
ing skill selection scaling. We use the simplest definitions
possible, keeping only the notations related to our analysis.

2.1 Multi-Agent Systems
Definition 2.1 (Agent). An agent is a tuple 𝑎 = (𝜌, 𝜙),
where:
• Role description (𝜌): a semantic specification of the
agent’s identity and expertise;
• Behavioral policy (𝜙): instructions governing the agent’s
reasoning and response generation.

Definition 2.2 (Multi-Agent System). Amulti-agent system
is a tupleM = ⟨A,G,Π⟩, where:
• A = {𝑎1, . . . , 𝑎𝑛} is a set of agents;

Algorithm 1Multi-Agent System Execution
Require: Task 𝑥 , Agent set A, Communication graph G,

Protocol Π
1: Initialize history ℎ ← 𝑥

2: Select initial agent 𝑎 (0) ← Π.Init(A, 𝑥)
3: 𝑡 ← 0
4: while not Π.Term(ℎ) do
5: 𝑦 (𝑡 ) ← 𝑎 (𝑡 ) .Execute(ℎ) {Agent generates response}
6: ℎ ← ℎ ⊕ 𝑦 (𝑡 ) {Append to history}
7: 𝑎 (𝑡+1) ← Π.Route(ℎ, 𝑎 (𝑡 ) ,G) {Route to next agent}
8: 𝑡 ← 𝑡 + 1
9: end while
10: return ℎ

• G = (A, 𝐸) is a communication graph specifying permis-
sible message channels;
• Π = (Init,Route,Term) is a coordination protocol.

The coordination cost of solving task 𝑥 over 𝑇 rounds is:

𝐶mas (𝑥) =
𝑇∑︁
𝑡=1
|𝑦 (𝑡 ) | +𝑇 · 𝑐sync, (1)

where |𝑦 (𝑡 ) | denotes message length and 𝑐sync captures syn-
chronization overhead per round.

2.2 Single-Agent with Skills (SAS)
We now define an alternative paradigm that internalizes
multi-agent capabilities within a single model.

Definition 2.3 (Skill). A skill is a tuple 𝑠 = (𝛿, 𝜋, 𝜉), where:
• Skill descriptor (𝛿): a semantic description used for skill
selection;
• Execution policy (𝜋 ): instructions specifying how to per-
form the skill;
• Execution backend (𝜉 ∈ T ∪{∅}:) an external tool 𝑡 ∈ T ,
or ∅ for internal execution (e.g., a prompt template).

This formulation admits a spectrum of implementations:
• Internalized skills (𝜉 = ∅): Execution occurs entirely
within the model’s reasoning process via prompt-based
invocation.
• Externalized skills (𝜉 = 𝑡 ): The model generates param-
eters for tool 𝑡 , and execution is delegated externally.

Remark 2.1 (Separation of Selection and Execution). The
decomposition into (𝛿, 𝜋, 𝜉) reflects a key insight: skill se-
lection depends primarily on the intent signature 𝛿 , while
skill execution is governed by 𝜋 and 𝜉 . This separation
allows us to isolate selection complexity from execution vari-
ability, which is a distinction critical to our scaling analysis.

Definition 2.4 (Single-Agent with Skills). A Single-Agent
with Skills (SAS) is a tuple S = ⟨𝑎, S, 𝜎⟩, where:
• 𝑎 is a base language model;
• S = {𝑠1, . . . , 𝑠𝑘 } is a skill library;
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Algorithm 2 Single-Agent with Skills Execution
Require: Task 𝑥 , Skill library S, Selector 𝜎
1: Initialize history ℎ ← 𝑥

2: 𝑡 ← 0
3: while not Term(ℎ) do
4: 𝑠 (𝑡 ) ← 𝜎 (ℎ,D) {Select skill based on descriptors}
5: 𝑦 (𝑡 ) ← Execute(𝑠 (𝑡 ) , ℎ) {Execute selected skill}
6: ℎ ← ℎ ⊕ 𝑦 (𝑡 )
7: 𝑡 ← 𝑡 + 1
8: end while
9: return ℎ

• 𝜎 : H × D→ S is a skill selector mapping context and
skill descriptors D = {𝛿1, . . . , 𝛿𝑘 } to a skill.

Note that the selector 𝜎 operates over skill operations D,
not full skill specifications. This reflects the realistic con-
straint that selection decisions are based on semantic de-
scriptors rather than complete procedural knowledge.

The cost of single-agent using skills over 𝑇 ′ rounds is:

𝐶SAS (𝑥) =
𝑇 ′∑︁
𝑡=1

(
𝐶select (𝜎, S) +𝐶exec (𝑠 (𝑡 ) )

)
. (2)

Remark 2.2. Comparing Algorithms 1 and 2, the key struc-
tural difference is clear: multi-agent systems route between
agents (Line 7 in Alg. 1), while skillful single agents select
among skills (Line 4 in Alg. 2). Compilation transforms the
former into the latter.

2.3 The Compilation Problem
We now formalize the transformation from MAS to SAS.

Definition 2.5 (Compilation). A compilation is a mapping
Φ : M → S that transforms a multi-agent system into a
skillful single agent. GivenM = ⟨A,G,Π⟩, the compilation
produces S = ⟨𝑎, SΦ, 𝜎Φ⟩, where each agent’s specialized
function is distilled into one or more skills.

We formulate the transition from MAS to SAS as a Capa-
bility Compilation process. Our compiler Φ must disentangle
the high-level reasoning capabilities embedded in an agent’s
persona from its execution mechanism. We define the com-
pilation function Φ : GMAS → S as a composite of three
distinct operations: Decomposition, Backend Assignment,
and Topology Internalization. The MAS-to-SAS compilation
algorithm is presented in Algorithm 3 in the Appendix.

2.3.1 Phase 1: CapabilityDecomposition. For each agent
𝑎𝑖 ∈ A defined by its system prompt 𝜌𝑖 , we first apply a
decomposition function 𝑓decomp to extract a set of discrete
atomic capabilities K𝑖 :

K𝑖 = 𝑓decomp (𝜌𝑖 ) = {𝜅𝑖,1, 𝜅𝑖,2, . . . } (3)
Here, a capability 𝜅 represents a specific functional unit
(e.g., “perform code review” or “fetch weather data”) derived

from the agent’s role description, independent of how it is
implemented.

2.3.2 Phase 2: Backend Assignment. For each extracted
capability 𝜅 , the compiler must determine its execution back-
end 𝜉 . Corresponding to internalized skills and externalized
skills defined in Sec 2.2, we define the assignment function
𝑓backend:

𝑠 = (𝛿, 𝜋, 𝜉), 𝜉 =

{
𝑡 ∈ T if 𝜅 is externalized
∅ if 𝜅 is internalized

(4)

Here, the skill descriptor 𝛿 is generated to semanticize 𝜅 for
retrieval (e.g., Skill Name).

2.3.3 Phase 3: Topology Internalization. The topology
internalization operator transforms the explicit communi-
cation edges in GMAS into implicit input/output constraints
within the skill definitions. LetNout (𝑎𝑖 ) = {𝑎 𝑗 | (𝑎𝑖 , 𝑎 𝑗 ) ∈ 𝐸}
be the set of downstream dependencies for agent 𝑎𝑖 .

We define the constraint injection function 𝑓inject:

𝜋final
𝑘

= 𝑓inject (𝜋base
𝑘

,Nout (𝑎𝑖 )) (5)

Mathematically, this can be modeled as appending a con-
straint set C to the natural language policy:

𝜋final
𝑘
← 𝜋base

𝑘
⊕ ©­«

⋃
𝑎 𝑗 ∈Nout (𝑎𝑖 )

Handover(𝑎𝑖 → 𝑎 𝑗 )ª®¬ (6)

where ⊕ denotes string concatenation or semantic fusion,
and Handover(·) generates instructions ensuring the output
format of tool 𝑡𝑘 is compatible with the expected input of
tools in agent 𝑎 𝑗 .

2.3.4 Optimization Objective. The goal of the compila-
tion is to produce a skill library S that minimizes the Cogni-
tive Load L(S) while maintaining functional equivalence to
the original MAS:

min
Φ
L(Φ(GMAS)) s.t. Perf(SAS) ≈ Perf(MAS) (7)

whereL accounts for both the retrieval complexity (selection
noise) and the context consumption of the generated skills.
The final Single-Agent System is thus equipped with the

compiled skill library:

S =
⋃
𝑎𝑖 ∈A

⋃
𝑡𝑘 ∈𝜏𝑖

{
(𝑡𝑘 , 𝜋final

𝑘
)
}

(8)

2.4 Properties of MAS-to-SAS Compilation
Definition 2.6 (Behavioral Fidelity). A compilation Φ is
behaviorally faithful if the output distributions are pre-
served:

∀𝜏 ∈ T : 𝑃M (𝑦 | 𝜏) = 𝑃Φ(M) (𝑦 | 𝜏).



When Single-Agent with Skills Replace Multi-Agent Systems and When They Fail Agent Skills ’26, May 26, 2026, San Francisco, CA, USA

Definition 2.7 (Cost Efficiency). A compilation Φ is cost-
efficient if there exists a non-trivial subset T ′ ⊆ T such
that:

∀𝜏 ∈ T ′ : 𝐶SAS (𝜏) < 𝐶mas (𝜏).
The central trade-off is clear: compilation eliminates inter-

agent communication but introduces a selection bottleneck.
Formally, the efficiency condition reduces to:∑︁

𝑡

𝐶select (𝜎, |S|)︸              ︷︷              ︸
selection overhead

<
∑︁
𝑡

𝐶comm (G,Π)︸               ︷︷               ︸
communication overhead

. (9)

3 Experiments on MAS-to-SAS Compilation
First, we identify the compilable and uncompilable MAS.
Then, we present results on the feasibility of compiling MAS
to SAS, achieving similar performance at lower cost.

3.1 Conditions for Compilability
Not all multi-agent systems can be faithfully compiled into
a single skillful agent. We characterize the boundary.
Definition 3.1 (Compilability). A multi-agent systemM
is compilable if there exists a compilation Φ : M → S
satisfying:

∀𝑥 ∈ X : 𝑃M (𝑦 | 𝑥) = 𝑃Φ(M) (𝑦 | 𝑥).
Proposition 3.1 (Compilability Conditions). A multi-agent
system is compilable if and only if:
C1. Serializable Communication: G admits a topological

ordering—agent interactions can be sequenced without
information loss.

C2. Shared History: Agent outputs depend only on shared
history ℎ, with no private state.

C3. Homogeneous Backbone: All agents use the same un-
derlying model.

Conversely, compilation fails when agents require true paral-
lelism (independent sampling), private information, adversar-
ial objectives, or heterogeneous capabilities.

Table 1 summarizes common multi-agent architectures
and their compilability.

Table 1.Compilability of commonmulti-agent architectures.

Architecture Structure Compilable

Pipeline 𝑎1→𝑎2→· · ·→𝑎𝑛 ✓

Router-Workers Router→ {Workers}→Aggregator ✓

Iterative Refinement Writer↔ Critic (loop) ✓

Debate / Adversarial Proponent↔ Opponent ✗

Parallel Sampling Independent agents, best-of-𝑛 ✗

Private Information Agents with hidden state ✗

Remark 3.1 (Scope). This work focuses on compilable sys-
tems. We study when compilation is efficient—a question
orthogonal to when it is possible.

Table 2. MAS vs. SAS compilation results. Δ columns show
relative change.

Task MAS SAS Acc. Δ Token ↓ Latency ↓

GSM8K 94.0 92.0 −2.0% 56.2% 28.7%
HumanEval 100.0 100.0 0.0% 46.5% 58.9%
HotpotQA 84.0 88.0 +4.0% 58.4% 60.9%

Average – – +0.7% 53.7% 49.5%

3.2 Compilation Efficiency Experiments
Having established conditions under which multi-agent sys-
tems can be compiled into skillful single agents (Proposi-
tion 3.1), we now empirically investigate whether such com-
pilation is efficient, i.e., whether the compiled SAS achieves
comparable performance while reducing computational cost.

3.2.1 Experimental Setup. In both internalized and ex-
ternalized skill cases, the selection of which skill to invoke
remains an internal cognitive decision. In this study, we focus
on purely internalized skills to isolate the cognitive cost of
action selection from external execution noise. We evaluate
compilation efficiency on three benchmarks, eachmatched to
a compilable MAS architecture, including GSM8K [8] — grad
school math with problems, HumanEval [5] — a python code
generation task, and HotpotQA [47] — multi-hop question
answering. Their corresponding MAS architectures, work-
flows and their mapping are summarized in Appendix Ta-
ble 3. The compiled SAS performs the equivalent computa-
tion in a single API call, with the model internally manag-
ing skill invocation through structured output sections (e.g.,
[DECOMPOSE], [SOLVE], [VERIFY]).
We evaluate using GPT-4o-mini as the backbone model

for all agents and the compiled SAS, ensuring a fair compar-
ison under the homogeneous backbone condition (C3). We
measure task accuracy, total tokens, latency, and API calls.

3.2.2 Results. Table 2 presents the main results. The com-
piled SAS achieves accuracy within −2.0% to +4.0% of the
original MAS (average +0.7%), confirming faithful compila-
tion. On HotpotQA, the SAS outperforms MAS by 4%, likely
because the unified context enables better information inte-
gration. Token consumption decreases by 53.7% on average
by eliminating redundant context repetition across agent
calls. Latency decreases by 49.5% through reducing 3–4 se-
quential API calls to one. These results demonstrate that
compilation combines the benefits of modular multi-agent
architectures with the runtime efficiency of single-agent
execution.

4 The Skill Scaling Hypothesis: A Cognitive
Science Perspective

The preceding results establish that MAS→ SAS compilation
is both possible and efficient for compilable architectures.
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However, this raises a critical follow-up question: how does
the compiled SAS scale as the skill library grows?
Equation (9) reveals a critical dependency: the viability

of compilation hinges on how selection cost scales with the
skill library size |S|. In the experiments above, each SAS op-
erates with 3–4 skills—well below problematic thresholds.
When compiling larger multi-agent systems (e.g., with 10+
specialized agents), the resulting skill library may trigger
degradation in selection accuracy. This motivates our inves-
tigation into the cognitive scaling of skill selection.

4.1 Cognitive Foundations
Our scaling hypothesis draws on four established princi-
ples from cognitive psychology. (F1) Hick’s Law [10, 13]:
choice reaction time scales logarithmically with alternatives,
but breaks down beyond ∼8 choices [20]. (F2) Cognitive
Load Theory [24, 35]: working memory capacity imposes
hard limits; when exceeded, performance degrades sharply
rather than gradually. We interpret |S| as imposing intrin-
sic load with capacity threshold 𝜅. (F3) Similarity-Based
Interference [1, 25, 34]: confusion probability increases
with semantic overlap (the ACT-R fan effect), predicting that
similar skills will interfere during selection regardless of li-
brary size. (F4) Hierarchical Chunking [4, 23, 37]: experts
manage complexity through hierarchical organization, with
optimal breadth of 4–8 items per level matching working
memory capacity.

4.2 Problem Formulation
Problem 4.1 (Cognitive Scaling of Skill Selection). Let 𝜎 be
a skill selector operating on a library S = {𝑠1, . . . , 𝑠𝑁 }, where
each skill 𝑠𝑖 = (𝛿𝑖 , 𝜋𝑖 , 𝜉𝑖 ) comprises a semantic descriptor 𝛿 ,
an execution policy 𝜋 , and an execution backend 𝜉 . Define
the selection accuracy for a task distribution T as:

Acc(𝜎, S) = E𝜏∼T
[
1
[
𝜎 (𝜏, {𝛿𝑘 }𝑁𝑘=1) = 𝑠∗𝜏

] ]
,

where 𝑠∗𝜏 is the optimal skill. The scaling problem investigates
the degradation of Acc as |S| → ∞, aiming to decouple the
cost of search space expansion from semantic interference.

Why Study Selection Accuracy? One might ask why we
focus on skill selection accuracy rather than end-task per-
formance. Task accuracy conflates multiple failure sources:
action selection, execution fidelity, and external noise. In
contrast, selection accuracy isolates the intrinsic difficulty
of choosing the correct skill from an expanding library. This
upstream decision directly governs whether downstream
execution is even invoked correctly. While task accuracy
answers whether a system works, selection accuracy reveals
why it works—and when it will fail.

4.3 The Scaling Law
Drawing on the cognitive foundations above, we hypothe-
size that selection accuracy follows a composite decay law

governed by two factors: (1) an effective capacity threshold
𝜅, analogous to working memory limits, and (2) semantic
interference I(S) among skills:

Acc(𝜎, S) ≈ 𝛼

1 + (|S|/𝜅)𝛾 − 𝜖 · I(S), (10)

where 𝛼 ≤ 1 is asymptotic accuracy at small |S|, 𝜅 is the ca-
pacity threshold when accuracy drops to half, 𝛾 > 1 controls
the sharpness of the phase transition, and 𝜖 > 0 represents
sensitivity to semantic interference.

This formulation has a clear cognitive interpretation:
• The first term captures Hick’s Law–style capacity limits.
When |S| ≪ 𝜅, accuracy remains near 𝛼 ; when |S| ≫ 𝜅,
accuracy decays as 𝑂 ( |S|−𝛾 ). In our model, the exponent
𝛾 > 1 is chosen to capture a super-linear decline in per-
formance once cognitive load exceeds capacity, consistent
with cognitive load theory’s assumption of substantial
performance degradation under overload [36].
• The second term captures Shepard-style similarity inter-
ference. Even at fixed |S|, high semantic overlap among
skills (large I(S)) degrades accuracy through the ACT-R
fan effect—competing skills share retrieval cues, reducing
discriminability.
The additive structure reflects that capacity limits and sim-

ilarity interference are partially independent failure modes: a
small library of highly confusable skills can fail (high I, low
|S|), as can a large library of distinct skills (low I, high |S|).

4.4 Scaling Hypotheses
The formulation in Eq. (10) implies four testable predictions,
each grounded in cognitive theory:
1. H1: Non-linear Phase Transition. Selection accuracy

exhibits a critical regime governed by capacity threshold
𝜅. The system maintains high accuracy when |S| < 𝜅 but
suffers sharp, non-linear degradation once library size
exceeds this threshold. This mirrors the breakdown of
Hick’s Law [20] (F1) and the threshold effects in Cognitive
Load Theory when working memory is exceeded [35] (F2).
The transition is phase-like rather than gradual: accuracy
is relatively stable until |S| ≈ 𝜅, then drops precipitously.

2. H2: Confusability-Driven Errors. Selection degrada-
tion is driven primarily by semantic confusability among
skills, not mere library size. Adding semantically similar
“competitor” skills degrades accuracy more than adding
an equivalent number of distinct skills. This follows from
the interference term 𝜖 · I(S) in Eq. (10) and connects to
similarity-based interference in cognitive science [1, 25,
34] (F3).

3. H3: Instructional Saturation. Skills encapsulate com-
plex micro-policies 𝜋 that may consume processing band-
width. We test whether policy complexity affects selection
accuracy—specifically, whether verbose policies reduce
effective capacity 𝜅 by increasing extraneous cognitive
load [35] (F2).
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4. H4: Mitigation via Hierarchy. When flat selection fails
(|S| > 𝜅), hierarchical organization can restore reliable
scaling by ensuring each decision point involves fewer
than 𝜅 options. This transforms an intractable single deci-
sion into a sequence of tractable sub-decisions. Chunking
theory [4] and the Elimination-by-Aspects model [37]
(F4) establish that hierarchical decomposition converts
overwhelming choice sets to manageable decisions.
In the following sections, we empirically test each hypoth-

esis.

5 Experiments for Scaling-law
We design a series of controlled experiments to empirically
validate the four key predictions of our skill scaling hypoth-
esis: (1) the existence of a non-linear phase transition in
selection accuracy, (2) the effect of semantic confusability
on selection errors, (3) the impact of instructional saturation,
and (4) the mitigation potential of hierarchical routing.

5.1 Experimental Setup
We construct synthetic skill libraries spanning 8 domains
(mathematics, coding, writing, analysis, translation, QA, for-
matting, extraction)with 40 distinct categories and 200 unique
skill templates. Each skill 𝑠𝑖 = (𝛿𝑖 , 𝜋𝑖 , 𝜉𝑖 ) comprises a natural
language descriptor, execution instructions with controlled
complexity (simple/medium/complex), and an internalized
backend (𝜉 = ∅). We control semantic overlap via three
similarity distributions: Low (round-robin across domains),
High (2–3 related domains), andMixed (uniform random; de-
fault). Tasks are generated with unambiguous ground-truth
mappings. We evaluate on GPT-4o-mini and GPT-4o with
temperature 𝑇 = 0 and 3 random seeds per condition. Full
details on skill templates, task generation, and prompts are
provided in the Appendix.

5.2 H1: Non-linear Phase Transition
Experimental Design. We evaluate selection accuracy

across skill library sizes |S| ∈ {5, 10, 20, 35, 50, 75, 100, 150, 200},
holding similarity distribution (mixed) and policy complex-
ity (simple) constant. This isolates the effect of search space
size on selection performance.1

Results. Figure 2 presents selection accuracy across li-
brary sizes |S| ∈ {5, 10, 20, 25, 30, 40, 50, 75, 100, 150, 200} and
fits the proposed scaling law (Eq. 10). Both models exhibit
substantial degradation: accuracy remains above 90% at |S| ≤
20 but falls to ∼20% at |S| = 200. We observe a slight accu-
racy increase from |S| = 5 to ∼20, likely reflecting improved
task-skill coverage before selection overload begins. The de-
cay exponent 𝛾 > 1 (1.72 and 1.56) indicates super-linear
1Although increasing |S | also increases prompt length, our goal is not to
disentangle all context-length effects, but to characterize the end-to-end
difficulty of selecting among an expanding set of semantically-described
actions.
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Figure 2. Scaling law fit. Acc ≈ 𝛼/(1 + (|S|/𝜅)𝛾 ) achieves
𝑅2 > 0.97 for both models.

degradation consistent with phase transition behavior rather
than gradual decay. The fitted capacity threshold 𝜅 is 91.8 for
GPT-4o-mini and 83.5 for GPT-4o, representing the library
size at which accuracy drops to 𝛼/2. Interestingly, GPT-4o
exhibits slightly lower 𝜅, suggesting model capability and
selection capacity may be partially independent; further ex-
periments across diverse model families are needed to clarify
this. For practical applications, we recommend keeping flat
skill libraries well below 𝜅 , or adopting hierarchical routing
for larger libraries.

5.3 H2: Confusability-Driven Errors
Experimental Design. For each base skill, we generate 0,

1, or 2 competitor skills with similar descriptions but differ-
ent operations (e.g., calculate_sum vs. compute_average).
Ground truth is unambiguous by construction. We test three
confusability levels (𝑛comp ∈ {0, 1, 2}) across𝑛base ∈ {5, 10, 15, 20}.

Results. Figure 3a shows that with no competitors, selec-
tion accuracy remains at 100% even at |S| = 20, contrasting
sharply with ∼95% under mixed similarity (H1). Adding one
competitor reduces accuracy by 7–30%; two competitors
cause 17–63% degradation. GPT-4o consistently outperforms
GPT-4o-mini under high confusability (e.g., 70% vs. 37% at
𝑛base = 10, 𝑛comp = 2), suggesting model capability par-
tially mitigates interference. At identical |S| = 20, replacing
unique skills with base-competitor pairs causes an 18–30%
accuracy drop, demonstrating that semantic structure deter-
mines selection difficulty. This has a practical implication:
skill descriptors should emphasize unique characteristics
rather than generic descriptions (e.g., “compute rolling 7-day
average” instead of “process data”).

H1 and H2 together provide a key insight: the phase tran-
sition in H1 is mediated by semantic confusability accumu-
lating as libraries grow from mixed sampling, explaining
why the no-competitor condition maintains 100% accuracy
at sizes where H1’s mixed libraries already degrade.

5.4 H3: Instructional Saturation
We compare selection accuracy across three policy complex-
ity levels (simple ∼30 tokens, medium ∼100, complex ∼300)
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(b) H3: Effect of policy complexity on selection accuracy.

Figure 3. Left (H2): Higher confusability leads to lower accuracy at fixed library size, demonstrating that semantic similarity—
not library size alone—drives selection errors.Right (H3): Policy complexity levels show largely overlapping curves; instruction
verbosity does not significantly affect selection accuracy.

at library sizes |S| ∈ {10, 20, 50, 100, 150}. Figure 3b shows
that, contrary to our hypothesis, the three complexity lev-
els produce largely overlapping accuracy curves for both
models. The results do not support H3: modern transformer
architectures may efficiently filter relevant information from
long contexts, mitigating the expected cognitive load from
complex policies.

5.5 H4: Hierarchy Mitigation
Experimental Design. We compare three selection strate-

gies:
• Flat Selection: Direct selection from all |S| skills (base-
line).
• Naive Domain Hierarchy: Two-stage selection where
Stage 1 selects a domain category and Stage 2 selects
within that domain.
• Confusability-Aware Hierarchy: Two-stage selection
where semantically similar skills (competitors) are explic-
itly grouped together. Stage 1 selects among distinct clus-
ters; Stage 2 disambiguates within a small cluster of similar
skills.
To properly test hierarchy at scale, we extend the library

size range beyond the capacity threshold identified in H1.We
construct skill libraries with 𝑛groups ∈ {4, 6, 8, 10, 20, 30, 40}
groups, each containing 3 semantically similar skills (1 base +
2 competitors), yielding total sizes |S| ∈ {12, 18, 24, 30, 60, 90, 120}.

Each group represents a distinct functionality (e.g., “Sum-
mation”, “Averaging”, “Email Writing”), while skills within
a group are near-synonyms (e.g., “Calculate Sum”, “Com-
pute Total”, “Sum Numbers”). Tasks are generated to map to
the base skill of each group, ensuring unambiguous ground
truth.

Results. Figure 4 shows that when |S| ≥ 60, hierarchical
routing recovers substantial accuracy: +37–40% for GPT-4o-
mini (from ∼45% to ∼83–85%) and +9–10% for GPT-4o (from
∼63% to ∼72%). Flat selection drops precipitously beyond
|S| = 30, while hierarchical methods maintain stable accu-
racy up to |S| = 120. Both hierarchical variants perform
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Figure 4. Hierarchical routing vs. flat selection. Hierarchy
maintains ∼72–85% accuracy at large |S| while flat selection
degrades to ∼45–63%.

similarly, as our design naturally aligns domain boundaries
with confusability clusters.

The mechanism connects to H1 and H2: flat selection fails
when |S| > 𝜅 due to cognitive overload (H1). Hierarchy
works by ensuring each selection stage operates within the
reliable regime: Stage 1 involves ∼10–40 distinct clusters
(well below 𝜅), and Stage 2 involves only 3 skills per cluster.
Confusability-aware grouping (H2) ensures first-stage cate-
gories are semantically distinct, while confusable skills are
handled in small second-stage pools. GPT-4o derives smaller
benefit from hierarchy (+10% vs. +40%), as stronger models
partially compensate through better semantic discrimina-
tion.

5.6 Practical Guidelines and Limitations
Design Guidelines

Based on our findings, we recommend the following for
skill library design:
1. Monitor library size: Track |S| relative to the

model’s capacity (𝜅 ≈ 50–100 for tested GPT models).
Performance degrades sharply beyond this threshold.

2. Minimize confusability: Audit semantic overlap
before adding skills. Merge or differentiate skills
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with high similarity rather than accumulating near-
duplicates.

3. Adopt hierarchy at scale: For |S| ≫ 𝜅, implement
hierarchical routing with confusability-aware group-
ing. Each stage should involve < 𝜅 options.

4. Invest in descriptors: Craft distinctive, specific skill
descriptions that emphasize unique characteristics.

5. Match model to task: Stronger models show better
confusability resistance. For large or confusable skill
libraries, model capability investment yields direct
accuracy benefits.

Limitations. We acknowledge several limitations:
1. Synthetic data: While enabling controlled experiments,

synthetic skill libraries may not capture the full complex-
ity of real-world skill distributions, where skills vary in
granularity and overlap patterns.

2. Selection-only evaluation: We measure selection accuracy
but not end-to-end task performance; future work should
validate these findings in full execution pipelines.

3. Limited model coverage: Results are based on two OpenAI
models; generalization to other architectures (e.g., open-
source models, different model families) requires further
study.

4. Hierarchy design: Designing the optimal solution to miti-
gate performance degradation associated with scaling is
not the focus of this work, so our hierarchical approaches
were relatively simple; more sophisticated routing mecha-
nisms may yield different results.

6 Related Work
Our work sits at the intersection of tool use, multi-agent
systems, scaling laws, and the emerging skill engineering
paradigm. We provide an extended discussion in the Appen-
dix; here we highlight the most relevant threads.

Tool Use and Skill Engineering. Tool-augmented LLMs [32,
48] have been scaled to thousands of APIs [27, 29], and com-
prehensive surveys [30] document the rapid evolution of
tool learning. However, tools are typically atomic opera-
tions with minimal descriptive overhead. Skills represent a
higher-order abstraction—reusable procedural modules with
explicit execution policies and applicability conditions [2, 45].
Jiang et al. [14] systematize seven design patterns for agentic
skills, distinguishing skills from tools along dimensions of
composability, statefulness, and autonomy. Liu et al. [19]
demonstrate self-evolving skill creation in enterprise cloud
support, showing that skills can be automatically synthe-
sized from interaction logs. Our work complements these
efforts by characterizing the fundamental scaling limits of
skill selection as skill libraries grow.

Multi-Agent Systems. MAS frameworks such as Auto-
Gen [43], MetaGPT [12], and AgentVerse [6] enable flexible

agent coordination through role specialization and commu-
nication protocols. Voyager [38] introduced ever-growing
skill libraries for embodied agents, demonstrating that open-
ended skill accumulation is feasible but raising questions
about retrieval at scale. HuggingGPT [33] and TaskMatrix [18]
connect LLMs to large model/API registries, facing similar
action-space scaling challenges. We provide a theoretical
bridge between MAS and single-agent skill systems by for-
malizing when compilation is beneficial and when skill li-
braries exceed cognitive capacity.

Scaling Laws and Skill Routing. Neural scaling laws [11,
15] describe power-law relationships between compute, data,
and model performance. Kim et al. [16] extend scaling anal-
ysis to agent system architectures, finding that coordination
structure must match task requirements for efficient scaling.
On the routing side, Zheng et al. [51] propose SkillRouter,
a retrieve-and-rerank pipeline for large skill registries that
achieves 74% Hit@1 on skill selection. Unlike these works,
we study scaling with respect to action space size rather than
model scale, and ground our analysis in cognitive science
principles such as Hick’s law and similarity-based interfer-
ence, establishing capacity thresholds that inform practical
system design.

7 Conclusion
We present a systematic study of when skill-based single
agents can replace multi-agent systems and when they fail.
Our MAS-to-SAS compilation framework demonstrates that
single-agent skill systems offer a practical middle ground be-
tween monolithic prompting and multi-agent coordination,
achieving comparable accuracy with near half tokens and
latency on our benchmark tasks. However, skill selection
accuracy exhibits non-linear scaling governed primarily by
semantic confusability rather than library size alone.
Our proposed scaling law, grounded in cognitive science

principles including Hick’s law and similarity-based inter-
ference, accurately predicts performance degradation and
identifies capacity thresholds beyond which flat selection
becomes unreliable. Hierarchical routing with confusability-
aware grouping effectively mitigates this degradation, re-
covering much of the lost accuracy at scale. We hope our
findings and the accompanying design guidelines provide a
foundation for principled skill library engineering.

Looking ahead, several directions merit further investiga-
tion: extending our scaling analysis to diverse model families
and open-source architectures, validating the scaling law on
real-world skill distributions from deployed agent systems,
and studying end-to-end task performance beyond selection
accuracy. Additionally, the interplay between skill descriptor
design and selection capacity warrants deeper exploration,
as our results suggest that descriptor quality may be as im-
portant as library size in determining system performance.
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A Compilation Experiment Details
Table 3 provides the detailed benchmark-to-architecture
mappings for the MAS-to-SAS compilation experiments de-
scribed in Section 3.

B Related Work
In addition to the related work discussion on cognitive sci-
ence in Sec 4.1, we also relate our work to the intersection of
three research areas: tool use in LLMs, multi-agent systems,
and scaling laws. Our contribution is distinguished by its
focus on the scaling behavior of skill selection—a problem that
has received limited systematic study despite its centrality
to agent system design.

B.1 Tool Use in LLMs
Recent work has dramatically expanded LLMs’ capabilities
by augmenting them with external tools. Schick et al. [32] in-
troduced Toolformer, demonstrating that LLMs can learn to
use tools (calculators, search engines, translation systems) in
a self-supervised manner. ReAct [48] established the influen-
tial paradigm of interleaving reasoning traces with tool-use
actions, enabling dynamic decisions about when to invoke
external capabilities versus rely on internal knowledge.
As tool ecosystems have grown, the challenge of tool se-

lection has become increasingly prominent. ToolLLM [29]
scaled to over 16,000 real-world APIs, introducing a neu-
ral retriever for tool selection and depth-first search for
multi-step planning. Gorilla [27] demonstrated retriever-
aware training for API selection, while HuggingGPT [33]
and TaskMatrix.AI [18] proposed architectures where LLMs
orchestrate specialized models based on task descriptions.
Comprehensive surveys [28, 30] have formalized tool learn-
ing into stages: planning, selection, calling, and response
generation.
Our work differs from this literature in two key respects.

First, we distinguish skills from tools: while tools are typically
atomic external APIs with minimal descriptive overhead,
skills are internalized capabilities comprising rich semantic
descriptors and execution policies. This distinction matters
because skills impose greater cognitive load during selection.
Second, rather than proposing new selection mechanisms,
we characterize the fundamental scaling limits of selection
accuracy by establishing capacity thresholds (𝜅) and identi-
fying confusability as the primary driver of degradation.

B.2 Multi-Agent LLM Systems
Multi-agent systems (MAS) have emerged as a prominent
paradigm for complex task solving. AutoGen [43] introduced
flexible multi-agent conversation frameworks with customiz-
able agent interactions. MetaGPT [12] encodes Standardized
Operating Procedures (SOPs) into agent workflows, demon-
strating that structured role assignment enables effective co-
ordination. CAMEL [17] pioneered role-playing frameworks
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Table 3. Benchmark tasks, MAS architectures, and agent-to-skill mappings for compilation experiments. Each MAS is compiled
into an equivalent SAS that performs the same computation in a single LLM call.

Benchmark Architecture MAS Agent SAS Skill Description Calls

GSM8K Pipeline
Decomposer decompose Break problem into steps

3→ 1Solver solve Execute calculations
Verifier verify Validate solution

HumanEval Iterative
Coder code Generate implementation

3→ 1Critic critique Review for bugs
Refiner refine Fix identified issues

HotpotQA Router-Workers

Router analyze Plan information needs

4→ 1Retriever retrieve Extract relevant facts
Reasoner reason Chain logical steps
Aggregator synthesize Produce final answer

for autonomous agent cooperation, while AgentVerse [6]
explored dynamic agent group composition with expert re-
cruitment mechanisms.
A parallel line of work has focused on skill acquisition

and management in agents. Voyager [38] introduced an ever-
growing skill library for embodied agents, where skills are
indexed by embeddings and retrieved compositionally. Gen-
erative Agents [26] established foundational architectures
with memory, reflection, and planning modules. DEPS [39]
addressed skill selection through interactive planning with
sub-goal ranking.

Our work provides a theoretical bridge between MAS and
single-agent skill-based systems. We show that certain types
ofMAS can be compiled into equivalent single-agent systems
with skill libraries, and characterize when this compilation
is beneficial versus when the resulting skill library exceeds
cognitive capacity. This perspective reveals that hierarchi-
cal multi-agent organization is not merely an architectural
choice but a necessary mitigation when skill libraries grow
beyond the capacity threshold 𝜅.

B.3 Scaling Laws and Emergent Abilities
Neural scaling laws [11, 15] have established power-law
relationships between model size, data, compute, and loss.
These findings have been extended to understand emergent
abilities—capabilities that appear suddenly at specific scale
thresholds rather than improving gradually [41]. The na-
ture of these phase transitions remains debated. Schaeffer
et al. [31] argued that apparent emergent abilities may be
artifacts of nonlinear metrics rather than fundamental be-
havioral changes. Michaud et al. [22] proposed that network
capabilities are “quantized” into discrete skills learned in or-
der of decreasing frequency, with smooth aggregate scaling
masking discrete phase transitions in individual capabilities.
Recent work has documented U-shaped [40] and inverted-
U scaling patterns [21], where performance can decrease
before improving at larger scales.

Scaling laws for downstream tasks and agent systems
have received growing attention. Zhang et al. [50] studied
how fine-tuning data scales with model size, while Kim et al.
[16] derived quantitative principles for agent system scaling,
examining trade-offs between agent quantity, coordination
structure, and task properties.
Unlike prior work on emergent abilities that focuses on

model scale, we study scaling with respect to action space
size—the number of skills an agent must select among. We
show that this scaling is mediated by semantic confusabil-
ity, connecting LLM behavior to established principles from
cognitive psychology [10, 34, 35].

C MAS-to-SAS Compilation Algorithm

D Experimental Details
D.1 Skill Library Examples
Table 4 presents example skills from each domain in our syn-
thetic skill library. Each skill consists of a unique identifier,
a natural language descriptor, and an execution policy.

D.2 Task Examples
Table 5 shows example tasks with their ground-truth skill
mappings. Tasks are generated using domain-specific tem-
plates with randomized parameters.

D.3 Competitor Skill Examples
Table 6 illustrates the base skill and competitor skill design
used in H2 experiments. Competitors have near-identical
functionality but different surface forms, creating semantic
confusability.

D.4 Policy Complexity Examples
Figure 5 illustrates the three levels of policy complexity used
in H3 experiments, using the “Calculate Sum” skill as an
example.
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Algorithm 3MAS-to-SAS Compilation
Require: Multi-Agent Graph G = (A, 𝐸), Compiler Model
MLLM

Ensure: Unified Skill Library S
1: Initialize S← ∅
{Phase 1: Capability Extraction & Classification}

2: for all Agent 𝑎𝑖 ∈ A do
3: Let 𝜌𝑖 be the system prompt (role definition)
4: Let 𝜏𝑖 be the set of explicitly assigned tools
5: Analyze Role: Decompose 𝜌𝑖 into a set of discrete

capabilities C𝑖 = {𝑐1, 𝑐2, . . . }.
6: for all Capability 𝑐𝑘 ∈ C𝑖 do
7: Determine Backend:
8: if 𝑐𝑘 aligns with a tool 𝑡 ∈ 𝜏𝑖 then
9: Set 𝜉𝑘 ← 𝑡 {Externalized Skill}
10: Generate 𝜋𝑘 : “How to use 𝑡 to achieve 𝑐𝑘 under

role 𝜌𝑖”
11: else
12: Set 𝜉𝑘 ← ∅ {Internalized Skill}
13: Generate 𝜋𝑘 : “Reasoning steps to perform 𝑐𝑘”
14: end if
15: Generate Skill Descriptor 𝛿𝑘 (Name + Description)
16: Store 𝑠𝑘 = (𝛿𝑘 , 𝜋𝑘 , 𝜉𝑘 , owner = 𝑎𝑖 )
17: end for
18: end for

{Phase 2: Topology Internalization (Constraints)}
19: for all Skill 𝑠𝑘 ∈ extracted skills do
20: Let 𝑎src = 𝑠𝑘 .owner
21: Identify downstream agents: Nout = {𝑎 𝑗 | (𝑎src, 𝑎 𝑗 ) ∈

𝐸}
22: if Nout ≠ ∅ then
23: Generate Handoff Constraint:
24: “Output must be consumable by skills:

[skills of Nout]”
25: 𝜋𝑘 ← 𝜋𝑘 ⊕ Constraint
26: end if
27: Add (𝛿𝑘 , 𝜋𝑘 , 𝜉𝑘 ) to S
28: end for
29: return S

D.5 Prompt Templates
Flat Selection Prompt. Figure 6 shows the prompt tem-

plate used for flat skill selection in all experiments.

Hierarchical Selection Prompts. Figure 7 shows the two-
stage prompts used for hierarchical selection in H4.

E Complete Experimental Results
E.1 H1: Phase Transition - Complete Results
Table 7 presents the complete results for H1 experiments
across all library sizes.

Table 4. Example skills from different domains in our syn-
thetic skill library.

Domain Skill Name Descriptor

Mathematics Calculate Sum Add all numbers together and return the total sum.
Calculate Average Compute the arithmetic mean of the given numbers.
Calculate Percentage Compute what percentage one number is of another.

Coding Write Python Function Write a Python function that implements the specified
functionality.

Debug Code Find and fix bugs in the provided code snippet.

Writing Write Email Compose a professional email based on the given re-
quirements.

Write Summary Create a concise summary of the provided text.

Analysis Analyze Sentiment Determine the emotional tone (positive/negative/neu-
tral) of the text.

Analyze Trend Identify patterns and trends in the provided data.

Extraction Extract Names Identify and extract all person names mentioned in the
text.

Extract Dates Identify and extract all dates mentioned in the text.

Translation Translate to Spanish Translate the given English text into Spanish.
Translate to French Translate the given English text into French.

QA Answer Question Provide a direct answer to the given question.
Explain Concept Explain the given concept in clear, simple terms.

Formatting Convert to JSON Convert the given data into JSON format.
Format as Markdown Format the given content as Markdown.

Table 5. Example tasks with ground-truth skill mappings.

Domain Task Query Ground Truth

Mathematics What is the sum of 23, 45, and 67? Calculate Sum
Mathematics What is the average of 10, 20, 30, 40, 50? Calculate Average
Mathematics What is 25% of 200? Calculate Percentage

Coding Write a Python function to reverse a string. Write Python Function
Coding Debug this code: def add(a,b): return a-b Debug Code

Writing Write an email to my manager requesting a meeting. Write Email
Writing Summarize the following article: [text] Write Summary

Analysis What is the sentiment of: “I love this product!” Analyze Sentiment

Extraction Extract names from: “John met Mary at the park.” Extract Names
Extraction Extract dates from: “Meeting on Jan 15, 2024.” Extract Dates

Translation Translate to Spanish: “Hello, how are you?” Translate to Spanish

Table 6. Examples of base skills and their semantic com-
petitors (H2). Competitors have similar functionality but
different phrasing.

Role Skill Descriptor

Skill Group: Summation

Base Calculate Sum: Add all numbers together and return the total.
Competitor 1 Compute Total: Compute the total by adding all values together.
Competitor 2 Sum Numbers: Sum up all the given numbers.

Skill Group: Email Writing

Base Write Email: Compose a professional email.
Competitor 1 Compose Email: Compose an email message.
Competitor 2 Draft Email: Draft an email for the given purpose.

Skill Group: Sentiment Analysis

Base Analyze Sentiment: Determine the sentiment of the text.
Competitor 1 Sentiment Detector: Detect the emotional tone.
Competitor 2 Evaluate Sentiment: Evaluate text sentiment.

Skill Group: Name Extraction

Base Extract Names: Extract person names from text.
Competitor 1 Find Names: Find all names in the text.
Competitor 2 Name Extractor: Extract names from content.

Scaling Law Fitting. We fit the scaling law Acc( |S|) =
𝛼/(1+(|S|/𝜅)𝛾 ) using non-linear least squares with bounded
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Simple Policy (∼30 tokens)

Execute the addition and return the result.

Medium Policy (∼100 tokens)

You are a mathematical computation assistant.
1. Parse all numerical values from the input
2. Validate that all values are valid numbers
3. Compute the sum of all values
4. Return the result as a single number

Complex Policy (∼300 tokens)

You are an expert mathematical computation
agent.

Input Processing
1. Parse all numerical values from the input
string
2. Handle both integers and floating-point
numbers
3. Validate that all extracted values are valid
numbers

Computation
4. Initialize accumulator to zero
5. Iterate through all validated numbers
6. Add each number to the accumulator

Output Requirements
7. Return the final sum as a formatted number
8. Use appropriate decimal precision (2 decimal
places)
9. Handle edge cases: empty input returns 0

Error Handling
- If non-numeric values are found, report an
error
- If input is empty, return 0 with a note

Figure 5. Examples of the three policy complexity levels for
the “Calculate Sum” skill.

Table 7. H1 Complete Results: Selection accuracy across
library sizes. Mean ± std over 3 seeds.

Model Library Size |S|
5 10 20 35 50 75 100 150 200

GPT-4o-mini .98±.02 .96±.02 .94±.03 .87±.04 .70±.05 .47±.06 .35±.05 .24±.04 .19±.03
GPT-4o .99±.01 .97±.02 .95±.02 .88±.03 .69±.04 .48±.05 .36±.04 .25±.03 .20±.03

parameters: 𝛼 ∈ [0.5, 1.2], 𝜅 ∈ [5, 500], 𝛾 ∈ [0.5, 3.0]. Table 8
reports the fitted parameters.

Flat Selection Prompt

Select the most appropriate skill for the given
task.

Task: {query}

Available Skills:
- skill_001: Calculate Sum: Add all numbers
together and return the total.
- skill_002: Calculate Average: Compute the
arithmetic mean of the given numbers.
- skill_003: Write Email: Compose a professional
email.
- skill_004: Extract Names: Identify and extract
all person names from text.
- skill_005: Translate to Spanish: Translate
English text into Spanish.

Respond with ONLY the skill ID (e.g., skill_001).
Do not include any explanation.

Figure 6. Example flat selection prompt with 5 skills.

Table 8. Scaling law fitting details for H1.

Model 𝛼 𝜅 𝛾 𝑅2 RMSE

GPT-4o-mini 0.964 91.8 1.71 0.979 0.032
GPT-4o 0.978 86.7 1.65 0.984 0.028

E.2 H2: Confusability - Complete Results
Table 9 presents the complete results for H2 experiments.

Table 9. H2 Complete Results: Selection accuracy by confus-
ability level. Total |S| shown in parentheses.

Model 𝑛base No Comp. (|S|) Low (|S|) High (|S|)

GPT-4o-mini

5 1.00±.00 (5) 0.80±.08 (10) 0.55±.10 (15)
10 1.00±.00 (10) 0.70±.07 (20) 0.37±.09 (30)
15 1.00±.00 (15) 0.75±.06 (30) 0.55±.08 (45)
20 1.00±.00 (20) 0.50±.08 (40) 0.55±.07 (60)

GPT-4o

5 1.00±.00 (5) 0.93±.04 (10) 0.83±.06 (15)
10 1.00±.00 (10) 0.82±.05 (20) 0.70±.07 (30)
15 1.00±.00 (15) 0.85±.04 (30) 0.67±.06 (45)
20 1.00±.00 (20) 0.67±.06 (40) 0.63±.05 (60)

Statistical Tests. Table 10 reports statistical comparisons
between confusability conditions.

E.3 H3: Instructional Saturation - Complete Results
Table 11 presents the complete results for H3 experiments.

Statistical Tests. ANOVA tests comparing the three com-
plexity levels show no significant differences: 𝐹 (2, 6) = 0.42,
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Table 11. H3 Complete Results: Selection accuracy by policy
complexity.

Model |S| Simple Medium Complex

GPT-4o-mini

10 0.96±.02 0.95±.03 0.94±.03
20 0.93±.03 0.92±.04 0.91±.04
50 0.68±.05 0.66±.06 0.65±.06
100 0.34±.05 0.33±.05 0.32±.05
150 0.23±.04 0.22±.04 0.21±.04

GPT-4o

10 0.97±.02 0.96±.02 0.96±.02
20 0.94±.03 0.93±.03 0.93±.03
50 0.69±.05 0.68±.05 0.67±.05
100 0.35±.04 0.34±.05 0.34±.04
150 0.24±.03 0.23±.04 0.23±.03

Table 12. H4 Complete Results: Selection accuracy by rout-
ing method.

Model |S| Flat Naive Domain Conf.-Aware Δ (Hier−Flat)

GPT-4o-mini

12 0.42±.12 0.88±.05 0.88±.04 +0.46
18 0.82±.08 0.87±.04 0.83±.06 +0.01
24 0.70±.10 0.82±.05 0.81±.05 +0.11
30 0.70±.09 0.82±.04 0.82±.04 +0.12
60 0.45±.08 0.82±.05 0.85±.04 +0.40
90 0.45±.07 0.85±.04 0.85±.03 +0.40
120 0.46±.08 0.83±.05 0.83±.04 +0.37

GPT-4o

12 0.85±.06 0.63±.10 0.63±.09 −0.22
18 0.90±.05 0.80±.07 0.80±.06 −0.10
24 0.78±.08 0.75±.08 0.75±.07 −0.03
30 0.78±.07 0.75±.06 0.75±.06 −0.03
60 0.63±.07 0.72±.06 0.72±.05 +0.09
90 0.62±.06 0.72±.05 0.72±.05 +0.10
120 0.63±.07 0.72±.06 0.72±.05 +0.09

Table 13. H4 Statistical Analysis: Hierarchy vs. Flat at |S| ≥
60.

Model |S| Δ t-statistic p-value Significant

GPT-4o-mini
60 +0.40 8.94 <0.001 Yes
90 +0.40 9.21 <0.001 Yes
120 +0.37 8.12 <0.001 Yes

GPT-4o
60 +0.09 2.45 0.035 Yes
90 +0.10 2.68 0.025 Yes
120 +0.09 2.31 0.042 Yes

Stage 1: Category Selection

Select the most appropriate skill category for
this task.

Task: What is the sum of 23, 45, and 67?

Available Categories:
- Summation: Adding numbers together
- Averaging: Computing mean values
- Email Writing: Composing emails
- Sentiment Analysis: Analyzing emotional tone
- Name Extraction: Extracting names from text

Respond with ONLY the category name.

Stage 2: Skill Selection within Category

Select the most appropriate skill for this task.

Task: What is the sum of 23, 45, and 67?

Available Skills in "Summation" category:
- skill_001: Calculate Sum: Add all numbers
together and return the total.
- skill_002: Compute Total: Compute the total by
adding all values.
- skill_003: Sum Numbers: Sum up all the given
numbers.

Respond with ONLY the skill ID.

Figure 7. Two-stage hierarchical selection prompts used in
H4.

Table 10. H2 Statistical Analysis: Comparison of No Com-
petitors vs. High Competitors.

Model 𝑛base Δ (No−High) t-statistic p-value Cohen’s d

GPT-4o-mini

5 +0.45 8.21 <0.001 4.74
10 +0.63 12.35 <0.001 7.13
15 +0.45 9.42 <0.001 5.44
20 +0.45 10.18 <0.001 5.88

GPT-4o

5 +0.17 4.52 <0.01 2.61
10 +0.30 6.87 <0.001 3.97
15 +0.33 7.24 <0.001 4.18
20 +0.37 8.91 <0.001 5.14

𝑝 = 0.67 for GPT-4o-mini; 𝐹 (2, 6) = 0.31, 𝑝 = 0.74 for GPT-
4o.

E.4 H4: Hierarchy Mitigation - Complete Results
Table 12 presents the complete results for H4 experiments.

Statistical Tests. Table 13 reports t-tests comparing Hi-
erarchy vs. Flat selection at large library sizes.
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