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ABSTRACT

LLM-based multi-agent systems (MAS) have emerged as a promising paradigm
for enhancing complex reasoning through role specialization and collaboration, yet
a key challenge remains: how can collaboration be adapted to a backbone’s com-
petence on the current query? This problem matters because more collaboration
is not always better—richer coordination may help on difficult cases, but it also
incurs additional token cost and redundant interactions. We propose a two-stage
competence-aware framework for automatic MAS orchestration. It first models
the LLM backbone’s task-conditioned competence for the current query, and then
uses this signal to adapt role activation and the communication graph. Across six
benchmarks, our method achieves an average score of 93.81%. Experiments with
six LLM backbones of varying competence levels further show that our method
adjusts collaboration according to the inferred competence: for higher-competence
backbones, it improves average accuracy from 87.22 to 89.97 while reducing to-
ken cost by 36.26%; for lower-competence backbones, it yields a further average
gain of 4.58 points over existing methods. The same trend also holds on unseen
backbones.

1 INTRODUCTION

Recent advances in large language models (LLMs) have greatly expanded the use of Multi-Agent
Systems (MAS) for reasoning, code generation, and complex problem solving (Hong et al., 2024;
Wu et al., 2024; Qian et al., 2024; Chen et al., 2024). Related progress in prompting, search,
self-refinement, ensembling, and text-based optimization has further improved LLM reasoning
and adaptation (Nori et al., 2023; Shinn et al., 2023; Jiang et al., 2023; Yuksekgonul et al., 2024,
Liang et al., 2024). By assigning specialized roles and coordinating their interactions, LLM-based
MAS can outperform direct single-agent reasoning (Du et al., 2024; Wang et al., 2024; Liu et al.,
2023). However, their effectiveness depends critically on collaboration topology and communication
pattern: different tasks, and even different instances, may benefit from different forms and scales of
collaboration (Zhang et al., 2025¢; Yue et al., 2025; Dang et al., 2026). Moreover, more collaboration
is not always better: richer role specialization and denser communication may help on difficult cases,
but also introduce additional token cost, latency, and redundant interactions (Zhang et al., 2025b;
Wang et al., 2025b). This motivates a competence-aware perspective on automatic MAS construction:
How can collaboration be adapted to a backbone’s competence on the current query?

Recent studies have moved from manually designed pipelines and hand-crafted role-based collabo-
ration patterns (Hong et al., 2024; Wu et al., 2024; Qian et al., 2024; Du et al., 2024; Wang et al.,
2024) to frameworks that automatically optimize or dynamically generate multi-agent structures (Liu
et al., 2023; Zhuge et al., 2024; Hu et al., 2025; Zhang et al., 2025d;c;a; Yue et al., 2025; Dang et al.,
2026; Wang et al., 2025a). By generating role configurations and communication topologies from
task descriptions, query content, candidate roles, or runtime feedback, these methods make MAS
increasingly task-aware and adaptive (Zhang et al., 2025d; Dang et al., 2026). Yet the main focus has
been on organizing agent collaboration around task semantics, while relatively less attention has been
paid to explicitly conditioning its scale and structure on the backbone’s competence for the current
query. We argue that the utility of collaboration is not fixed: it depends on the backbone’s standalone
capability, the difficulty of the query, and the coordination overhead introduced by the system. When
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Figure 1: Comparison between existing MAS construction methods and our method.

the backbone’s standalone competence is high on a query, extra roles and intensive communication
may add cost with little benefit (Zhang et al., 2025b; Wang et al., 2025b); in contrast, weaker back-
bones or harder queries may benefit substantially from richer coordination and verification. This
pattern also appears in broader agentic benchmarks (Qian et al., 2025; Kim et al., 2025). Motivated
by these observations, we aim to adapt both role participation and communication structure to the
backbone’s task-conditioned competence.

To this end, we propose a competence-aware method for automatic MAS construction. Instead of
mapping a query directly to a collaboration structure, our method first constructs a task-conditioned
competence representation for the given backbone, and then uses it as a control signal for role
activation and communication graph construction.

Our contributions can be summarized as follows:

* We design a competence modeling mechanism that combines a reusable backbone capa-
bility fingerprint with query-specific task information to derive a backbone-aware, query-
conditioned competence representation.

* We develop a competence-aware orchestration method that uses this representation to
configure the multi-agent structure at two levels—role activation and communication graph
generation—adapting team composition and coordination topology to both the backbone
and the current query.

* Experiments across multiple benchmarks and backbones show that our method improves
overall performance, reduces collaboration token usage on strong backbones, and brings
larger gains on weaker backbones, with the same trend also observed on unseen backbones.

2 RELATED WORK

Static multi-agent collaboration and design. Early LLM-based multi-agent systems mainly
relied on manually designed collaboration templates, including sequential pipelines and debate-style
communication Du et al. (2024). Meanwhile, reasoning can also be improved within a single model
through methods such as chain-of-thought Wei et al. (2022) and self-consistency Wang et al. (2022).
To reduce manual engineering in multi-agent systems, subsequent work began to automate structure
design, including workflow optimization methods such as AFLOW Zhang et al. (2025d) and DSPY
Khattab et al. (2024), as well as graph-based approaches such as GPTSWARM Zhuge et al. (2024),
MACNET Qian et al. (2025), AGENTPRUNE Zhang et al. (2025b), and AGENTDROPOUT Wang et al.
(2025b). These methods improve system design by searching, optimizing, or pruning collaboration
structures before deployment. However, whether hand-crafted or automatically optimized, they
remain largely input-independent and follow a learn once, deploy many paradigm.

Dynamic orchestration. More recent studies move beyond static structures and dynamically
organize collaboration at inference time. Rather than reusing one fixed design, these methods
instantiate or route agent interaction according to the current query or runtime setting. Representative
examples include G-DESIGNER, which generates query-specific communication graphs Zhang et al.
(2025¢); MASROUTER, which routes topology, roles, and models Yue et al. (2025); and MAAS,
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Figure 2: Overview of the proposed competence-aware orchestration framework. Stage I learns a
competence representation from the backbone’s capability fingerprint and the current query under
success-rate supervision. Stage II uses this representation to guide role activation and communication
graph generation.

PUPPETEER, CARD, and MAAS2, which dynamically orchestrate agent workflows under different
settings Zhang et al. (2025a); Dang et al. (2026); Wu et al. (2026); Wang et al. (2025a). This line
of work makes multi-agent systems more responsive to instance-level variation. However, existing
methods mainly adapt collaboration to task semantics or runtime context, with limited explicit
modeling of the backbone’s query-specific competence. Our work uses task-conditioned competence
as a signal for adapting role participation and communication.

3 METHOD

3.1 OVERVIEW

Our method follows a two-stage competence-aware orchestration pipeline. In Stage I, we learn a
task-conditioned competence representation from a reusable backbone capability fingerprint and
query information. In Stage II, we use this representation to adapt the multi-agent structure at two
levels: role activation and communication graph construction.

3.2 STAGE I: COMPETENCE MODELING

3.2.1 CAPABILITY FINGERPRINTING

To support downstream query-level competence modeling, we precompute a reusable capability
fingerprint for each LLM backbone using a fixed probe set P. The probes are shared across backbones,
organized by capability domain, and ordered within each domain by anchor-calibrated difficulty,
yielding a common easy-to-hard scale for direct comparison. Note that this fingerprinting step is
performed only once for each backbone: after a backbone M is first evaluated on P, its fingerprint
Vin can be reused in all subsequent queries.

We represent the fingerprint as a binary matrix V,, € {0,1}**!2, where each row corresponds

to one capability domain and the columns Within each row are ordered from easy to hard. Let
D ={1,2,3,4} index the domains, and let {4 ;};2, denote the fixed probes in domain d. Running
M on each probe x4 ; yields a binary correctness 31gnal r(zq,;; M) € {0,1}, from which we
construct

‘/:HL[dLj] = T(xd,j;M)a d eD. (1)
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Because probe identities and their within-domain difficulty ordering are shared across backbones,
V. serves as a directly comparable capability prior for downstream competence modeling: each
row summarizes performance in one capability domain, while the column position reflects how far
competence extends along the shared difficulty scale. Full probe-set construction details are provided
in Appendix A.1.

3.2.2 TASK-CONDITIONED COMPETENCE MODELING

To condition the capability prior V;, on the current query, we combine it with the task representation
to learn a task-conditioned competence representation h... Query-level success rates provide proxy
supervision for learning this representation, which then conditions downstream role activation and
communication graph construction.

Given a query ¢, we first encode it into a task representation V; € R?. To capture the domain
demands implied by g, we introduce a set of learnable domain prototypes Vg € R**?, with one
prototype for each capability domain in V;,,, initialized from the embeddings of short GPT5-generated
domain descriptions. We then compute the similarity between V; and each domain prototype, and
normalize the resulting scores with a softmax to obtain domain relevance weights w € R*. Using w,
we aggregate the domain-wise fingerprint into task-conditioned capability evidence:

4
Vi = w; - Viali, ). 2
=1

Since the columns of Vj,, are ordered by increasing difficulty, V/, provides a query-relevant and
difficulty-aware summary of the backbone’s capability fingerprint, which is then fused with task
semantics to form the final competence representation.

We then project V; and V/ into a shared latent space, denoted by h; and hy,, and fuse them through
an interaction-aware fusion layer:

Puce = &1{ [ s Puns (e = Bn); (i © ) ] ), 3

where © denotes element-wise multiplication, [-; -] denotes concatenation, and ¢¢(-) is a learnable
fusion network.

We use query-level success rates as proxy supervision for hi... An auxiliary linear head followed by
a sigmoid maps this representation to a predicted success rate:

p= U(Proxy(htcc)). )

The supervision target y € [0, 1] is the empirical success rate of the corresponding LLM backbone on
the query, estimated from repeated trials. Details of the training data construction are provided in
Appendix A.2. We optimize the model by minimizing the binary cross-entropy (BCE) between the
predicted success rate p and the supervision target . The prediction head supplies auxiliary supervi-
sion for learning competence-related information; downstream role activation and communication
graph generation are conditioned on the representation Ay..

3.3 STAGE II: COMPETENCE-AWARE MAS ORCHESTRATION

Given the task-conditioned competence representation produced in Stage I, Stage II adapts the multi-
agent structure for the current query through two mechanisms: role activation and communication
graph construction. The former assesses how suitable each role is for participation, while the latter
determines how the activated roles should communicate.

3.3.1 ROLE ACTIVATION

Given the query representation V; and the task-conditioned competence representation Ay, role
activation predicts a query-specific activation vector A € (0,1)" over the candidate role pool. It
combines task-role relevance with competence-conditioned modulation, and the resulting A serves
as a prior for downstream communication graph construction.
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Let the candidate role pool be R, o = {ri}i\’zl, where each role r; is associated with a textual
description d;. We encode each description into a role representation h; € R%, and compute a
relevance gate based on projected task—role similarity to modulate each role representation:

g = o(WVo)" (Wihy)), bl =g; - hs. ©)

We then predict the final activation score of role ¢ by conditioning on both the gated role representation
and the task-conditioned competence signal:

A = a(MLP([h;; htcc])), i=1,...,N, 6)

yielding A = [Ay,...,Ay] € (0,1)N. Here, task-role relevance determines which roles are
plausible for the current query, while h¢.. modulates how strongly they should be activated given the
backbone’s estimated competence.

Since direct supervision for role activation is unavailable, we train the activator with two weak
supervision signals. The first is a semantic anchor derived from task—role similarity, which provides
role-level relevance supervision. The second reuses the query-level success-rate supervision from
Section 3.2.2 to form a soft budget prior that regulates the overall activation scale.

Specifically, we compute the cosine similarity between the projected task representation and each
projected role representation:

Vi = WiVi, hy = Wihi, s; = cos(Vi, hy). @)
We then apply min—max normalization over the role pool to obtain a query-local semantic anchor
target Pynchor- Let Panchor = [Panchor,15 - - - » Panchor,N'] € [0, 1]V. We align the predicted activations A

with this semantic anchor using
Lanchor = MSE (A7 Panchor) . 3

This objective provides relative supervision within each query, encouraging higher activation for roles
that are more semantically compatible with the task.

To regulate the overall activation scale, we again reuse the success-rate supervision target y € [0, 1]
from Section 3.2.2. We use 1 — y as a query-level soft budget prior and regularize the mean role
activation toward this target:

2
Louga = ((mean(A) = (1- 1)) . ©)

This term encourages lower mean activation for queries with higher standalone success rates and
higher mean activation for those with lower success rates. Together with the semantic anchor, it
provides weak supervision for competence-conditioned role selection.

The overall objective is

L= )\anchor['anchor + )\budgetﬁbudget- (10)
The resulting activation vector A determines role participation for the current query and serves as
input to downstream communication topology generation.

3.3.2 GRAPH-BASED MAS GENERATION

Building on the competence-aware role activation above, we generate a directed communication graph
for the current query. Specifically, given the task representation V4, the task-conditioned competence
representation Ay, the competence-aware role representations H' = {h/}¥ | and the corresponding
activation scores A = {A4;}Y |, we predict a directed communication graph G eom = (V, Ecom) OVer
the role set V = {1, ..., N'}. Each directed edge represents a potential information-flow path used in
multi-round multi-agent interaction. Similar to Zhang et al. (2025¢), we initialize the graph encoder
with an anchor topology, which serves only as a structural prior for message passing.

Task-conditioned graph encoder. To predict the query-specific communication topology, we en-
code each role node using its competence-aware role representation and activation score. Specifically,
we use the activation score A; to modulate the corresponding role representation:

h; :h2®(1+(1AZ‘), (11)
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where « is a scaling coefficient. We then construct the input feature of each role node by concatenating
the modulated role representation with the task representation V; and the task-conditioned competence
context Agee: -

@i = [hi; Vis heee . (12)
Let X = {x;}}¥, denote the resulting node features. A graph encoder ¢y then performs message
passing over the initialized role graph and produces contextualized node representations:

H = ¢9(X), (13)

where H = {ﬁl}f\il In this way, topology prediction is jointly conditioned on role semantics, task
information, task-conditioned competence context, and role activation strength.

Edge decoding and graph sampling. Based on the encoded node representations, we compute an
edge score for each allowable directed edge (¢, ) € Eanow:

Sij = U(fedge(hiahj))a (14)
where feoqge is the edge decoder and S;; € (0, 1) is interpreted as the activation probability of edge
(4,4). The query-specific communication graph G, is obtained by selecting edges according to
these scores over the allowable edge set. During training, we sample a graph instance G from
the predicted edge distribution for rollout and optimization. We optimize the expected utility—cost
trade-off. Specifically, the utility term is defined as

Luit = =B, (117, A,Vi heoo) [u(&)], (5)
where u(é) denotes the utility obtained from the sampled topology G. The communication cost term
is defined as

£cost = P(y)C(S), (16)

where y € [0, 1] is the instance-wise success-rate signal introduced in Section 3.2.2, namely, the
empirical success rate of the base model on the current query estimated from repeated trials. We use
this signal to modulate the communication penalty and define the communication cost as

ply) = max(y,yc), C(S) = > Sy (17)
(4,5) E€allow
Here y,. > 0 is a small floor constant, and C(S) corresponds to the expected number of active edges
under the predicted edge probabilities. This competence-conditioned weight reduces the relative
communication penalty on queries with lower standalone success rates, while the utility term rewards
task performance. The overall objective is

£graph(9) = ACutil + )\£COSI7 (] 8)

where A balances task utility and communication cost. The utility term is optimized with REIN-
FORCE, while the cost term backpropagates directly through S.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTING

Datasets and Metrics. Following prior work on automatic multi-agent system design and orches-
tration (Zhang et al., 2025c), we evaluate our method on six widely used benchmark datasets: MMLU
(Hendrycks et al., 2020), GSMS8K (Cobbe et al., 2021), MultiArith (Roy & Roth, 2015), SVAMP
(Patel et al., 2021), AQuA (Ling et al., 2017), and HumanEval (Chen et al., 2021). We report the
standard evaluation metric for each dataset, using accuracy for MMLU, GSMS8K, MultiArith, SVAMP,
and AQuA, and Pass@1 for HumanEval. Dataset statistics are reported in Table 6.

Baselines. Following prior work (Zhang et al., 2025¢), we compare our method with three groups of
baselines. The first group consists of single-agent methods, including Chain-of-Thought (CoT) (Wei
et al., 2022) and Self-Consistency (Wang et al., 2022). The second group includes multi-agent systems
with fixed collaboration patterns, such as Chain, Tree, Complete Graph, and Random Graph (Qian
et al., 2025), as well as debate-based interaction instantiated by LLM-Debate (Du et al., 2024). The
third group covers multi-agent methods with dynamic or optimized structures, including AgentPrune
(Zhang et al., 2025b), AgentDropout (Wang et al., 2025b), MasRouter (Yue et al., 2025), CARD (Wu
et al., 2026), and G-Designer (Zhang et al., 2025c).
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Implementation Details We access GPT models via the OpenAl API, primarily using
gpt-40-2024-08-06 (GPT-40) as the target backbone. Unless otherwise specified, all LLM
calls in evaluation use a decoding temperature of 0. For multi-agent methods, we adopt explicit agent
profiling with a predefined pool of textual role descriptions, following classical configurations in
prior LLM-based MAS work (Liu et al., 2023; Zhuge et al., 2024; Yin et al., 2023). We additionally
include a summarizer agent to aggregate the dialogue history and produce the final answer. Both
task queries and role descriptions are encoded using bge-small-en-v1.5 (Xiao et al., 2023),
yielding 384-dimensional embeddings. We train Task-Conditioned Competence Modeling, Role
Activation, and Graph-based MAS Generation sequentially offline, keeping the other modules frozen
at each stage. Deployment reuses the trained model without further parameter updates. For training
the graph-generation module, following Zhang et al. (2025c¢), we use 40 queries from each dataset for
training. We use dataset-specific training and evaluation splits; their definitions and the construction
of capability fingerprints and supervision targets are detailed in Appendix A.

4.2 PERFORMANCE COMPARISON

The comparison results are presented in Table 1. Under the same backbone setting as all baselines,
our method achieves the best average performance of 93.81% across the six benchmarks, establishing
state-of-the-art overall results. In Section 4.4, we further examine whether this advantage generalizes
across different target backbones, including unseen models.

Table 1: Performance comparison (%) on six benchmarks.

Method \ MMLU GSMSK AQuA MultiArith  SVAMP  HumanEval \ Average
Vanilla \ 80.30 82.43 71.16 92.77 86.32 71.56 \ 80.76
CoT 81.64 1134 86.81 1438  73.21 12.05 93.12 1035  87.33 t1.01 74.75 13.19 82.81 12.05
SC (CoT) 83.30 13.00  81.86 1057  75.79 14.63 94.30 1153 88.44 12.12 79.87 1831 83.93 13.17
Chain 82.66 1236  88.28 1585  74.38 13.22 93.42 1065  86.95 1063  81.57 11001 84.54 13.78
Tree 80.93 10.63 85.28 12.85 71.59 1043 93.54 1077 89.09 12.77 80.74 19.18 83.53 1277
Complete 82.59 1229  79.76 1267  72.86 11.70 94.82 1205 84.28 |2.04 79.07 1751 82.23 1147
Random 84.12 13.82 87.09 t4.66  76.89 15.73 94.14 1137 87.56 1124  82.67 11111 85.41 14.65
LLM-Debate 84.67 1437  91.47 1904  77.79 16.63 96.33 1356 90.12 1380  85.04 113.48 87.57 16.81
AgentPrune 85.40 1510  91.32 1889  80.52 19.36 9491 1214 90.17 1385  86.94 11538 88.21 17.45
AgentDropout | 85.71 t5.41 91.47 1904  81.12 19.96 95.18 1241 91.41 1500  86.24 114.68 88.52 17.76
MasRouter 89.54 1924 9437 11194  87.14 11598  92.14 1063  85.94 1038  90.08 118.52 89.87 19.11
CARD 86.93 16.63  94.53 t12.10  89.05 117.89  89.29 1348  86.67 1035  87.60 116.04 89.01 18.25
G-designer 87.14 1684  93.76 11133 81.61 11045  96.61 1384  93.18 1686  88.32 11676 90.10 19.34
Ours \ 92.81 11251 95.00 +1257  87.14 11598  99.11 1634  96.25 1993  92.56 121.00 \ 93.81 113.05

4.3 ABLATION STUDY

Our full method learns its competence representation from two inputs: the task representation V;
and the capability fingerprint V;,,. We evaluate their downstream contribution through three ablated
variants. w/o task removes V; from the competence module, so its representation is no longer
query-conditioned. w/o model removes V4, so the module no longer has access to a model-specific
capability prior. w/ desc. replaces V},, with free-form model descriptions (e.g., textual summaries of
parameter scale and characteristics).

Table 2: Downstream ablation of competence modeling.

Setting HumanEval AQuA MMLU Avg. Tokens / Task
Full 92.56 87.14  92.81 90.84 2360.45
wi/o task 90.91 8571  88.24 88.29 |255 2758.02 1 16.84%
w/o model 87.60 87.62  88.24 87.8213.02 6010.64 1 154.64%
w/ desc. 88.43 8524  89.54 87.74 1310 4736.68 1 100.67%
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Task conditioning improves the performance—cost trade-off. Removing the task representation
reduces the average score by 2.55 points and increases token cost by 16.84%. These results support
conditioning the competence representation on the current query for downstream orchestration in this
setting.

The capability prior helps control collaboration cost. Removing V;, causes the largest token
increase (+154.64%) and also lowers the average score by 3.02 points. Under our orchestration
design, the backbone-specific capability prior thus supports lower token usage together with higher
average performance.

Structured fingerprints outperform the evaluated textual descriptions. Replacing V,, with
textual descriptions drops the average score by 3.10 points and increases token cost by 100.67%.
This comparison favors the structured fingerprint over these descriptions as a conditioning signal for
orchestration.

4.4 CROSS-BACKBONE PERFORMANCE AND GENERALIZATION TO UNSEEN MODELS

We evaluate our competence-aware collaboration on MMLU with performance-oriented and
efficiency-oriented backbones. We mark as unseen (*) backbones used neither as probe-construction
anchors nor for competence-supervision data collection. Tables 3 and 4 report accuracy, with Avg.
computed across the three backbones in each table. Figure 3 shows agent counts across backbones
and MMLU queries.

Table 3: Results on MMLU with performance-oriented target backbones.

Method GLM 5.1" Gemini 3.1 Pro* GPT-40 Avg.
Vanilla 83.01 81.70 80.30 81.67
G-Designer 88.89 85.62 87.14 87.22
Ours 89.53 87.58 92.81 89.97 136.26%

On performance-oriented backbones, our method maintains strong performance with substan-
tially lower collaboration cost. As shown in Table 3, our method achieves the best average score
on this group, improving over G-Designer from 87.22 to 89.97, while using |36.26% fewer tokens per
query after deployment. Capability fingerprinting adds a small one-time cost per backbone, which
these savings recover after only about 28 queries on average across this group (Appendix A.3). This
result shows that performance-oriented backbones can still benefit from our collaboration strategy,
while incurring much lower collaboration overhead.

On efficiency-oriented backbones, our method brings larger performance gains. In Table 4, our
method improves the average score from 74.07 to 78.65, with the largest gain on Gemma-3-12B.
Figure 3 further shows that the number of agents in the generated MAS varies substantially across
target models and tasks.

These improvements also hold on unseen LLM backbones. The gains also hold on unseen back-
bones GLM 5.1* and Gemini 3.1 Pro*. These results support transferring competence-conditioned
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Figure 3: Number of agents in the generated MAS on efficiency-oriented target backbones.
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Table 4: Results on MMLU with efficiency-oriented target backbones.

Method Qwen3-14B Llama3.1-8B Gemma-3-12B  Avg.

Vanilla 77.79 63.40 66.67 69.29
G-Designer 84.31 67.32 70.58 74.07
Ours 87.58 70.59 77.78 78.65
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Figure 4: Case studies on MMLU. Left: changing the task while fixing the backbone (Llama-3.1-8B).
Right: changing the backbone from Llama-3.1-8B to GPT-40 while fixing the task. check/cross
marks indicate answer correctness.

orchestration beyond the backbones used for probe construction and supervision. We further evaluate
the trained model on unseen datasets with an additional unseen backbone in Appendix A.4.

4.5 CASE STUDY

We present two MMLU case studies in Figure 4 to show how competence-aware orchestration adapts
MAS to different backbone—task settings.

Changing the task while fixing the backbone. We fix the backbone to Llama-3.1-
8B and compare two psychology questions from high_school_psychology and
professional_psychology. The latter requires more specialized expertise. Without ex-
plicit competence-aware adaptation, G-Designer makes only limited structural changes and fails
on the harder question. In this example, our method activates additional roles and returns a correct
answer, illustrating query-dependent adaptation of the collaboration structure.

Changing the backbone while fixing the task. We then fix the question and change the backbone
from Llama-3.1-8B to GPT-40. G-Designer continues to instantiate a relatively large collaboration
structure. In contrast, our method activates fewer roles with GPT-40 while preserving the correct
answer and reducing token cost by 42.2%. This example illustrates backbone-dependent adaptation
with lower collaboration cost.

5 CONCLUSION

In this paper, we study how to adapt multi-agent collaboration to a backbone’s competence on
the current query. We propose a competence-aware framework that learns a task-conditioned
representation under success-rate supervision and uses it to guide role activation and communication
topology. Experiments across six benchmarks and multiple LLM backbones show that our method
improves performance, reduces collaboration cost on stronger backbones, and yields larger gains on
weaker ones, with the same trend also observed on unseen backbones.
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A APPENDIX

A.1 PROBE SET CONSTRUCTION FOR CAPABILITY FINGERPRINTING

Training-query pool. Following prior work on automatic MAS design and orchestration (Zhang
et al., 2025¢;b), which uses B” € {40, 80} training queries per dataset, we adopt the 40-query setting.
We randomly sample 40 queries from each of the six benchmark datasets, forming a pool of 240
training-side queries. Probe-set construction and competence-supervision data collection both draw
from this pool, without introducing additional distinct task queries. This matches the distinct-query
budget, not the offline LLM execution budget.

12
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Table 5: Domain assignment used in probe-set construction.

Domain Source datasets
code_logic HumanEval
quantitative_reasoning AQuA

basic_math GSMSK, MultiArith, SVAMP
general_knowledge MMLU

Dataset-specific splits. The dataset loader uses the MMLU development split for training queries
and the validation split for evaluation queries. For the other five benchmarks, including HumanEval,
fixed dataset-specific index files define the training and evaluation subsets. The training and evaluation
index sets in these files are disjoint, and the evaluation loader selects only the designated evaluation
indices.

Design goals. We construct the probe set to satisfy three requirements. First, it should provide clear
difficulty resolution, so that backbones of different competence levels can be meaningfully separated
rather than collapsing to similar outcomes on the same probe set. Second, it should provide multi-
domain coverage, so that the resulting capability fingerprint reflects multiple capability dimensions
instead of only one narrow skill type. Third, it should remain compact, so that one-time fingerprint
registration incurs only limited overhead.

Anchor-based difficulty calibration. To obtain a stable and interpretable difficulty scale,
we evaluate four anchor backbones with progressively stronger standalone capability—
Llama-3.2-3B-Instruct,Llama-3.1-8B-Instruct, GPT-40, and GPT-5—on all 240
sampled queries. For each item z, we record the binary pass vector

s(z) = (s1, s2, 53, S4), s €{0,1}, (19)

where s, = 1 indicates that the k-th anchor solves x correctly, and s; = 0 otherwise.

We order the four anchors from weaker to stronger and retain only items whose pass patterns are
monotone under this ordering. Intuitively, if a weaker anchor succeeds while a stronger anchor fails,
the item is not suitable for reliable difficulty calibration and is therefore discarded as ambiguous.
We additionally remove all-fail items (0, 0, 0, 0), since such items do not help locate the capability
range of the anchors and may be confounded by ambiguity, annotation noise, or excessively difficult
1nstances.

The remaining monotone pass patterns define four relative difficulty levels, ranging from easiest
to hardest: items solved by all four anchors (1, 1,1, 1), items solved by all but the weakest anchor
(0,1,1,1), items solved only by the two strongest anchors (0,0, 1,1), and items solved only by
the strongest anchor (0, 0,0, 1). This yields an empirically grounded difficulty scale shared across
candidate backbones.

Domain stratification. To ensure that the probe set captures multiple capability dimensions, we
further partition the candidate items into four coarse domains according to their source datasets:

Balanced sampling and final probe set. Combining the four domains with the four difficulty
levels yields 16 domain—difficulty cells. We sample 3 items from each cell, resulting in a final probe
set of 48 items. For each domain, the selected probes are ordered from easy to hard as three items
from each difficulty level, yielding 12 probes per domain in total. This gives the 4 x 12 layout used in
capability fingerprinting: the four rows correspond to capability domains, and the 12 columns within
each row form a shared easy-to-hard scale.

Overall, this construction provides a compact but structured probe set that simultaneously offers clear
difficulty resolution, multi-domain coverage, and low one-time registration cost.
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Table 6: Dataset descriptions and statistics.

Dataset Answer Type  Metric #Test  License
MMLU Multi-choice  Acc. 153  MIT License
GSMS8K Number Acc. 1,319 MIT License
MultiArith Number Acc. 600 Unspecified
SVAMP Number Acc. 1,000 MIT License
AQuA Multi-choice  Acc. 254  Apache-2.0
HumanEval Code Pass@1 164  MIT License

A.2 PROXY SUPERVISION DATA CONSTRUCTION FOR TASK-CONDITIONED COMPETENCE
MODELING

The goal of task-conditioned competence modeling is to make the fused representation capture how
competent a given LLM backbone is expected to be on the current query. Since such query-level
competence is not directly annotated, we construct a proxy supervision signal from empirical task
performance. The intuition is straightforward: if a backbone succeeds more frequently on a query
across repeated trials, it should be regarded as more competent on that query; conversely, a lower
success rate indicates lower competence.

We collect this supervision data offline from the same pool of 240 training-side samples used in
Appendix A.1. After excluding the 48 samples selected as the probe set, we use the remaining
192 samples to build the proxy supervision data. Thus, the probe set is used only for Capability
Fingerprint registration, while the non-probe samples are used to estimate query-level competence
targets.

For each backbone m and each non-probe query ¢, we repeatedly run the backbone R = 10 times
with decoding temperature set to 0.2, and define the supervision target as the empirical success rate:

1 R
Yma =5 D P (20)
r=1

where z,(,f,)q € {0, 1} denotes the outcome of the r-th trial. We use a small non-zero temperature to

preserve limited stochastic variation across repeated runs while avoiding excessive randomness in the

estimated competence targets. For HumanEval, z,(;';?q is the pass/fail result under the benchmark unit
tests, so Y., 4 is an empirical estimate of pass@1. For all other benchmarks, zr(,l',)q is the standard

correctness indicator, and y,, , therefore corresponds to the empirical accuracy on query g.

To ensure that the supervision data covers diverse competence patterns, we construct it using 14 LLM
backbones with varying scales, capability levels, and specialization characteristics, including general-
purpose, code-specialized, math-specialized, and reasoning-oriented models (Table 7). GPT-40 serves
as a probe-construction anchor (Appendix A.1), but is not among these supervision backbones.

For each backbone, we first obtain its Capability Fingerprint from the 48-sample probe set. We then
pair this fingerprint with each non-probe query and its corresponding target ¥,y 4, yielding supervised
instances of the form

(Fingerprint (m), q, ym,q) . (21)
To avoid an overly skewed target distribution and improve the relative coverage of different compe-
tence levels, we perform distribution-aware sampling over these candidate instances with respect to
Ym,q- The resulting training set for task-conditioned competence modeling contains 1060 instances.

These proxy supervision data are used to train task-conditioned competence modeling (§3.2.2) and
provide the supervision basis for downstream role activation (§3.3.1). By supervising the fused
representation against empirical query-level success outcomes, the model is encouraged to encode
competence-relevant information that can directly support role selection and communication graph
construction.

Evaluation of the auxiliary prediction head. We evaluate the auxiliary success-rate prediction
head used to supervise task-conditioned competence representation learning. We use query-disjoint
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Table 7: LLM backbones used for proxy-supervision data construction.

Family Backbones

Phi Phi-3.5-mini-instruct
Qwen2.5 Qwen?2.5-Coder-7B-Instruct, Qwen2.5-Math-7B-Instruct
DeepSeek deepseek-v3.2

Gemma gemma-3-12b-it

GPT gpt-4o-mini, gpt-5

Llama llama—-3.1-8b-instruct, llama-3.2-1b-instruct, llama-3.2-3b-instruct
Qwen3 gwen3-1.7b, qwen3-14b, gwen3-32b

QwQ qwg-32b

training and evaluation partitions of the existing success-rate supervision data. All backbone—query
pairs sharing the same query are assigned to a single partition, so no evaluation query appears in
training or validation. We train the Stage-I module with BCE supervision and select checkpoints
using validation MAE. The evaluation covers 153 backbone—query pairs spanning 28 held-out queries
from backbones and domains represented during training. Across three training seeds, the predicted
success rates achieve a pooled Spearman correlation of 0.629 £ 0.022 with empirical success rates
and an MAE of 0.234 £ 0.010 on the [0, 1] scale (mean =+ standard deviation across training seeds).
The prediction task provides auxiliary supervision for representation learning, while downstream
orchestration is conditioned on the learned representation rather than the scalar success-probability
estimate.

A.3 AMORTIZED COST OF CAPABILITY FINGERPRINTING

One-time registration cost. Our efficiency comparison measures deployment-time LLM token
usage separately from offline supervision collection and model training. The trained orchestration
model is reused without further parameter updates. A new backbone requires a one-time fingerprint
registration: evaluating it on the fixed 48-item probe set to obtain V,,,, without repeating supervision
collection or model training. We measure this registration cost for the three performance-oriented
backbones in Section 4.4: Gemini 3.1 Pro,GLM 5.1, and GPT-40 (Table 8). The amortiza-
tion below concerns this registration cost, not offline training.

Average cost recovery. In Section 4.4, the average online token usage is 3953.94 tokens/query for
G-Designer and 2520.26 tokens/query for our method, yielding an average saving of

Agve = 3953.94 — 2520.26 = 1433.68 (22)

tokens per query. Since this saving is averaged over the three performance-oriented backbones, we
use it only to compute an average amortization point. Specifically, the average one-time fingerprinting
cost across the three backbones is 39,840 tokens, which corresponds to 830.0 tokens per probe over
the 48-item probe set. Therefore, the average cost-recovery point is

39840

—— = 27.79. 2
1433.68 7 @3)

Nbreak-even =
That is, the one-time cost of obtaining V/,, is recovered after only 27.79 queries on average. These

results suggest that the probe set remains compact in practice and that the additional registration cost
of capability fingerprinting can be amortized quickly in realistic multi-query deployment settings.

A.4 GENERALIZATION TO HARDER UNSEEN BENCHMARKS WITH GEMMA4
We further evaluate our trained model on two unseen datasets, GPQA Diamond (Rein et al., 2023)

and BBEH-mini (Kazemi et al., 2025), with an unseen LLM backbone, Gemma4. Table 9 reports
task performance and collaboration cost.
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Table 8: One-time token cost of Capability Fingerprinting for the three performance-oriented back-
bones in Section 4.4.

Backbone Total Tokens  Avg. Tokens / Probe
Gemini 3.1 Pro 28,576 595.3
GLM 5.1 78,716 1640.0
GPT-4o0 12,228 254.7
Average 39,840 830.0

Table 9: Results on harder unseen benchmarks with Gemmad4. Accuracy is reported in percent. Green
annotations denote token savings relative to G-Designer for the same benchmark and backbone.

Benchmark Backbone Method Acc.

Vanilla 59.60
GPQA Gemma4  G-Designer 72.73
Ours 75.76 |33.6%

Vanilla 30.22
BBEH-mini Gemma4 G-Designer 45.43
Ours 47.61 |33.6%

Results. In the comparisons reported in Table 9, Ours improves accuracy over G-Designer on
Gemma4 by 3.03 points on GPQA and 2.18 points on BBEH-mini, while reducing tokens by 33.6%
on both benchmarks. These results support the transfer of competence-conditioned orchestration to
these two unseen benchmarks with Gemma4 without additional training data.

A.5 CODE REPOSITORY

An anonymized code repository is available at Competence-Aware Orchestration for LLM-based
Multi-Agent Systems.
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