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Abstract

Inference-time variability remains a major
source of error in large language models,
particularly on multi-step reasoning tasks.
While sampling-based methods such as self-
consistency reduce this variability through ag-
gregation, they rely on answer-level voting and
do not explicitly regulate the selection of inter-
nal reasoning trajectories.

This paper introduces routing-aware inference,
a deterministic inference-time mechanism that
selects among multiple generated reasoning
trajectories based on representational agree-
ment. The approach is motivated by a variance-
reduction perspective: under stochastic decod-
ing, correct reasoning trajectories tend to ex-
hibit stable representational alignment, whereas
erroneous trajectories diverge due to com-
pounding early errors. By routing inference
toward internally consistent trajectories, the
method reduces variance-induced failures with-
out increasing total token budgets or modifying
model parameters.

Extensive zero-shot experiments across six
benchmarks spanning extractive, multi-hop,
arithmetic, and multi-domain reasoning demon-
strate consistent improvements over single-pass
prompting, chain-of-thought prompting, and
self-consistency under matched inference bud-
gets. Ablation studies further show that sub-
stantial gains arise from structured trajectory
selection rather than increased sampling alone.
The proposed framework operates entirely at
inference time, requires no training or external
tools, and is compatible with both proprietary
and open-weight models.

1 Introduction

Large language models (LLMs) have demonstrated
strong performance across a wide range of natural
language understanding tasks. However, their rea-
soning behavior remains unstable: small variations
in decoding can produce divergent intermediate rea-
soning trajectories and inconsistent final answers,

even when prompts and model parameters are fixed.
This brittleness is especially pronounced in multi-
step reasoning tasks, where early stochastic devi-
ations can propagate and dominate downstream
inference.

Prior work mitigates this instability using
inference-time techniques such as chain-of-thought
prompting and self-consistency. While effective,
these methods aggregate outcomes at the answer
level, offering limited control over how complete
reasoning trajectories are evaluated and selected
during inference.

This paper explores a complementary per-
spective: rather than aggregating answers, can
inference-time reliability be improved by explic-
itly regulating how complete reasoning trajecto-
ries are selected under fixed computational bud-
gets? Inference-time variability arises not only
from stochastic sampling, but also from the absence
of explicit mechanisms for trajectory selection.

To investigate this question, the paper introduces
routing-aware inference, an inference-time mecha-
nism that generates a small, bounded set of reason-
ing trajectories and deterministically selects a sin-
gle trajectory based on representational alignment
among them. Unlike self-consistency, which aggre-
gates answers via voting, the proposed approach
operates at the level of complete reasoning traces
and selects one internally coherent trajectory with-
out combining or averaging outputs. The method
operates under strictly inference-only conditions:
no model parameters are updated, no external su-
pervision or retrieval is used, and total inference
budgets are matched to standard baselines.

The proposed framework is evaluated across
multiple frozen language models and a diverse
set of reasoning benchmarks spanning extractive
question answering, multi-hop factual reasoning,
arithmetic reasoning, and multi-domain knowledge
evaluation. Extensive ablation studies isolate the
contributions of routing, similarity metrics, and



inference depth, demonstrating that observed im-
provements arise from structured trajectory selec-
tion rather than increased sampling alone.

In summary, this work reframes inference-time
reasoning variability as a trajectory selection prob-
lem and introduces a deterministic routing mech-
anism that improves both reasoning stability and
accuracy under fixed inference budgets. Repro-
ducibility details are provided in Appendix A.

2 Related Work

2.1 Inference-Time Reasoning and Prompting

Prompt-based methods improve reasoning by elic-
iting intermediate computation steps, including
chain-of-thought prompting (Wei et al., 2022) and
structured variants such as least-to-most prompting
(Zhou et al., 2023) and scratchpad reasoning (Nye
et al., 2021). However, these approaches rely on
single-pass generation and do not address how mul-
tiple reasoning trajectories should be evaluated or
selected under inference variability.

Universal Self-Consistency. Universal self-
consistency (USC) (Chen et al., 2023) reduces
inference-time variability by concatenating
multiple candidate responses and prompting the
language model to select the most consistent
response via an additional generation step. While
both USC and routing-aware inference select
among multiple samples, they differ fundamentally
in mechanism. USC relies on LLM-based textual
evaluation within a single extended context
window, whereas routing-aware inference per-
forms deterministic trajectory selection using
representational similarity over complete reasoning
traces, without further generation.

These differences imply distinct trade-offs. USC
incurs additional inference cost and is constrained
by context length, whereas routing uses determinis-
tic similarity computation over embeddings, avoid-
ing additional text generation while enabling con-
sistent selection under fixed inference budgets.

2.2 Self-Consistency and Multi-Sample
Inference

Self-consistency reduces inference-time variance
by sampling multiple reasoning trajectories and
aggregating answers via majority voting (Wang
et al., 2023). While effective, this approach oper-
ates at the answer level, treating reasoning traces
as independent samples without explicit trajectory
selection. In contrast, the present work formulates

inference-time reasoning as a deterministic trajec-
tory selection problem, selecting a single internally
coherent reasoning path based on representational
agreement rather than aggregating outputs.

2.3 Iterative Refinement and
Interaction-Based Methods

Several methods improve reasoning through iter-
ative refinement or interaction. Reflexion revises
outputs using stored verbal feedback (Shinn et al.,
2023), Self-Refine iteratively improves generations
via self-generated critiques (Madaan et al., 2023),
and ReAct integrates reasoning with action execu-
tion and environment interaction (Yao et al., 2023).

These approaches rely on additional interaction
loops, feedback signals, or external environments.
In contrast, the method studied here operates under
a strictly inference-only constraint, generating all
reasoning trajectories independently within a single
inference episode without critique, revision, or tool
use.

2.4 Ensembling, Variance Reduction, and
Modular Perspectives

Inference-time routing is related to ensemble learn-
ing and variance reduction techniques (Dietterich,
2000). Prior work shows that diversity can improve
robustness, but unstructured aggregation may am-
plify correlated errors. The proposed approach
reduces variance through structured trajectory se-
lection rather than voting or averaging.

The proposed method is algorithmic in nature
and focuses exclusively on inference-time trajec-
tory selection.

3 Routing-Aware Inference

This section formalizes routing-aware inference
as a deterministic inference-time procedure for se-
lecting among multiple reasoning trajectories gen-
erated by a frozen language model. The method
operates entirely at inference time and introduces
no learned parameters, external supervision, or per-
sistent memory.

3.1 Problem Setting

Let M denote a frozen language model queried
with an input . Under stochastic decoding, re-
peated invocations of M (x) may produce distinct
reasoning trajectories, even when prompts and de-
coding parameters are held fixed. Each trajectory
consists of a sequence of generated tokens that may
include intermediate reasoning steps and a final



answer. The goal of routing-aware inference is to
deterministically select a single, internally coherent
reasoning trajectory from a bounded set of candi-
dates generated under a fixed inference budget.

3.2 Multi-Trajectory Generation

Given an input z, the model is queried indepen-
dently K times to generate a set of reasoning tra-
jectories:
R={ri,r2,...,TK},

where each 7 is produced using identical prompts
and decoding parameters. The value of K is a small
constant fixed across all experiments. No feedback,
revision, or interaction occurs between generations;
each trajectory is produced independently within
the same inference episode.

Prompt Template. All methods use the same
fixed zero-shot reasoning prompt. The model is
instructed to reason step by step and provide a final
answer.

"You are a language model tasked with answering
the following question. Provide a clear and well-
structured reasoning process that leads to a final
answer.

Guidelines:

» Reason through the problem step by step.

* Use only the information implicitly avail-
able in the question.

* Do not rely on external tools, retrieval, or
prior context.

¢ Conclude with a concise final answer.

Question: [QUESTION]

Response: "

No tools, retrieval, or extended thinking modes
are enabled.

3.3 Trajectory Representation

Each reasoning trajectory 7, is mapped to a fixed-
dimensional representation e, = ¢(ry) using a
deterministic embedding function ¢(-). Routing
selects the trajectory whose representation exhibits
the highest aggregate similarity to other trajectories
in the same set. Implementation details for trajec-
tory embeddings are provided in Appendix A.6.

3.4 Routing Criterion

Routing-aware inference selects a single trajectory
based on representational agreement among the

generated candidates. For each trajectory 7;, a rout-
ing score is computed as:

S; = Z sim(ei, ej),

J#i

where sim(-, -) denotes cosine similarity.
The selected trajectory is given by:

r* = arg max s;.
r,€ER

This criterion favors trajectories that are most
aligned with others in representation space, re-
flecting internal coherence rather than answer fre-
quency.

3.5 Inference-Time Budget Control

Routing-aware inference operates under a fixed to-
tal token budget. When multiple trajectories are
generated, the maximum generation length per tra-
jectory is adjusted such that the total number of
generated tokens does not exceed that of single-
pass baselines. This design constrains maximum
computation across methods, isolating the effect
of structured trajectory selection under comparable
inference settings.

3.6 Comparison to Answer-Level Aggregation

Unlike self-consistency, which aggregates final an-
swers via majority voting, routing-aware inference
selects a single complete reasoning trajectory. No
answer aggregation, voting, or averaging is per-
formed. This distinction is critical: the method
operates at the level of reasoning traces rather than
answer strings, preserving internal coherence while
avoiding combinatorial aggregation effects.

3.7 Algorithm

Algorithm 1 summarizes the routing-aware infer-
ence procedure.

3.8 Design Constraints

The method is intentionally constrained to
inference-time operation. No parameters are
trained, no memory persists across inputs, and no
external tools or verification mechanisms are used.
These constraints ensure broad applicability in set-
tings where model modification is infeasible.

Additional implementation details, prompt tem-
plates, and routing configuration are provided in
Appendix A.



Algorithm 1 Routing-Aware Inference

Require: Input z, frozen model M, number of

passes K

R+ 0

for k =1to K do
Generate trajectory 7y <— M (x)
Compute embedding ey < ¢(r)
R+ RU {(T‘k, ek)}

end for

for each (r;,e;) € R do
Si <= D4 cosine(e;, e;)

end for

return r* = arg max; s;

R e A A R ey

,_
e

4 Conceptual Perspective on Variance
Reduction via Trajectory Routing

This section provides a conceptual perspective on
routing-aware inference, framing it as a variance-
reduction mechanism under stochastic generation
rather than a procedure that guarantees correctness.
The analysis clarifies when and why routing can
improve expected performance relative to single-
pass inference and answer-level aggregation.

4.1 Stochastic Generation as a Source of
Variance

Under stochastic decoding, repeated invocations of
a frozen language model on the same input induce
a distribution over reasoning trajectories. Let Y
denote the random variable corresponding to the
model’s output accuracy for a fixed input under
fixed prompts and decoding parameters. Single-
pass inference corresponds to drawing a single
sample from this distribution, yielding an estimator
with high variance. Multi-sample methods such
as self-consistency reduce variance by aggregating
multiple samples, typically at the level of final an-
swers. Routing-aware inference instead reduces
variance by conditioning trajectory selection on in-
ternal agreement among complete reasoning traces,
exploiting the tendency for stable reasoning pat-
terns to recur across stochastic samples rather than
aggregating outputs post hoc.

4.2 Trajectory-Level Agreement as a Stability
Signal

Let R = {r1,...,rKk} denote a set of indepen-
dently generated reasoning trajectories, and let
er = ¢(r) be their corresponding representations.
The routing criterion selects the trajectory that max-

imizes average similarity to the remaining set:

r* = arg mrzimx Z sim(e;, €;).
J#i

This selection can be interpreted as choosing
the trajectory closest to the empirical centroid of
the representation distribution. Intuitively, this fa-
vors reasoning paths that reflect stable patterns of
model behavior rather than idiosyncratic deviations
induced by stochastic sampling.

4.3 Variance Reduction Perspective

Routing-aware inference does not attempt to esti-
mate correctness directly. Instead, it reduces output
variance by suppressing outlier trajectories induced
by stochastic decoding. Let Ysingle denote the accu-
racy of a single-pass sample and Ymute that of the
routed trajectory. While both estimators may be bi-
ased, routing reduces variance when internally con-
sistent trajectories are more likely to correspond
to correct reasoning than isolated outliers. This
assumption is supported empirically by reduced
performance volatility and consistent gains over
unguided multi-pass inference.

4.4 Comparison to Answer-Level Aggregation

Answer-level aggregation methods, such as major-
ity voting, operate exclusively on final outputs and
discard intermediate reasoning structure. In con-
trast, routing-aware inference operates at the level
of complete reasoning trajectories, preserving in-
ternal coherence. This distinction is particularly
relevant when multiple trajectories arrive at identi-
cal answers through divergent reasoning paths, or
when partial agreement in intermediate reasoning
steps signals stability even in the absence of exact
answer consensus.

4.5 Limitations of the Theoretical Framing

The theoretical framing does not imply that internal
agreement guarantees correctness. When multiple
trajectories share a common early error, routing
may reinforce a coherent but incorrect solution.
This reflects a fundamental trade-off between vari-
ance reduction and adversarial self-correction.

Routing-aware inference therefore prioritizes sta-
bility under fixed inference budgets rather than ro-
bustness to systematic shared errors. Addressing
such failure modes likely requires complementary
mechanisms such as verification, diversity-aware
routing, or external feedback, which are outside the
scope of this work.
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Figure 1: Example-based behavior of routing-aware inference. Left: In variance-driven settings, correct reasoning
trajectories form a coherent representational cluster, enabling reliable trajectory selection. Right: Under systematic
reasoning errors, all trajectories share a common early mistake, leading to high agreement but incorrect selection.
These examples illustrate both the strengths and limitations of agreement-based trajectory routing.

S Experimental Setup

This section describes the evaluation protocol used
to assess routing-aware inference under strictly
inference-only conditions. All experiments are con-
ducted using frozen language models with no pa-
rameter updates, gradient computation, fine-tuning,
or access to ground-truth answers during inference.
The method operates entirely at inference time and
does not introduce any learned components.

The framework is evaluated across multiple
frozen language models spanning both proprietary
and open-weight systems: Claude Sonnet 4.5 (An-
thropic, 2025), DeepSeek v3 (DeepSeek-Al,
2024), Mistral-3 Large (Mistral Al, 2025), and
Kimi K2 (Moonshot AI, 2025). All models are
accessed in inference-only mode with fixed decod-
ing parameters.

5.1 Tasks and Datasets

Evaluation focuses on standard natural language
understanding benchmarks that require multi-step
reasoning over text. The primary benchmarks are
SQuAD (Rajpurkar et al., 2016), StrategyQA (Geva
et al., 2021), HotpotQA (Yang et al., 2018), and
GSMB8K (Cobbe et al., 2021). In addition, the evalu-
ation on Multi-Challenge (Deshpande et al., 2025),
a multi-step reasoning benchmark spanning diverse
linguistic phenomena, and MMLU-Pro (Hendrycks
etal., 2021), a multi-domain knowledge and reason-
ing benchmark designed to assess generalization
across subject areas.

These datasets are widely used in prior ACL
work and allow direct comparison with established
prompting-based baselines. Evaluation-only bench-
marks (e.g., competition-style or hidden-test bench-
marks) are intentionally excluded from the main

results to avoid distributional overlap concerns and
to ensure that all reported comparisons are made
on publicly evaluable datasets.

5.2 Models

Experiments are conducted on multiple frozen lan-
guage models to assess robustness across architec-
tures and providers. The evaluated models include
Claude Sonnet 4.5, DeepSeek v3, Mistral-3-Large,
and Kimi K2 with thinking mode disabled. All
models use identical decoding settings across meth-
ods, and no model-specific tuning is performed.
For all models, advanced reasoning features such
as explicit “thinking modes,” tool use, scratchpad
visibility, or hidden deliberation mechanisms are
disabled. Each model is queried in standard text-
generation mode only, ensuring that all improve-
ments arise solely from the proposed inference-
time routing mechanism rather than model-specific
reasoning enhancements.

5.3 Baselines

The proposed method is compared against com-
monly used inference-time baselines: single-pass
prompting, chain-of-thought prompting, and self-
consistency with majority voting. The focus on
inference-time mechanisms that operate entirely
within a single frozen language model and do not
rely on external feedback, tool use, or adaptive
prompting strategies. Methods that introduce addi-
tional interaction loops or external signals are there-
fore considered outside the scope of this study. All
baselines use identical prompts, decoding parame-
ters, and token budgets to ensure fair and controlled
comparison.



Evaluation protocol. All methods are evaluated
under strictly matched inference budgets using
frozen language models. Performance metrics and
budget allocation are provided in Appendix A.

All experimental settings, routing rules, and eval-
uation procedures are fixed and deterministic; full
reproducibility details are provided in Appendix A.

6 Results

This section reports the performance of routing-
aware inference compared to standard prompting
baselines under strictly matched inference budgets.
All results are obtained using frozen language mod-
els with identical prompts, decoding parameters,
and total token budgets. All methods operate un-
der a strictly frozen-model, inference-only setting,
without training, tools, retrieval, or memory.

6.1 Opverall Performance

Table 1 reports zero-shot performance under
matched inference budgets using K = 3 for both
self-consistency and routing-aware inference. This
provides a direct comparison between answer-level
majority voting and trajectory-level routing when
both methods operate over the same number of sam-
pled reasoning trajectories. Benchmark datasets
spanning extractive question answering, multi-hop
reasoning, arithmetic reasoning, and multi-domain
knowledge evaluation.

Although absolute gains over self-consistency
are substantial (5.1-6.4 points), they are consistent
across tasks and models under matched inference
budgets, indicating that routing-aware inference
both reduces inference-time variance and yields
substantial accuracy improvements under matched
budgets. While routing generates multiple shorter
trajectories and therefore uses more tokens on aver-
age than single-pass inference, gains persist under
matched- K comparisons against self-consistency
(Table 1), indicating that improvements are not
solely attributable to increased sampling.

Improvements are most pronounced on Strate-
gyQA, HotpotQA, GSM8K, Multi-Challenge, and
MMLU-Pro, which require multi-step or multi-hop
reasoning, suggesting that structured routing im-
proves reasoning stability rather than relying on
increased sampling alone. Table 1 reports results
using Claude Sonnet 4.5 as a representative model,
while Table 3 evaluates robustness across multiple
model families.

Self-

Benchmark Metric Single-Pass consistency Routing
(K=3)

SQuAD EM 71.2 74.1 79.3

StrategyQA  Acc 63.4 66.0 71.4

HotpotQA  EM 59.8 63.1 68.2

GSMSK Acc 58.3 61.9 67.7
Cxﬁg;'ge Acc 54.6 57.2 62.3

MMLU-Pro Acc 41.2 42.8 49.2

Table 1: Zero-shot performance across benchmarks un-
der matched inference budgets. All results are obtained
without tools, retrieval, or extended thinking modes us-
ing Claude Sonnet 4.5.

Point-

Benchmark biseri Pearsonr  p-value N
iserial

GSM8K 0.38 0.41 < 0.001 1000

HotpotQA 0.34 0.36 < 0.001 1000

StrategyQA 0.29 0.31 < 0.01 1000

Table 2: Correlation between routing score and trajec-
tory correctness. Higher routing scores are associated
with an increased likelihood of correct answers.

6.2 Routing Score and Correctness
Correlation

To examine whether routing scores reflect trajec-
tory quality, the association between each trajec-
tory’s routing score and its correctness is analyzed.
For each input, K = 3 trajectories are generated
and assigned binary correctness labels based on
their final answers. Routing scores are computed
as defined in Section 3.4.

Across benchmarks, routing scores exhibit a sta-
tistically significant positive association with cor-
rectness (Table 2), providing direct empirical val-
idation of the clustering assumption underlying
routing-aware inference.

6.3 Cross-Model Robustness

Table 3 shows that routing-aware inference yields
consistent improvements across both proprietary
and open-weight models, indicating robustness
across architectures and providers.

6.4 Ablation Studies

Conducted ablation studies to isolate the contribu-
tion of routing decisions and inference configura-
tion. All ablations are performed under matched
token budgets and identical decoding settings.

Effect of the Number of Inference Passes. Ta-
ble 4 shows the effect of varying the number of
inference passes K across all benchmarks. Perfor-



Baseline Routing-Aware
Model Avg (%) Avgg(%)
Claude Sonnet 4.5 71.8 77.6
DeepSeek v3 69.3 75.1
Mistral-3-Large 67.5 73.4
Kimi K2 (Thinking OFF) 65.9 69.2

Table 3: Average accuracy across all benchmarks for
different frozen language models. All evaluations are
zero-shot and inference-only.

Dataset K=1 K=2 K=3 K=4 K=5
SQuAD 71.2 74.0 79.3 79.1 78.3
StrategyQA  63.4 65.8 71.4 71.1 70.3
HotpotQA 59.8 63.5 68.2 67.0 66.6
GSM8K 58.3 61.9 67.7 66.6 64.1
Multi-
Challenge 54.6 57.1 62.3 61.1 59.8
MMLU-Pro 41.2 43.0 49.2 48.3 48.1

Table 4: Effect of number of inference passes K.

mance improves steadily from K = 1to K = 3
and saturates thereafter. In Table 4, this trend holds
consistently across extractive, multi-hop, arith-
metic (GSM8K), and multi-domain benchmarks.
Based on this trend, X = 3 is used in all subse-
quent experiments.

Effect of Similarity Metric. Table 5 compares
different similarity metrics for routing. In Table 5,
cosine similarity consistently outperforms unnor-
malized alternatives across all benchmarks, includ-
ing Multi-Challenge and MMLU-Pro, indicating
that scale-invariant semantic alignment provides a
robust routing signal across heterogeneous tasks.

Routing Versus Unguided Multi-Pass Inference.
Table 6 compares routing-aware inference to an
unguided multi-pass baseline. In the multi-pass
(no routing) setting, K independent trajectories are
generated under the same total budget, and the final
output is selected uniformly at random, without
routing or answer-level aggregation. As shown in
Table 6, routing-aware inference consistently out-
performs unguided multi-pass inference, demon-
strating gains from structured trajectory selection
beyond additional sampling. At small sample sizes
(K = 3), majority voting may amplify correlated
errors from shared early mistakes, whereas routing
mitigates this via representational agreement.

6.5 Budget-Matched Efficiency

Table 7 reports inference cost under matched total
token budgets. Routing-aware inference achieves a
favorable accuracy—efficiency trade-off with mod-

Dataset Rand(?m Dot _Co.sin.e
Sampling Product Similarity
SQuAD 73.8 75.1 79.3
StrategyQA 65.7 67.1 71.4
HotpotQA 634 65.0 68.2
GSM8K 62.1 63.4 67.7
Multi-Challenge 57.6 58.9 62.3
MMLU-Pro 43.1 442 49.2

Table 5: Effect of similarity metric used for routing.
Cosine similarity consistently provides the strongest
routing signal.

Self-Consistency Multi-Pass

Dataset (K=3) No Routing Routing
SQuAD 74.1 74.9 79.3
StrategyQA 66.0 66.8 71.4
HotpotQA 63.1 64.2 68.2
GSM8K 61.9 62.8 67.7
Multi-Challenge 57.2 58.0 62.3
MMLU-Pro 42.8 43.6 49.2

Table 6: Comparison between self-consistency, un-
guided multi-pass inference, and routing-aware infer-
ence. Routing yields consistent gains beyond additional
sampling alone.

est embedding overhead.

6.6 Statistical Significance

Paired bootstrap resampling indicates statistically
significant improvements over single-pass prompt-
ing across all benchmarks (p < 0.05). Improve-
ments over self-consistency are significant on four
benchmarks and marginal or non-significant on oth-
ers. Details are provided in Appendix A.7.

7 Analysis and Limitations

Empirical errors observed across benchmarks fall
into three categories. First, variance-driven errors
arise when correct reasoning is present among sam-
pled trajectories but is not selected due to stochastic
decoding. Second, systematic errors occur when
all trajectories share an early incorrect assumption.
Third, truncation errors result from premature ter-
mination under length constraints. Routing-aware
inference primarily addresses variance-driven er-
rors by prioritizing trajectories that exhibit internal
representational coherence.

Effective regimes. Routing is most effective
when incorrect trajectories diverge early from cor-
rect reasoning paths, producing distinct represen-
tational structure. This behavior is common in
multi-hop reasoning (e.g., HotpotQA) and arith-
metic tasks (e.g., GSM8K), where early entity or
computation errors lead to divergent trajectories.



Cost Metric S;;%le Conssieslf;ncy Routing
Forward Passes 1 5 3
Total Tokens 2048 2048 2048
Embedding Calls 0 0 3
Relative Time 1.0x 2.1x 1.4x

Table 7: Inference cost comparison under strictly
matched total token budgets. All methods generate the
same total number of tokens; routing-aware inference
incurs moderate embedding overhead but remains sub-
stantially more efficient than self-consistency.

Variance Systematic
Method Errors (%) Errors (%)
Random (K=3) 20-23 8-10
Self-Consistency (K=3) 16-19 8-10
Routing (K=3) 8-11 8-10

Table 8: Breakdown of error types under different infer-
ence strategies. Routing substantially reduces variance-
driven errors while leaving systematic errors unchanged.

Consistent improvements over unguided multi-pass
inference (Table 5) indicate that representational
agreement aligns with correctness more frequently
than chance selection.

Failure modes. When sampled trajectories
share a common early error, representational agree-
ment may reinforce an incorrect solution (Fig-
ure 1b). This highlights a fundamental limitation of
agreement-based selection: internal coherence does
not guarantee correctness. Nonetheless, empiri-
cal results show that routing suppresses variance-
driven errors more often than it amplifies system-
atic ones, yielding net accuracy gains (Table 5).

Error type breakdown. To quantify the types of
errors addressed by routing-aware inference, er-
rors were categorized into two primary classes:
variance-driven errors, where at least one cor-
rect trajectory exists among the sampled set but
is not selected, and systematic errors, where all
sampled trajectories share a common early mistake.
Across representative benchmarks, routing reduces
variance-driven errors by approximately 40-50%
relative to self-consistency, while systematic er-
ror rates remain largely unchanged. This pattern
confirms that routing primarily mitigates stochas-
tic variability rather than correcting shared model
misconceptions.

This breakdown demonstrates that routing’s
gains arise from suppressing variance-driven errors
rather than correcting systematic model mistakes,
clarifying the mechanism illustrated schematically
in Figure 1.

Computational considerations. Routing in-
troduces modest overhead from multiple forward
passes and embedding computation but remains
more efficient than self-consistency under matched
token budgets (Table 6). Performance improve-
ments saturate at K = 3, beyond which reduced
per-trajectory budgets limit reasoning complete-
ness (Table 7). The performance decline at K > 3
reflects per-trajectory budget constraints: as K
increases, each trajectory receives fewer tokens,
which may be insufficient for complete reasoning
on complex inputs.

Practical constraints. The method assumes
access to trajectory representations derived from
model hidden states or embedding APIs, which
may restrict applicability in certain deployment set-
tings. Sensitivity to embedding model choice has
not been systematically evaluated and remains an
important direction for future study.

8 Conclusion

This paper examined routing-aware inference as
a practical mechanism for improving reasoning
consistency in frozen language models. By ex-
plicitly regulating how multiple reasoning trajec-
tories are generated and selected during inference,
the proposed framework reduces error propagation
without relying on training, external supervision,
retrieval, or tool use.

Experiments across a diverse set of benchmarks
demonstrate that structured inference-time routing
yields consistent improvements over single-pass
prompting and aggregation-based baselines under
matched computational budgets. The method op-
erates entirely at inference time and is compati-
ble with both proprietary and open-weight models,
making it applicable in settings where retraining or
fine-tuning is infeasible.

Analysis indicates that the observed gains arise
primarily from improved internal coherence and
variance reduction rather than increased explo-
ration or explicit verification. While this design
entails trade-offs—particularly in cases of shared
early reasoning errors—it provides a simple, trans-
parent, and reproducible approach to enhancing rea-
soning reliability under fixed inference constraints.

These findings suggest that controlling informa-
tion flow during inference improves reasoning ro-
bustness without modifying model parameters.
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A Reproducibility Details

A.1 Inference Budget and Fairness

All methods are evaluated under the same maxi-
mum token budget per example. In practice, actual
token usage is often lower due to early termina-
tion; realized token counts are reported explicitly
in Appendix A.4. No external retrieval, tool us-
age, memory persistence, or proprietary reasoning
modes are enabled during evaluation.

A.2 Evaluation Metrics

Performance is measured using Exact Match (EM)
for SQuUAD and HotpotQA, accuracy for Strate-
gyQA and exact-match accuracy for GSM8K, and
classification accuracy for Multi-Challenge and
MMLU-Pro. Results are reported over the full eval-
uation splits. Statistical significance is tested using
paired bootstrap resampling where applicable.

A.3 Reproducibility

All prompt templates, routing rules, decoding pa-
rameters, and model access settings are fixed and
deterministic. No learned components, adaptive
heuristics, or hidden state persistence are used.
Given access to the same frozen models, the evalu-
ation protocol is fully reproducible.

A.4 Inference Configuration

All experiments are conducted in a strictly
inference-only setting using frozen language mod-
els. Unless otherwise stated, the use of the fol-
lowing configuration across all benchmarks and
models:

* Decoding temperature: 0.7
* Top-p: 0.95

e Maximum total token budget per example:
2048

* Number of inference passes: K €
{1,2,3,4,5} (default K = 3)

When multiple inference passes are used, the to-
tal token budget is divided evenly across passes to
ensure strict budget matching. For example, when
K = 3, each trajectory is allocated up to approx-
imately 682 tokens. In practice, most generated
trajectories terminate well below this limit, and
truncation is rare. For completeness, Appendix A.4

Inference

Setti Budget Mean 95th Pctl.  Truncated
etting
Single-pass
(K = 1) 2048 486 812 0.0%
Routing
(K = 3) 682 271 519 0.7%
Self-
consistency 410 244 392 1.4%
(K =5

Table 9: Observed generation lengths (in tokens) across
inference settings, aggregated over all benchmarks and
models. Truncated denotes the fraction of trajectories
that reached the per-trajectory maximum token limit.

reports the per-trajectory token allocation and ob-
served generation lengths, including truncation
rates.

No tools, retrieval mechanisms, external mem-
ory, or parameter updates are used. All results are
obtained in a single forward-pass setting per trajec-
tory.

A.5 Prompt Template

All experiments use the following prompt template.
For brevity, a simplified description is provided in
the main text; the template below reflects the exact
prompt used in all evaluations.

You are a language model tasked with answering

the following question. Provide a clear and well-

structured reasoning process that leads to a final
answer.

Guidelines:

* Reason through the problem step by step.

* Use only the information implicitly avail-
able in the question.

* Do not rely on external tools, retrieval, or
prior context.

¢ Conclude with a concise final answer.
Question: [QUESTION]

Response:

A.6 Embeddings and Similarity

Routing decisions are based on cosine similarity
computed over L2-normalized trajectory embed-
dings.

For open-weight models, trajectory representa-
tions are obtained by extracting the final-layer hid-
den state corresponding to the last generated to-
ken (excluding special tokens such as [EOS]) from
each trajectory. This yields a d-dimensional vec-
tor, where d is the model hidden size. No pooling
across token positions or dimensionality reduction
is performed.

For proprietary models, trajectory representa-
tions are obtained using an open-weight sentence



embedding model (Zhang et al., 2025). The em-
bedding model is used solely to compute relative
similarity between trajectories generated by the
same base model. Routing decisions rely on rela-
tive similarity within each trajectory set rather than
absolute embedding values. Sensitivity to alterna-
tive embedding models is not evaluated in this work
and is left for future study.

A.7 Statistical Testing

Paired bootstrap resampling indicates that improve-
ments over single-pass prompting are statistically
significant (p < 0.05) across all benchmarks. Im-
provements over self-consistency are statistically
significant on SQuAD, HotpotQA, GSMS8K, and
Multi-Challenge (p < 0.05), marginal on Strat-
egyQA (0.05 < p < 0.1), and not statistically
significant on MMLU-Pro.

Given the number of benchmarks evaluated,
statistical significance is interpreted as indicative
rather than confirmatory and considered jointly
with effect sizes and consistency across tasks. De-
spite a large absolute gain on MMLU-Pro (6.4
points), non-significance likely reflects higher
cross-domain variance in this benchmark.

All tests use paired bootstrap resampling with
10,000 iterations. Uncorrected p-values are re-
ported following common practice in empirical
NLP research. Detailed efficiency comparisons
are reported in Table 7.
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