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Abstract
Large language models are increasingly deployed at scale as API-

accessible, tool-augmented agents, forming a heterogeneous, fast-

evolving agent ecosystem. A central challenge is query-level iden-
tification: selecting the most suitable agent per query from candi-

dates provided as black-box services, where costly input-output

evaluation makes exhaustive profiling and router retraining im-

practical at scale. Predating LLMs, the learnware paradigm provides

a principled perspective on this challenge by advocating capability

specifications and reducing identification to specification matching,

avoiding pool-dependent retraining and exhaustive supervision.We

operationalize it with constructive specification, which builds hierar-

chical capability representations from limited profiling over diverse

benchmarks, using an optimism-guided profiler that prioritizes in-

formative regions and prunes low-utility areas with guarantees.

At serving time, we enrich query context with system-maintained

benchmarks and map queries into the same specification space

for multi-granularity similarity matching, enabling plug-and-play

identification without accessing agent internals or training any

additional selector. Experiments show that our approach, selecting

among lightweight agents, outperforms contenders and matches or

surpasses much larger models on several tasks.
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• Computing methodologies→Machine learning; • Informa-
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1 Introduction
The recent surge of large language models (LLMs) [3, 7, 27] and

their rapid deployment as API-accessible agents [16, 39, 43] has

shifted how machine learning systems are built and used. Instead

of training a new model for every task, developers now wrap

general-purpose LLMs into specialized agents that integrate ex-

ternal tools, structured workflows, or specific prompting strategies.

These agents are proliferating rapidly across open platforms and

closed systems, creating a rich ecosystem of capabilities. As the

number and diversity of agents grow, a pressing challenge emerges:

given a new user query, how can we identify the most suitable one

from a large and evolving agent system, quickly, accurately, and

without incurring excessive computational cost?

The learnware paradigm [45, 46] was proposed long before the

appearance of LLMs, but it can be well utilized to tackle the afore-

mentioned challenge. “Learnware = Model + Specification”, i.e.,

a learnware comprises a well-performing model of any structure

together with a specification that characterizes its utility and prop-

erties. Developers worldwide can submit various models to a learn-
ware dock system (LDS) [37], which supports specification genera-

tion on the developer side to form learnwares without disclosing

raw training data. Given a new user task, the user submits her

request in the form of a specification, and the LDS automatically

identifies and assembles helpful learnwares based on specifications.

The user can then apply these learnwares directly or refine them

with her own data to address the task. Importantly, throughout

the whole process, the LDS has no access to the raw data of either

model developers or users.

Prior learnware work has demonstrated effectiveness on task-
level reuse [22, 36, 38], namely identifying helpful models for an en-

tire task or dataset, and it typically constructs specifications based

on the model’s training data. API-accessible agent repositories,

however, differ from this setting in two key respects. First, agents

https://creativecommons.org/licenses/by-nc-nd/4.0
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Figure 1: System overview of constructive specification for plug-and-play learnware agents.

are often exposed as black-box services, and the platform has no

per-agent training data and limited supervision to construct specifi-

cations at scale. Second, the selection objective is inherently query-
level, since the best agent may vary across queries even within the

same user and task context. In continuously evolving agent systems,

these differences are not directly addressed by existing learnware

methods, and call for extending learnware to support black-box,

query-level agent identification.

In addition to learnware methods, two alternative lines of work

have been explored for agent or model selection, but neither fits

the practical constraints of black-box agents and an evolving agent

system. Manually written or language-based descriptions [30, 31]

underpin semantic specifications, yet such descriptions are often

too coarse and can diverge from actual capabilities. Router-based

approaches train a dedicated selector [26, 47] using labeled or pref-

erence data collected over a target model pool. As the model pool

scales and evolves, required supervision can increase substantially,

since new candidates need to be compared against existing ones to

learn relative strengths on representative queries, often followed

by re-training or re-calibration. As a result, we still lack a scalable

way to derive capability-based specifications from black-box agents

and support plug-and-play identification without retraining.

To address these challenges, we propose constructive specification,
which derives capability representations from demonstrated agent

performance rather than textual claims or labeled preferences. An

overview is shown in Figure 1. The core idea is to encode an agent’s

performance profile into parameter vectors [32, 38], which capture

capability as profiling-induced parameter changes of a shared pre-

trained model and support similarity comparisons in a unified spec-

ification space without accessing agent internals. We further design

a hierarchical structure for these vectors, motivated by the obser-

vation that a single global specification cannot adequately capture

heterogeneous capabilities. An agent may excel at certain problem

types while struggling with others even within the same domain.

We therefore decompose specifications from benchmark-level ag-

gregates down to cluster-specific patterns, enabling more precise

matching. To avoid exhaustive evaluation, we develop a budget-

efficient profiling algorithm guided by the principle of optimism in
the face of uncertainty, which dynamically explores promising re-

gions based on optimistic estimates from evaluated neighbors. This

design enables accurate capability characterization under limited

budgets while remaining fully compatible with black-box agents.

For online agent selection at serving time, we design a speci-

fication-based search mechanism that handles incoming queries

without anymodel retraining. Since user queries are typically under-

specified, we enrich them with system-maintained benchmarks and

then project them into the same specification space as agents for

multi-granularity similarity matching. This design enables plug-

and-play identification: new agents join by computing their specifi-

cations offline, and queries are matched against the entire system

instantly without additional supervision or retraining.

We summarize our main contributions as follows:

• Hierarchical constructive specification. For large, evolving
agent systems with black-box agents, we propose constructive
specification, building hierarchical capability representations
that capture within-agent heterogeneity in a unified specifi-

cation space. Queries are projected into this space for multi-

granularity matching, enabling plug-and-play identification

as the system continuously evolves.

• Budget-efficient agent profiling. An optimism-guided ac-

tive profiling algorithm is proposed to build reliable specifi-

cations under tight evaluation budgets, prioritizing promis-

ing regions via optimistic neighbor estimates and pruning

low-utility areas with theoretical guarantees during iterative

capability exploration.

• Evaluation across scenarios and shifts. Extensive experi-
ments show that our approach, selecting among lightweight

agents, outperforms contenders and matches or surpasses

much larger models on several tasks. Unseen-domain results

further confirm the robust out-of-distribution identification

performance of our approach.
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2 Problem Formulation
This section formalizes agent identification from a system per-

spective. Consider a learnware dock system hosting a collection

of agents F = {𝑓1, 𝑓2, . . . , 𝑓𝐾 }, where each agent 𝑓 maps a query

𝑥 ∈ X to a response 𝑓 (𝑥) ∈ Y. The goal is to select the most

suitable agent from the system for each user query.

Two practical constraints shape this problem: black-box access
and continual evolution. Agents are typically exposed only via input-
output interfaces, with no access to parameters, architectures, or

training data. This rules out approaches that require model inter-

nals (e.g., weight inspection or gradient-based analysis), leaving

input-output behavior as the basis for capability characterization.

Meanwhile, agents may join or leave over time, making a centrally

trained selector brittle. The system therefore should be plug-and-
play: it integrates new agents by computing their specifications

offline without retraining any global component, and removing an

agent does not affect selection for the remaining agents.

These constraints naturally lead to a benchmark-driven approach
for capability characterization. The system maintains reference
benchmarks D = {𝐷1, 𝐷2, . . . , 𝐷𝑀 }, where each benchmark 𝐷𝑚 =

{(𝑥𝑖 , 𝑦𝑖 )}𝑁𝑚𝑖=1
consists of query-answer pairs from a specific domain

(e.g., mathematics, medicine, finance). These benchmarks serve as

the common ground for comparing heterogeneous agents: since

agent internals are inaccessible, observed performance on shared

tasks becomes the sole basis for capability comparison. Moreover,

benchmarks enable plug-and-play integration, allowing new agents

to be profiled offline without retraining any global component.

However, the scale of modern agent systems makes exhaustive

profiling infeasible. With many agents and large benchmark col-

lections, profiling every agent on every benchmark sample would

require an impractical number of agent calls. We therefore assume

a profiling budget 𝐵 such that, for any agent 𝑓 and benchmark 𝐷 ,

at most 𝐵 agent calls are allowed for profiling. The key question

becomes how to allocate this limited budget to obtain effective

capability representations that support accurate identification.

We formalize the agent identification problem. Given a user query

𝑥∗, the goal is to select an agent 𝑓 ∗ ∈ F that maximizes response

quality. Let 𝑄 : Y × Y → [0, 1] denote a task-specific quality

function comparing a response with the reference answer. Formally,

𝑓 ∗ = arg max𝑓 ∈F E
[
𝑄
(
𝑓 (𝑥∗), 𝑦∗

) ]
,

where the expectation accounts for stochasticity in agent responses.

This setting is inherently query-level and operates under black-box

access and per-benchmark profiling budgets, motivating construc-

tive specification S𝑓 (D) built from budgeted observations over a

system-maintained benchmark pool D.

3 Proposed Approach
We propose constructive specification for query-level identification

in evolving learnware agent systems. Under a strict profiling budget,

we actively identify the benchmark instances each agent reliably

solves from a large system-maintained pool and encode them as

structured specifications in a shared vector space. This reduces

agent selection to similarity matching between specifications, with-

out retraining a centralized router each time the system evolves.

Our method consists of an offline construction stage and an

online search stage. Offline, for each agent 𝑓 , we construct its spec-

ification by budget-efficiently exploring the benchmark pool D to

identify strong regions and compiling them into hierarchical speci-

fications. Online, given a user query 𝑥∗, we retrieve relevant bench-
mark instances to form a query specification 𝜏𝑥∗ in the same space

and rank agents by multi-granularity similarity with confidence-

aware aggregation. Section 3.1 presents specification construction,

and Section 3.2 describes specification-based agent search.

3.1 Constructive Specification
Constructive specifications are built from demonstrated agent per-

formance on system-maintained benchmarks, rather than textual

descriptions or manually defined tags. For each benchmark 𝐷 ∈ D,

we first perform active capability profiling to identify samples the

agent reliably solves under a strict budget, and then compile these

successes into a structured representation for similarity matching.

Definition 3.1 (Constructive Specification). Given a black-box

agent 𝑓 and a system-maintained benchmark pool D = {𝐷𝑚}𝑀𝑚=1
,

a constructive specification is an agent representation S𝑓 (D) built
without access to 𝑓 ’s training data or internals, using input–output

evaluations on benchmark instances and system-shared artifacts

(e.g., a fixed base model or encoder), such that S𝑓 (D) lies in a uni-
fied, agent-independent space for comparing heterogeneous agents.

Definition 3.2 (Benchmark-Level Specification). For a benchmark

𝐷 ∈ D, the benchmark-level specification T𝑓 (𝐷) is constructed from
the profiled set P𝑓 (𝐷) in Eq. (2). If |P𝑓 (𝐷) | < 𝑛min, set T𝑓 (𝐷) = ∅,
where 𝑛min is the minimum profile size for a reliable specification.

In this work, we instantiate T𝑓 (𝐷) as the hierarchical parameter

vector set in Eq. (4), and define the agent-level specification as

S𝑓 (D) = { T𝑓 (𝐷) | 𝐷 ∈ D, T𝑓 (𝐷) ≠ ∅ }. (1)

As agents perform differently across benchmarks, S𝑓 (D) is vari-
able in size: benchmarks where 𝑓 has too few successful samples

yield T𝑓 (𝐷) = ∅ and are omitted. Below we describe how to con-

struct T𝑓 (𝐷) for a benchmark 𝐷 . Repeating the procedure for each

𝐷 ∈ D yields S𝑓 (D) under per-benchmark budget constraints.

3.1.1 Active Capability Profiling. The foundation of constructive

specification is the performance profile, defined as the subset of

benchmark samples that an agent handles well:

P𝑓 (𝐷) = {(𝑥,𝑦) ∈ 𝐷 | 𝑄 (𝑓 (𝑥), 𝑦) ≥ 𝛿}, (2)

where 𝛿 ∈ (0, 1] is a quality threshold. Naïvely computing this

profile requires evaluating agent 𝑓 on all 𝑁 benchmark samples,

which is prohibitive for large benchmarks or costly invocations.

We therefore develop an active profiling algorithm that discovers

high-performing samples under a limited query budget 𝐵 ≪ 𝑁 .

Benchmark Preprocessing. Before profiling, we preprocess
each benchmark 𝐷 to allocate budget to informative regions. Using

a fixed baselinemodel, we split samples into easy (baseline succeeds)
and hard (baseline fails). Since easy cases are typically abundant and
redundant, we run K-Medoids on the embeddings of easy samples

and keep one representative sample per cluster (e.g., the sample

closest to each centroid), while retaining all hard samples. This
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preserves all baseline-failure cases and reduces repeated evaluation

on near-duplicate easy instances.

Optimism-Guided Active Search. Our search strategy follows

the principle of optimism in the face of uncertainty [2]: we prioritize

candidates that could plausibly achieve high performance given

current observations. Let 𝐸 (·) denote the embedding function and

𝑑 (·, ·) denote a distance induced by embeddings (e.g., Euclidean

distance or some variants of cosine similarity). For convenience,

let 𝑢𝑓 (𝑥) := 𝑄 (𝑓 (𝑥), 𝑦) denote the performance score of agent

𝑓 on sample (𝑥,𝑦). After evaluating a set V of samples and ob-

taining {𝑢𝑓 (𝑥)}𝑥∈V , we assign each unevaluated candidate 𝑥 ′ an
optimistic score as a tight upper envelope induced byV:

𝑈𝑓 (𝑥 ′) = min𝑥∈V
(
𝑢𝑓 (𝑥) + 𝛽 · 𝑑 (𝑥 ′, 𝑥)

)
,

where 𝛽 > 0 controls the exploration bonus. Intuitively, larger

distances contribute a larger bonus term, favoring candidates in

less-covered regions (all else equal). This construction is standard

in Lipschitz/metric bandits [4, 18]: under mild conditions, 𝑈𝑓 (𝑥 ′)
upper-bounds 𝑢𝑓 (𝑥 ′) for any 𝑥 ′ ∈ 𝐷 as shown in Theorem 3.3.

For implementation, we maintain𝑈 ∗ (𝑥) as an efficiently updat-

able upper-bound estimate that tightens asV grows, and prioritize

candidates with the largest maintained upper bound. We start from

𝑘 diverse seeds to obtain coarse coverage, and then iteratively refine

the envelope by expanding 𝑘NN neighborhoods around samples

exceeding the threshold 𝛿 . Candidates with upper bounds below 𝛿

are never prioritized, concentrating budget on regions that are both

promising (high observed 𝑢𝑓 ) and under-explored (large distance

bonus). Algorithm 1 summarizes the procedure.

Theoretical Analysis.We analyze Algorithm 1 from the per-

spective of Lipschitz/metric bandits [4, 18]: the arm space is the

benchmark instances and the reward function𝑢𝑓 (·) is locally smooth

in the embedding-induced metric. Our analysis establishes a logical

chain of guarantees: (1) the optimistic envelope𝑈𝑓 upper-bounds

the true performance, (2) the threshold test enables safe pruning
without false negatives, and (3) the lazy implementation preserves

these guarantees while keeping the computational overhead budget-

sensitive. All proofs are deferred to Appendix B.

Theorem 3.3 (Upper-Bound Property). Suppose 𝑢𝑓 is 𝐿-Lipschitz
w.r.t. 𝑑 (·, ·): |𝑢𝑓 (𝑥) −𝑢𝑓 (𝑥 ′) | ≤ 𝐿 ·𝑑 (𝑥, 𝑥 ′) for all 𝑥, 𝑥 ′ ∈ X. If 𝛽 ≥ 𝐿,
then for any evaluated setV and any sample 𝑥 ′ ∈ 𝐷 ,

𝑢𝑓 (𝑥 ′) ≤ 𝑈𝑓 (𝑥 ′) = min𝑥∈V
(
𝑢𝑓 (𝑥) + 𝛽 · 𝑑 (𝑥 ′, 𝑥)

)
.

Theorem 3.3 shows that𝑈𝑓 (·) is a valid optimistic envelope: the

true performance never exceeds its optimistic estimate.

Corollary 3.4 (Safe Threshold Pruning). Under the same condition
as in Theorem 3.3, if an unevaluated sample 𝑥 ′ satisfies𝑈 ∗ (𝑥 ′) < 𝛿 ,
then it cannot meet the quality threshold, i.e., 𝑢𝑓 (𝑥 ′) < 𝛿 .

Corollary 3.4 directly establishes the safety of the threshold check

(𝑈 ∗ (𝑥 ′) ≥ 𝛿) in Algorithm 1: any candidate whose maintained

upper bound already falls below 𝛿 cannot enter the performance

profile and is safely excluded from further prioritization.

Proposition 3.5 (Budget-Sensitive Queue Complexity). Algorithm 1
dynamically maintains the upper bounds using a lazy priority queue:
it may push multiple keys for the same candidate as𝑈 ∗ (·) tightens,

Algorithm 1: Budget-Efficient Capability Profiling

Input: Benchmark 𝐷 = {(𝑥𝑖 , 𝑦𝑖 )}𝑁𝑖=1
with embeddings 𝐸 (·),

agent 𝑓 , budget 𝐵, threshold 𝛿 , seed clusters 𝑘 ,

neighbors 𝑛, exploration coefficient 𝛽 , distance 𝑑 (·, ·).
Output: Performance Profile P𝑓 (𝐷).

1 Obtain 𝐷′ by benchmark preprocessing in Section 3.1.1;

2 Initialize Q ← ∅, V ← ∅, 𝑢𝑓 (·) ← ∅;
3 Initialize𝑈 ∗ (𝑥) ← +∞ implicitly for unseen 𝑥 ∈ 𝐷′;
4 Sinit ← K-Medoids({𝐸 (𝑥) | (𝑥,𝑦) ∈ 𝐷′}, 𝑘);
5 Push(Q, (𝑈 ∗ (𝑥), 𝑥)) for all 𝑥 ∈ Sinit;
6 while |V| < 𝐵 and Q ≠ ∅ do
7 (𝑈

key
, 𝑥) ← PopMax(Q);

8 if 𝑥 ∈ V or𝑈key ≠ 𝑈 ∗ (𝑥) then continue;
9 Evaluate 𝑓 on (𝑥,𝑦) ∈ 𝐷′ to get 𝑢𝑓 (𝑥), then add 𝑥 toV;

10 if 𝑢𝑓 (𝑥) < 𝛿 then continue;
11 foreach 𝑥 ′ ∈ k-NN(𝑥, 𝐷′, 𝑛) do
12 if 𝑥 ′ ∈ V then continue;
13 𝑈new ← 𝑢𝑓 (𝑥) + 𝛽 𝑑 (𝑥 ′, 𝑥);
14 if 𝑈new < 𝑈 ∗ (𝑥 ′) then
15 𝑈 ∗ (𝑥 ′) ← 𝑈new;

16 if 𝑈 ∗ (𝑥 ′) ≥ 𝛿 then
17 Push(Q, (𝑈 ∗ (𝑥 ′), 𝑥 ′));
18 end
19 end
20 end
21 end
22 return P𝑓 (𝐷) = {(𝑥,𝑦) ∈ 𝐷 | 𝑥 ∈ V, 𝑢𝑓 (𝑥) ≥ 𝛿}

and discards stale entries by checking 𝑈key = 𝑈 ∗ (𝑥) upon popping.
Across the entire run, the number of successful tightenings (updates
with𝑈new < 𝑈 ∗ (𝑥 ′)) is at most 𝑛 |V|. Consequently,

#Push ≤ 𝑘 + 𝑛𝐵, #PopMax ≤ 𝑘 + 𝑛𝐵,
and the total heap time complexity is O

(
(𝑘 + 𝑛𝐵) log(𝑘 + 𝑛𝐵)

)
(ex-

cluding the cost of 𝑘NN search).

Proposition 3.5 complements Corollary 3.4 by showing that lazy

maintenance of 𝑈 ∗ (·) supports safe pruning with controlled over-

head: the profiling runtime scales mainly with evaluation budget 𝐵

and neighborhood size 𝑛, rather than benchmark size 𝑁 .

3.1.2 Hierarchical Specification. Given the actively profiled perfor-

mance set P𝑓 (𝐷), we compile it into a compact specification in a

unified space for reliable similarity-based matching across hetero-

geneous agents, even with extremely limited user-side signals.

Encoding with Parameter Vector (PAVE). We adopt PAVE to

encode successfully solved benchmark instances as a single vector

in a shared space [32, 38]. Given a fixed base model ℎ(·;𝜃0), the
PAVE specification is the parameter update that best fits the agent
capability profile P𝑓 (𝐷) when applied to ℎ:

𝝉𝑓 (𝐷) = arg min

𝝉

∑︁
(𝑥,𝑦) ∈P𝑓 (𝐷 )

𝑤 (𝑥) L(ℎ(𝑥 ;𝜃0 + 𝝉 ), 𝑦) , (3)

where𝑤 (𝑥) is an optional sample weight and L is the training loss.

For efficiency, 𝝉𝑓 (𝐷) can be approximated in a LoRA [12] manner
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Algorithm 2: Hierarchical PAVE Specification Generation

Input: Profile P𝑓 (𝐷), base model ℎ(·;𝜃0), baseline results,
weights (𝑤

hard
,𝑤easy), constants 𝐶max, 𝑛min.

Output: Hierarchical specification set T𝑓 (𝐷) in Eq. (4).

1 if |P𝑓 (𝐷) | < 𝑛min then return ∅;
2 foreach (𝑥𝑖 , 𝑦𝑖 ) ∈ P𝑓 (𝐷) do
3 if baseline fails on 𝑥𝑖 then𝑤𝑖 = 𝑤hard

else𝑤𝑖 = 𝑤easy;

4 end
5 𝝉𝑓 (𝐷) ← PAVE(P𝑓 (𝐷), Normalize({𝑤𝑖 }), 𝜃0) by Eq. (3);

6 T𝑓 (𝐷) ← {𝝉𝑓 (𝐷)}, 𝐶 ← min(𝐶max, ⌊|P𝑓 (𝐷) |/𝑛min⌋);
7 if 𝐶 ≤ 1 then return T𝑓 (𝐷);
8 {𝑐𝑖 } ← K-Means({𝐸 (𝑥𝑖 )},𝐶);
9 foreach 𝑐 ∈ {1, . . . ,𝐶} do
10 P𝑓 (𝐷, 𝑐) ← {(𝑥𝑖 , 𝑦𝑖 ) ∈ P𝑓 (𝐷) | 𝑐𝑖 = 𝑐};
11 if |P𝑓 (𝐷, 𝑐) | < 𝑛min then continue;
12 Compute 𝝉𝑓 (𝐷, 𝑐) by solving Eq. (3) on P𝑓 (𝐷, 𝑐);
13 T𝑓 (𝐷) ← T𝑓 (𝐷) ∪ {𝝉𝑓 (𝐷, 𝑐)};
14 end
15 return T𝑓 (𝐷)

via low-rank updates [32]. All specifications are defined relative to

the same 𝜃0, so 𝝉𝑓 (𝐷) vectors are directly comparable across agents,

enabling efficient similarity matching (e.g., via cosine similarity).

Discriminative SampleWeighting. Not all successful samples

are equally informative: ubiquitous successes contribute little, while

harder ones better separate capabilities. We reuse the baseline diffi-

culty tags (easy vs. hard) in Section 3.1.1 and set𝑤𝑖 = 𝑤hard
if the

baseline fails on 𝑥𝑖 , and𝑤𝑖 = 𝑤easy otherwise, with𝑤
hard

> 𝑤easy.

These weights instantiate𝑤 (𝑥) in Eq. (3) for PAVE specifications.

For stability, we normalize weights within each set to keep the

objective scale comparable across profiles.

Hierarchical PAVE Specification. A single global PAVE 𝝉𝑓 (𝐷)
can obscure within-domain heterogeneity. This is especially prob-

lematic at the query level: an agent may excel at one semantic

sub-type but fail at another, while the user provides only a small

amount of query-side evidence. To make matching robust under

such sparse signals, we refine the flat PAVE representation into a

hierarchical set that preserves fine-grained capability structure.

We partition the performance profile into 𝐶 semantic clusters

via K-Means on sample embeddings, and extract a parameter vector

for each sufficiently large cluster:

T𝑓 (𝐷) = {𝝉𝑓 (𝐷)} ∪ {𝝉𝑓 (𝐷, 𝑐)}𝑐∈C𝑓 , (4)

where C𝑓 = {𝑐 : |P𝑓 (𝐷, 𝑐) | ≥ 𝑛min} indexes valid clusters and

𝝉𝑓 (𝐷, 𝑐) is computed by applying PAVE to P𝑓 (𝐷, 𝑐) ⊆ P𝑓 (𝐷).
We choose 𝐶 adaptively as 𝐶 = min(𝐶max, ⌊|P𝑓 (𝐷) |/𝑛min⌋). Algo-
rithm 2 summarizes the complete generation process.

Repeating this process for each 𝐷 ∈ D yields the agent-level

specification S𝑓 (D) defined in Eq. (1), which supports plug-and-

play comparison across heterogeneous black-box agents.

3.2 Specification-Based Agent Search
Given a user query 𝑥∗, we project it into the same parameter-vector

space as agent specifications and perform similarity-based selection.

Algorithm 3: Specification-Based Agent Search

Input: Query 𝑥∗, benchmarks D, agent specs {S𝑓 (D)},
decay weights {𝜔 𝑗 }𝑘𝑗=1

, constants 𝛼min, 𝛼max.

Output: Ranked agents {(𝑓 , score𝑓 )}.
1 Anchor the query to the most relevant benchmark 𝐷∗ via

Eq. (5) and get the local neighborhood R(𝑥∗);
2 Construct the query specification 𝝉𝑥∗ by Eq. (6);

3 foreach 𝑓 ∈ F do
4 if T𝑓 (𝐷∗) = ∅ then continue;
5 Compute 𝑠𝑓 by Eq. (7) over {cos(𝝉𝑥∗ ,𝝉 ) : 𝝉 ∈ T𝑓 (𝐷∗)};
6 end
7 Min–max normalize {𝑠𝑓 }, {𝑔𝑓 (𝐷∗)} to obtain {𝑠𝑓 }, {𝑔𝑓 };
8 𝛼 ← clip((max𝑓 𝑠𝑓 + 1)/2, 𝛼min, 𝛼max);
9 Compute score𝑓 by Eq. (8) for each agent 𝑓 ;

10 return {(𝑓 , score𝑓 )} sorted by score𝑓 descending;

Since specifications are organized per benchmark as T𝑓 (𝐷), we first
anchor the query to a relevant benchmark and then match within

that benchmark’s specification space.

Benchmark Anchoring. For each benchmark 𝐷𝑚 , we retrieve

a local neighborhood R𝐷𝑚 (𝑥∗) ⊆ 𝐷𝑚 via vector search, consisting

of its top-𝑚 nearest samples to 𝑥∗ under embedding similarity. We

score coverage by averaging similarities within the neighborhood:

rel(𝐷𝑚, 𝑥∗) =
1

𝑚

∑︁
(𝑥,𝑦) ∈R𝐷𝑚 (𝑥∗ )

sim

(
𝐸 (𝑥∗), 𝐸 (𝑥)

)
,

𝐷∗ = arg max𝐷𝑚∈D rel(𝐷𝑚, 𝑥∗) .
(5)

Averaging over multiple neighbors reduces sensitivity to noise.

Query Specification. A single query 𝑥∗ is typically short and

under-specified, making its direct projection into the specification

space unstable and unreliable. To mitigate this issue, we treat the

system-maintained benchmarks as a context reservoir and retrieve

a local neighborhood R(𝑥∗) := R𝐷∗ (𝑥∗) from the anchored bench-

mark 𝐷∗. These semantically related, labeled instances enrich the

query with task context and difficulty cues, yielding a more stable

estimate of the capability direction required by 𝑥∗.
We then construct a query-side specification by applying the

same parameter-vector extraction routine with the base model:

𝝉𝑥∗ = PAVE

(
R(𝑥∗),Normalize({𝑤 ′𝑖 }), 𝜃0

)
. (6)

To minimize mismatch with offline construction, we reuse the base-

line difficulty weights {𝑤𝑖 } defined in Section 3.1.2 and only adjust

them by semantic relevance:

𝑤 ′𝑖 = 𝑤𝑖 · sim

(
𝐸 (𝑥∗), 𝐸 (𝑥𝑖 )

)
.

This preserves the original weighting scheme while focusing the

query specification on samples most representative of 𝑥∗.
Matching with Confidence-Aware Aggregation. For each

agent 𝑓 , we match the query specification 𝝉𝑥∗ against its hierar-
chical set T𝑓 (𝐷∗). To handle within-domain heterogeneity under

limited query-side signal, we aggregate the top-𝑘 cosine similari-

ties with decaying weights. If T𝑓 (𝐷∗) = ∅, we omit agent 𝑓 from

matching. Otherwise, let 𝑠𝑓 ,1 ≥ · · · ≥ 𝑠𝑓 ,𝑘 be the top-𝑘 similarities
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Table 1: Accuracy (%) on in-system benchmarks. We construct specifications using the training split and evaluate on the held-out
test split. The highest score among all methods for each benchmark is highlighted in bold.

Benchmark GPT-4.1 Random DescSim DescLLM Model-SAT K-NN EmbedLLM Ours

GSM8K 94.30 78.40 74.40 72.90 94.60 92.60 96.30 96.50
MathQA 90.50 75.50 79.00 78.90 90.00 82.40 88.30 91.20
MATH 88.70 74.70 69.70 70.80 90.30 87.60 95.40 96.20
MedMCQA 78.80 65.30 68.20 75.20 75.00 71.50 77.40 79.80
PubMedQA 69.60 58.00 60.80 69.40 66.80 69.80 72.40 74.80
FPB 81.03 72.78 70.31 77.73 74.64 78.87 80.52 81.03

Overall Avg. (↑) 83.82 70.78 70.40 74.16 81.89 80.46 85.05 86.59
Average Rank (↓) 2.83 7.17 7.17 6.00 4.33 4.67 2.67 1.00

between 𝝉𝑥∗ and vectors in T𝑓 (𝐷∗) and compute

𝑠𝑓 =

(∑︁𝑘

𝑗=1

𝜔 𝑗𝑠𝑓 , 𝑗

)/ (∑︁𝑘

𝑗=1

𝜔 𝑗

)
, (7)

where 𝜔1 ≥ · · · ≥ 𝜔𝑘 > 0 are fixed decaying weights (e.g.,

𝜔 𝑗 = 𝛾
𝑗−1

, 𝛾 ∈ (0, 1)). When benchmark coverage for 𝑥∗ is weak,
similarity is less reliable, so we use baseline-hard competence. Let

𝑔𝑓 (𝐷∗) be the number of baseline-hard samples solved by 𝑓 during

profiling. We then fuse normalized similarity and hard capability,

score𝑓 = 𝛼 𝑠𝑓 + (1 − 𝛼) 𝑔𝑓 , (8)

where 𝑠𝑓 and 𝑔𝑓 are min–max normalized over the remaining

agents, and 𝛼 increases with matching confidence (measured by

max𝑓 𝑠𝑓 ). Algorithm 3 summarizes the procedure.

4 Experiments
4.1 Experimental Setup
Agent System.We construct a system of 𝐾 = 136 heterogeneous

agents across two categories: (1) API-based agents (40 agents): di-
rectly invoking online services from multiple providers including

OpenAI, Google Gemini, DeepSeek, Qwen family, and Doubao; (2)

Tool-augmented agents (96 agents): equipping base models with ex-

ternal tools via three integration approaches, includingMCP servers

for standardized tool protocols, LangChain for community tools

(e.g., ArXiv, Wikipedia, DuckDuckGo), and specialized function-

based toolkits covering mathematical operations, finance utilities,

and general reasoning. This diverse ecosystem reflects real-world

scenarios where agents vary in general reasoning, mathematical

computation, information retrieval, and tool execution capabilities.

Detailed agent configurations are provided in Appendix C.1.

Benchmarks.We evaluate on benchmarks spanning three do-

mains (mathematics, healthcare, and finance) with a clear separa-

tion between in-system and out-of-system settings to assess both

identification accuracy and generalization capability.

For in-system evaluation, we use 6 benchmarks maintained by the

system for agent profiling: GSM8K [6], MATH [9], and MathQA [1]

for mathematics; MedMCQA [29] and PubMedQA [17] for health-

care; FPB [25] for finance. These benchmarks cover diverse reason-

ing patterns including multi-step mathematical reasoning, domain-

specific knowledge retrieval, and sentiment classification. The train-
ing split is used for specification construction, while the test split is
used for evaluation and unseen for the system.

For out-of-system evaluation, we select benchmarks that are not
included in the system-maintained pool, testing generalization to

unseen data distributions. We use 4 mathematics subsets and 6

healthcare subsets fromMMLU [8], as well as 2 finance benchmarks

(MA [42] and German [10]) from FinBench [41]. Full benchmark

details are provided in Appendix C.2.

Contenders.We compare our approach against several repre-

sentative methods, with implementation details in Appendix C.3:

• GPT-4.1: Directly answer user queries using GPT-4.1 without

agent selection, serving as a strong single-model baseline.

• Random: Randomly select an agent to answer each query.

• DescSim: Select agents based on embedding similarity between

user queries and agent descriptions using an embedding model.

• DescLLM : Use GPT-4o-mini to select agents based on queries and

agent descriptions in a single prompt.

• K-NN [13, 35]: Retrieve nearest training samples and select the

agent with the best average performance on these samples.

• Model-SAT [44]: A method that derives capability summaries

from benchmark performance and uses a zero-shot LLM to esti-

mate an agent’s probability of correctly answering the query.

• EmbedLLM [47]: Learn compact agent embeddings via an en-

coder-decoder framework trained on all benchmark evaluation

results, and use a linear router to combine agent and query em-

beddings to predict answer correctness, routing each query to

the agent with the highest predicted probability.

Evaluation Protocol and Metrics. We report agent identifica-
tion accuracy, which measures how often the selected agent solves

the query. For each test sample (𝑥,𝑦), we (1) use the compared

method to select one agent 𝑓 , (2) invoke 𝑓 to obtain the response

𝑓 (𝑥), and (3) compute the quality 𝑄 (𝑓 (𝑥), 𝑦) against the reference
answer 𝑦. The value 𝑄 (𝑓 (𝑥), 𝑦) is the per-sample score for that

query (1 if correct, 0 otherwise in our benchmarks). The reported

accuracy is the average of𝑄 over all test samples in the benchmark.

The quality function𝑄 is task-specific: for mathematical reasoning,

we extract the final numerical or symbolic answer and use normal-

ized exact match; for multiple-choice tasks, we parse the selected

option or option text; for FPB sentiment classification, we map the

output to a sentiment label and compare it with the reference. The

same 𝑄 is used during offline profiling to define successful samples

(𝑄 ≥ 𝛿), so the evaluation metric is aligned with the signal used to

build constructive specifications.
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Table 2: Accuracy (%) on out-of-system benchmarks, excluded from the system-maintained collection and used for evaluating
generalization to unseen tasks. The highest score among all methods for each benchmark is highlighted in bold.

Benchmark GPT-4.1 Random DescSim DescLLM Model-SAT K-NN EmbedLLM Ours

MMLU (Mathematics, Avg) 94.23 83.58 82.56 91.12 90.47 90.34 97.33 98.01
- abstract_algebra 91.00 78.00 69.00 91.00 89.00 88.00 96.00 97.00
- college_mathematics 91.00 77.00 81.00 91.00 84.00 89.00 97.00 97.00
- elementary_mathematics 97.88 93.39 93.92 92.86 96.30 94.71 98.15 98.41
- high_school_mathematics 97.04 85.93 86.30 89.63 92.59 89.63 98.15 99.63

MMLU (Healthcare, Avg) 93.22 85.99 88.87 92.73 89.48 90.51 93.17 93.69
- anatomy 88.15 77.78 80.00 88.89 83.70 84.44 88.89 91.85
- clinical_knowledge 90.94 83.77 86.79 90.94 87.17 88.68 90.94 90.19

- college_biology 98.61 90.28 93.75 97.22 96.53 95.14 98.61 98.61
- college_medicine 87.28 83.24 87.86 86.71 82.08 88.44 88.44 87.28

- medical_genetics 98.00 93.00 94.00 97.00 94.00 93.00 98.00 99.00
- professional_medicine 96.32 87.87 90.81 95.59 93.38 93.38 94.12 95.22

Finance (Avg) 49.60 45.00 40.50 38.45 54.15 45.55 46.75 67.90
- MA 63.20 67.00 71.00 59.40 63.80 63.60 59.00 83.80
- German 36.00 23.00 10.00 17.50 44.50 27.50 34.50 52.00

Overall Avg. (↑) 86.29 78.36 78.70 83.15 83.92 82.96 86.82 90.83
Average Rank (↓) 2.80 7.07 6.40 4.73 4.87 5.07 2.60 1.47

Implementation Details. For specification construction, we

useQwen3-Embedding-0.6B for semantic embeddings andQwen2.5-

0.5B as the base model ℎ(·;𝜃0) for PAVE generation. The profiling

budget is 𝐵 = 300 agent calls per benchmark. Complete hyperpa-

rameter settings are provided in Appendix C.3.

4.2 Main Results
Table 1 and Table 2 report agent identification accuracy on in-

system and out-of-system benchmarks, respectively. Across the six

in-system benchmarks, our approach attains the highest overall

average accuracy (86.59%) with the best average rank (1.00), and

is the top performer on all benchmarks (tied on FPB). On the out-

of-system benchmarks, our method again yields the best overall

average accuracy (90.83%) with the best average rank (1.47). While

it is not the best method on every individual subset, it achieves

strong and stable performance across domains, including a large

margin on the finance benchmarks.

Comparisonwith Learning-BasedMethods.Among learning-

based contenders, EmbedLLM performs strongly on the in-system

setting (85.05%), but our method is higher by 1.54% in average

accuracy. More importantly, the advantage becomes larger on out-

of-system benchmarks (90.83% vs. 86.82%, +4.01%). This pattern

suggests that our specification-based design is more robust to dis-

tribution shift in the benchmark pool. A plausible reason is that

we avoid fitting a single end-to-end router with benchmark-wide

supervision, and instead enrich the query context with benchmark

signals before matching to agents using multi-granularity specifi-

cations, and the ablation in Section 4.3 further supports the value

of hierarchical structure.

Comparison with a Single Large Model. GPT-4.1 serves as
a strong single-model baseline, achieving 83.82% accuracy on in-

system and 86.29% on out-of-system benchmarks. Our method

improves over GPT-4.1 by 2.77% and 4.54% in overall average ac-

curacy on the two settings, respectively, while routing over a pool

consisting only of lightweight agents. Overall, these results suggest

that, on the evaluated benchmark suite, routing among specialized

agents can match or exceed a single general-purpose model, as dif-

ferent agents may be better suited to different query types (e.g., tool

use, domain-specific knowledge, or reasoning patterns). Meanwhile,

this advantage is contingent on the composition and capability of

the agent pool, and does not imply that routing will consistently

outperform a stronger standalone model in all scenarios.

4.3 Ablation Study
We analyze how key components in our identification pipeline

contribute to performance under both in-system and out-of-system
benchmarks. Table 3 reports overall averaged accuracy and the

absolute drop from the full method.

Fusion benefits from combining complementary signals.
Our score fuses a similarity-based matching signal and a confidence-

aware signal derived from demonstrated successes (Section 3.2).

Removing either side degrades performance: w/o 𝑠𝑓 fusion drops by

0.20 (in-system) and 0.78 (out-of-system), while w/o 𝑔𝑓 fusion drops

by 0.37 and 1.55 points, respectively. These results justify fusing the

two signals: similarity measures howwell a query matches an agent

in the shared space, while the confidence-aware term provides an

additional reliability cue from the profiled success set. Notably, the

ablation gaps are consistently larger on out-of-system benchmarks,

suggesting that confidence-aware aggregation and similarity fusion

contribute to more robust out-of-system generalization.

Hierarchical specification captures heterogeneity. Replac-
ing hierarchical specifications with a non-hierarchical alternative

(w/o hierarchy) leads to a consistent degradation (0.97 / 1.12 drop

on in-/out-of-system). This is in line with the intended role of hi-

erarchy: preserving cluster-level structure can retain fine-grained

capability cues that may be diluted by a single global representa-

tion. The slightly larger drop on out-of-system further suggests that
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Table 3: Ablation summary on in-/out-of-systembenchmarks.
We report Acc. (%) and absolute drop vs. Full (Drop, %).

Method In-System Drop Out-of-System Drop

Full (Ours) 86.59 – 90.83 –

w/o 𝑠𝑓 fusion 86.39 0.20 90.05 0.78

w/o 𝑔𝑓 fusion 86.22 0.37 89.28 1.55

w/o hierarchy 85.62 0.97 89.71 1.12

w/o active prof. 85.88 0.71 88.88 1.95

such structure can be beneficial under distribution shifts, without

implying it is the only factor behind generalization.

Active profiling improves specification quality.When we

disable active profiling and build specifications from randomly sam-

pled instances under the same budget (w/o active prof.), accuracy
decreases by 0.71 in-system and 1.95 out-of-system. This suggests

that active exploration helps allocate evaluations to more informa-

tive regions, yielding specifications that are more discriminative

for downstream matching. The larger gap on out-of-system bench-

marks is consistent with the intuition that active profiling tends

to matter more when the evaluation distribution differs from the

system-maintained benchmarks.

4.4 Analysis
Specification Size and Storage. Each agent’s specification is a set

of hierarchical PAVE vectors stored as LoRA-style low-rank updates.

Across 136 agents and 6 system-maintained benchmarks, an agent

has 2.5 benchmark-level specifications on average (ranging from

0 to 6), and each specification contains 1 global vector plus 10.3

cluster vectors on average. Figure 2 (left) shows that the resulting

per-agent storage is 49.0 MB on average (ranging from 0.26 to 111.92

MB), which is comparable to storing a small model checkpoint

and is practical to cache and distribute in plug-and-play settings

(specifications are read-only at serving time and can be fetched on

demand). Moreover, Figure 2 (right) confirms near-linear scaling

with the number of maintained benchmarks (𝑦 = 15.74𝑥 + 9.28,

𝑅2 = 0.935), making the storage growth predictable as the system-

maintained benchmark collection expands.

Importantly, this storage cost can be reduced without changing

the method. First, we can limit hierarchical granularity by retain-

ing fewer clusters per benchmark (e.g., only those with sufficient

successes), directly reducing stored vectors. Second, we can shrink

the update space by applying LoRA to fewer reference-model mod-

ules/layers (or using a smaller rank), producing smaller low-rank

updates while preserving the shared matching space. Together,

these knobs yield a clear accuracy–storage trade-off and make the

footprint configurable to deployment budgets.

Computational Overhead. Specification construction is per-

formed once per agent. For each agent–benchmark pair, active

profiling uses a dynamic budget of at most 𝐵 = 300 agent calls:

profiling can terminate early once the success set is sufficient or

the agent is unlikely to improve. Wall-clock time depends on the

agent’s API or local inference latency, on the order of several min-

utes to tens of minutes per pair with typical API-based models

when the full budget is used. PAVE extraction and hierarchical clus-

tering are run on the profiled success set using the lightweight base
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model (Qwen2.5-0.5B) and add negligible cost relative to profiling.

Building full specifications for all 136 agents over 6 benchmarks is

feasible on a single machine over a few hours to a day, depending

on agent response times.

At serving time, given a query we: (1) anchor to a benchmark and

form the query specification via retrieved neighbors, and (2) com-

pute similarity between the query specification and each agent’s

hierarchical specifications. In our prototype, benchmark anchor-

ing and query specification take under 3 seconds, and similarity

matching takes under 0.1 seconds. Since end-to-end routing latency

is dominated by the selected agent’s response time, our selection

overhead remains a small fraction of the user-visible delay.

The current numbers leave substantial room for acceleration. For

benchmark anchoring and neighbor retrieval, lighter retrieval mod-

els, approximate nearest-neighbor search, and parallel retrieval can

reduce cost without changing the method. For query-specification

construction, one can use a lighter or quantized basemodel, efficient

PEFT variants, fewer retrieved neighbors, and caching for similar

queries. For specification matching, parallel similarity computation

or vector indexing can further accelerate scoring while preserving

the same selection rule.

Scalability. Our plug-and-play design scales naturally with sys-

tem size: adding agents only requires constructing specifications

offline, without retraining any centralized selector. Figure 3 varies

the number of available agents from 16 to 136. As 𝐾 increases,

identification accuracy improves and is stable across random seeds:

in-system accuracy shows a large gain when moving from small

to medium pools and remains consistently high for larger 𝐾 , while

out-of-system accuracy continues to increase and reaches 90.83% at
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𝐾=136. Moreover, the advantage over GPT-4.1 widens with larger

system size, reaching +2.8 (in-system) and +4.5 (out-of-system) at

𝐾=136, confirming robust specification matching at scale.

5 Related Work
Learnware Specifications. The learnware paradigm [45, 46] en-

visions an open dock system that hosts reusable models together

with compact specifications, enabling privacy-preserving identi-

fication and reuse without exposing raw training data [19]. The

Beimingwu
1
platform [37] instantiates such a system, support-

ing active model management beyond hosting. Classic learnware

specifications for conventional ML often summarize training data

distributions via RKME (reduced kernel mean embedding) [40], and

support identification via specification matching in a learnware

system [22, 23, 36]. For language-model learnwares, recent work

further explores PAVE (parameter vector) specifications [32, 38] to

represent model capabilities in a shared parameter space, conceptu-

ally related to task vectors that view task adaptation as directions in

weight space [14, 28]. Our constructive specification extends this line
to black-box agents with inaccessible training data and internals. By

budgeted active profiling on organized benchmarks, it constructs

hierarchical PAVE specifications and supports query-level identifi-
cation with benchmark-anchored query enrichment.

Model Selection and Routing. In addition to learnware, model

selection and routing typically follow two lines: (i) description-
based dispatch using semantic specifications, and (ii) router-based
selection learned from supervision over a fixed candidate pool.

HuggingGPT [31], for instance, selects models based on their func-

tion descriptions. A second line learns or designs selectors that

choose which model to invoke for each query: LLM-Blender [15]

combines outputs from multiple models, while FrugalGPT [5] uses

cascade-style policies that adaptively decide whether to invoke ad-

ditional models. Other work trains a dedicated router using labeled

or preference supervision over a target pool, as in RouteLLM [26].

Retrieval-style baselines retrieve the nearest samples and select

the model with the best average performance on those neigh-

bors [13, 35]. More recent proposals learn compact model embed-
dings from benchmark evaluation matrices and train lightweight

predictors (EmbedLLM) [47], or derive capability summaries from
benchmark performance and prompt a lightweight LLM to esti-

mate per-query success probabilities (Model-SAT) [44]. However,

description-based selection can be coarse and may deviate from

actual capabilities, while router-based methods are pool-dependent:

adding new candidates typically requires new comparisons and

supervision, followed by router retraining or recalibration as the

system evolves. In contrast, our approach removes both description

dependence and centralized router training: it constructs agent

capability specifications offline via budgeted active profiling, and

performs online selection by similarity matching in a unified spec-

ification space, enabling plug-and-play, query-level identification
in evolving ecosystems. Importantly, this identification problem

becomes even more central when moving from one-step model rout-
ing to multi-step agentic workflows, where systems must repeatedly

select and re-select tools/agents along the trajectory.

1
https://github.com/Learnware-LAMDA

LLM Agents and Multi-Agent Systems. As LLM systems be-

come increasingly agentic, the selection problem shifts from single-
shot routing to repeated, step-wise orchestration: an agent must

dynamically choose tools, sub-agents, or specialized components

along a multi-step workflow, while the underlying component pool

can continually evolve. LLM-powered agents address real-world

tasks via planning and tool invocation [21, 24], and methods such

as ReAct [43] and Reflexion [34] improve tool use and iterative re-

finement. Tool-use capabilities are advanced by approaches such as

Toolformer [30] and Search-R1 [16], which train language models

to decide when and how to invoke tools during inference. Mean-

while, multi-agent frameworks [11, 20] increase orchestration com-

plexity by coordinating specialized agents to tackle complex tasks

collaboratively. In such settings, relying on textual descriptions

or pool-dependent routers becomes increasingly brittle, as new

agents/tools may appear without training data or supervision for

re-training. Complementing efforts on making agents stronger and

better coordinated, we focus on the system problem of plug-and-play,
query-level identification in an evolving pool of black-box agents,

and propose a benchmark-driven constructive specification mech-

anism that supports accurate, budget-efficient selection without

relying on descriptions or retraining routers.

6 Conclusion
This paper studies query-level agent identification in evolving learn-

ware systems, where candidates are black-box services with no

accessible internals or training data, and exhaustive evaluation

or router retraining is impractical. To address this challenge, we

propose constructive specification: each agent is profiled on system-

maintained benchmarks under a strict budget, demonstrated suc-

cesses are encoded as hierarchical parameter-vector specifications

in a unified space, and each incoming query is mapped into the

same space for similarity-based selection.

Our design is plug-and-play: new agents are added by comput-

ing specifications offline, and removing agents does not require

updating any global selector. Across diverse evaluation scenarios,

including out-of-distribution settings, experiments show that con-

structive specifications enable accurate and robust identification

relative to representative baselines.

Future work includes extending agent identification beyond

single-turn queries to multi-step workflows that require selecting

and re-selecting agents across turns, and incorporating latency and

compute cost into the objective for resource-aware identification

under practical deployment constraints at scale.
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Supplementary Materials
The appendix is organized as follows: notation summary, proofs of

theoretical results, and additional experimental details.

A Notations
The major notations used in this work are summarized in Table 4.

Table 4: Major notations used in this work.

Category Notation Description

Learnware

Dock

System

F = { 𝑓1, . . . , 𝑓𝐾 } The collection of 𝐾 agents managed by the

learnware dock system.

𝑓𝑘 A black-box agent that processes query 𝑥 and

produces a response 𝑓𝑘 (𝑥 ) .
D = {𝐷1, . . . , 𝐷𝑀 } The set of 𝑀 reference benchmarks main-

tained by the system for capability profiling.

𝐷𝑚 = { (𝑥𝑖 , 𝑦𝑖 ) }𝑁𝑚𝑖=1
The𝑚-th benchmark consisting of 𝑁𝑚 query-

answer pairs from a specific domain.

𝐸 : X → R𝑑 Embedding function mapping queries to 𝑑-

dimensional vectors.

𝑄 : Y × Y → [0, 1] Quality function measuring the quality of a

response against a reference answer.

Constructive

Specification

P𝑓 (𝐷 ) Performance profile of agent 𝑓 on benchmark,

containing samples where𝑄 (𝑓 (𝑥 ), 𝑦) ≥ 𝛿 .
𝛿 Quality threshold that determines whether an

agent successfully handles a given sample.

ℎ ( ·;𝜃0 ) Pre-trained base model as the base for comput-

ing parameter vectors.

𝝉𝑓 (𝐷 ) Parameter vector specification fitted on the

profile P𝑓 (𝐷 ) w.r.t. the base model.

T𝑓 (𝐷 ) Hierarchical specification set containing global

and cluster-specific specifications.

S𝑓 (D) Agent-level constructive specification over the

benchmark collection D.

𝑛min Minimum profile size for a reliable specifica-

tion, ensuring stable parameter vector fitting.

𝐶 Number of clusters for partitioning the perfor-

mance profile into sub-groups.

Capability

Profiling

𝑢𝑓 (𝑥 ) Performance function of agent 𝑓 on sample 𝑥 ,

defined as𝑄 (𝑓 (𝑥 ), 𝑦) .
𝐵 Query budget limiting the number of agent

invocations during capability profiling.

𝑈𝑓 (𝑥 ′ ) Optimistic estimate for an unevaluated sample

𝑥 ′ induced by the evaluated set V .

Agent

Search

𝑥∗ User query submitted to the agent system for

specification-based agent selection.

𝐷∗ Anchored benchmark selected as the most rel-

evant to the user query 𝑥∗.

𝜏𝑥∗ Query specification constructed from 𝑥∗ via
retrieved neighborhood.

𝑠𝑓 Similarity score between 𝜏𝑥∗ and agent 𝑓 ’s

hierarchical specifications.

score𝑓 Final ranking score fusing similarity 𝑠𝑓 and

baseline-hard competence.

B Proofs
This section provides proofs for the theoretical results in Section 3.1.

B.1 Proof of Theorem 3.3
Proof. Recall the optimistic upper bound:

𝑈𝑓 (𝑥 ′) = min

𝑥∈V

(
𝑢𝑓 (𝑥) + 𝛽 · 𝑑 (𝑥 ′, 𝑥)

)
.

For any 𝑥 ∈ V , the 𝐿-Lipschitz condition gives

𝑢𝑓 (𝑥 ′) − 𝑢𝑓 (𝑥) ≤ |𝑢𝑓 (𝑥 ′) − 𝑢𝑓 (𝑥) | ≤ 𝐿 · 𝑑 (𝑥 ′, 𝑥) .
Rearranging: 𝑢𝑓 (𝑥 ′) ≤ 𝑢𝑓 (𝑥) + 𝐿 · 𝑑 (𝑥 ′, 𝑥). Since 𝛽 ≥ 𝐿, we have

𝑢𝑓 (𝑥 ′) ≤ 𝑢𝑓 (𝑥) + 𝛽 · 𝑑 (𝑥 ′, 𝑥) .
This holds for all 𝑥 ∈ V . Taking the minimum, we have:

𝑢𝑓 (𝑥 ′) ≤ min

𝑥∈V

(
𝑢𝑓 (𝑥) + 𝛽 · 𝑑 (𝑥 ′, 𝑥)

)
= 𝑈𝑓 (𝑥 ′),

which completes the proof. □

B.2 Proof of Corollary 3.4
Proof. Whenever Algorithm 1 updates𝑈 ∗ (𝑥 ′), it sets

𝑈 ∗ (𝑥 ′) ← min{𝑈 ∗ (𝑥 ′), 𝑢𝑓 (𝑥) + 𝛽𝑑 (𝑥 ′, 𝑥)}
for 𝑥 ∈ V . By Theorem 3.3, for every 𝑥 ∈ V we have

𝑢𝑓 (𝑥 ′) ≤ 𝑢𝑓 (𝑥) + 𝛽𝑑 (𝑥 ′, 𝑥) .
Since 𝑈 ∗ (𝑥 ′) is the running minimum of such values, we obtain

𝑢𝑓 (𝑥 ′) ≤ 𝑈 ∗ (𝑥 ′). Therefore, if𝑈 ∗ (𝑥 ′) < 𝛿 , then 𝑢𝑓 (𝑥 ′) < 𝛿 . □

B.3 Proof of Proposition 3.5
Proof. Each evaluation adds one new element intoV , so |V| ≤

𝐵. A heap push occurs only after a successful tightening 𝑈new <

𝑈 ∗ (𝑥 ′) inside the 𝑛-neighbor loop, hence each evaluation triggers

at most 𝑛 pushes. Therefore,

#Push ≤ 𝑘 + 𝑛 |V| ≤ 𝑘 + 𝑛𝐵.
Since every pop removes one item, the total number of pops cannot

exceed the total number of pushes:

#PopMax ≤ #Push ≤ 𝑘 + 𝑛𝐵.
With a binary heap, the total time complexity is

O
(
(#Push + #PopMax) log(𝑘 + 𝑛𝐵)

)
,

which is equivalent to O
(
(𝑘 + 𝑛𝐵) log(𝑘 + 𝑛𝐵)

)
. □

C Additional Experimental Details
This section provides the additional experimental details.

C.1 Agent System
Our agent system comprises 𝐾 = 136 heterogeneous agents span-

ning two categories: API-based agents and tool-augmented agents.

Below we provide detailed descriptions of each category along with

their construction processes.

API-Based Agents. We include API-accessible lightweight lan-

guage models from multiple providers: OpenAI (gpt-3.5-turbo, gpt-

4o-mini, gpt-4.1-nano, gpt-4.1-mini), Google (gemini-2.5-flash), De-

epSeek (deepseek-v3.2, deepseek-v3, deepseek-r1-distill-qwen-7b),

Qwen (qwen-turbo, qwen-flash, qwen-math-plus, qwen-long, qwen-

coder-turbo, qwen-coder-plus, qwen-max, qwen-mt-flash, qwen-

plus, qwen2-7b-instruct, qwen2.5-7b-instruct, qwen2.5-7b-instr-

uct-1m, qwen2.5-14b-instruct-1m, qwen2.5-32b-instruct, qwen2.5-

coder-7b-instruct, qwen2.5-coder-14b-instruct, qwen2.5-coder-32b-

instruct, qwen2.5-7b-instruct, qwen2.5-3b-instruct, qwen3-coder-

flash, qwen3-coder-30b-a3b-instruct, qwen3-next-80b-a3b-instruct,

qwen3-30b-a3b-instruct, qwen3-30b-a3b-thinking, qwen3-32b, qw-
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en3-14b, qwen3-8b, qwen3-4b, qwen3-1.7b, qwen3-0.6b), andDoubao

(doubao-1-5-lite-32k, doubao-seed-1-6-flash). At inference time, we

call the model’s chat completion API with the user query and return

the generated response.

Tool-Augmented Agents.We construct tool-augmented agents

using three approaches, including MCP-based agents, function-

based agents, and LangChain-based agents:

• MCP-based Agents: Using the CAMEL [20] framework, we equip

base models (GPT-4.1-mini, GPT-4o-mini, GPT-4.1-nano) with 14

MCP tool packages: zhipu-web-search-sse, calculator, deephub-

wiki, bilibili-search, trends-hub, think-tool, sequential-thinking,

math-tools, math-mcp, mcp-math-eval, calculator-mcp, code-

reasoning, claude-code-mcp, and codegen-mcp. We deploy an

MCP server, load the server configuration, and initialize the un-

derlying model. During inference, the agent executes tool calls

via an MCP client and returns the final response.

• Function-based Agents: We integrate base models with a curated

set of functions from the ToolRet [33] dataset, covering 13 the-

matic tool groups: basic math, number theory, algebra, linear

algebra, geometry, unit conversion, statistics, sequences, strings

and digits, set counting, finance, time/date, and general utilities.

During inferencing, the agent selects and invokes tools as needed

and returns the final answer.

• LangChain-based Agents: We equip base models with LangChain-

community tools (arxiv, duckduckgo, wikipedia, google-news,

wikidata). We first instantiate the specific tool and create the

LLM and agent executor. Inference is carried out by invoking the

agent executor with the user query, which internally manages

tool calls and response generation.

C.2 Benchmarks
C.2.1 In-System Benchmarks. We use six benchmarks across math-

ematics, healthcare, and finance. Their training splits support pro-

filing and specification construction, while their test splits evaluate

in-system performance.

• GSM8K [6]: 8.5K high-quality grade-school math word problems,

with 7,473 training and 1,319 test samples.

• MATH [9]: 12,500 challenging problems from high school mathe-

matics competitions, covering algebra, geometry, number theory,

and calculus, with 7,500 training and 5,000 test samples.

• MathQA [1]: natural-language math problems paired with struc-

tured equation representations and final answers, with 29,837

training and 2,985 test samples.

• MedMCQA [29]: medical multiple-choice QA from entrance exam-

inations, covering 21 subjects and over 2.4K topics, with 182,822

training and 6,150 test samples.

• PubMedQA [17]: biomedical QA over PubMed abstracts, with 450

training and 500 test samples.

• FPB [25]: financial sentiment classification over news and report

sentences, with 3,100 training and 970 test samples.

C.2.2 Out-of-System Benchmarks. To evaluate generalization, we

use held-out benchmarks from the same three domains but with

different distributions and task characteristics. None are used for

profiling or specification construction.

MathematicsDomain.Weuse fourmathematics-relatedmultiple-

choice subsets from MMLU [8]:

• Abstract Algebra (100 samples): Groups, rings, and fields.

• College Mathematics (100 samples): Covers undergraduate-level

topics in calculus, linear algebra, and differential equations.

• Elementary Mathematics (378 samples): Tests basic mathematical

skills in arithmetic, fractions, and simple algebraic reasoning.

• High School Mathematics (270 samples): Evaluates high school

level mathematics including algebra, geometry, and pre-calculus.

Healthcare Domain.We use six MMLU healthcare subsets:

• Anatomy (135 samples): Tests knowledge of human anatomical

structures and systems.

• Clinical Knowledge (265 samples): Evaluates practical clinical

reasoning and medical decision-making.

• College Biology (144 samples): Undergraduate biology.

• College Medicine (173 samples): Medical-school knowledge.

• Medical Genetics (100 samples): Genetics in medical contexts.

• Professional Medicine (272 samples): Evaluates knowledge re-

quired for medical licensing and professional practice.

Finance Domain. We select two financial benchmarks with

distinct task types from FinBench [41]:

• MA [42] (500 samples): Classify whether an M&A deal in news

or tweets was completed or remained a rumor.

• German Credit [10] (200 samples): Classify individuals as “good”

or “bad” credit risks based on historical customer attributes.

C.2.3 Test Set Size. Due to computational constraints, we ran-

domly sample 1,000 instances (with seed 42) from four benchmarks

with large test sets: GSM8K, MATH, MathQA, and MedMCQA. All
other benchmarks use their complete test sets.

C.3 Method Implementations
Contenders.We implement contenders as follows:

• DescSim:We construct agent descriptions by pairingmodel names

with capability summaries, computing query–agent similarity

via Qwen3-Embedding-0.6B.

• DescLLM: We include the descriptions of all agents in a single

prompt and ask GPT-4o-mini to select the most suitable agent.

• K-NN [13, 35]: We retrieve the 𝑘 = 16 most similar training

queries and select the agent with the best average performance.

• EmbedLLM [47]: We learn 232-dimensional agent embeddings

from the query–agent performance matrix.

• Model-SAT [44]: We summarize per-domain accuracies into tex-

tual agent capability representations and concatenate them with

the user query and a performance inquiry prompt to construct

capability instructions. These instructions are fed into Qwen3-8B

in a zero-shot setting to predict the probability of each agent

answering the query correctly.

Our Method. We use Qwen3-Embedding-0.6B for sample se-

mantic embedding and Qwen2.5-0.5B as the base model for PAVE

generation. Key hyperparameters: profiling budget 𝐵 = 300 agent

calls per benchmark, quality threshold 𝛿 = 0.7, exploration coef-

ficient 𝛽 = 0.2, and neighborhood size 𝑛 = 10. For hierarchical

specification, we set maximum clusters 𝐶max = 20, minimum clus-

ter size 𝑛min = 16, and sample weights 𝑤
hard

= 1.0, 𝑤easy = 0.2.

During online search, we use top-𝑘 aggregation with 𝑘 = 3 and

decay weights (0.6, 0.3, 0.1). All experiments use a fixed random

seed of 42 for reproducibility.
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