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Abstract

Large language models (LLMs) have demonstrated strong abilities across various
tasks but are costly in computation and memory. In contrast, Small Language
Models (SLMs) offer significant advantages in efficiency and deployability but
usually struggle with complex mathematical reasoning tasks. To tackle this issue,
we present the Test-time A* Search (TTA*), a test-time scaling framework that
casts reasoning as a goal-directed search over a tree of partial solutions in this paper.
TTA* is training-free and requires no external supervision or multi-model structure,
making it practical in resource-constrained settings. As a drop-in decoding wrapper
for SLMs, TTA* systematically explores, critiques, and refines candidate solution
paths via its own self-reflection capability. Extensive experiments on popular
mathematical reasoning benchmarks and a variety of base models show that TTA*
consistently improves accuracy and robustness, indicating broad applicability to
general mathematical reasoning tasks.

1 Introduction

Large Language Models (LLMs) such as GPT5 [16] have showcased remarkable capabilities across a
wide range of AI tasks. However, their superior performance comes with substantial computational
and memory demands, which complicates personalization and hinders deployment in resource-
constrained settings. In contrast, Small Language Models (SLMs) offer attractive potential due to their
efficiency, lower latency, and ability to run locally—features that are particularly valuable for remote
or resource-limited scenarios [3, 19, 2]. Yet SLMs continue to struggle with complex reasoning,
especially in high-stakes domains such as mathematics and healthcare [12, 1]. In particular, SLMs
often underperform on multi-step reasoning and are prone to hallucination—both critical concerns
for safety and reliability [9, 29, 5, 10].

A growing body of work seeks to enhance the reasoning capability of small models. Many approaches
rely on additional training, for example with preference data from human feedback or guidance from
larger teacher models, to instill better stepwise reasoning [15]. To avoid the cost and complexity
of retraining, test-time scaling methods have been proposed, in which the model allocates extra
inference-time computation—often via structured search—to improve its answers. However, most
existing test-time scaling techniques depend on ancillary components such as progress reward models
(PRMs) or other external guidance, which undermines deployability and increases engineering burden.
A complementary line of work explores self-rewarding or self-reflection strategies, where the model
critiques its own intermediate outputs. While promising, these methods can compound errors over
multiple steps due to the limited evaluative capacity of small models.

In this paper, we pursue a practical test-time scaling approach with self-reflection for small language
models, aiming to boost reliability without additional, infeasible training costs [22]. We introduce



Test-time A* Search (TTA*), a framework that integrates heuristic search with SLMs to improve
solution quality on complex reasoning tasks. TTA* casts reasoning as a goal-directed search over
a tree of partial or imperfect solutions: nodes encode candidate derivations, edges apply iterative
refinements, and expansions are prioritized by an A*-style score [8] that blends a cost function
from the length of the search path (cost-to-come) with a heuristic of future potential from model’s
self-evaluation (cost-to-go). The procedure is training-free, requires no external supervision or
multi-model orchestration, and supports explicit compute budgets with anytime behavior—making it
well suited for resource-constrained deployments. As illustrated in Figure 1, our contributions are as
follows:

• We formulate multi-step reasoning as a guided
tree search and leverage the model’s self-
reflection to define the heuristic, prioritizing
expansions toward high-quality solutions.

• To mitigate hallucinations and compounding
errors, we design an A*-style cost function that
balances exploration with skepticism about self-
assessments, avoiding overuse of self-reflection
while improving efficiency under fixed com-
pute budgets.

• We introduce a calibration-aware scoring mech-
anism that enables consistent evaluation of par-
tial and final answers, supporting robust multi-
step reasoning.

• We conduct comprehensive experiments across
a variety of benchmarks and SLM backbones.
Results show that TTA* improves accuracy and
compute efficiency without additional training,
external supervision, progress-reward models,
or multi-model orchestration.

Figure 1: An example of the TTA* method for
the given question. Green edges represent the
chosen reasoning path. Each node is a candidate
answer, and the tree structure shows how answers
improve through progressive exploration.

2 Related Work

Multi-step reasoning in LLMs. Recent advances in LLMs highlight their ability to perform multi-
step reasoning. Chain-of-thought (CoT) prompting [20] exposes intermediate steps and improves
performance on complex tasks such as mathematical problem solving. Beyond single-path CoT,
search-based methods explore multiple reasoning trajectories before committing to an answer. In
particular, tree search techniques integrate with LLMs to expand and prune derivations: Monte Carlo
Tree Search (MCTS) has been applied to explore intermediate steps, evaluate partial solutions, and
backtrack from low-value branches [23, 27]. These approaches often rely on external reward models
or curated supervision (e.g., outcome-based or process-based rewards), which can limit practicality
in constrained deployment settings.

Self-reflection and self-rewarding. An alternative line of work equips LLMs with self-evaluation
signals to guide reasoning. Here, the model generates candidate derivations and attaches lightweight
diagnostics (e.g., confidence estimates, critiques, or partial checks), which inform revisions, back-
tracking, or reordering. Such mechanisms can reduce ungrounded derivations and prioritize promising
branches without ground-truth labels, though they risk amplifying errors when the evaluator is weak,
especially in small models. Recent tree-search systems incorporate internal assessments as progress
heuristics or value estimates to steer exploration, sometimes augmented with verifier-like signals
or learned progress models [23, 27]. Our work builds on this direction but explicitly binds self-
evaluation to an A*-style score that balances cost-to-come and cost-to-go, mitigating overconfidence
and limiting error propagation during search.

Small Language Models. Improving mathematical reasoning in small language models (SLMs)
has been approached via knowledge distillation and additional supervision [30, 28], as well as

2



inference-time assistance from larger models. For example, Speculative Thinking pairs a small
model with a stronger “guide” at test time to handle difficult reflective steps, improving accuracy
but introducing a two-model dependency [25]. Other pipelines demonstrate impressive results with
search plus process-level supervision: rStar-Math uses an SLM policy together with an SLM reward
model to drive MCTS and iterative self-evolution; the approach attains high math accuracy but
requires reward-model training and multi-round data generation/retraining [7]. While effective, these
strategies increase engineering and compute complexity (e.g., extra reward models, fine-tuning, or
multi-model orchestration). In contrast, our focus is a single-model, training-free test-time method:
we cast multi-step reasoning as heuristic search and instantiate the heuristic via the model’s own
critiques and self-evaluation, avoiding external supervision, progress-reward models, or teacher
models while retaining the benefits of structured exploration.

3 Test Time Scaling with A*-Search

3.1 Motivation

LLM reasoning frequently spans long, multi-step derivations [18]. When treated as a single forward
pass, early mistakes propagate and compound, degrading reliability in tasks such as mathematical
problem solving. Therefore, tree search such as Monte-Carlo Tree Search (MCTS, [27, 1, 23])
has emerged where the nodes encode the intermediate reasoning states and the edge apply the
improvement of the reasoning. This structure naturally supports branching, backtracking, and
iterative refinement [21], enabling exploration of diverse solution paths and more stable convergence
to correct answers.

However, many of these tree search approaches for LLMs rely on auxiliary components—such as
reward/value models, progress reward models, or additional fine-tuning—to evaluate partial solutions
and guide exploration, which undermines deployability in resource-constrained environments. If we
would like to scale the reasoning ability of the small language model during the test time, we have to
rely on the self-reflection [17] mechanism of the language models. Since the self-reflection ability of
small language models are usually limited, a longer reasoning path as in MCTS will hallucinate and
finally harm the reasoning performance. Therefore, it would be necessary to limit the depth of the
search while keep exploring the new nodes.

3.2 Tree-Based Reasoning

In this subsection, we begin with the formulation of the tree-based reasoning as illustrated in Figure 1.
In particular, each node n represents a partial, intermediate or imperfect reasoning result and edge
denoted by e(n1, n2) describes the self-reflection and refinement between node n1 to node n2.

A* search. Based on this tree-based reasoning structure, the A* search is a best-first algorithm that
balances the cost to reach a node with a heuristic estimate of the cost to the goal [8] defined as:

nnext = arg min
n∈Nvisited

f(n) = g(n) + h(n), (1)

where Nvisited is the collection of the visited node in a tree search task, g(n) is the cost of reaching
node n and h(n) is the heuristic function defined by the self-critic / self-reflection of the language
models. As suggested in [8], the path of the A* search is guaranteed to be the shortest path as long as
the heuristic function h(·) is admissible (i.e. h(·) never overestimates the cost of reaching the goal).

3.3 Adapting A* Search to Tree-based Reasoning

We adapt A* to LLM reasoning by treating each node as a solution candidate and define g and h as
g(n) = w · Distance(n) h(n) = 100− Reward(n); f(n) = g(n) + h(n), (2)

where Distance(n) is the depth of the node from the root, encouraging broad exploration. w controls
the exploration-exploitation tradeoff, and Reward is derived from correctness, self-consistency, or
critiques using the same LLMs.

This formulation favors nodes that are either promising or close to the root, guiding the model to
refine answers iteratively and reliably.

3.4 Proposed Methods

Now we can provide a detailed description of the proposed algorithm for TTA* for SLMs presented
in Algorithm 1. The algorithm starts from a root node by prompting the model with the classical CoT
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prompt Let’s thing step by step as well as the input question. The TTA* traverses the solutions for
max_iteration (set to 8 in our experiments) steps, where it first uses it’s own self-evaluation to
assign a 0-100 score for the correctness, coherence and completeness of the response. This critique
will be further used as the heuristic function defined in (2) to expand child nodes. After all iterations,
the answers with the highest self-evaluation score is then selected and reported. We release our
implementation on GitHub.1

Algorithm 1 Test-Time A* Search (TTA*)
Require: Problem prompt (e.g., “What is 4 times 3?”)
Ensure: Answer with maximum LLM evaluation score

1: root_node← LLM(prompt), AnswerStorage← {} ▷ Stores (answer, score)
2: Critique and score root_node; store result
3: for i = 1 to max_iterations do
4: Expand current_node into two children per critique
5: for each child do
6: Critique, score (0–100), and store
7: end for
8: Select next current_node via f(n) defined in (2)
9: end for

10: return answer with highest score

4 Experiments

We conduct experiments using LLaMA-3-8B [6], LLaMA-3.1-8B [14], and Qwen2.5-Math-7B [24].
We evaluate the performance of the TTA* algorithm on a various of benchmarks including GSM8K
[4], MATH500 [11], AIME (2024) [13], and MATH401 [26], covering problems from grade-school
to competition level. The detailed prompt template is deferred into Appendix A. As presented in
Table 1, TTA* demonstrates consistent improvements across all three models and benchmarks. On
AIME (2024), the most challenging benchmark, TTA* achieves exceptional gains with Llama-3.1-8B
showing remarkable improvement from 3.3% to 10.0%, which is a 203% relative improvement.

Name GSM8K MATH500 AIME (2024) MATH401

Qwen Models

Qwen2.5-Math-7B 73.3 46.8 6.7 65.5
w/ TTA* 87.1 74.2 10.0 78.9
Improvement ∆ +13.8 (↑ 18.9%) +27.4 (↑ 58.5%) +3.3 (↑ 49.3%) +13.4 (↑ 20.5%)

Llama Models

Llama-3-8B 75.4 26.2 3.3 62.8
w/ TTA* 87.1 44.2 6.7 78.3
Improvement ∆ +11.7 (↑ 15.5%) +18.0 (↑ 68.7%) +3.4 (↑ 103.0%) +15.5 (↑ 24.7%)

Llama-3.1-8B 77.2 52.2 3.3 68.8
w/ TTA* 90.2 66.6 10.0 80.1
Improvement ∆ +13.0 (↑ 16.8%) +14.4 (↑ 27.6%) +6.7 (↑ 203.0%) +11.3 (↑ 16.4%)

Table 1: Reasoning accuracy for TTA*. Baseline comparison is made with zero-shot COT [20]. The
improvement ∆ is the absolute and the relative percentage improvement in terms of the accuracy.

5 Conclusion

We propose Test-Time A* Search (TTA*), a framework that equips language models with structured,
iterative reasoning via tree-based search. TTA* consistently outperforms zero-shot chain-of-thought
on multiple mathematical reasoning tasks, validating the effectiveness of combining classical search
with modern LLMs to systematically discover high-quality solutions.

However, our evaluation is limited to math problems, and TTA*’s generalizability to broader reasoning
domains remains untested. Moreover, its reliance on multiple LLM calls may hinder deployment in
latency-sensitive settings.

1https://github.com/astarllmpaper/Test-Time-A-Search/tree/main
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A Appendix

A.1 Prompts

Prompt for Critique

Question: question
Answer: answer
Please provide detailed constructive criticism, yet highlight what is already correct.
Point the student in the right direction. Do not solve the problem.
Provide a grade (out of 100) in the format ’Grade: xx’.

Prompt for Generating Child Nodes

Question: question
Previous Answer: previous answer
Critique: critique
Given the feedback above, please try to solve the original problem again, step by step.
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