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Abstract

The integration of large language models
(LLMs) with external tools has significantly
expanded the capabilities of Al agents. How-
ever, as the diversity of both LLMs and tools in-
creases, selecting the optimal model-tool com-
bination becomes a high-dimensional optimiza-
tion challenge. Existing approaches often rely
on a single model or fixed tool-calling logic,
failing to exploit the performance variations
across heterogeneous model-tool pairs. In this
paper, we present ATLAS (Adaptive Tool-LLM
Alignment and Synergistic Invocation), a dual-
path framework for dynamic tool usage in cross-
domain complex reasoning. ATLAS operates
via a dual-path approach: (1) training-free
cluster-based routing that exploits empirical
priors for domain-specific alignment, and (2)
RL-based multi-step routing that explores
autonomous trajectories for out-of-distribution
generalization. Extensive experiments across
15 benchmarks demonstrate that our method
outperforms closed-source models like GPT-4o,
surpassing existing routing methods on both in-
distribution (+10.1%) and out-of-distribution
(+13.1%) tasks. Furthermore, our framework
shows significant gains in visual reasoning by
orchestrating specialized multi-modal tools.

1 Introduction

Large language models (LLMs) have evolved from
static problem solvers into collaborative reasoning
engines through adaptive integration with external
tools. These tools range from symbolic reasoning
modules (Feng et al., 2025a) to real-time informa-
tion retrieval APIs (Ma et al., 2025), significantly
extending LLMs’ operational capabilities. As this
LLM-tool ecosystem evolves, the synergy from
multiple candidates increasingly surpasses the po-
tential of either routing in model swarms (Yue et al.,
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Figure 1: Comparison of different LLM inference
paradigms. While routing (efficiency) and RL (per-
formance optimization) present a promising approach,
dynamic tool usage still faces significant challenges.

2025b) or tool augmentation (Dong et al., 2025)
alone, highlighting the critical need for identifying
the optimal model-tool combination.

Recent advances have focused on different as-
pects of these reasoning engines separately. For
tool usage, existing frameworks (Kong et al., 2024;
Wau et al., 2024) improve performance through task
planning, yet relying on fixed logic that cannot dy-
namically adapt to different model capabilities or
task requirements. For LLM routing, methods like
ZOOTER (Lu et al., 2024) and RouterDC (Chen
et al., 2024) optimize model selection through
reward-guided learning and dual contrastive learn-
ing. Likewise, frameworks such as HybridLLM
(Ding et al., 2024) and RouteLLM (Ong et al.,
2024) combine strong and weak models for cost
efficiency. However, these routing methods treat
models as isolated execution units and fail to incor-
porate external tools, which could significantly en-
hance task performance. For reinforcement learn-
ing (RL), methods such as RLHF (Ouyang et al.,
2022) and PPO (Schulman et al., 2017) are ex-
plored to optimize reasoning capabilities in LLM:s.
RLAIF (Lee et al., 2023) and DPO (Rafailov et al.,
2023) bypass explicit reward modeling, stream-
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Figure 2: Performance comparison on in-distribution and out-of-distribution settings. Our ATLAS method
consistently outperforms all baselines across diverse datasets, demonstrating superior generalization capability.

lining preference learning. Additionally, Router-
R1 (Zhang et al., 2025a) allows models to delib-
erate internally before invoking auxiliary models.
Recent works (Chen et al., 2025b; Jin et al., 2025a;
Feng et al., 2025a) apply RL to tool usage, but miss
the opportunity to integrate both models and tools
to fully harness their combined strengths.

As shown in Figure 1, existing methods neglect
the dynamic interplay of tool usage, LLM routing
and RL, thus falling short especially when faced
with the emerging diversity of LLMs and tools.
This fundamental limitation manifests in three key
challenges: (1) Failure to leverage model-tool
synergies: LLM routing methods focus solely
on model selection without integrating external
tools, limiting their potential to enhance task perfor-
mance; (2) Rigid invocation and limited flexibil-
ity: Existing tool usage methods rely on fixed, pre-
configured invocation logic that hinders adaptabil-
ity and scalability, preventing reasoning engines
from dynamically optimizing model-tool combina-
tions in open-domain tasks; (3) Isolated optimiza-
tion of RL: Even advanced RL approaches focus
on optimizing individual components in isolation,
missing opportunities to jointly leverage model-
tool synergies for complex reasoning.

To address these challenges, we propose ATLAS
(Adaptive Tool-LLM Alignment and Synergistic
Invocation), a generalizable framework that dy-
namically orchestrates optimal model-tool com-
binations. Our approach employs a dual-path ap-
proach to bridge the gap between empirical knowl-
edge and open-domain reasoning. We firstly in-
troduce training-free cluster-based routing that
efficiently selects model-tool pairs by leveraging
domain-specific expertise within a semantic em-
bedding space. This approach exploits histori-
cal performance patterns for rapid, accurate rout-
ing in familiar domains. For generalized sce-
narios where explicit priors are absent, we uti-
lize RL-based multi-step routing that iteratively

explores the model-tool combinations for supe-
rior execution paths. This bifurcated design ef-
fectively resolves the scalability challenges in
high-dimensional search spaces while ensuring ro-
bustness. We conduct experiments on 15 bench-
marks to evaluate the proposed ATLAS in both in-
distribution and out-of-distribution settings. Em-
pirical results shown in Figure 2 reveal that AT-
LAS achieves a superior performance across di-
verse tasks, which demonstrates its effectiveness
as a new paradigm for tool-augmented reasoning
agents. Our primary contributions are as follows:

* We introduce ATLAS, a generalizable agentic
framework that explicitly optimizes heteroge-
neous synergies between diverse LLMs and
tools, enabling dynamic and adaptive tool in-
vocation for complex reasoning tasks.

* We propose a dual-path design that handles
both domain-specific and open-domain tasks:
(1) training-free cluster-based routing for effi-
cient selection using domain expertise, and (2)
RL-driven multi-step routing for generalizing
across unfamiliar tasks via iterative exploration.

» Experiments across 9 tasks and 15 benchmarks
show that ATLAS outperforms top-performing
closed-source LLMs and powerful routing meth-
ods on multi-domain tasks and exhibits robust
adaptability in multi-modal scenarios.

2 Related Work

Query-based LLLM Routing. As the landscape
of LLMs continues to evolve, query-based routing
has become crucial in reasoning engines for balanc-
ing performance and computational efficiency by
dynamically selecting the most appropriate model
for each query. Early approaches rely on reward-
guided (Lu et al., 2024) and contrastive learning
strategies (Chen et al., 2024) to improve routing
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Figure 3: Overview of Adaptive Tool-LLM Alignment and Synergistic Invocation (ATLAS). The framework
operates via a dual-path approach: (1) Training-free Cluster-based Routing; and (2) RL-driven Multi-step Routing.

accuracy. Existing methods balance computational
cost with performance through query-level orches-
tration (Ding et al., 2024; Ong et al., 2024; Zhang
et al., 2025b), model cascading (Chen et al., 2023),
adaptive selection (Feng et al., 2025b; Wang et al.,
2025; Jin et al., 2025b), and budget allocation (Mei
et al., 2025). Further, the integration of routing
within reasoning frameworks (Yue et al., 2025b;
Pan et al., 2025) enhances the performance bound-
aries. However, these existing methods often treat
LLMs as isolated execution units, neglecting the
synergies between specific model capabilities and
external tool interfaces. Our approach addresses
this gap by jointly optimizing model-tool combi-
nations, enabling a more adaptive, scalable, and
effective reasoning engine capable of dynamically
integrating the strengths of both models and tools.

Reinforcement Learning for LLM. Reinforce-
ment learning (RL) has been widely applied to
optimize LL.Ms for aligning with complex human
preferences and improving reasoning tasks. The
paradigm has evolved from reward-model-based
approaches like RLHF (Ouyang et al., 2022) and
PPO (Schulman et al., 2017) to more efficient
frameworks such as DPO (Rafailov et al., 2023),
which bypass explicit reward modeling to stream-
line preference learning. RL has also been applied
to optimize routing decisions, with approaches like
Router-R1 (Zhang et al., 2025a) allowing models
to deliberate internally before invoking auxiliary
models. Recent works (Chen et al., 2025b; Jin et al.,
2025a; Feng et al., 2025a) investigate the applica-
tion of RL for tool usage. While these methods

reveal the potential of RL in optimizing reasoning
trajectories, they primarily focus on single-model
or single-tool optimization, overlooking the large
potential for combined synergies. ATLAS extends
this by employing RL to jointly optimize model-
tool combinations, enabling more adaptive and ef-
ficient reasoning.

3 Methodology

We present the ATLAS framework (Figure 3),
which combines a two-tier strategy: Training-free
Cluster-based Routing (§ 3.1) to enable quick
decision-making; and RL-driven Multi-step Rout-
ing (§ 3.2) to handle more complex open-domain
tasks that require iterative model-tool interactions.

3.1 Training-Free Cluster-Based Routing

We hypothesize that the optimal model-tool combi-
nation is query-dependent and exhibits semantic lo-
cality. Consequently, the empirical strategy approx-
imates the optimal routing function f : Q@ — S
by leveraging historical metadata. We define the
search space as the Cartesian product S = M x T,
where M = {my,...,mys} denotes the set of
candidate LLMs and 7 = {ty, ..., tr} represents
the available tools.

Given OQirain = {qi}f\il denote the training
queries set, we map each query ¢; into a D-
dimensional latent manifold using a pre-trained
encoder: v; = £(g;) € RP. To capture the seman-
tic task distribution, we partition the embedding
space into K disjoint clusters {Cy, }*_; by minimiz-
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where i, represents the semantic centroid of clus-
ter Cx. The clustering process effectively groups
queries with similar reasoning requirements and
tool affinities.

We derive empirical statistics from the training
observations for each modal-tool pair (m,t) € S
within the cluster C. The empirical accuracy is
defined as the success rate of the pair (m, t) on the
cluster Cy:

Ac Z

m t) solves ql] )
Gl k| .

where 1[-] denotes the indicator function.

Simultaneously, we model the operational cost
to account for resource consumption, which is com-
puted based on the average token throughput ob-
served during the profiling phase:

Cost ,(Cm g

- Ni(nmyt) ' Pi(nm’t) +N(§171ré’t) ' out 7 (3)
where Ni, and Nyt represent the mean input and
output token counts for the cluster, while P, and
P, denote their respective unit prices.

To facilitate a flexible trade-off between reason-
ing performance and inference cost, we define a

cluster-level utility score Uy (m, t) as:

(1—a)-Acc™"

7

Ur(m,t) = —a- Costk , (@)
where « € [0, 1] is a hyperparameter that balances
the performance-cost trade-off.

At inference time, the framework performs low-
latency orchestration by projecting a novel query g;
into the latent manifold v; = £(g;). The routing is
executed via a proximal cluster lookup, where the
query is assigned to k* = argminy [|v; — .
Subsequently, the system retrieves the optimal
model-tool pair for execution:

(m*,t") = arg max Uy«(m,t). ®)
(m,t)eS

By caching heterogeneous synergies within the
embedding space, this empirical strategy enables
real-time, cost-aware tool invocation with constant-
time complexity relative to the number of clusters.

3.2 RL-Driven Multi-Step Routing

While the empirical strategy excels in low-latency
routing, it is inherently limited by its reliance on a
single-shot decision. To address complex tasks that
demand multi-round reasoning and iterative model-
tool interactions, we introduce an RL-driven strat-
egy that instantiates the router as an autonomous
agent capable of interleaving internal reasoning
with external invocation.

We model this process as a sequential decision
task over a maximum horizon Ti,,x. For a given
query ¢;, the agent maintains an evolving state
st = {q;,C:}, where C; represents the accumu-
lated context of previous reasoning trajectories and
tool outputs. At each step ¢, the policy 7 sam-
ples an action a; from the augmented action space
A, comprising two types of operations: (1) Inter-
nal Reasoning (think), where the agent performs
local chain-of-thought processing to decompose
complex queries or synthesize intermediate results;
and (2) Dynamic Routing (route), where the agent
selects a specific model-tool pair (m,t) € S from
the routing pool to gather external observations oy.
This iterative loop ensures that the agent can adap-
tively refine its search space based on real-time
feedback from the environment until an answer is
extracted or the maximum step limit is reached.

To optimize this decision-making process, we
train the policy 7 using Proximal Policy Optimiza-
tion (PPO) (Schulman et al., 2017), which maxi-
mizes the following regularized objective:

(]g; P)
Wref(TIQ; ,P) ’

— Blog

mf}X EqN'D,Twﬂ' Tqb(% 7—)

where T is the interaction trajectory, s is a refer-
ence policy to ensure training stability, and (5 is the
KL-regularization coefficient.

We design the reward function r as a composite
of three finely-tuned rule-based signals (detailed
in Appendix A.2) including format reward (Rmy),
outcome reward (R o) and model selection reward
(Rse1), bridging the gap between structured execu-
tion and task correctness, formally:

* Format Reward (Rgmt): A signal enforces
structural integrity by penalizing trajectories
that deviate from the predefined format and
tool-invocation syntax.

* Outcome Reward (Rqyt): A binary signal
that directly aligns the policy with task cor-
rectness.
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* Model Selection Reward (Rg): A penalty-
based signal guides the agent toward optimal
efficiency by penalizing the selection of sub-
optimal models.

The final reward is computed as:
T¢ = Remt + YRout + ERsel, (7)

where v and ¢ are hyperparameters. This frame-
work facilitates autonomous orchestration, as the
model learns to assess the sufficiency of its internal
state before invoking external resources. By de-
coupling routing logic via the R signal, ATLAS
internalizes the fundamental alignment between
domains and tool utilization rather than memoriz-
ing rigid model-tool mappings. This design ensures
that the routing policy captures the essential charac-
teristics of expertise distribution, remaining robust
and generalizable even as the available tools and
models evolve in dynamic environments.

4 Experiments

This section presents a comprehensive evaluation
of ATLAS, covering main results across multi-
domain benchmarks (§ 4.2), multi-modal visual
reasoning (§ 4.3), model-tool pool extensions
(§ 4.4), and further analysis on reasoning bound-
aries, model-tool alignment preferences, and RL
convergence dynamics (§ 4.5).

4.1 Experimental Settings

Models Selection. To evaluate ATLAS’s gener-
alization across model architectures and scales,
we select six heterogeneous open-source LLMs:
Qwen2.5-7B-Instruct (Yang et al., 2024a), Llama-
3.1-8B-Instruct (Dubey et al., 2024), InternLM3-
8B-Instruct (Cai et al., 2024), DeepSeek-R1-Distill-
Qwen-7B (Guo et al., 2025), Qwen2.5-Coder-7B-
Instruct (Hui et al., 2024), and a multi-modal LLM
Qwen3-8B-VL-Instruct (Yang et al., 2025). This
diverse selection allows us to observe how different
models synergize with specific external tools.

Tool Definition. We introduce two tool sets for
textual and visual reasoning:

* Foundation Tools: This set includes four es-
sential tools: (1) Code Interpreter, a Python
execution environment for algorithmic and
logical verification; (2) Web Search for re-
trieving real-time open-domain information;
(3) Calculator for high-precision numerical

computation; and (4) Process Reward Model
(PRM) for scoring and ranking model outputs.

* Multi-modal Tools: (1) Qwen3-Chart for
chart data extraction; (2) Qwen3-Counting for
enumerating objects in images; (3) Qwen3-
Geo for parsing geometric properties and per-
forming post-hoc self-verification of geomet-
ric proofs; and (4) Hunyuan-OCR (Team et al.,
2025) for text extraction from images. The
first three tools use Qwen3-8B-VL with task-
specific prompts, due to the underperformance
of most existing specialized tools.

Benchmarks and Baselines. We evaluate on
multi-domain tasks: (1) mathematical reasoning:
AIME2024 (MAA, 2024), AIME2025 (MAA,
2025), AMC (Lightman et al., 2023); (2) code gen-
eration: HumanEval (Chen, 2021), MBPP (Austin
et al., 2021); (3) arithmetic reasoning: Cal-
culator (Wu et al., 2025d); (4) commonsense
reasoning: NQ (Kwiatkowski et al., 2019),
WebQ (Berant et al., 2013); (5) logical reason-
ing: LogiQA2 (Liu et al., 2023); (6) scientific rea-
soning: GPQA (Rein et al., 2024). Furthermore,
we extend our evaluations to multi-modal bench-
marks, including ChartQA (Masry et al., 2022),
Geometry3K (Lu et al., 2021), TallyQA (Acharya
et al., 2019), CountBench (Paiss et al., 2023), and
TableVQA (Kim et al., 2024). We use accuracy
as the primary metric. Baselines include Zero-
shot/Few-shot Router, Random Router, Rou-
terDC (Chen et al., 2024), MLPRouter (Hu et al.,
2024), and BertRouter (Ong et al., 2024). Details
are provided in Appendix B.

Implementation Details. For RL experiments,
we adopt Qwen2.5-3B-Instruct as the policy model
for model-tool selection. The policy is optimized
with a batch size of 32 for 250 training steps, and
the learning rate is set to 1 x 1076, More details
are provided in Appendix B.4.

4.2 Main Results

Table 1 presents a comprehensive evaluation of our
framework against various routing baselines across
in-distribution and out-of-distribution tasks.

4.2.1 In-Distribution Performance

Under the in-distribution setting, where training
data for all tasks is accessible, ATLAS(cluster)
achieves 63.5% average accuracy, surpassing the
strongest baseline RouterDC by 10.1%. This ad-
vantage is pronounced on rigorous mathematical
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Table 1: Performance comparison across diverse tasks and domains. In-Distribution: All datasets have training
data available, so evaluation is in-distribution. Out-of-Distribution: Models are trained only on Calc., NQ, and
MBPP (in-distribution, marked as 1), then evaluated on all datasets (out-of-distribution for AIME24, AIME25,
AMC, HumanEval, WebQ, LQA2, and GPQA). Zero-shot Router uses direct prompting without examples, while
Few-shot Router uses prompting with examples. The best results are highlighted in bold.

Math Reasoning

Code Arith. Common. Logic Sci.

Method Avg.
AIME24 AIME25 AMC Human. MBPP¥ Calet NQf WebQ LQA2 GPQA
Closed-Source Models
Gemini2.5-Pro 92.0 86.7 62.5 81.5 83.7 64.7 59.2 635 78.9 84.0 75.6
GPT-5 93.3 94.6 97.5 93.4 98.4 82.9 59.3 61.5 83.8 85.7 85.0
GPT-4.1 46.7 333 82.5 92.1 57.7 62.0 54.5 61.5 78.2 62.1 63.0
GPT-40 13.3 6.7 45.8 85.4 82.6 58.1 594  63.0 72.9 444 53.1
Training-free Baselines
ZS Router 133 6.7 325 53.0 64.2 55.7 292 392 45.3 24.6 36.4
FS Router 23.3 13.3 40.0 68.9 64.7 47.2 27.3 35.8 40.8 25.9 38.7
Random Router 6.7 33 15.0 37.8 52.6 40.2 253 32.1 49.2 30.6 29.3
In-Distribution Performance
ReAct (Yao et al., 2023) 133 13.3 37.5 64.6 71.4 48.5 31.3 38.4 45.3 353 39.9
Reflexion (Shinn et al., 2023) 13.3 13.3 40.0 61.0 73.4 52.1 346  36.8 46.7 33.9 40.5
RouterDC 40.0 233 62.5 80.5 777 74.9 412 476 472 39.1 53.4
MLPRouter 26.7 10.0 45.0 76.2 68.7 48.2 32.1 40.4 41.2 34.8 423
BertRouter 30.0 13.3 45.0 75.4 72.1 77.1 38.9 50.4 47.1 36.6 48.6
ATLAS (cluster) 43.3 40.0 82.5 91.5 83.6 83.3 438 536 66.8 46.4 63.5
Out-of-Distribution Performance
ReAct 6.7 33 325 66.5 72.5 52.4 32.8 36.0 40.2 27.2 37.0
Reflexion 6.7 6.7 37.5 64.0 72.9 50.7 349 37.2 439 28.8 38.3
RouterDC 13.3 33 47.5 79.2 78.7 70.8 40.1 50.8 50.4 28.6 46.3
MLPRouter 13.3 33 325 75.0 67.7 54.6 373 43.7 389 26.8 39.3
BertRouter 6.7 6.7 40.0 78.7 79.0 67.0 38.9 51.4 40.3 27.7 43.6
ATLAS (cluster) 133 33 47.5 91.5 83.6 83.3 43.8 51.4 45.6 29.0 49.2
ATLAS (RL) 43.3 333 67.5 85.4 81.8 81.6 44.1 52.2 62.7 42.0 59.4

reasoning: ATLAS achieves 40.0% on AIME2S and
82.5% on AMC (+16.7% and +20.0% over Rou-
terDC). Notably, ATLAS(cluster) exceeds GPT-40
(53.1%) and approaches GPT-4.1 (63.0%), demon-
strating that strategic model-tool orchestration en-
ables a reasoning engine of smaller-scale models
to rival larger proprietary systems.

This performance stems from exploiting rich
empirical priors through semantic embedding.
By mapping queries into structured clusters and
caching historical performance patterns, the frame-
work achieves near-optimal task-configuration
alignment. In contrast, supervised routers like
BertRouter and MLPRouter struggle with non-
linear decision boundaries in heterogeneous model-
tool spaces. Their classification-based selection
fails to capture nuanced synergies from domain-
specific pairings, resulting in suboptimal routing.

4.2.2 Generalization Scenarios

When facing out-of-distribution (OOD) challenges,
ATLAS(cluster) suffers significant degradation (e.g.,
dropping from 40.0% to 3.3% on AIME25) as well
as other baselines, whereas ATLAS(RL) maintains
an average accuracy of 59.4% with 10.2% higher
than ATLAS(cluster) (49.2%) and 13.1% higher

than RouterDC (46.3%). The gap is most strik-
ing in mathematical reasoning: on AIME24 and
AIME?25, ATLAS(RL) sustains 43.3% and 33.3%
accuracy, respectively, while the clustering method
achieves only 13.3% and 3.3% (a 10x difference).
This indicates that the RL path learns transferable
collaborative decision principles rather than task-
specific mappings.

ATLAS(RL) autonomously explores effective
trajectories through multi-faceted reward signals,
learning generalizable patterns of model-tool syn-
ergies: when to invoke symbolic tools for verifica-
tion or route to reasoning-specialized models rather
than memorizing task-specific mappings. This en-
ables robust transfer, maintaining competitive per-
formance on unfamiliar tasks like AIME24 (43.3%)
and GPQA (42.0%), approaching or exceeding
GPT-40 despite using only 7B and 8B models.
These results confirm that RL-driven component
provides essential generalization capability, effec-
tively bridging established domain expertise and
unseen reasoning challenges.

4.3 Multi-modal Tool Orchestration

To evaluate ATLAS on multi-modal tasks, we
benchmark it against single-tool baselines across
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Table 2: Performance evaluation under dynamic routing pool extensions. { denotes results after integrating
domain-specialized models (Llama-3.1-8B-UltraMedical, Qwen2.5-Math-7B-Instruct) and an Outcome Reward
Model into the routing pool. I marks in-domain benchmarks; all others are out-of-domain. Best results are in bold.

Math Reasoning

Code

Arith. Common. Logic Sci.

Method Avg.
AIME24  AIME25 AMC  Human. MBPP¥  Cale.t NQf  WebQ LQA2 GPQA

ZS Router 133 6.7 32.5 53.0 64.2 557 292 392 453 246 364

ZS Router' 20.0 133 37.5 524 63.1 550 287 389 459 257 380

FS Router 233 133 40.0 68.9 64.7 472 2713 358 40.8 259 387

FS Router| 267 16.7 415 70.7 63.8 465 259 362 417 250 400

RandomRouter 6.7 33 15.0 37.8 52.6 402 253 321 492 306 293

RandomRouter 3.3 3.3 17.5 35.4 52.0 413 227 315 49.8 301 287

BertRouter 267 16.7 425 76.8 72.6 627 354 498 525 333 469

BertRouter 33.3 20.0 50.0 75.0 73.0 613 362 501 534 324 484

ATLAS (RL) 433 333 67.5 85.4 81.8 81.6 441 522 627 420 594

ATLAS (RL) 50.0 40.0 70.0 84.2 81.8 824 453 528 64.8 451 617
= None Qwen3-Chart Qwen3-Geo with three additional components: Llama-3.1-8B-

OCR Qwen3-Counting ATLAS (ours) . . .
9% UltraMedical (Zhang et al., 2024) for biomedical
s reasoning, Qwen2.5-Math-7B-Instruct (Yang et al.,
g 2024b) for mathematical problem-solving, and an
g% Outcome Reward Model for solution verification.
§45 Notably, our policy is trained exclusively on the
original pool of 5 models and 4 tools; the newly
30 . .
added components are introduced only at inference
C-QA T-VQA Geo3K Tally Count Avg

Figure 4: Performance comparison of ATLAS against
single-tool baselines across multi-modal benchmarks.
‘None’ denotes direct reasoning without any tools. AT-
LAS achieves the highest accuracy.

five visual understanding and reasoning datasets, as
shown in Figure 4. ATLAS achieves an average ac-
curacy of 68.9% through dynamic tool invocation,
outperforming the strongest single-tool baseline
by 4.3%. Notably, ATLAS surpasses all individ-
ual tool in each task category. For example, ex-
ceeding the best single tool (Qwen3-Chart, 83.0%)
on ChartQA and overcoming the performance lim-
itations of single tools (e.g., Qwen3-Chart only
achieves 50.2% on Geometry3K). This reveals that
adaptive model-tool routing effectively integrates
internal reasoning with external tool augmentation,
thus establishing strong effectiveness on complex
multi-modal tasks. Detailed results are provided in
Appendix C.2.

4.4 Generalization Toward Dynamic
Model-Tool Synergy

A practical orchestration framework must accom-
modate an evolving ecosystem where new models
and tools are continuously introduced. To evalu-
ate this extensibility, we expand the routing pool

time without any retraining. This extension sub-
stantially increases the combinatorial search space,
posing a more challenging routing problem.

As shown in Table 2, ATLAS(RL) exhibits
strong adaptability, improving from 59.4% to
61.7% (+2.3%) after pool extension. Gains are
most pronounced on mathematical benchmarks:
AIME24 (+6.7%) and AIME25 (+6.7%), confirm-
ing effective utilization of the newly added math-
specialized model and verification tool. In contrast,
baseline methods show limited or inconsistent re-
sponses: BertRouter gains only +1.5%, while Ran-
domRouter degrades due to the expanded search
space. This disparity arises because classifier-based
routers learn fixed decision boundaries that become
misaligned with new candidates, whereas ATLAS
learns transferable routing principles through RL
exploration, enabling seamless integration of new
components without retraining.

4.5 Discussion

Evaluation on Reasoning Capacity Boundary.
Inspired by (Yue et al., 2025a), we implement the
pass @k metric to measure the reasoning capacity
boundary of ATLAS(RL), where pass @k equals 1
if at least one of k sampled outputs passes verifi-
cation. As shown in Table 3, RL training yields

17509



Table 3: Reasoning capacity boundary analysis of ATLAS(RL). We report the pass @k metrics across diverse
benchmarks to evaluate the exploration (X = 1) and the potential reasoning upper bound (k = 16).

Math Reasoning Code Arith. Common. Logic Sci. Ave
AIME24  AIME25 AMC  Human. MBPP¥  cale.t NQf  WebQ LQA2 GPQA
Pass@ [ Results with/without ATLAS RL Training
w/o 13.3 6.7 32.5 53.0 64.2 55.7 29.2 39.2 45.3 24.6 36.4
w 43.3 333 67.5 85.4 81.8 81.6 44.1 52.2 62.7 42.0 59.4
VAN +30.0 +26.6 +35.0 +32.4 +17.6 +25.9 +14.9 +13.0 +17.4 +17.4 +23.0
Pass@ 16 Results with/without ATLAS RL Training
w/o 16.7 13.3 40.0 73.1 73.9 70.6 36.8 48.8 47.0 27.2 447
w 50.0 36.7 75.0 89.6 84.5 83.3 46.9 54.9 64.4 45.8 63.1
AN +33.3 +23.4 +35.0 +16.5 +10.6 +12.7 +10.1 +6.1 +17.4 +18.6 +18.4
14 0.8
135 0.4 With Model Selection
K] = Tos a2 Without Model Selection
=13 5 204
o 123 3 g
1.22 D04
812 e 2
© c 3 0.2
P g 0.2 £
3: 11 s With Model Selection W 0.1
0.0 Without Model Selection
O A24A125 AM Hu. MB. Ca. NQ We. LQ. GP. 0 50 100 150 200 250 0 50 100 150 200 250
Datasets Training Steps Training Steps

(a) Average LLM API Calls

(b) Reward Convergence

(c) Entropy Loss

Figure 5: Analysis of LLM API call count and ATLAS(RL) training dynamics.

an absolute improvement of +23.0% in pass@1
accuracy (from 36.4% to 59.4%), demonstrating
significantly optimized exploration efficiency. At
pass@16, the upper bound reaches 63.1% (+3.7%),
indicating that ATLAS(RL) already operates near
its reasoning capacity ceiling, efficiently converg-
ing to optimal solutions without requiring extensive
sampling. The trained model maintains substantial
advantages across all tasks even at pass@ 16, with
gains ranging from +6.1% to +35.0%, confirming
that RL training effectively enhances agentic rea-
soning potential.

Analysis of LLM API Call Count. Asillustrated
in Figure 5a, ATLAS exhibits highly task-adaptive
invocation patterns. For challenging reasoning-
intensive tasks like AIME25 and GPQA, API calls
increase significantly as the RL policy allocates
higher computational budgets through multi-round
routing and verification. Conversely, for straightfor-
ward retrieval tasks like WebQ and NQ, call counts
remain minimal. This differentiated distribution
confirms that ATLAS balances reasoning perfor-
mance and inference cost, effectively suppressing
redundant invocations where simpler models or
fewer rounds suffice.

Analysis of RL Training Convergence. We
validate the RL-driven routing policy’s stability

through reward and entropy evolution during train-
ing. Figure 5b shows that incorporating model
selection reward (Rs) yields faster convergence
to a higher plateau compared to the baseline, guid-
ing the agent toward higher-yield decision regions.
Figure 5c demonstrates that the ATLAS configura-
tion achieves a much sharper reduction in entropy
compared to the ablation group, reaching a lower
terminal value. This indicates that the router suc-
cessfully transitions from stochastic exploration to
a deterministic, high-confidence decision-making
state, ensuring both the robustness and predictabil-
ity of the routing process.

Statistical Significance. To verify that the ob-
served gains are not due to chance, we conducted
the Wilcoxon signed-rank test (Kotz and Johnson,
1992)—a nonparametric paired test that requires no
normality assumption—Dby pairing ATLAS against
the strongest baseline (RouterDC) across all bench-
marks in Table 1. For in-distribution settings the
test yields p = 9.7 x 107 (p < a=0.05), deci-
sively rejecting Hy and confirming that ATLAS’s
superiority is statistically significant. Equivalent
significance (p < 0.05) is observed in the OOD set-
ting. Variance analysis across three repeated runs
further confirms stability: e.g., ATLAS(Cluster)
achieves 82.5 4+ 2.5 on AMC and 91.5 £ 1.6 on
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HumanEval (in-distribution).

More Discussion. Due to space, we include more
discussions in Appendix, including detailed multi-
modal results (C.2), test-time scaling (C.3), anal-
ysis of model-tool preferences (C.4), ablation on
reward design (C.7), and sensitivity analysis (C.8).

5 Conclusion

We present ATLAS, a generalizable framework for
dynamic model-tool alignment through dual-path
architecture: training-free cluster-based routing for
domain-specific efficiency and RL-driven explo-
ration for open-domain adaptability. ATLAS rivals
or exceeds powerful closed-source models across
diverse benchmarks, demonstrating a paradigm
shift from model-centric scaling to ecosystem-
centric orchestration. Experimental results show
that strategic coordination of heterogeneous model-
tool combinations unlocks superior reasoning while
maintaining efficiency. As model and tool ecosys-
tems continue to evolve, such orchestration rea-
soning systems will become essential for next-
generation autonomous agents that address com-
plex real-world challenges.

Limitations

While ATLAS demonstrates strong performance
across diverse benchmarks, several limitations war-
rant discussion. First, our current evaluation fo-
cuses primarily on text-based and visual reasoning
tasks; extending to other modalities (e.g., audio,
video) remains unexplored. Second, our framework
assumes reliable API access to candidate models
and tools-network latency or service unavailabil-
ity in real-world deployments may impact perfor-
mance. We plan to investigate more lightweight
policy architectures and robust fallback mecha-
nisms in future work.
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A Details of Methodology
A.1 Complete Algorithm Implementations

We provide detailed implementations about
training-free cluster-based routing (Algorithm 1),
and RL-driven Multi-step Routing (Algorithm 2).

A.2 Detailed Specification of Reward Signals

To bridge the gap between structured interaction
and task-specific accuracy, ATLAS employs a com-
posite reward function 74 = Rm¢ + YRout + {Rosel-
This section provides the formal definitions and
criteria for each reward component.

Format Reward (R¢y:) The format reward en-
sures that the RL agent adheres to the predefined
syntactic protocols, which is essential for stable
parsing and environment interaction. Ry is set to
0 if all the following conditions are satisfied, and
—1 otherwise:

* Tag Integrity: All XML-style tags (e.g.,
<think>, <route>, and <answer>) must be
correctly opened and closed in a nested or
sequential manner.

* Invocation Syntax: Tool calls within the
search block must strictly follow the for-
mat Model-Name@@Tool-Name:Input. Fur-
thermore, the specified model and tool names
must exist within the active routing pool P.

* Mandatory Reasoning: The trajec-
tory must contain at least one complete
<think>...</think> block to ensure
internal deliberation before an action or
answer.

* Uniqueness of Response: The trajec-
tory must conclude with exactly one
<answer>...</answer> block.

* Execution Consistency: To maintain the in-
tegrity of the multi-step interaction, the num-
ber of search calls initiated by the agent must
strictly match the number of information
blocks returned by the environment.

Outcome Reward (Royt) The outcome reward
serves as the primary signal for task success. Itis a
binary indicator evaluated upon the completion of
the trajectory:

1,
Rout = {0’

if the answer y; is correct, 8)

otherwise.

Model Selection Reward (Rg) To encourage
the agent to select the most efficient and capable ex-
pert for a given domain, we introduce an alignment-
based penalty. The “optimal model” for each task
is pre-determined as follows:

* For the MBPP dataset, the optimal model is
defined as Qwen2.5-Coder-7B-Instruct.

* For the Calculator and NQ datasets, the opti-
mal model is identified via an offline evalua-
tion where GPT-40 judges the best-performing
candidate from the pool for each specific

query.

The reward is then formulated to penalize sub-
optimal invocations:

0,
Reet = {—0.15,

B Additional Experimental Details

if select the optimal model,

otherwise.

€))

B.1 Datasets

The datasets utilized in this paper are summarized
in Table 4. Below, we provide detailed descrip-
tions of each benchmark to illustrate the diverse
reasoning capabilities required by our framework.

Mathematical Reasoning.

* AIME 2024 & AIME 2025 (MAA, 2024,
2025): The American Invitational Mathe-
matics Examination (AIME) is a prestigious
15-question, 3-hour test designed for high-
performing high school students. We evaluate
on the 2024 and 2025 editions, each containing
30 problems that demand advanced problem-
solving skills, strategic thinking, and precise
numerical computation.

* AMC (Lightman et al., 2023): The American
Mathematics Competitions (AMC) consist of
multiple-choice problems ranging from elemen-
tary to intermediate difficulty. Our evaluation
set includes 40 problems that assess fundamen-
tal mathematical reasoning and computational
proficiency.

Arithmetic Reasoning.

e Calculator (Wu et al., 2025d): A benchmark
containing 1,000 complex arithmetic problems
requiring precise numerical computation. These
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Algorithm 1 Training-free Cluster-based Routing

Input: Test query g;, cluster centroids {11, . ..

performance-cost trade-off parameter «;

, K¢ }, historical performance statistics Stats[k][(m, )],

Output: Optimal model-tool pair (m*,t*) and the generated response y;;

// Step 1: Query Representation

: vj < Embed(q;)

// Step 2: Semantic Clustering

k* arg minke{lw,K} diSt(Vj, ,uk)
// Step 3: Dynamic Selection

if Stats[k*] is not empty then

for each candidate pair (m,t) € M x T do

> Project query into the latent embedding manifold

> Find the nearest semantic cluster centroid

L{,S*ﬂ’t) + (1 — «) - Accuracy(Stats[k*]) — o - Cost(Stats[k*])

end for

(m*,t*) < arg max(y, Ui
else

(m*,t*) « FallbackStrategy(q;)
end if

. y; < Execute(m*, t*, q;)
: return y;

> Select the optimal combination

> Handle out-of-distribution queries

> Invoke the selected model with the specific tool

problems test the model’s ability to recognize
when external calculation tools are necessary
and to correctly formulate and interpret com-
putational results, evaluating the integration of
reasoning and tool invocation.

Code Generation.

HumanEval (Chen, 2021): This benchmark
comprises 164 hand-crafted programming prob-
lems designed to evaluate code synthesis ca-
pabilities. Each problem includes a function
signature, docstring, body, and unit tests. So-
lutions require understanding natural language
specifications and generating functionally cor-
rect Python code.

MBPP (Austin et al., 2021): The Mostly Basic
Programming Problems (MBPP) dataset con-
tains 974 crowd-sourced Python programming
problems designed for entry-level programmers.
Problems are described in natural language and
require generating short Python functions, typi-
cally 1-10 lines of code. This benchmark tests
basic programming constructs including loops,
conditionals, and string manipulation.

Commonsense Reasoning.

Natural Questions (NQ) (Kwiatkowski et al.,
2019): A question-answering dataset contain-
ing real user queries issued to Google Search.

17517

Questions span diverse topics and require re-
trieving and synthesizing information from
Wikipedia articles. This benchmark evaluates
knowledge-intensive reasoning and information
retrieval capabilities.

Web Questions (WebQ) (Berant et al., 2013):
A dataset of 1,000 questions designed to test
knowledge-based question answering. Ques-
tions are sourced from web search queries
and require retrieving factual information from
knowledge bases, evaluating the model’s ability
to access and reason over external knowledge
sources.

Logical Reasoning.

* LogiQA2 (Liu et al., 2023): An improved

version of LogiQA containing 1,572 multiple-
choice logical reasoning problems. Questions
are sourced from standardized exams and re-
quire identifying logical relationships, drawing
inferences, and evaluating argument structures.
This benchmark tests formal reasoning capabil-
ities including deductive, inductive, and abduc-
tive reasoning.

Scientific Reasoning.

« GPQA (Rein et al.,, 2024): The Graduate-

Level Google-Proof Q&A benchmark consists



Algorithm 2 RL-driven Multi-step Routing

Input: Query g;, policy 7y, reference g, pool P, parameters Tinax, 0, 3,7, &;
Output: Response y; and trajectory 7;

1:

—_— = = =

14:
15:
16:
17:
18:
19:

R A O S i

// Step 1: Initialization
7+ 0, Co + 0, 50 + {g;,Co}
// Step 2: Multi-step Reasoning Loop

:fort =0to Tpax — 1 do

ar ~ mo(- | ¢, P) > Action a; € {think, route(m, tol)}
if a; = think then

oy < mg.Reasoning(s;) > Internal reasoning
else

oy < Execute(m, tiol, St) > Dynamic routing and tool invocation
end if
Cir1 < CyU{ag, 04}, 5041 < {45, Cry1}
T+ 7U{(s¢,a¢,00)}
if a; contains Final Answer then break

: end for
: y;j < ParseAnswer(7) > Answer extraction

// Step 3: Policy Update (Training Mode)
if training_mode then
T¢ (T) — Rimt + YRout + gnsel
7o (T

Ly — [r¢(7) log (1) — B - log )
Update 6 via PPO update rule: VyLy
end if

return (y;, 7)

Table 4: Detailed information on the datasets and test set sizes used in our experiments.

Category Dataset #Test Samples
AIME 2024 (MAA, 2024) 30
Mathematical Reasoning ~ AIME 2025 (MAA, 2025) 30
AMC (Lightman et al., 2023) 40
. HumanEval (Chen, 2021) 164
Code Generation MBPP (Austin et al., 2021) 974
Arithmetic Reasoning Calculator (Calc.) (Wu et al., 2025d) 1000
Commonsense Reasonin Natural Questions (NQ) (Kwiatkowski et al., 2019) 1200
£ Web Question (WebQ) (Berant et al., 2013) 1000
Logical Reasoning LogiQA2 (Liu et al., 2023) 1572
Scientific Reasoning GPQA (Rein et al., 2024) 448
ChartQA (Masry et al., 2022) 500
. . Geometry3K (Lu et al., 2021) 601
M““;fg‘ﬁiszir;"‘puon TallyQA (Acharya et al., 2019) 498
& CountBench (Paiss et al., 2023) 491
TableVQA (Kim et al., 2024) 500
of 448 multiple-choice questions across biol- experts with PhD-level knowledge. Questions
ogy, physics, and chemistry, written by domain are designed to be difficult even for experts and
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require deep domain understanding beyond sim-
ple fact retrieval.

Multi-modal Reasoning.

e ChartQA (Masry et al., 2022): A vi-
sual question-answering benchmark containing
questions about various chart types (bar charts,
line graphs, pie charts). Questions require ex-
tracting quantitative information from visual
representations and performing numerical rea-
soning, testing the integration of visual percep-
tion and mathematical computation.

* Geometry3K (Lu et al., 2021): A comprehen-
sive geometry problem-solving dataset compris-
ing multiple problems with diagram annota-
tions. Problems involve diverse geometric con-
cepts including angles, areas, perimeters, and
spatial relationships. This benchmark evaluates
visual-geometric reasoning and the ability to
apply mathematical principles to diagrammatic
representations.

* TallyQA (Acharya et al., 2019): A visual count-
ing dataset containing complex counting ques-
tions across diverse real-world images. Ques-
tions range from simple object counting to com-
plex scenarios requiring spatial reasoning and
selective attention. This benchmark tests fine-
grained visual perception and numerical reason-
ing capabilities.

e CountBench (Paiss et al., 2023): A specialized
counting benchmark with questions designed to
evaluate precise object enumeration in images.
Unlike traditional counting tasks, CountBench
emphasizes accuracy on challenging cases in-
volving occlusions, similar objects, and clut-
tered scenes, requiring robust visual understand-
ing.

* TableVQA (Kim et al.,, 2024): A vi-
sual question-answering benchmark contain-
ing questions about tables across multiple do-
mains. Questions require understanding table
structures, extracting relevant information, and
performing reasoning over tabular data, evalu-
ating the integration of visual perception and
structured data comprehension.

These diverse benchmarks collectively assess the
framework’s ability to dynamically select optimal
model-tool combinations across varying task re-
quirements, ranging from symbolic mathematical
reasoning to multi-modal visual understanding.

B.2 Baselines

In our experiments, we compare the proposed meth-
ods against six baseline approaches. Below, we
provide detailed descriptions of each baselines.

e Zero-shot (ZS) Router: A baseline that di-
rectly prompts a base LLM to select the most
suitable candidate model-tool combination
from the available pool without prior exam-
ples.

¢ Few-shot (FS) Router: An extension of the
zero-shot approach that incorporates several
in-context examples to provide the base LLM
with task-specific demonstrations and routing
guidance.

* Random Router: A stochastic baseline that
selects a candidate model-tool combination
uniformly at random from the candidate pool
for each query.

* RouterDC (Chen et al., 2024): A routing
framework based on dual contrastive learn-
ing that maps queries and model-tool com-
binations into a shared embedding space. It
utilizes sample-LLM and sample-sample con-
trastive losses to optimize query-model align-
ment and selects the optimal combination via
cosine similarity.

e MLPRouter (Hu et al., 2024): A
classification-based framework that trains an
MLP for each model-tool combination. Each
MLP predicts the success probability of its
corresponding combination, and the one with
the highest output is selected.

* BertRouter (Ong et al., 2024): A router utiliz-
ing a pre-trained mDeBERTaV3-base encoder
(He et al., 2021) with an integrated classifica-
tion head to predict the accuracy of model-tool
pairings, following a selection logic similar to
MLPRouter.

B.3 Evaluation Details.

Our experiments employ two evaluation proto-
cols: In-Distribution (ID), where each dataset
has its own training split, and Out-of-Distribution
(OOD), where models are trained exclusively on
three datasets (Calculator, NQ, MBPP) and eval-
uated on all ten benchmarks, making AIME24,
AIME25, AMC, HumanEval, WebQ, LogiQA2,
and GPQA fully out-of-domain. For cluster-based
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routing in OOD settings, semantic clusters and per-
formance statistics are derived solely from the three
training datasets; test queries from unseen domains
are assigned to the nearest cluster based on seman-
tic similarity, without accessing any OOD test set
information. This design reflects realistic domain-
specific scenarios but inevitably suffers from clus-
ter misalignment on unfamiliar tasks (49.2% OOD
vs. 63.5% ID, Table 1). In contrast, RL-based
routing learns transferable patterns (when to in-
voke symbolic tools or defer to specialized mod-
els) that generalize beyond training distributions,
achieving 59.4% OQOD accuracy. Importantly, no
test set information is leaked: all routing decisions
rely purely on query embeddings and training do-
main statistics, ensuring evaluation integrity and
demonstrating that gains stem from our dual-path
architecture’s complementary strengths.

B.4 Implementation Details

Hyperparameters for Cluster-based Routing.
We set the number of cluster centers to 8 and em-
ploy the KMeans algorithm with the following hy-
perparameters: the cluster centers are initialized
using the k-means++ method to accelerate conver-
gence; the algorithm is allowed up to 1000 itera-
tions per run; the number of initializations is set
to automatic selection, the hyperparameter « in
Equation 4 is set to 0.5; and the Elkan variant of
KMeans is used for computational efficiency.

Hyperparameters for RL Training. We train
the policy model (Qwen2.5-3B-Instruct) using PPO
with generalized advantage estimation (GAE). The
training and validation batch sizes are both set to 24.
The maximum prompt length is 4096 tokens, while
the maximum response length is set to 3000 tokens.
To control context growth, the maximum lengths
for the observations are set to 2048 tokens each, and
the maximum number of interaction turns is limited
to 4. The actor is optimized with a learning rate of
1 x 1075, while the critic uses a learning rate of
1x10~°. The PPO mini-batch size and micro-batch
size for the actor are set to 12 and 6, respectively.
The KL-divergence coefficient is fixed to 0.001.
During rollout, we use a temperature of 1.0. For the
reward weights in 74 = R + Y Rout + {Rsel, We
assign v = £ = 1. All experiments are conducted
for 250 total training steps. We also provide the RL
system prompt in Figure 6.

Tool Details. We provide the system prompt for
three special multimodal tools in Figure 7-9. Re-

garding text-based tools, the Code Interpreter exe-
cutes Python code, returns the execution results,
indicates whether the execution was successful,
and reports error locations and underlying causes
in case of failures. The Web Search tool lever-
ages the official Google Custom Search API to re-
trieve the three most relevant search result snippets.
Search results are obtained by sending HTTP GET
requests to the API (https://www.googleapis.
com/customsearch/v1) with the required parame-
ters, including the API key, search engine ID, query
string, and the number of top results to return. The
Calculator parses the model output in a function-
call format to extract the mathematical expression,
computation type, and precision requirements, and
then computes and returns the result using appropri-
ate functions from the sympy library. The Process
Reward Model (PRM) runs five model outputs in
parallel, evaluates the segmented outputs using a
reward model, and selects the output with the high-
est average score as the final result. In this work,
we use the off-the-shelf Qwen2.5-Math-PRM-7B!.

Baseline Details. The original baselines perform
routing among multiple models. When evaluat-
ing these baselines, we replace the models in the
code with model-tool combinations, thereby en-
abling the baselines to route over both models and
tools simultaneously. For example, when repro-
ducing EmbedLLM (Zhuang et al., 2025), we sub-
stitute the model names in the training data with
the model-tool combination names, and replace
the model performance with the empirically mea-
sured performance of the model—tool combinations.
Apart from these modifications, all training and
evaluation procedures strictly follow the official
open-source implementations, ensuring that the re-
ported results faithfully reflect the true performance
of the baseline methods. When evaluating closed-
source models, we use exactly the same evaluation
code and prompt templates (including the use of
CoT reasoning and fixed answer formats) as those
used for other baselines and our proposed method,
ensuring a strictly fair comparison and convincing
final results.

Computing Details. All experiments are con-
ducted on eight NVIDIA A100-80GB GPUs.

'Qwen/Qwen2.5-Math-PRM-7B
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Table 5: Extended performance comparison across diverse tasks and domains. n-Distribution: All datasets
have training data available, so evaluation is in-distribution. Out-of-Distribution: Models are trained only on Calc.,
NQ, and MBPP (in-distribution, marked as 1), then evaluated on all datasets (out-of-distribution for AIME24,
AIME25, AMC, HumanEval, WebQ, LQA2, and GPQA). Zero-shot Router uses direct prompting without examples,
while Few-shot Router uses prompting with examples. The best results are highlighted in bold.

Math Reasoning

Code

Arith. Common. Logic Sci.

Method Avg.
AIME24 AIME25 AMC Human. MBPP* Calet NQf WebQ LQA2 GPQA
Closed-Source Models
Gemini2.5-Pro 92.0 86.7 62.5 81.5 83.7 64.7 59.2 63.5 78.9 84.0 75.6
Gemini2.5-Flash 88.0 78.0 72.5 80.5 82.6 58.9 54.9 61.3 74.6 78.3 73.0
GPT-5 93.3 94.6 97.5 93.4 98.4 82.9 59.3 61.5 83.8 85.7 85.0
GPT-4.1 46.7 333 82.5 92.1 57.7 62.0 54.5 61.5 78.2 62.1 63.0
GPT-40 13.3 6.7 45.8 85.4 82.6 58.1 594 63.0 72.9 444 53.1
Training-free Baselines
ZS Router 13.3 6.7 32.5 53.0 64.2 55.7 29.2 39.2 453 24.6 36.4
FS Router 233 133 40.0 68.9 64.7 47.2 27.3 35.8 40.8 259 38.7
Random Router 6.7 33 15.0 37.8 52.6 40.2 25.3 32.1 49.2 30.6 29.3
In-Distribution Performance
RouterDC 40.0 233 62.5 80.5 77.7 74.9 41.2 47.6 47.2 39.1 534
GraphRouter 30.0 16.7 50.0 78.7 75.0 72.3 37.5 49.6 45.8 37.1 493
EmbedLLM 23.3 13.3 45.0 75.6 72.0 76.7 36.8 48.3 514 35.0 47.7
MLPRouter 26.7 10.0 45.0 76.2 68.7 48.2 32.1 40.4 41.2 34.8 423
BertRouter 30.0 133 45.0 75.4 72.1 77.1 38.9 50.4 47.1 36.6 48.6
ATLAS (cluster) 43.3 40.0 82.5 91.5 83.6 83.3 43.8 53.6 66.8 46.4 63.5
Out-of-Distribution Performance
RouterDC 13.3 33 47.5 79.2 78.7 70.8 40.1 50.8 50.4 28.6 46.3
GraphRouter 16.7 33 42.5 76.2 73.4 71.2 36.5 49.3 47.2 27.7 44.4
EmbedLLM 13.3 33 45.0 79.9 73.0 79.1 414 50.2 51.5 31.7 46.8
MLPRouter 13.3 33 325 75.0 67.7 54.6 37.3 43.7 38.9 26.8 39.3
BertRouter 6.7 6.7 40.0 78.7 79.0 67.0 38.9 514 40.3 27.7 43.6
ATLAS (cluster) 13.3 33 47.5 91.5 83.6 83.3 43.8 514 45.6 29.0 49.2
ATLAS (RL) 43.3 333 67.5 85.4 81.8 81.6 4.1 52.2 62.7 42.0 594

C More Results and Analysis

C.1 Details Main Results

We provide extended comparisons in Table 5, in-
corporating additional closed-source models (e.g.,
Gemini-2.5-Flash) and routing baselines includ-
ing GraphRouter (Feng et al., 2025b) and Em-
bedLLM (Zhuang et al., 2025).

C.2 Detailed Multimodal Results

Visual perception, comprehension, and reasoning
are crucial capabilities for autonomous agents (Xie
et al., 2024; Wu et al., 2025a; Reddy and Pillai,
2025). We conduct multimodal extension experi-
ments as described in Section 4.3, with detailed
orchestration results provided in Table 6. Our
evaluation spans diverse visual reasoning tasks:
chart understanding (ChartQA (Masry et al., 2022),
TableVQA (Kim et al., 2024)), math reasoning
(Geometry3K (Lu et al., 2021)), and object enu-
meration (TallyQA (Acharya et al., 2019), Count-
Bench (Paiss et al., 2023)).

To ensure fair comparison, all configurations, in-

cluding the baseline (direct inference with Qwen3-
8B-VL), single-tool baselines, and ATLAS, share
the same foundational model (Qwen3-8B-VL) and
identical evaluation protocols. The only modi-
fication across settings is the inclusion of tool-
invocation instructions in the system prompt, which
guide the model on when and how to invoke spe-
cific tools (e.g., chart parsing, object counting, ge-
ometric reasoning). Crucially, the core reasoning
capacity and model parameters remain unchanged,
ensuring that observed performance gains stem
from adaptive tool orchestration rather than model-
level differences or prompt engineering artifacts.
The results demonstrate that ATLAS consistently
outperforms single-tool baselines across all cate-
gories, validating the effectiveness of dynamic tool
orchestration in multimodal scenarios. We plan to
explore more backbones in future work.

C.3 Test-Time Scaling Results

We analyze the scalability of our approach by in-
creasing the self-consistency (SC) sample count
on several representative benchmarks. As illus-
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Table 6: Performance comparison of ATLAS against single-tool baselines across multi-modal benchmarks.
The framework dynamically routes queries among multi-modal tools using Qwen3-VL-8B-Instruct as the backbone.
‘None’ represents direct reasoning without any tools. The best results are highlighted in bold.

Chart Understanding

Math Reasoning  Object Enumeration

Tool Avg.
ChartQA  TableVQA Geometry3K TallyQA  CountBench
None (Direct Reasoning) 81.2 64.5 579 239 84.1 62.3
+OCR 79.6 67.0 57.4 27.9 83.9 63.2
+Qwen3-Chart 83.0 62.4 50.2 32.5 87.8 63.2
+Qwen3-Counting 80.0 64.8 54.4 34.1 89.6 64.6
+Qwen3-Geo 75.8 62.4 58.7 32.9 87.8 63.5
ATLAS (ours) 84.0 68.2 65.6 36.7 90.2 68.9
/\ vs. None +2.8 +3.7 +7.7 +12.8 +6.1 +6.6

Table 7: Performance scaling with Self-Consistency
(SC) across different sample sizes.

Dataset Pass@l SC@4 SC@8 SC@16
AIME24 433 63.3 66.7 70.0
AIME25 40.0 433 46.7 50.0
AMC 82.5 92.5 95.0 97.5
Calc. 83.3 83.5 84.7 86.9
GPQA 46.4 53.6 57.1 59.4

trated in Table 7, performance across almost all
datasets shows a positive correlation with the num-
ber of samples (k). For example, on the AIME24
benchmark, SC@16 yields a significant improve-
ment from 43.3% to 70.0%. Similar findings are
also observed on other tasks, such as commonsense
reasoning and scientific reasoning. These results
demonstrate that the ensemble of model-tool com-
binations provides a more robust candidate pool for
majority voting.

C.4 Analysis of Model-Tool Alignment
Preferences

Table 8 illustrates the strategic alignment between
specific models and tools across diverse bench-
marks. In deterministic domains such as coding
(HumanEval) and advanced mathematics (AIME),
ATLAS exhibits a clear convergence, selecting
specialized pairings like Qwen2.5-Coder-7B with
Python or DeepSeek-R1 with PRM in nearly 100%
of cases. This high degree of consistency confirms
the framework’s ability to internalize the perfor-
mance advantages of domain-specific modules.

In contrast, knowledge-intensive tasks (NQ,
MedQA) trigger a transition toward retrieval-
augmented configurations, primarily utilizing
Llama-3.1-8B with Web-Search. For more com-
plex, broad-spectrum benchmarks like LQA?2, the
selection distribution becomes significantly more

granular, with the dominant combination of AT-
LAS(RL) accounting for only 56.4%. This shift
demonstrates that ATLAS avoids rigid heuristics,
instead employing a flexible orchestration strategy
that adapts to the specific nuances and difficulty of
each query.

C.5 Scalability of RL-Based Routing with
Tool Pool Size

As shown in Table 9, we evaluate how the RL rout-
ing policy scales as the tool pool grows from 2 to 8
tools:

* 2 Tools: Web-search, Python-code.
¢ 4 Tools: Above + Calculator, PRM.

* 8 Tools: Above + Reasoning Chain Refiner, Tool-
Use Backtracer, Code Debugger, Segment Re-
finer.

As tool pool size grows from 4 to 8, accuracy
improves by +1.5% on average while latency in-
creases by only ~2 s, indicating sub-linear latency
growth. This demonstrates that the RL policy ef-
fectively identifies relevant tools even as the action
space expands, owing to the transferable routing
principles learned during training.

C.6 Evaluation on Realistic Tool-Calling
Benchmark (BFCL)

We evaluate ATLAS(RL) on the Berkeley Function
Calling Leaderboard (BFCL) (Patil et al., 2025),
a benchmark specifically designed for realistic,
production-oriented tool-invocation scenarios. As
shown in Table 10, we report single-round results
across four sub-categories.

ATLAS(RL) achieves an average score of 86.0%,
surpassing all listed closed-source models and vali-
dating the effectiveness of our approach in complex,
real-world tool-calling scenarios.
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Table 8: Distribution of dominant model-tool combinations across diverse benchmarks. Dominant combination
indicates the most frequently selected model-tool pair by our framework for each specific dataset.

Dataset Dominant Combination ATLAS(Cluster) Dominant Combination ATLAS(RL)
AIME24 DeepSeek.-7B@PRM 100.0% DeepSeek.-7B@PRM 100.0%
AIME25 DeepSeek.-7B@PRM 100.0% DeepSeek.-7B@PRM 100.0%
AMC DeepSeek.-7B @PRM 100.0% DeepSeek.-7B@PRM 91.7%
Human. Coder-7B @Python 100.0% Coder-7B @Python 100.0%
MBPP Coder-7B @Python 100.0% Coder-7B @Python 100.0%
Calc. Qwen2.5-7B@Calc. 100.0% Qwen2.5-7B@Calc. 95.8%
NQ Llama3.1-8B @Search 92.8% Llama3.1-8B @Search 99.0%
WebQ Llama3.1-8B @Search 98.8% Llama3.1-8B @Search 100.0%
LQA2 Intern.M3-8B @Search 99.7% Internl. M3-8B @ Search 56.4%
GPQA DeepSeek.-7B @Python 80.4% DeepSeek.-7B @Python 95.5%
Table 9: Performance and latency under different tool pool sizes.
Number of Tools AIME25 AMC MBPP Calec. LQA2 GPQA Avg.
Accuracy (%)
2 233 60.0 72.3 56.1 60.3 40.2 52.0
4 333 67.5 81.8 81.6 62.7 42.0 61.5
8 36.7 70.0 81.8 83.3 62.9 42.9 62.9
Time Latency per Query (s)
2 67.96 34.16  3.91 0.34 1.28 75.96  30.6
4 123.15 4520 4.02 0.26 1.35 84.68  43.1
8 132.62 4484  4.85 0.42 1.65 8695 452

C.7 Ablation Study on Reward Components

To investigate individual reward contributions, we
train the RL policy without R or Ry While keep-
ing other signals intact. This addresses concerns
about potential circularity from GPT-40 judgments
in R and validates the necessity of format en-
forcement.

As shown in Table 11, removing R causes
a modest 3.1% degradation (59.4% — 56.3%),
with notable drops on mathematical reasoning
(AIME24/25: —6.6% each). However, the policy
still substantially outperforms all baselines, includ-
ing RouterDC (46.3%) and EmbedLLM (46.8%).
The retained performance (56.3% vs. 36.4% for
zero-shot) confirms that ATLAS learns effective
routing independently through Ry, and Ry, with-
out requiring external model judgments. This vali-
dates R as an efficiency-oriented auxiliary signal
rather than a necessary component.

In contrast, removing Ry leads to a more
substantial 6.1% degradation (59.4% — 53.3%),
with significant drops on mathematical reasoning
(AIME24: —10.0%, AMC: —12.5%) and code
generation (HumanEval: —7.4%). This reveals
that format enforcement is critical for maintaining
structured interaction patterns—proper tool syntax
and reasoning-action sequencing—which form the
foundation for multi-step orchestration. Without

Rtmt, the policy produces malformed tool calls that
propagate failures throughout reasoning trajecto-
ries. These results validate our design: Ry and
Rout constitute essential signals, while R pro-
vides optional efficiency guidance.

C.8 Sensitivity Analysis on Cluster Number

To evaluate the robustness of cluster-based routing
to the choice of cluster granularity, we conduct sen-
sitivity analysis by varying the number of clusters
K € {4,8,16} while keeping all other hyperpa-
rameters fixed. As shown in Table 12, the optimal
performance is achieved at K = 8 with 63.5% aver-
age accuracy, representing an 11.6% improvement
over K = 4 (51.9%) and a modest 0.7% gain over
K = 16 (62.8%). The substantial performance
drop at K = 4 suggests that overly coarse cluster-
ing fails to capture fine-grained task distinctions,
leading to suboptimal model-tool alignments, par-
ticularly evident on code generation (HumanEval:
43.3% vs. 91.5%) where diverse programming
patterns require more specialized routing. Con-
versely, increasing to K = 16 yields diminish-
ing returns, as excessively fine-grained clusters
may suffer from data sparsity within each parti-
tion, resulting in less reliable performance statis-
tics. These results demonstrate that moderate clus-
ter granularity (K = 8) strikes an effective balance
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Table 10: BFCL single-round tool invocation results.

Method Simple Multiple Parallel Multiple Parallel Avg.
03 74.3 89.0 86.5 78.0 81.9
GPT-5.2 72.9 88.0 89.0 77.5 81.9
Grok-4 67.0 93.5 89.0 87.5 84.3
Gemini-2.5-Flash 74.3 92.0 94.0 79.5 85.0
ATLAS(RL) 76.0 93.5 91.0 83.5 86.0

Table 11: Ablation study on reward components. We evaluate the impact of removing R (model selection
reward) and R, (format reward) on out-of-distribution performance. Models are trained on Calc., NQ, and MBPP
(1), then evaluated on all datasets. The best results are highlighted in bold.

Method Math Reasoning Code Arith. Common. Logic Sci. Ave.
AIME24 AIME25 AMC Human. MBPP* Calct NQf WebQ LQA2 GPQA
Training-free Baselines
ZS Router 133 6.7 325 53.0 64.2 557 292 392 453 24.6 36.4
FS Router 233 133 40.0 68.9 64.7 472 273 358 40.8 259 38.7
Random Router 6.7 33 15.0 37.8 52.6 40.2 253 321 49.2 30.6 29.3
Training-based Baselines
RouterDC 133 33 47.5 79.2 78.7 70.8  40.1 50.8 50.4 28.6 46.3
GraphRouter 16.7 33 42.5 76.2 734 71.2 365 493 472 27.7 444
EmbedLLM 133 33 45.0 79.9 73.0 79.1 414 502 51.5 31.7 46.8
MLPRouter 133 33 325 75.0 67.7 54.6 373 437 38.9 26.8 39.3
BertRouter 6.7 6.7 40.0 78.7 79.0 670 389 514 40.3 27.7 43.6
ATLAS (RL) 43.3 333 67.5 854 81.8 81.6 441 522 62.7 42.0 594
w/0 Resel 36.7 26.7 65.0 82.3 80.6 79.1 41.3 48.3 62.9 40.6 56.3
A -6.6 -6.6 -2.5 -3.1 -1.2 -2.5 -2.8 -39 +0.2 -1.4 -3.1
ATLAS (RL) 43.3 333 67.5 854 81.8 81.6 441 522 62.7 42.0 594
W/0 Rtme 333 26.7 55.0 78.0 75.4 783 416  48.0 58.2 38.4 53.3
A -10.0 -6.6 -12.5 -74 -6.4 -3.3 2.5 4.2 -4.5 -3.6 -6.1

between semantic specificity and statistical robust-
ness, though the framework remains reasonably
stable across a range of K values (62.8%—63.5%
for K € {8,16}), indicating limited sensitivity to
this hyperparameter in practical deployments.

C.9 Sensitivity of Cluster-Based Routing to
Embedding Model

As shown in Table 13, we evaluate five embedding
models spanning 300M-7B parameters to assess
whether the cluster-based routing is sensitive to
encoder choice.

Performance variance across models is minimal
(63.1%—63.9%), demonstrating that the cluster-
based routing is fundamentally robust to em-
bedding model choice. This stability arises be-
cause semantic clustering depends primarily on the
quality of the semantic embedding space rather
than encoder-specific characteristics: as long as the
encoder captures task-level semantics, the down-
stream cluster-to-performance mapping remains
effective.

C.10 Statistical Significance and Variance
Analysis

To verify result stability, we repeat each experiment
three times with different random seeds and report
mean =+ standard deviation on three representative
benchmarks in Table 14 and 15.

Beyond variance, we apply the Wilcoxon signed-
rank test (Kotz and Johnson, 1992) pairing ATLAS
against ROUTERDC across all 10 benchmarks in
Table 1. The in-domain test yields p = 9.7 x 1074
(p < 0.05), rejecting the null hypothesis Hy of
no significant difference. The OOD setting yields
equivalent significance (p < 0.05), validating both
the robustness and generalization capability of our
framework.

D Case Study

We provide some representative examples in Fig-
ures 10-14 to illustrate how ATLAS dynamically or-
chestrates model-tool combinations across diverse
reasoning tasks.
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Table 12: Sensitivity analysis on cluster number K. Performance across different cluster granularities in cluster-
based routing. All datasets have training data available (in-distribution setting).

Math Reasoning Code Arith. Common. Logic Sci.
#Cluster Avg.
AIME24 AIME25 AMC Human. MBPP* Calct NQf WebQ LQA2 GPQA
4 36.7 30.0 75.0 43.3 71.5 79.1 288 485 668 39.6 519
8 43.3 40.0 82.5 91.5 83.6 833 438 536  66.8 464 635
16 40.0 40.0 82.5 90.9 82.9 823 441 534 667 453 62.8

Table 13: In-distribution performance across embedding models (cluster-based routing).

Embedding Model AIME25 AMC MBPP LQA2 GPQA Avg.
embedding-gemma-300m 40.0 82.5 83.8 66.2 46.2 63.7
jina-embeddings-v3 40.0 80.0 83.7 66.2 45.5 63.1
nomic-embed-text-v1.5 40.0 82.5 83.7 66.1 43.1 63.1
gte-Qwen2-1.5B-instruct 40.0 82.5 83.8 66.3 46.9 63.9
gte-Qwen2-7B-instruct (ours) 40.0 82.5 83.6 66.8 46.4 63.9

Table 14: In-distribution performance comparison
(mean = std, three runs).

Method AIME2025 AMC HumanEval
RouterDC 222+19 624+43 80.5£1.6
MLPRouter 8.9+1.9 45.0+25 76.0£1.9
BertRouter 13.3+£34 442414 T756+£1.2
ATLAS(Cluster) 389+19 825+25 91.5+1.6

Table 15: Out-of-distribution performance compari-
son (mean = std, three runs).

Method AIME2025 AMC HumanEval
RouterDC 22+1.9 46.7+1.4 79.1£+0.9
MLPRouter 3.3+34 32.5+2.5 75.1+1.9
BertRouter 7.8+1.9 39.2+1.4 78.7+1.6
ATLAS(Cluster) 3.3+34 475+25 91.5+09
ATLAS(RL) 33.3+34 675+25 854+0.6

Adaptive Multi-turn Reasoning. Figure 10
demonstrates ATLAS’s capacity for self-correction
through iterative exploration. When addressing a
logical reasoning problem, the policy initially se-
lects Qwen2.5-7B with web search to verify its
hypothesis (option C), but upon receiving contra-
dictory feedback, it re-evaluates the alternatives
and routes to InternLM3-8B for a second verifica-
tion. This multi-turn deliberation ultimately leads
to the correct answer (option D), showcasing the
framework’s ability to recover from suboptimal ini-
tial decisions through adaptive re-routing.

Task-Aware Model-Tool Alignment and Selec-
tion. Figures 11-14 highlight how ATLAS aligns
model-tool pairs with task-specific requirements.
For arithmetic computation (Figure 11), the policy
directly invokes the calculator tool without unnec-
essary reasoning steps. For factual retrieval (Fig-

ure 12), it routes to Llama-3.1-8B with web search,
recognizing the need for external knowledge. Code
generation tasks (Figure 13) are delegated to the
specialized Qwen2.5-Coder model with Python ex-
ecution. For challenging mathematical problems
(Figure 14), ATLAS combines DeepSeek-7B with
PRM for rigorous verification. These examples col-
lectively demonstrate that ATLAS has internalized
meaningful associations between task categories
and optimal model-tool configurations, rather than
relying on rigid heuristics.

E Additional Discussion

E.1 Distinguishing ATLAS from Prior
Routing and Tool Usage Methods

While ATLAS employs established techniques such
as semantic clustering for query representation and
PPO for policy optimization, its contribution ex-
tends beyond the individual components to address
a fundamental gap in existing literature: the joint
optimization of heterogeneous model-tool combi-
nations. Prior routing methods (Chen et al., 2024;
Ong et al., 2024; Lu et al., 2024) focus exclu-
sively on model selection, treating LLMs as iso-
lated execution units without considering external
tool augmentation. Conversely, tool usage frame-
works (Feng et al., 2025a; Wu et al., 2025d) rely
on fixed invocation logic that cannot dynamically
adapt to different model capabilities. ATLAS uni-
fies these two paradigms by explicitly modeling the
Cartesian product space S = M x T and learning
task-aware alignments within this joint space.

The technical novelty of ATLAS manifests in
three key aspects. First, the dual-path architec-
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ture strategically combines training-free cluster-
based routing for exploiting domain-specific priors
with RL-driven exploration for generalizing to un-
familiar tasks, achieving complementary strengths
across distribution shifts (Table 1). Second, our
composite reward structure (Remt + Y Rout + ERsel)
decouples execution correctness from routing ef-
ficiency through the R signal, enabling the pol-
icy to internalize transferable expertise distribution
rather than memorizing task-specific mappings,
which is evidenced by robust generalization to ex-
panded model-tool pools without retraining (Sec-
tion 4.4). Third, our controlled experiments ensure
that all configurations share identical backbone
models and evaluation protocols, with only rout-
ing mechanisms differing (Section B.4), thereby
isolating the contribution of orchestration strate-
gies from confounding factors such as model ca-
pacity or prompt engineering. The consistent per-
formance gains across 15 benchmarks, including
out-of-distribution settings (+13.1% over baselines)
and multi-modal tasks (+4.3%), demonstrate that
ATLAS captures generalizable principles for adap-
tive model-tool coordination.

E.2 Discussion on RL Reward Design

Our composite reward function ry = Rpme +
YRout + ERsel balances structured execution, task
correctness, and routing efficiency. Regarding po-
tential concerns about R, that require ground-
truth labels, we note that test-time reinforcement
learning remains effective in label-scarce scenarios
through alternative supervision signals: majority
voting across sampled trajectories has proven ef-
fective as pseudo-labeling (Zuo et al., 2025). Fu-
ture extensions of ATLAS could integrate such self-
verification mechanisms to further reduce reliance
on explicit supervision.

Regarding Rs;, which penalizes suboptimal
model selections based on offline evaluation (Equa-
tion 9), a potential concern is whether this in-
troduces evaluator bias or test-time information
leakage. However, R encodes domain priors
from offline profiling, such as “code tasks ben-
efit from specialized models” or “retrieval tasks
favor search-augmented models”, which practition-
ers naturally possess and use to initialize routing
systems. Critically, it does not leak test-time infor-
mation but rather provides consistent training tar-
gets to guide efficiency-aware exploration. The low
weight ||{Rgel|| = 0.15 (vs. |||[YRou|| = 1.0 for
Rout) ensures routing efficiency serves as an aux-

iliary signal without overriding correctness. Our
ablation (Figure 5b-5c) shows that R accelerates
convergence and reduces entropy, while generaliza-
tion to expanded model pools without prior annota-
tions (Table 2) shows that the policy learns trans-
ferable routing principles that aligns task character-
istics with model capabilities, rather than memoriz-
ing specific mappings.

E.3 When to Use Cluster-Based vs. RL-Based
Routing

The choice between cluster-based and RL-based
routing depends on data availability and generaliza-
tion requirements. When domain-specific train-
ing data is accessible, such as historical query-
answer pairs in enterprise QA systems, cluster-
based routing offers a simple and efficient solution.
It achieves strong in-domain performance (63.5%
average accuracy, Table 1) with zero training cost
by leveraging semantic clustering and historical
statistics, making it ideal for rapid deployment
in well-defined domains. Conversely, when the
reasoning engine must handle diverse, unfamiliar
tasks where domain priors are unavailable, such
as general-purpose assistants facing unpredictable
queries, RL-based routing provides superior gener-
alization. It learns transferable patterns of when to
invoke tools or defer to specialized models, main-
taining robust OOD performance (59.4% vs. 49.2%
for cluster-based) at the cost of upfront training.
In practice, practitioners can adopt a hybrid strat-
egy: using cluster-based routing as the default for
efficiency while reserving RL-based routing for
critical queries or new domains, thereby balancing
simplicity with adaptability.

E.4 Future Work

Several promising directions remain for future ex-
ploration. First, the current web-search tool does
not account for retrieval noise; integrating noise-
aware retrieval strategies (Li et al., 2025; Wu et al.,
2025c) could further improve the robustness of
information-augmented reasoning. Second, the RL
routing policy could benefit from structured tem-
plate guidance (Yan et al., 2025; Wu et al., 2025b)
to impose stronger inductive biases over multi-step
trajectories, potentially accelerating convergence
and improving sample efficiency. Third, evaluating
ATLAS in long-horizon, interactive settings such as
ODYSSEYARENA (Xu et al., 2026; Wu et al., 2026;
Lu et al., 2026b; Yan et al., 2026) would provide
a more rigorous assessment of its agentic capabil-
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ities beyond static benchmarks. On the efficiency
side, speculative parallelism techniques (Shen et al.,
20264a,b) offer a natural avenue to reduce the multi-
step inference latency incurred by the RL-driven
routing path. Finally, extending the framework to
richer perceptual abilities—such as unified visual
agents that tightly couple perception with reason-
ing (Reddy and Pillai, 2025; Lu et al., 2025, 2026a;
Chen et al., 2025a; Gan et al., 2026)—remains an
important direction toward building truly general-
purpose orchestration systems.
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Answer the given question.
Every time you receive new information, you must first conduct reasoning inside <think> ... </think> to plan how to
solve the problem and analyze which model and tool to use.

After reasoning, you must call a model and a tool for assistance by writing your request inside <search> ...
</search>.

1. calculator:
- Use for simple or complex numerical calculations. But it is the only tool that need strictly function-call style
interactions.

1. llama-3.1-8b-instruct
- Best for common-sense questions and factual question answering that need a wide range of information.
- Choose this model when you need to solve common-sense reasoning and factual Q&A problems

You MUST use the following format EXACTLY:
<search> Model-Name@@Tool-Name: Your-Input </search>
Example: <search> llama-3.1-8b-instruct@@web-search: What is the capital of France? </search>

Before EACH <search> call, you MUST think inside <think> ... </think> about:

+ Which category of the problem is the question belongs to, like mathematical, factual QA, code generation,
complex calculation, etc.

+ Why external information / calculation / verification / code generation is needed.

+ Which tool is best suited for answering it, based on the tools' abilities.

When a tool is called, the response will be returned between:
<information> ... </information>

You may:
+ Call different tools multiple times.

+ Use different models for different tool calls.
+ Re-call the same tool if it remains the most effective.

If no further tool assistance is required, provide the final answer directly using:

<answer> ... </answer>

You must start with <think>.
Question: {question}

Figure 6: System prompt for ATLAS RL Experiments.

17528



[Step 1]
Extract the useful data for solving the question in the image. Do not give me the final answer. Focus on the number. Make sure
the number is right.

[Step 2]
The image is one of a bar chart, line chart, or pie chart. It comes with instructions, predicted information, a question, and an
answer. Based on the image and its predicted information, the question must be solved.

Your response should contain four fields and four fields only:
- "instruction explanation": an explanation the process of following instructions according to the chart type
- "explanation": an explanation of how you arrived at the answer
- "answer": the answer based on the chart and question

Instruction for whole chart:

1. If the question is about values corresponding to specific positions (ex: lower, last, top), then you must match the information
with the chart image's positions for reasoning.

2. If the question demands interpretation based on the magnitude of values, reasoning should be based on the information's
values.

3. Originally, this task requires solving based solely on the image, meaning all positions should be interpreted based on the
image itself.

4. In most cases, the presence of x-axis values or y-axis values enables the determination of the chart's values.

5. Note that, you can utilize the predicted information. The predicted columns and rows are very likely to correspond to the
actual columns and rows of the chart, and this can help you determine where the rows and columns exist in the chart image.

Instruction for bar chart:
1. Firstly, bars of the same color represent the same column. Therefore, distinguishing colors and identifying corresponding
columns is crucial (usually displayed around the main chart in the form of a legend).

2. Next, determine the location of rows. For vertical bar charts, rows are typically annotated at the bottom of the main chart,
while for horizontal bar charts, they are annotated on the left or right side of the main chart.

3. Then, combine the colors of the nearest bars with annotated rows to determine which row and column the bars correspond
to in the information.

4. Afterwards, locate the values corresponding to each row and column. If values are annotated on the bars, refer to them.
Otherwise, compare the sizes of the bars to find the values.

5. For vertical bar charts, the y-axis value at the end of the bar corresponds to its value. Similarly, for horizontal bar charts, the
x-axis value at the end of the bar corresponds to its value.

Instruction for line chart:

1. In the case of a line chart, the bottom x-axis will primarily represent the rows, and each colored line will represent a column.

2. The legend, which indicates which column corresponds to the color of the line, is usually located within the main chart. If the
legend is absent or located separately, the text annotated with the color corresponding to the line will likely indicate the column (if
colors are not present, the text annotated at the left or right end of the line is likely to correspond to the column).

3. The point of the line passing through the same x coordinates as each x-axis is the value itself (meaning the x-axis
corresponds to the row, the color of the line corresponds to the column, and that point is the value).

4. If there is an annotation near a line point, it is highly likely that this value represents the value of the point.

5. If there is no annotation near a line point, you can determine the value of the point by referring to the y-axis value
corresponding to the y coordinate of the point.

6. In a line chart, it is crucial to understand the flow of the line. Lines can show trends of decreasing, increasing, or remaining
constant, and when multiple lines intersect, it is important to identify which line corresponds to which column based on their
colors.

Instruction for pie chart:

1. In a pie chart, it is very important to determine which color corresponds to which row.

2. Each section has one color, and the row it corresponds to is likely indicated by text either inside the section or close to it (if
not nearby, it can be identified through the legend or connected to the corresponding text by lines or markers).

3. In the case of a pie chart, the values are usually annotated on each section of the pie chart.

Now you have to answer the question based on the first image, predicted information and question.
Here is predicted information: {response_of step 1}
Here is a question: {question}

Figure 7: System prompt for Qwen3-Chart Tool.
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System Prompt For Qwen3-Counting Tool

[Step 1]
List all the objects the question asked. Give me their exact position. Note that some objects may be occluded; do not overlook
these partially obscured objects.

[Step 2]
Answer the question based on the position information of the objects and the image. The position information may be incomplete;
you need to identify objects that might have been missed.

# Example1:
There is a cup in the upper left corner of the image, and another cup at the bottom of the image.

Question: How many cups in the image?
Response: We first check whether any existing object position information is missing. Based on the image, there is indeed one
cup in the upper-left corner and another at the bottom, so the answer is \\boxed{{2}}.

# Example2:
There is a cup in the upper left corner of the image, and another cup at the bottom of the image.

Question: How many cups in the image?

Response: We first check whether any existing object location information is missing. Based on the image, in addition to the cups
in the upper-left corner and at the bottom, there is also one in the upper-right corner, so the answer is \\boxed{{3}}. The number
can not be zero.

Question: {question}
Position information: {response_of step_1}

Figure 8: System prompt for Qwen3-Counting Tool.
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System Prompt For Qwen3-Geo Tool

[Step 1]

Question: {question}

Extract ALL visual and text information in this structured format:

1. POINTS:
- List each labeled point and its type (vertex, intersection, center, etc.)
- Format: "Label: [type] at approximate coordinates (x,y relative)"

2. LINES & SEGMENTS: For each line/segment:
- Endpoints, Type (solid, dashed, dotted) - Special markings (arrow for ray, tick marks for equal length) - Labels if
present

3. ANGLES: For each marked angle:
- Vertex point - Arms (two points forming the angle) - Measurement if given - Right angle/square symbol if present

4. CIRCLES/ARCS:

- Center point. - Radius/diameter if labeled - Arc endpoints if partial

5. ANNOTATIONS:
- Length measurements (with units) - Angle measurements (with degree symbol)
- Ratio markings (single/double tick marks) - Textual labels not attached to points

6. RELATIONSHIPS:
- Parallel lines (mark with /) - Perpendicular lines (mark with | ) - Tangency points - Collinearity (points on same line)

Output this as a structured list with clear headings.

[Step 2]
Image analyze: {response_of step_1}
Question: {question}

Begin step-by-step reasoning with self-explanation:

Step 1: [State current goal]
- Why: [Justification for this step] - How: [Method/Theorem applied]
- Result: [Intermediate conclusion] - Check: [Verify this step is valid]

Step 2: [Next goal based on Step 1 result]
- Why: ...
Continue until final result.
Apply geometric theorems explicitly: "If [condition], then by [theorem name], we know [conclusion]

[Step 3]
Entire solution: {response_of step 2}
Question: {question}

Check the entire solution for consistency:
1. DIMENSIONAL ANALYSIS:
- Do units match throughout? - Are angle measures in consistent units? - Do ratios make sense?

2. EXTREME CASE TESTING:
- Does solution hold for special configurations? - What if a measurement approaches zero/infinity?
- Boundary condition check

3. CROSS-METHOD VERIFICATION:
- Can result be obtained via alternative method? - Quick mental estimation vs. calculated result
- Symmetry considerations

4. PLAUSIBILITY CHECK: Is magnitude reasonable?

[Step 4]

Entire solution: {response_of step_2}
Question: {question}

Test results: {response_of step 3}

If the reasoning is right, summary the final answer from the Reasoning steps. If it is wrong, correct it based on the Tests results.
Cmember to put your final answer on the last line using the format \\boxed{$ANSWER}. )

Figure 9: System prompt for Qwen3-Counting Tool.
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Example 1 on LQA2

The radiation absorbed by someone during an ordinary commercial airline flight is no

more dangerous than that received during an ordinary dental X-ray. Since a dental X-
ray does negligible harm to a person, we can conclude that the radiation absorbed by
members of commercial airline flight crews will also do them negligible harm. A flaw in
the argument is its failure to consider that

A. there may be many forms of dangerous radiation other than X-rays and the kinds of
radiation absorbed by members of commercial airline flight crews

B. receiving a dental X-ray may mitigate other health risks, whereas flying does not

C. flying at high altitude involves risks in addition to exposure to minor radiation

D. the longer and the more often one is exposed to radiation, the more radiation one
absorbs and the more seriously one is harmed

D

<think>

The argument presented assumes that since dental X-rays do negligible harm, then exposure to radiation
during commercial airline flights will also do negligible harm. However, this conclusion does not account for the
cumulative effect of radiation exposure over time or the potential for additional health risks associated with
flying. The argument fails to consider the possibility that prolonged exposure to low levels of radiation could
accumulate to a harmful level, or that flying might expose individuals to other health risks in addition to
radiation. This makes option C the most relevant flaw in the argument.

</think>

<search> qwen2.5-7b-instruct@@web-search: A flaw in the argument is its failure to consider that flying at
high altitude involves risks in addition to exposure to minor radiation. Is this correct? </search>
<information>This statement is incorrect.</information>

<think>

The provided search result indicates that the statement \"flying at high altitude involves risks in addition to
exposure to minor radiation\" is incorrect according to the web search. Therefore, option C cannot be the
correct answer. Given the options, the argument's flaw must lie elsewhere. Let's reconsider the options:\n-
Option A suggests considering other forms of dangerous radiation, but the argument does not claim that dental
X-rays are the only form of radiation.\n- Option B mentions mitigating other health risks, but the argument does
not discuss any other health risks.\n- Option D addresses the cumulative effect of radiation exposure and the
potential for harm with increased exposure, which aligns with the argument's failure to consider long-term
effects. Option D is the most appropriate choice because it directly addresses the cumulative nature of
radiation exposure and the potential for harm with increased exposure, which the argument overlooks.
</think>

<search> internim3-8b-instruct@@web-search: A flaw in the argument is its failure to consider that the longer
and the more often one is exposed to radiation, the more radiation one absorbs and the more seriously one is
harmed. Is this correct?

</search>

<information>Yes, this is correct.</information>

<answer>Answer: D</answer>

Figure 10: Example 1 on the LQA2 dataset.
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Example 2 on calculator

What is (-20 divided by -73) minus 12.2561329022933737?
-11.98

<think>

The given question is a numerical calculation that requires a calculator to perform the division and subtraction.
There is no need for reasoning with the provided models or tools since a calculator is the most appropriate tool
for this type of calculation.

</think>

<search> qwen2.5-7b-instruct@@ecalculator: The full original question is: What is (-20 divided by -73) minus
12.2561329022933737? </search>

<information>Result: -11.982160299553646254366867651697</information>

<answer>Answer: -11.982160299553646</answer>

Figure 11: Example 2 on the Calculator dataset.

Example 3 on WebQ

Which country was Justin Bieber born in?
Canada

<think>

The birthplace of an individual can often be found through basic research or through public records.
Since this is a factual question that does not require numerical calculation, coding, or external
search, it is best suited for a model that can answer common-sense questions and factual questions,
such as llama-3.1-8b-instruct.

</think>

<search> llama-3.1-8b-instruct@@web-search:Who is Justin Bieber and what country was he born
in? </search>

<information>Justin Bieber is a Canadian singer. He was born in Canada.</information>

<answer>Answer: Canada</answer>

Figure 12: Example 3 on the WebQ dataset.
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Example 4 on MBPP

Write a function to find whether an array is subset of another array.

assert is_subset([11, 1, 13, 21, 3, 7], 6, [11, 3, 7, 1], 4) ==
True

assert is_subset([1, 2, 3, 4, 5, 6], 6, [1, 2, 4], 3) == True
assert is_subset([10, 5, 2, 23, 19], 5, [19, 5, 3], 3) == False

<think>

The given task requires writing a function in Python. There is no need for any external information,
numerical calculation, or verification. A Python code generation is exactly what is needed here.
</think>

<search> Coder-7B-Instruct@@python-code: Write a function to find whether an array is subset of
another array.

<information>
def is_subset(arr1, m, arr2, n):
set_arr1 = set(arr1)
for i in range(n):
if arr2[i] not in set_arr1:
return False
return True
</information>

<answer>
def is_subset(arr1, m, arr2, n):
set_arr1 = set(arr1)
for i in range(n):
if arr2[i] not in set_arr1:
return False
return True
</answer>

Figure 13: Example 4 on the MBPP dataset.

17534



Example 5 on AIME25

Find the sum of all integer bases $b>9%$ for which $17_{b}$ is a divisor of $97_{b}$.
70

<think>

To solve this problem, we need to convert the given numbers from base $b$ to base 10 and then
determine the conditions under which $17_b$ is a divisor of $97_b$. The number $17_b$ in base
$b$ converts to $1 \\cdot b + 7 = b + 7$ in base 10. Similarly, $97 b$ converts to $9 \\cdot b + 7 =
9b + 7% in base 10. For $17_b$ to be a divisor of $97_b$, there must exist an integer $k$ such that
$9b + 7 = k(b + 7)$. Rearranging this equation, we get $9b + 7 = kb + 7k$, which simplifies to $9b -
kb =7k - 7$ or $b(9 - k) = 7(k - 1)$. This implies that $b$ must be a divisor of $7(k - 1)$ and $9 - k$
must be a positive integer. Since $b > 9%, we can test values of $b$ to find which ones satisfy this
condition.

</think>

<search> DeepSeek-R1-Distill-Qwen-7B@@prm: The original question is: Find the sum of all
integer bases $b>9$ for which $17_{b}$ is a divisor of $97_{b}$. </search>

<information>
To solve the problem, we need to find the sum of all integer bases (b > 9 ) for which ( 17_{b} )is a
divisor of ( 97_{b} ).

First, we convert the numbers from base ( b ) to decimal: (17_{b} =1 \\timesb +7 =b + 7 )- ( 97_{b}
=9\\timesb+7=9b+7)

We need (b + 7 ) to divide ( 9b + 7 ). This can be written as: [ \\frac{9b + 7}{b + 7} \\]

Performing polynomial long division, we find: [ \\frac{9b + 7}{b + 7} = 9 - \\frac{56}b + 7} \\]

For this to be an integer, ( \\frac{56}{b + 7} ) must be an integer, meaning ( b + 7 ) must be a divisor
of 56.

The divisors of 56 are 1, 2, 4, 7, 8, 14, 28, and 56. Since (b >9), (b + 7 ) must be greater than 16.
The relevant divisors are 28 and 56.

Thus, we have:

If(b+7=28),then (b=21).

If (b+7=56),then (b=49).

Both 21 and 49 are valid bases. Summing these bases, we get: [ 21 + 49 =70 ]

Therefore, the sum of all such integer bases ( b ) is (\\boxed{70}).
</information>

<answer>\\boxed{70}</answer>

Figure 14: Example 5 on the AIME dataset.
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