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Abstract

In web-based Al services, providers typically host multiple large
language models (LLMs) that exhibit diverse capabilities and incur
different API costs. Meanwhile, LLM’s performance depends not
only on its inherent capacity but also on the reasoning strategy it
employs, which together influence both answer quality and com-
putational cost. A key challenge is therefore how to adaptively
allocate models and strategies to achieve high-quality responses
under constrained costs. To address this challenge, we propose
Route-To-Reason (RTR), a unified routing framework that simul-
taneously selects suitable LLMs and reasoning strategies according
to query complexity and user budget. Specifically, RTR learns dense
vector representations of models and strategies that capture their
behavioral characteristics in handling different queries. Leveraging
these embeddings, RTR builds a routing table that estimates the
cost and performance of different model-strategy pairs. During
inference, RTR consults this routing table to dynamically assign
the most appropriate pair, enabling adaptive and cost-efficient rea-
soning tailored to query difficulty and budget scenarios. Extensive
experiments across multiple reasoning benchmarks show that RTR
achieves comparable or higher accuracy than the best single LLM
while substantially reducing both token usage and API cost (by up
to 60%), achieving a superior trade-off between performance and
efficiency. By lowering the overhead of large-scale LLM inference,
RTR contributes to cost-aware and environmentally sustainable
deployment of web-based Al services.
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1 Introduction

Large Language Models (LLMs) have been widely deployed as web-
based applications for tasks such as code generation, logical rea-
soning, and knowledge-intensive question answering, where they
demonstrate human-like and even superhuman capabilities [1, 29,
48]. Within this ecosystem, reasoning ability has emerged as the
core driver of intelligent agent behavior [49]. Consequently, an
increasing number of reasoning-oriented models [14, 43] and rea-
soning strategies [13, 23, 42] have been developed. These models
and strategies evolve synergistically, collectively advancing LLM
reasoning capabilities.

This raises a critical question: How can we efficiently identify
the most suitable model-strategy pairing from this combinatorial
space? In practical web-based deployments, API providers typically
host models with different capabilities and costs. Selecting appro-
priate combinations improves user experience, reduces costs, and
enhances overall service quality.

Intuitively, one might prefer combining powerful reasoning
models (e.g., 03 [31]) with sophisticated strategies (e.g., Chain-of-
Thought [40]), and under the test-time scaling paradigm, allocating
a high compute budget appears natural.

However, this intuition-driven, fixed approach may face two key
challenges in practice: First, prior work [4, 6, 10, 24, 25, 27, 44, 46]
shows that “overthinking” can trap the model in prolonged local
reasoning patterns, limiting adaptability and ultimately degrading
performance. Second, applying high-capacity models and complex
strategies indiscriminately to low-difficulty tasks yields little benefit
while incurring excessive computational and financial costs [4, 44].
These observations motivate our central claim that less is more:
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Figure 1: Comparison of existing methods and our frame-
work. Existing approaches focus on either model routing
or strategy routing in isolation, which often leads to sub-
optimal cost-performance balance. Our framework jointly
selects both, achieving better trade-offs.

adaptive use of lightweight model-strategy pairs can often achieve
a better balance between accuracy and cost.

Some prior explorations have focused on model routing [5, 7,
12, 18, 21, 26, 28, 30, 39, 54], where the system selects the most
suitable model from a pool based on input characteristics. Recent
industrial systems, such as the GPT-5 series [32], also adopt this
paradigm by dynamically assigning queries to either lightweight
or high-capacity reasoning models during inference to achieve
cost-effective adaptation.

However, existing model-routing approaches largely overlook
the intricate interplay between model capability, reasoning strategy,
and input complexity, often leading to suboptimal routing decisions.
Complementary to this line of work, several studies [2, 34, 47]
have investigated reasoning-strategy routing, which dynamically
adjusts the reasoning process according to input characteristics.
While these methods improve adaptability and support test-time
scaling [10, 38], they typically operate under a fixed model con-
figuration, leaving the joint optimization of model and strategy
selection for queries of varying difficulty largely unexplored.

To address these limitations, we propose a unified framework
for joint model and strategy routing, enabling efficient and accu-
rate test-time inference through dynamic selection. Specifically, we
represent each expert model and reasoning strategy using learn-
able vectors that capture their respective behavioral characteristics
in terms of performance and computational cost. Given an input
instance, it is first encoded using a pretrained language model. Two
predictors are then designed to estimate the expected performance
and output length of all model-strategy pairs, thereby construct-
ing a routing table. Based on this table, the policy module selects
the optimal pair that maximizes efficiency while maintaining or
improving accuracy.

Compared to previous approaches, our framework dynamically
adapts to queries of varying difficulty and selects the most appro-
priate model-strategy pair for each input, leading to better cost-
performance trade-offs. As illustrated in Figure 1, by jointly select-
ing both the model and reasoning strategy, our framework achieves
superior performance at reduced computational cost.

We conduct extensive experiments on eight diverse reasoning
benchmarks (spanning mathematics, scientific reasoning, code gen-
eration, and general knowledge) under both in-distribution and
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Figure 2: (a) Deep reasoning mainly benefits complex tasks
but introduces unnecessary cost on simple ones; (b) Different
reasoning strategies exhibit complementary strengths and
diverse accuracy-token trade-offs.

out-of-distribution settings. Results demonstrate that RTR consis-
tently improves reasoning accuracy while reducing the overall
number of generated tokens by up to 60% compared with the best
single model, thus validating its efficiency and effectiveness.

Our contributions are as follows!:

o We identify limitations of existing routing and dynamic rea-
soning strategy approaches, highlighting the unaddressed
interaction between models, strategies, and input difficulty.

e We introduce Route-To-Reason (RTR), a unified framework
that jointly learns representations of models and strategies,
and constructs a routing table for dynamic selection.

e We conduct extensive experiments on eight benchmarks,
showing that RTR reduces both token usage and API costs
by 60% while maintaining or improving reasoning accuracy,
thereby achieving more cost-efficient web-based LLM de-
ployment.

2 Motivations and Challenges

Motivation 1: When Deep Reasoning Helps and When It
Hurts. Reasoning-enhanced LLMs have achieved remarkable suc-
cess on complex tasks through extended intermediate thinking [14,
43]. However, as illustrated in Figure 2(a), deep reasoning benefits
diminish quickly on simpler problems. While the reasoning model
(QwQ-32B) substantially outperforms the non-reasoning model
(Qwen2.5-14B-Instruct) on challenging datasets such as Math [17]
and OlympiadBench [15], its advantage becomes marginal on eas-
ier benchmarks like GSM8K [9] and MMLU [16]. Yet these modest
gains incur a steep cost: the reasoning model generates an order
of magnitude more tokens, leading to significant overhead. This
pattern suggests that rather than deploying deep reasoning univer-
sally, intelligent systems should learn when complex reasoning is
necessary.

Motivation 2: Reasoning Strategy Matters as Much as the
Model. Performance disparities also stem from the choice of rea-
soning strategy. As shown in Figure 2(b), different prompting strate-
gies exhibit complementary strengths: CoT [40] elicits step-by-step
reasoning but often produces lengthy responses on simple prob-
lems; CoD [42] encourages concise reasoning with comparable
accuracy for simpler queries; and PAL [13] excels at arithmetic or
code-oriented tasks via symbolic computation. These observations

!https://github.com/goodmanpzh/Route-To-Reason
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Figure 3: RTR encodes the input query, available models, and reasoning strategies. Two predictors estimate performance and
token usage for each model-strategy pair, generating a routing table. The router then applies a routing policy to select the

optimal pair according to user-specified preferences.

suggest that adaptively selecting both the model and reasoning
strategy can enable efficient inference while maintaining high ac-
curacy.

Challenges. Adaptive joint routing of models and reasoning strate-
gies entails three major challenges: (1) Modeling diversity: captur-
ing the behavioral characteristics of heterogeneous model-strategy
combinations across different query types; (2) Generalization:
maintaining robust routing performance on out-of-distribution
(OOD) queries and unseen domains with varying task difficulty; (3)
Efficiency balance: jointly considering reasoning performance,
token length or API cost to achieve an optimal trade-off between
accuracy and resource consumption.

3 Methodology
3.1 Problem Formulation

Consider a collection of language models M = {m; : j =1,...,M},
each differing in size or capability, and a set of reasoning strategies
S ={sx : k=1,...,K}. Given a set of input queries D = {g; : i =
1,..., N}, applying model m; with strategy si to query g; yields a
response characterized by two quantities: the performance score
a; j  (e.g., accuracy, utility, or another task-specific metric), and the
number of generated tokens [; ; x serving as a proxy for inference
cost. Our objective is to predict these two quantities and select an
appropriate model-strategy pair (m;, si) based on these quantities
for each query g;. Formally, we seek to learn a routing function:

T:D—-> MXxS,

where m(x;) = (j*, k*) denotes the selected model and strategy
for x;. The objective is to optimize the trade-off between total
performance and total generation cost:

N

N
max E g = A ) cj - lijees
T

i=1 i=1

where c; denotes the per-token cost of model m;, A > 0 is a hy-
perparameter that balances performance and efficiency, a; j+ x+ and
l; j i+ denote the performance and generated length, respectively.

3.2 RTR Framework Overview

As illustrated in Figure 3, our Route-To-Reason (RTR) framework
processes each incoming query g; in three steps. First, g; is encoded
into a dense vector representation. Second, each candidate model
m; and reasoning strategy si is mapped into embeddings reflecting
their properties. Finally, the concatenated joint representation,

Zijk = h(fenc(q:) @ g(m;y) ® g(s)), (1)

is forwarded to two predictor heads that estimate performance d; j x
and cost lAi,j,k.

This procedure produces a routing table 7; that records, for query
qi, the predicted accuracy and token usage corresponding to every
(mj, sx) combination. The downstream policy then converts this
table into a discrete routing decision by scoring each entry. The
entire framework introduces negligible overhead, with query en-
coding as the main cost, making RTR suitable for latency-sensitive
applications (See Appendix A.4).

3.3 Model and Strategy Representation

Accurate prediction hinges on how models and strategies are rep-
resented. We employ a dual-component representation to capture
both high-level semantics and fine-grained adaptivity:

g(mj) — e;ext ® e}eamed’ (2)
g(sk) — e}tcext ® e}cearned. (3)

text is a frozen embedding from a pretrained encoder ap-

Here, e
plied to textual descriptions of the model or strategy, automatically

curated via an auxiliary LLM (See Appendix A.6). This enables
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integration of unseen models or strategies given only a textual
description.

The second component, e , is randomly initialized and up-
dated during training, enabling adaptation to fine-grained patterns
such as dataset-specific biases. Together, these components balance
transferability (via textual priors) and adaptability (via task-specific
learning). When adding a new model or strategy, only minimal data
is needed to fine-tune its learnable embedding.

learned

3.4 Dual Prediction Module

Given query-model-strategy representation z; j x, RTR learns two
predictors:

Performance prediction.
dijk = 0(MLPpert (21 k), 4

which estimates the probability of m; with s; answering g; correctly.
The corresponding loss is binary cross-entropy:

Lpert = —yijlogd;jr — (1 =y k) log(1 = djjr), (5)
where y; jr € {0,1} denotes correctness.

Token usage prediction.

li jx = MLPien (2 1), (6)
estimates the expected number of tokens consumed. Since length
is continuous, we adopt mean squared error (MSE):

5 2
Lien = (lijk —lijk)" (7)
with [; j ;. the observed output length.
The two predictors are trained jointly, sharing the representa-

tion z; j r. Only the MLP parameters and learnable embeddings are
updated, while the query encoder remains frozen.

3.5 Routing Table and Routing Policy
After predictions, each query g; yields a routing table:

ﬁ:{(&i,j,ksii,j,k) ‘mj eM, SkES}, (8)
where M and S denote candidate models and strategies.

Scoring function. To select an execution route, we design a trade-
off score:

score;jx =A-dije—(1-2) - %, )
where A € [0, 1] controls preference towards accuracy or efficiency,
¢j denotes the per-token cost associated with model m; (e.g., API
pricing), and C is a normalization factor (e.g., global mean cost)
to avoid unit imbalance. When per-token costs are unavailable or
uniform across models, ¢; can be set to 1, reducing to a token-count-
based objective. The routing decision is obtained via:

(" k") = argmz}i{x score; j k. (10)
Js

Rationale. This formulation is inspired by multi-objective opti-
mization [12, 30], where c; enables realistic cost modeling across
different API pricing. The parameter A offers flexibility: A~ 1 prefers
accuracy; A~ 0 favors efficiency; intermediate values balance both
(See 4.4 and 4.5).
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Algorithm 1 Training and Inference of RTR

1: Input: Training set Drain, encoder E, descriptions {d}, di},
trade-off parameter A
2: Output: Routing table for selecting model-strategy pairs
3: Initialize learnable embeddings {e;}, {ex} and MLPs: MLPp,
MLPyjep
: Encode descriptions: z; = [E(d;); e;], zi = [E(dk); ex]
: for each (x;, {a,»,j)k, li)j,k}) in Dirain do
qi = E(x;)
for each (j, k) do
Zijk = [CIi;Zj;Zk]
Update MLPpe;f, MLPje,, using BCE and MSE losses
10:  end for
11: end for
12:
13: Inference phase:
14: for each test input x, do

D A AN

15 qn = E(xy)

16:  for each (j,k) do

17: Znjk = [CIn;ZjiZk]

18: Predict dp j k, In jx via MLPs

19: scorep jx = Adpjx —(1—2) - ¢; - lA,,,j,k/C

20:  end for
21:  Select (j*, k*) = arg max;x scorep j x
22: end for

4 Experiments

4.1 Experimental Setup

4.1.1 Candidate LLMs and Strategies. We select six open-source
LLMs from two categories, (1) Non-reasoning models [43]: Qwen2.5-
3B, Qwen2.5-7B, and Qwen2.5-14B, which are general-purpose
models with performance scaling with model size. (2) Reasoning
models [14, 43]: DeepSeek-R1-7B, DeepSeek-R1-14B, and QwQ-
32B, which are optimized for complex reasoning tasks and produce
longer reasoning chains.

We evaluate four reasoning strategies: Vanilla, which uses the
original question without any additional prompting and serves as
a baseline; CoT [40] prompts the model to generate intermediate
reasoning steps before answering; PAL [13] prompts the model to
solve questions by generating executable code; CoD [42] prompts
the model to generate only intermediate drafts with explicit con-
straints on output length, encouraging concise reasoning. Details
of all prompts are provided in Appendix A.5.

4.1.2  Datasets. We select subsets from four reasoning benchmarks:
(1) GSMB8K [9], a mathematical reasoning dataset with diverse
grade school word problems; (2) MMLU [16], a general-purpose
benchmark where we evaluate on a selected subset of STEM sub-
jects; (3) Math [17], a large-scale dataset focusing on diverse math
problems requiring numerical reasoning and problem solving; and
(4) OlympiadBench [15], a challenging benchmark derived from
olympiad-level scientific problems. The statistics of the datasets
used are summarized in Table 1.

We construct our dataset by collecting responses generated by
all candidate LLMs paired with each reasoning strategy. For each
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Table 1: Overview of datasets used in experiments. Difficulty
levels are assigned based on prior work and average baseline
model performance.

Dataset Type Cases Difficulty
GSMSK [9] Math Reasoning 600 Easy
D Math [17] Math Reasoning 600  Medium
MMLU [16] General Knowledge 600 Medium
OlympiadBench [15] Science & Math Reasoning 300 Hard
SciQ [41] Science QA 300 Easy
00D PIQA [3] Commonsense Reasoning 300 Medium
ARC-C [8] Science Reasoning 300 Hard

LiveCodeBench [20] Code Generation 240 Hard

query, we record the correctness label and output token length for
every model-strategy combination. The dataset is split into 70% for
training and 30% for testing, with stratified sampling to preserve
difficulty distribution.

To assess generalization, we further evaluate the trained router
on four out-of-distribution (OOD) benchmarks: (1) SciQ [41], a
multiple-choice science question dataset for middle school level; (2)
PIQA [3], which tests physical commonsense reasoning through
everyday scenarios; (3) ARC-C [8], a challenging subset of the
ARC benchmark focusing on questions requiring multi-step rea-
soning and commonsense inference; and (4) LiveCodeBench [20],
a comprehensive benchmark designed to evaluate reasoning and
problem-solving abilities in code generation tasks. These datasets
were excluded from training and used only for evaluation.

4.1.3 Baselines. We compare RTR against two single-model base-
lines and several routing methods covering both similarity-based
and learning-based paradigms. Detailed settings are provided in
Appendix A.1:

e Qwen2.5-3B: The smallest single LLM in our pool of candi-
date LLMs.

e QwQ-32B: The best single LLM in our pool of candidate
LLMs.

e Random: Randomly selects a model-strategy pair from the
pool of candidates.

o KNN-Router [18]: For each candidate model-strategy pair,
it estimates the expected performance by averaging the ob-
served rewards over these neighbors, and selects the pair
with the highest estimated score.

e RouteLLM [30]: A binary router that assigns queries to
either a strong or weak model based on learned routing
policies over query features.

e EmbedLLM [54]: Constructs an embedding for each model
using matrix factorization to capture its performance pro-
file across the dataset, and uses these embeddings to route
queries to the most suitable LLM.

4.14  Evaluation metrics. Routing methods are evaluated based on
two primary criteria that capture both effectiveness and efficiency.

(1) Accuracy. Measures the correctness of the selected model’s
response for each task, indicating how well the router chooses
the most suitable model for a given query.
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(2) Efficiency. Reports the average number of generated tokens
(or equivalently, the API cost in extended analysis), which re-
flects the computational and monetary efficiency of the routing
decisions.

For tables reporting results across multiple datasets, the “Over-
all” column shows metrics computed over all test samples across
datasets.

4.1.5 Implementation Details. For non-reasoning models, outputs
are generated via greedy decoding (temperature = 0). For reasoning-
based models, we follow official recommendations, using temper-
ature = 0.6 and top-p = 0.95 for sampling. For the router, textual
descriptions of each model, reasoning strategy, and input query are
encoded with the all-mpnet-base-v2? model following Zhuang
et al. [54], a lightweight (~110M parameters) yet effective encoder
that yields 768-dimensional embeddings. Both predictors are im-
plemented as MLPs with a hidden size of 768. The router is trained
using the Adam optimizer with a learning rate of 0.001 and a batch
size of 32.

4.2 Main Results

In-Distribution Results. Table 2 presents the performance com-
parison of various routing methods across four reasoning tasks.
All routing models outperform random routing, demonstrating
the effectiveness of routing strategies. Our proposed method RTR,
achieves the best overall accuracy (82.5%) while significantly re-
ducing the overall output length (1091.3 tokens). It outperforms
all baselines in terms of the trade-off between performance and
cost. Specifically, RTR achieves the highest accuracy on MMLU
and OlympiadBench, and the second-best results on GSM8K and
Math. Compared to the best-performing baseline, EmbedLLM, RTR
matches or surpasses its accuracy while reducing the overall to-
ken usage by over 39.6%. Notably, compared to the single largest
model, QwQ-32B, which achieves strong performance at a very
high cost, RTR improves overall accuracy by 2.5 percentage points
while reducing output token length by about 60%. These results
demonstrate that RTR effectively balances accuracy and efficiency
through joint model-strategy selection.

Out-Of-Distribution Results. As shown in Table 3, the pro-
posed RTR achieves the highest overall accuracy and lowest token
cost among all routing-based models across out-of-distribution
datasets. Compared with the best-performing individual model
(QwQ-32B), RTR attains comparable accuracy (81.7% vs. 82.3%)
while reducing token usage by more than 50%, demonstrating
a much better efficiency-performance trade-off. This advantage
mainly stems from its two-part architecture, which jointly captures
high-level textual semantics and fine-grained dataset-specific char-
acteristics of both the model and the reasoning strategy, thereby
enabling the router to achieve stronger generalization to unseen
domains. These results suggest that RTR learns transferable routing
patterns rather than overfitting to training distributions.

4.3 Evaluation of API Cost Efficiency

To complement our token-level efficiency analysis, we evaluate in-
ference costs under real-world settings using per-token API pricing

Zhttps://huggingface.co/sentence-transformers/all-mpnet-base-v2
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Table 2: Results on in-distribution datasets. The best router-based result is in bold, and the second-best is underlined.

Model GSMSK Math MMLU OlympiadBench ‘ Overall
Accuracy Tokens Accuracy Tokens Accuracy Tokens Accuracy Tokens ‘ Accuracy Tokens
Qwen2.5-3B 71.5 205.4 54.3 295.5 61.7 253.1 21.0 1007.2 56.0 371.7
QwQ-32B 94.4 1148.5 95.6 2583.0 71.8 1219.3 48.5 8762.3 80.0 2745.2
Random 84.4 382.4 77.7 1043.7 69.4 723.1 32.6 4219.1 69.5 1271.6
KNN-Router 89.2 272.9 88.3 1122.3 78.1 347.5 36.6 4197.7 76.9 1101.3
RouteLLM 91.0 372.0 89.3 1161.8 72.8 597.3 45.5 7696.8 77.3 1814.3
EmbedLLM 95.8 927.1 94.8 1898.2 80.5 508.8 41.5 5786.4 81.9 1808.3
RTR (Ours) 95.2 297.8 92.9 982.9 82.5 432.5 45.5 3399.7 82.5 1091.3

Table 3: Results on out-of-distribution datasets. The best router-based result is in bold and the second-best is underlined.

Model PIQA SciQ ARC-C LiveCodeBench ‘ Overall
Accuracy Tokens Accuracy Tokens Accuracy Tokens Accuracy Tokens ‘ Accuracy Tokens
Qwen2.5-3B 73.3 150.8 68.2 187.6 65.3 248.9 9.48 480.4 56.4 255.7
QwQ-32B 95.5 1126.4 93.8 1203.6 91.7 1831.9 39.5 5328.7 82.3 22171
Random 84.6 350.0 78.3 430.8 74.1 713.9 25.5 3688.1 67.7 1169.8
KNN-Router 90.3 277.4 89.2 376.2 86.3 550.6 31.6 3845.8 76.6 1126.5
RouteLLM 93.2 363.1 92.7 894.3 91.2 1103.2 33.1 4132.4 79.9 1491.2
EmbedLLM 95.1 832.8 92.2 1002.3 92.4 1631.1 35.3 4922.9 81.0 1948.6
RTR (Ours) 95.3 222.3 94.2 405.7 93.1 553.7 34.6 3554.7 81.7 1059.3

Table 4: Accuracy and Cost (USD per query, x107%) on In-
Distribution Datasets. The best router-based result is in bold,
and the second-best is underlined.

Overall
Cost ‘ Acc  Cost

GSMSK Math MMLU Olymp. |
Acc  Cost Acc Cost Acc Cost Acc

Model

Qwen2.5-3B 71.5 0.021 543 0.030 61.7 0.025 21.0 0.101 | 56.0 0.037
QwQ-32B 944 1378 956 3.100 718 1463 485 10.515 | 80.0 3.294

Random 844 0411 784 1208 698 0817 326 5023 | 69.6 1479
KNN-Router 89.3 0204 903 1111 77.6 0403 40.5 6431 | 77.8 1.490
RouteLLM 915 0.134 891 1114 723 0511 453 8973 | 789 1915
EmbedLLM 958 2191 93.8 2313 80.5 0618 415 7.028 | 813 2.191

RTR (Ours) 952 0331 922 1454 82.0 0514 45.5 2.746‘82.2 1.055

from LiteLLM® (See Appendix A.3). We revise the routing score as:
Score = (1 — A) - PredictedPerformance

— A - PredictedTokens - APICostPerToken, (11)

where A controls the trade-off between accuracy and cost. This
formulation explicitly incorporates model-specific API pricing.
As summarized in Table 4, RTR achieves the highest overall
accuracy (82.2%) while incurring the lowest API cost across all
router-based baselines. Compared with the strongest router-based
baseline (EmbedLLM), RTR improves accuracy by 0.9% and reduces
the overall API cost by approximately 52%. This substantial gain
stems from our joint routing design over both models and reasoning

3https://github.com/BerriAl/litellm

strategies, enabling adaptive selection of reasoning depth according
to task difficulty.

4.4 Ablation Studies and Analysis

Effectiveness of Multi-Strategy. We evaluate the impact of multi-
strategy selection by comparing the original accuracy and the rout-
ing accuracy of our proposed RTR to those of individual models.
As shown in Figure 4, we compare the performance using RTR
within a single model (labeled as ‘Model + RTR’, marked by X) to
the model’s original overall accuracy (labeled as ‘Model Overall’,
marked by o). Routing across multiple strategies consistently im-
proves performance across all models, highlighting the value of
strategy selection tailored to individual query characteristics.

Effectiveness of Multi-Model. As shown in Figure 4, we plot
the A-curve (A controls the trade-off between token usage and per-
formance) to evaluate the effectiveness of multi-model selection.
While RTR’s A-curve shows only a slight performance drop com-
pared to using only QwQ-32B for routing, it significantly outper-
forms most individual models. This demonstrates that leveraging
multiple models with strategy-aware routing effectively balances
accuracy and efficiency.

Effectiveness of Performance Prediction. We compare three
representation configurations: (1) textual embeddings only, (2) learn-
able embeddings only, and (3) the combination of both. As shown in
Figure 5, the combined representation yields the highest accuracy
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Figure 4: Performance comparison illustrating the effect of
multi-model and multi-strategy routing.

in predicting model-strategy correctness, demonstrating the com-
plementary strengths of prior knowledge from textual descriptions
and task-adaptive learned embeddings.

Effectiveness of Token Usage Prediction. We evaluate the
performance of our token length prediction. As shown in Figure 6,
although reasoning and non-reasoning models differ substantially
in average output length, the predictor achieves approximately 80%
accuracy for non-reasoning models within a 200-token error margin,
and about 55% accuracy for reasoning models with a 600-token mar-
gin. Given that reasoning models can generate over 10,000 tokens,
this accuracy is sufficient for effective routing, as the primary goal
is to distinguish between high-cost and low-cost model-strategy
pairs rather than predicting exact token counts.
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for reasoning and non-
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Figure 5: Ablation study
on representation compo-
nents for performance pre-
diction accuracy.

4.5 Different Routing Configurations

We further evaluate our model under various routing scenarios. As
shown in Figure 7, relying on a single fixed strategy often leads to
higher costs and suboptimal performance. For example, strategies
with greater reasoning depth may achieve better accuracy but in-
cur significantly greater cost. This underscores the advantage of
dynamically selecting reasoning strategies.

We then examine three routing configurations by adjusting A
to reflect different trade-off preferences: performance-first (A =
2 x 107°%), balanced (A = 2.5 X 107°), and cost-first (1 = 3 x 1075),
corresponding to RTR-performance, RTR-balanced, and RTR-cost
in Figure 7, respectively. A larger A assigns higher penalty to token
usage, favoring efficiency over accuracy. Experimental results show
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Figure 7: Distribution of different routing configura-
tions showing the performance of RTR-performance,
RTR-cost, and RTR-balanced configurations compared to
single-strategy baselines.

that our framework is robust under different budget constraints
and achieves competitive performance while adapting to varying
priorities in cost-effectiveness and accuracy. Moreover, all three con-
figurations outperform using only the vanilla strategy, highlighting
the benefits of leveraging multiple reasoning strategies.

Table 5: Performance of dynamic routing between reasoning
and non-reasoning modes for Qwen3-4B.

Method Acc (%)  Tokens
Qwen3-4B (non-reasoning) 73.4 592.1

Qwen3-4B (reasoning) 82.4 3112.8
Random 76.6 1834.2
RouteLLM 82.8 2247.1
KNN-Router 80.6 1418.7
EmbedLLM 83.2 2623.5
RTR (Ours) 83.8 1321.1

4.6 When-To-Think Routing

Recent LLMs support switching between reasoning and non-reasoning
modes. Our framework naturally handles such dual-mode models
by representing each mode as a distinct candidate (See Appen-
dix A.6), enabling the router to automatically determine when to
invoke reasoning mode based on task requirements. To validate
this capability, we conduct experiments with Qwen3-4B on a subset
of the same in-distribution datasets described in Section 4.1. As
shown in Table 5, our framework effectively learns to trigger the
reasoning mode only when beneficial. Compared to always using
the reasoning mode, RTR achieves higher accuracy (83.8% vs. 82.4%)
while reducing token usage by 57%, demonstrating the effectiveness
of both adaptive mode selection and dynamic strategy selection.
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4.7 Case Study

Figure 8 illustrates the effectiveness of RTR through a case exam-
ple. When RTR is disabled, the best-performing model (QwQ-32B)
along with the reasoning strategy of CoT results in redundant and
unnecessarily verbose reasoning, ultimately leading to the use of
1963 tokens. In contrast, when RTR is applied, it routes the query to
DeepSeek-R1-14B and the CoD strategy. This configuration yields
the correct answer while using only 216 tokens, demonstrating
significantly reduced computation.

Question

Divide the reciprocal of - by the

DeepSeek-R1-148 + CoD _|

First, I need to find the reciprocal of
5/6, which is 6/5. Next, | determine

reciprocal of the reciprocal of -.
P f P f the reciprocal of the reciprocal of 5/6.

Ground Truth: — The reciprocal of 5/6 is 6/5, and the
reciprocal of that is 5/6. Finally, |
divide the first reciprocal (6/5) by the

best model and strategy second reciprocal (5/6), which

implifies to (6/5) * (6/5) = 36/25.
QwQ-32B + CoT_ | simplifies to (6/5) * (6/5) = 36/

Step-by-step minimal draft:
Reciprocal of 5/6: 6/5
Reciprocal of reciprocal: 5/6
Divide: (6/5) + (5/6)
Multiply by reciprocal: (6/5) % (6/5)
Result: 36/25

Okay, let's tackle this problem step by step.
The question says: "Divide the reciprocal of
5/6 by the reciprocal of the reciprocal of
5/6." Hmm, that sounds a bit convoluted,

(After thinking with more tokens)

Thus, the final answer is —.

(Total 216 tokens)

(Total 1963 tokens)

Figure 8: Without using RTR, selecting the best model (QwQ-
32B) and the CoT strategy leads to redundant reasoning steps.
In contrast, RTR routes the query to DeepSeek-R1-14B with
the CoD strategy and obtains the correct answer using only
216 tokens.

5 Related Work
5.1 LLM Routing

Model routing has emerged as one of the most cost-effective ap-
proaches in LLM ensembles [7, 11, 12, 18], as it selects a single
model to generate responses for individual queries. RouteLLM [30]
proposes four distinct strategies for routing between small and
large models, effectively reducing cost. EmbedLLM [54] proposes
learning universal model embeddings to facilitate routing deci-
sions across diverse models. RouterBench [18] introduces a bench-
mark dataset for routing tasks and implements a range of rout-
ing baselines to balance response quality and computational cost.
Division-of-Thoughts (DoT) [35] introduces a collaborative reason-
ing framework that coordinates on-device smaller-scale models
with cloud-based LLMs through dynamic task decomposition and
scheduling, substantially reducing inference cost while preserving
reasoning accuracy. Recent works [21, 28, 39] have further explored
collaborative multi-model deployments and the development of
general-purpose routing systems.

5.2 Efficient LLM Reasoning

Recently, LLMs [14, 19, 43] have demonstrated increasingly power-
ful reasoning capabilities, but this progress has come at the expense
of significantly higher inference-time computation. Recent studies

Zhihong Pan, Kai Zhang, Yuze Zhao, and Yupeng Han

have shown that such improvements often result in the problem of
overthinking [4, 6, 10, 24, 25, 27, 37, 44], where models tend to gen-
erate unnecessarily long and redundant reasoning steps, especially
for simple queries. This has brought growing attention to the chal-
lenge of dynamically adapting inference based on problem difficulty.
Existing approaches typically address this by fine-tuning [22, 27, 33]
the model or applying reinforcement learning [6, 37, 44] to shorten
reasoning trajectories and reduce unnecessary token generation,
thereby enabling adaptive computation during inference.

5.3 Dynamic Reasoning Strategies in LLM

Chain-of-Thought (CoT) prompting [40] and its variants, such
as decomposition-based methods [23, 53] and Tree-of-Thought
(ToT) [45], have significantly improved performance across a wide
range of reasoning tasks. Recent studies [34, 36, 47] have shown
that these strategies exhibit complementary strengths depending
on the characteristics of the task [50-52]. For instance, while CoT
performs well on mathematical and logical reasoning, it may not
be universally effective for all question types. The Program-aided
Language (PAL) approach [13] has shown superior performance on
arithmetic-intensive tasks by incorporating code execution into the
reasoning process. Recent work [2, 34, 47] has studied how to select
the most suitable reasoning strategy for different types of questions.
However, these methods assume a fixed model configuration and do
not explore how different models interact with various strategies.
In contrast, our work jointly optimizes both model and strategy
selection, enabling more efficient and accurate routing decisions.

6 Discussion

Conclusion. In this paper, we present RTR, a unified framework
for jointly selecting the optimal model and reasoning strategy for
each query. To the best of our knowledge, RTR is the first approach
to simultaneously address both model and strategy selection in a
single routing framework. By representing all candidate models and
strategies as learnable embeddings, our framework predicts two
key metrics for each query: the expected performance score and the
answer token usage across all available model-strategy pairs. These
predictions are used to construct a routing table, enabling RTR to
dynamically determine the best combination of model and reason-
ing strategy for each query. Extensive experiments demonstrate
that RTR consistently makes effective routing decisions, achieving a
favorable trade-off between overall performance and computational
cost across all baselines.

Limitations and Future Directions. Our current evaluation focuses
on query-level routing among individual models, while incorporat-
ing collaborative decisions across multiple models and extending
evaluation beyond reasoning tasks are promising directions. We
believe RTR can facilitate cost-aware and environmentally sustain-
able deployment of large-scale web-based Al services, advancing
intelligent model orchestration within the broader Web ecosystem.
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A Additional Details and Experiments
A.1 Baseline Implementation Details

We describe the implementation details of the baseline methods as
follows:

¢ Random: A model-strategy pair is randomly selected for
each input. We report the average performance over 50 in-
dependent runs.

o KNN-Router: The number of neighbors k is set to 10. For
each model-strategy pair, we compute its score as the aver-
age accuracy minus the average output length multiplied by
a parameter A. The parameter A is tuned to balance perfor-
mance and cost, and we report the best-performing configu-
ration.

e RouteLLM: As a binary router, RouteLLM labels each query
according to its average accuracy across candidate models,
and trains a binary classifier to determine which model to
select. The balance parameter is tuned, and the best result is
reported. The strong and weak models used are QwQ and
Qwen2.5-7B, respectively.

o EmbedLLM: Each model-strategy pair is assigned a unique
ID, and a 768-dimensional embedding is learned for each
pair. Following the original implementation, the learning
process is formulated as a reconstruction task: given a ma-
trix of model correctness across prompts, a reconstruction
network is trained to recover this matrix, ensuring that the
embeddings capture the behavioral characteristics of each
model-strategy pair.

A.2 Effectiveness of Training Samples

We evaluate the prediction performance of the accuracy predic-
tor under varying training sample sizes. As shown in Figure 9,

Zhihong Pan, Kai Zhang, Yuze Zhao, and Yupeng Han

an increase in the number of training samples leads to a general
improvement in prediction accuracy across all datasets. This en-
hancement is particularly pronounced when the training sample
size is relatively small. As the training size approaches around 5000
samples, the performance begins to converge. This suggests that
our prediction framework is capable of effectively modeling the
relationship between model-strategy pairs and problems using a
relatively small amount of data, thereby enabling accurate perfor-
mance prediction.
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Figure 9: Prediction accuracy on the test set under different
training sample sizes.

A.3 API Cost

Table 6: Candidate LLMs and their pricing (USD per 1M to-
kens).

LLM Cost per 1M tokens ($)
DeepSeek-R1-Distill-Qwen-14B 1.6
DeepSeek-R1-Distill-Qwen-7B 1.2
QwQ-32B 1.2
Qwen2.5-14B 0.8
Qwen2.5-7B 0.3
Qwen2.5-3B 0.1

A.4 Inference Cost Analysis

To further analyze the real-world efficiency of our routing frame-
work, we evaluate the computational overhead introduced by RTR
beyond the LLM inference itself. The routing process consists of
three lightweight components:

(1) Embedder: Each query is encoded once using a pre-trained sen-
tence transformer (all-mpnet-base-v2, ~110M parameters).
On a standard NVIDIA A100 GPU, this takes only a few millisec-
onds per query, which is negligible compared to LLM inference
times that typically last several seconds.

(2) Predictor: For each of the M candidate models and K reasoning
strategies, two small MLPs estimate the predicted performance
and token usage. These M X K forward passes are highly paral-
lelizable and collectively take less than one millisecond.
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(3) Router: The final selection step involves a few arithmetic op-
erations and comparisons, contributing only nanosecond-level
overhead.

Overall, the routing overhead is negligible relative to LLM infer-
ence, with the vast majority of computation and cost dominated
by model execution. This demonstrates that RTR enables efficient
model selection with minimal additional computational burden.

A.5 Prompts Used in Experiments

CoT
Please reason step by step before providing the final answer,
and put your final answer within \\boxed{{}}.

CoD
Think step by step, but only keep minimum draft for each
thinking step, with 5 words at most, and put your final answer
within \\boxed{{}}.

PAL
Write a Python code snippet to solve the following problem.
Do not use any plotting libraries or the input() function.

A.6 Profiles of Strategies and Models

Vanilla: Vanilla prompting retains the original question
content without adding any additional prompt information.

Chain-of-Thought (CoT): Chain-of-Thought (CoT)
prompting guides the model to articulate a step-by-step
reasoning process before providing the final answer. This
results in longer responses and slower reasoning speed,
typically generating the longest answers, but it performs best
on complex problems such as mathematical reasoning.

Chain-of-Draft (CoD): Chain-of-Draft (CoD) prompts
the model to generate only intermediate drafts with explicit
constraints on output length, encouraging concise reasoning.
These drafts represent the model’s thinking process, often
containing important calculation steps and key reasoning
information. It simplifies the intermediate steps of the
reasoning chain while retaining good performance, resulting
in shorter answers.

Program-Aided Language (PAL): Program-Aided Lan-
guage (PAL) transforms the reasoning process into executable
code. This approach leverages the determinism of program-
ming languages to ensure logical consistency and high accu-
racy, making it particularly effective for mathematical, sym-
bolic, or algorithmic tasks. PAL relies on a suitable code ex-
ecution environment and consistently produces results with
high reliability and stable, moderately sized outputs. However,
it may not well suited for commonsense reasoning tasks.
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Qwen2.5-3B-Instruct: Qwen2.5-3B-Instruct is a light-
weight 3B parameter model with fast inference and low
resource usage. It is suitable for simple tasks such as basic
question answering and short-form text generation, but is
limited in handling complex reasoning or multi-step tasks.

Qwen2.5-7B-Instruct: Qwen2.5-7B-Instruct is a
mid-small 7B parameter model that balances speed and
performance. It is capable of multi-turn dialogue, basic code
and math tasks, and offers improved language understand-
ing over smaller models, while maintaining efficient inference.

Qwen2.5-14B-Instruct: Qwen2.5-14B-Instruct is a mid-
sized 14B parameter model that excels at complex reasoning,
document summarization, and structured mid-length text
generation. It demonstrates strong performance on tasks
requiring deeper understanding and context retention.

DeepSeek-R1-7B: DeepSeek-R1-7B is a 7B distilled model
with slightly slower but stable inference compared to other
models of similar size. It is well-suited for medium-length
answers that require deep reasoning, and often generates
more detailed and comprehensive responses.

DeepSeek-R1-14B: DeepSeek-R1-14B is a 14B distilled
model with slower inference but strong logical and mathemat-
ical capabilities. It is ideal for mathematical proofs and tasks
requiring rigorous step-by-step reasoning, offering robust
performance in logic-intensive scenarios.

OwQ-32B: QwQ-32B is a large 32B quantized model
with slow inference. It excels at complex logic, coding, and
multi-step reasoning tasks, though it may produce verbose
outputs. Its large capacity enables handling of challenging
prompts and long-context tasks.

Qwen3-4B (thinking): Qwen3-4B in ’thinking’ mode
generates longer reasoning chains and detailed thought
processes. While it has slower inference and higher resource
usage, it excels at solving complex logic and reasoning prob-
lems, making it suitable for tasks that require step-by-step
explanations or in-depth analysis.

Qwen3-4B (non-thinking): Qwen3-4B in ‘non-thinking’
mode is optimized for short, direct answers. It provides fast in-
ference with low resource cost, but is limited in deep reasoning
or step-by-step explanations, making it best for straightfor-
ward queries or when efficiency is prioritized.
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