Abstract

Large language models (LLMs) are increasingly
deployed in settings where reasoning, such as
multi-step problem solving and chain-of-thought,
is essential. Yet, current evaluation practices
overwhelmingly report single-run accuracy while
ignoring the intrinsic uncertainty that naturally
arises from stochastic decoding. This omis-
sion creates a blind spot because practitioners
cannot reliably assess whether a method’s re-
ported performance is stable, reproducible, or
cost-consistent. We introduce REASONBENCH,
the first benchmark designed to quantify the un-
derlying instability in LLM reasoning. REASON-
BENCH provides (i) a modular evaluation library
that standardizes reasoning frameworks, models,
and tasks, (ii) a multi-run protocol that reports
statistically reliable metrics for both quality and
cost, and (iii) a public leaderboard to encourage
variance-aware reporting. Across tasks from dif-
ferent domains, we find that the vast majority
of reasoning strategies and models exhibit high
instability. Notably, even strategies with simi-
lar average performance can display confidence
intervals up to four times wider, and the top-
performing methods often incur higher and less
stable costs. Such instability compromises re-
producibility across runs and, consequently, the
reliability of reported performance. To better
understand these dynamics, we further analyze
the impact of prompts, model families, and scale
on the trade-off between solve rate and stability.
Our results highlight reproducibility as a critical
dimension for reliable LLM reasoning and pro-
vide a foundation for future reasoning methods
and uncertainty quantification techniques. REA-
SONBENCH is publicly available at https:
//github.com/au-clan/ReasonBench.

1. Introduction

Recent studies highlight a growing tension between the
promise of large language models (LLMs) and the risks
of their adoption. On the one hand, even the mere knowl-
edge that advice originates from an Al system has been
shown to induce over-reliance by users (Klingbeil et al.,
2024). On the other hand, evidence demonstrates that larger
and more instructable models are becoming less reliable
(Zhou et al., 2024b). This combination creates a concern-
ing dynamic: users are predisposed to trust LLM outputs
while the models themselves may be increasingly unstable.
Such risks are amplified in safety-critical domains such as
medical decision-making, legal and financial reasoning, and
autonomous systems, where unreliable outputs can carry
severe consequences.

At the center of these concerns lies reasoning, which has
become a primary frontier in the development of LLMs.
Recent advances increasingly revolve around reasoning,
whether through specialized frameworks (Wei et al., 2022;
Yao et al., 2023a; Klein et al., 2025), reasoning-focused
training regimes such as DeepSeek R1 and OpenAl ol (Guo
et al., 2025; Jaech et al., 2024), or tool-augmented reason-
ing systems like Anthropic’s Model Context Protocol and
OpenAT’s Deep Research variants of flagship models. The
demand for reliable reasoning is driven by some of the most
impactful applications of LLMs: information seeking and
search (Jin et al., 2025; Li et al., 2025), mathematical and
formal logic reasoning including theo,rem proving (Yang
et al., 2023; 2024a), and many other domains where struc-
tured problem solving is essential. While reasoning is not
the only use case for LLMs, it has become a key driver of
both research progress and practical deployment, making
its robustness and reliability central to the field.

Traditionally, the behavior of machine learning algorithms
has been framed through the bias—variance paradigm (Ge-
man et al., 1992; Hastie et al., 2009). In this view, bias
corresponds to systematic error, typically captured by mea-
sures of accuracy, while variance reflects the instability of
results between runs and can be interpreted as a form of
uncertainty. Although this perspective has long guided the
analysis of classical ML algorithms, evaluations of LLMs,
especially in reasoning tasks, have focused almost exclu-
sively on bias by reporting average accuracy from single or



Query

Who did Muhammad Ali fight next, in Houston, after the so-called Fight of the Century with Joe Frazier?

Reasoning Model
“Identify Fight of the Century ® Determine Ali’s next fight ® Next oppenent is Jerry Quarry” X
“Identify Fight of the Century ® Next opponent: Quarry ® Fight vs Quarry: not in Houston ® Fight in Houston: Al Lewis” X
“Date of Fight of the Century ® Determine Ali’s fights in Houston ® Next fight in Houston: Buster Mathis” X

“Date of Fight of the Century ® Think of Ali’s match history ® Fights in Houston ® Next fight in Houston: Jimmy Ellis”

Search[Muhammad Ali] ® Lookup[Houston] ® Finish[Cleveland Williams]

Search[Boxing career of Muhammad Ali] ® Lookup [Joe Frazier] ® Finish[George Foreman]
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Search[Fight of the Century] ® Search[M. Ali Fight of the Century] ® Search[Muhammad Ali fights] ® Search]...] X
X
X
Search[Boxing career of Muhammad Ali] ® Lookup [Fight of the Century] ® Lookup[Houston] ® Finish{Jimmy Ellis]
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Figure 1. Instability in LLM Reasoning. For the same query, different reasoning models (top) and reasoning strategies (middle) produce
distinct chains of thought and frequently contradictory conclusions. Even when working from identical instructions, methods vary widely
in their intermediate reasoning steps and the correctness of their final answers. The bottom panel summarizes this variability quantitatively,
showing the relative deviation from average performance across reasoning models and strategies.

very few runs. Consequently, we lack statistically reliable
estimates of performance with confidence intervals, and
instead rely on crude measurements that obscure the true
instability of LLM reasoning. For many practical scenarios,
and in particular safety-critical applications, it is not only the
mean accuracy that matters but also the lower bound of the
confidence interval or the worst-case performance, which
determines whether a system can be trusted in deployment.

Present Work. In this paper, we revisit the oldest trick in
experimental science: repeat the experiment. We conduct
an in-depth evaluation of LLM reasoning by running 10
independent trials for each model-algorithm—task combina-
tion, and we report not only the mean but also the variance
and confidence intervals of key performance metrics. Be-
yond evaluation, we address the practical challenge of repro-
ducibility by releasing an agentic Al library as an artifact
of this work, whose architecture is illustrated in Fig. 2. The
library implements ten representative state-of-the-art reason-
ing algorithms and integrates with CacheSaver (Potamitis
et al., 2025), a client-side inference optimization framework
that enables reproducible and cost-efficient LLM-based ex-
periments. This combination allows us to establish repro-
ducible baselines, uncover the instability of LLM reasoning

strategies, and provide practitioners with statistically reli-
able performance estimates.

Contributions.

e We introduce the ReasonBench AI Library, the first
benchmark of 11 different LLM reasoning methods across
4 different models and 7 different tasks with statistically
reliable performance numbers(§ 3). Our framework offers
a minimal, yet principled, abstraction layer over common
patterns in agentic Al Its versatility and expressiveness
are showcased by our reference implementation of 11 di-
verse reasoning methods. By building on top of our API,
researchers can implement new reasoning methods or tasks,
through a guided framework, with only a few lines of code.
Consequently, all evaluation routines are handled automati-
cally, so researchers can avoid the complexity of building
their own benchmarking scaffolds.

e We perform the first systematic multi-run evaluation of
LLM reasoning algorithms across diverse models and tasks
(§ 4). Each model-algorithm—task combination is evaluated
with ten independent runs, and we report statistically reliable
estimates of accuracy and cost with confidence intervals.



e We conduct an insight analysis of scaling effects and
variance sources (§ 5). This includes comparisons across
models of the same size but different families (e.g., Qwen-
3B vs. Llama-3B), models of the same family but different
sizes (e.g., Llama-3B vs. Llama-11B), correlations between
cost and performance, as well as the impact of prompting
on stability.

o Based on our findings, we release a leaderboard that eval-
uates models through the lens of stability and propose best
practices and a call to action for variance-aware evaluation
in LLM reasoning research (§ 6). We recommend reporting
variance-aware metrics such as confidence intervals and per-
centiles, and we argue that reproducible multi-run evaluation
should become the standard for reasoning benchmarks.

2. Related works

Instability in LLM Reasoning. A growing body of work
highlights that LLM reasoning can be brittle and unstable.
Benchmarks such as (Jiang et al., 2025; Wang & Zhao,
2024) show that small lexical or semantic changes to inputs
can cause inconsistent reasoning chains and consequently
large drops in performance. Similar insights emerge from
perturbation studies in deductive logic and mathematics,
including (Hoppe et al., 2025) and (Yang et al., 2025b). Be-
yond perturbations, survey work such as (Ahn et al., 2024)
documents that models often arrive at different answers for
identical problems via divergent reasoning paths. Stress-test
frameworks such as (Hou et al., 2025) and (Huang et al.,
2025) generate adversarial or out-of-distribution prompting
variants to reveal systematic weaknesses in mathematical
and commonsense reasoning. Across studies, the findings
point to an endemic problem: LLM reasoning is highly
sensitive to perturbations and randomness, making repro-
ducibility an open problem.

Calls for Better Evaluation Practices. Alongside these
studies, researchers are emphasizing the need for more
rigorous evaluation methodologies. (Miller, 2024) sum-
marizes the best-practice methodology from a statisticians
toolbox and provides LLM-focused guidelines on report-
ing uncertainty, advocating for confidence intervals, clus-
tered standard errors, and statistical tests based on question-
level paired differences. Similar calls appear in (Mizrahi
et al., 2023), which demonstrates the sensitivity of results to
prompt wording, and in (Ni et al., 2024), which argues
for aggregating across benchmarks to reduce instability.
(Blackwell et al., 2024) argues that, even on simple QA
benchmarks, repeated runs are required to reach statistically
reliable conclusions. Survey contributions such as (Mondorf
& Plank, 2024) echo this perspective, arguing that focusing
on shallow accuracy metrics obscures important behavioral
properties. Collectively, these works call for reproducibility,

uncertainty quantification, and explicit accounting for vari-
ance as essential components of reliable LLM evaluation.

Closely Related Variance-Aware Benchmarks. Only a
few recent efforts go beyond calls to action and directly
propose frameworks for variance-aware evaluation. (Liu
et al., 2024) introduces the G -Pass @k, metric to capture
stability in reasoning tasks, though it condenses variability
into a single scalar. (Madaan et al., 2024) studies variance
from a different angle, analyzing differences across training
seeds and checkpoints rather than stochastic decoding. (Ye
et al., 2024) integrates uncertainty measures into multi-task
benchmarking, showing that accuracy and certainty do not
necessarily correlate. (Wang et al., 2025) derives theoretical
sample complexity bounds to support statistically sound
evaluations at lower cost. Autonomous or domain-specific
benchmarks such as (Karia et al., 2024) and (Ji et al., 2025)
highlight the growing recognition of reliability in evalua-
tion, though they do not systematically address run-to-run
variance.

Our Work. Our work builds on this trajectory by making
stability across multiple, independent runs as the central
object of our study. We echo the call to action for reliable
benchmarking and reproducible science and claim that an
important additional analysis is the sampling budget. We
find that modern reasoning algorithms may reach state-of-
the-art accuracy but only at a disproportionate cost. At the
same time, the most sophisticated algorithms also seem to
be the most brittle. The question of sample efficiency is
closely related to reliable accuracy and reproducible results.

While prior efforts either stress brittleness under perturba-
tions or argue for statistical rigor, REASONBENCH is, to
our knowledge, the first benchmark that systematically quan-
tifies stability across reasoning frameworks, models, and
tasks through controlled multi-run evaluation. By coupling
reproducible implementations of reasoning strategies with
a variance-aware analysis, we aim to make stability and
reliability first-class metrics in LLM reasoning research.

3. REASONBENCH

In this section, we provide a detailed description of our
benchmarking framework, REASONBENCH, which we re-
lease as both a benchmark suite and an open-source Al
library. REASONBENCH is designed with three goals in
mind: (i) principled implementations of diverse reasoning
strategies, (ii) reproducible and cost-efficient experimen-
tation, and (iii) extensibility so the community can easily
contribute new methods, models, or tasks.
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Figure 2. ReasonBench architecture. Methods orchestrate the three core components: Agents, Environments, and Models. Agents
translate states into prompts, query models, and parse responses into actions. Environments are drawn from a large task library and offer
functions such as next-step transitions and scoring heuristics. Models provide a unified interface to external LLM APIs. States record the
intermediate configurations of reasoning, enabling reproducibility and fair comparison across tasks and methods.

3.1. Library design

REASONBENCH is organized around a set of core abstrac-
tions that capture the building blocks of reasoning pipelines.
The principal components are the Method, Environment,
Agent, State, and Model, which together define a modu-
lar interface for implementing reasoning algorithms, con-
necting to LLMs, and interacting with tasks. In designing
these components, we followed established principles from
software architecture engineering, emphasizing modularity,
separation of concerns, and extensibility. Fig. 2 illustrates
the relationships between these abstractions.

At a high level, the Model abstraction provides standardized
access to language models, while Agents translate states
into prompts and parse model outputs into actions. The
Environment governs how these actions modify States and
how solutions are evaluated. Methods sit on top of these
components, orchestrating agents, environments, and mod-
els into complete reasoning strategies that can be executed
and benchmarked in a uniform way. This layered design
allows REASONBENCH to support both simple prompting
baselines and complex search-based algorithms, while en-
suring fair comparison across tasks, models, and evaluation
metrics. We next describe each abstraction in detail.

Method Abstraction. The method abstraction specifies the
overall logic of a reasoning strategy independently of the un-
derlying model or task. A method integrates agents, which
construct prompts and parse responses; the environment,
which maintains and updates the task state; and the model,
which produces candidate outputs. Each method exposes a
standard interface for solving tasks by generating and up-
dating sequences of states, and a benchmarking routine that
runs multiple problem instances in parallel. This makes
methods interchangeable and extensible: once the interface
is implemented, a new reasoning algorithm can be evaluated

consistently across models, tasks, and metrics within the
benchmarking pipeline.

Environment Abstraction. The environment abstraction
formalizes the task-specific dynamics of reasoning. It gov-
erns how a state evolves in response to an action, how to
determine whether an action is valid, when a trajectory has
reached a terminal condition, and how to evaluate the final
outcome. By encapsulating these rules, the environment
decouples domain logic from reasoning algorithms, allow-
ing the same method to be applied consistently across tasks
while ensuring that actions and evaluations remain faithful
to each benchmark.

Agent Abstraction. The agent abstraction defines the inter-
face between methods, models, and states. Agents specify
how prompts are constructed from the current state, how
queries are issued to the model, and how responses are
parsed into actions that update the environment. This uni-
fied interface makes it possible to express a wide spectrum
of reasoning strategies: from simple input—output prompt-
ing to multi-step reasoning, search procedures, candidate
aggregation, and self-evaluation. By isolating prompt con-
struction and response handling, ReasonBench supports di-
verse reasoning paradigms without altering the abstractions
for methods, environments, or models.

State Abstraction. The state abstraction captures the inter-
mediate configuration of a reasoning process. It provides
a standardized way to represent progress on a task and to
handle states with controlled randomness. Methods interact
only with states, while environments define how actions
modify them and how final outcomes are assessed. This sep-
aration ensures that reasoning trajectories can be reproduced,
compared, and analyzed independently of the underlying
task domain.



Model Abstraction. The model abstraction provides a uni-
form interface for interacting with language models, support-
ing both single and batched queries across diverse providers.
Built on top of asynchronous execution (via asyncio) and
integrated with response caching through CacheSaver, it is
both extensible and accountable: new models can be added
without modifying the framework, and every interaction
logs latency, token usage, and generation metadata. This
combination enables deterministic reproducibility across
repeated experiments while distinguishing between newly
generated, reused, and deduplicated outputs.

3.2. Experimental Setup

4. Experiments



5. Analysis



6. Discussion
6.1. Summary of Findings

Our study reveals that the underlying instability is a perva-
sive and underexamined property of LLM reasoning. Across
frameworks, tasks, and models, we find that single-run accu-
racy can systematically overestimate the stability of reason-
ing performance, obscuring wide differences in both quality
and cost consistency. More sophisticated reasoning algo-

rithms often achieve higher mean accuracy, but this does not
guarantee robustness: several structured and search-based
approaches exhibit substantial instability, while simpler or
more adaptive methods can outperform them by being more
stable. At the model level, inference price is not a reliable
proxy for stability as some of the most expensive models
show higher variability than significantly cheaper alterna-
tives. Finally, even small refinements to prompts and parsing
logic meaningfully reduce extrinsic variance, indicating that
a nontrivial share of previously reported instability stemmed
from preventable ambiguities rather than true model and
framework behavior. Together, these findings underscore
that reproducibility is a critical dimension of LLM reason-
ing and should be treated as a first-class metric alongside
average performance.

6.2. Limitations and Future Work

While REASONBENCH provides the first systematic multi-
run evaluation of reasoning frameworks and models, several
limitations remain. First, our analysis focuses on decoding
stochasticity; additional sources of variability such as API
instability, and model updates, are important directions for
deeper investigation. Second, our benchmark covers a rep-
resentative but still limited set of frameworks, tasks, and
proprietary reasoning-oriented models; expanding Reason-
Bench to more domains will enable broader conclusions.
Third, our multi-run protocol uses ten repetitions, which we
found sufficient for stable confidence intervals, but future
work may explore adaptive or task-aware sampling budgets
that balance statistical reliability with cost efficiency. Fi-
nally, the impact of prompt clarity suggests opportunities
for systematic prompt optimization, controllable reasoning
formats, and parser-aware training objectives designed to
reduce variability at the source.
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