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Abstract

Recent studies explored integrating search algorithms with
Language Models (LMs) to perform look-ahead on the “Tree-
of-Thoughts” (ToT), improving performance on problem-
solving tasks. However, these search algorithms overlook the
computational costs of LM inference under constrained bud-
gets. We adapt Levin Tree Search (LTS) (Orseau et al. 2018)
to ToT (Yao et al. 2023), leveraging LM probabilities as a
policy to guide tree exploration without additional evaluation
queries. We extend theoretical results of LTS by showing that,
for ToT (a pruned tree), LTS guarantees a bound on states ex-
panded and thoughts generated. Empirical evaluation under
fixed LM query budgets demonstrates that LTS consistently
achieves comparable or higher accuracy than baseline search
algorithms across three domains (Blocksworld, PrOntoQA,
Array Sorting) and four distinct LMs.

Code — https://github.com/sumedhpendurkar/Search-
LLM-inference

Extended version —
https://openreview.net/pdf?id=R1k 1bWe2ii

Introduction

Language Models (LMs) show strong performance on nat-
ural language based tasks, yet complex reasoning remains
challenging. Chain-of-Thought (CoT) (Wei et al. 2022)
prompting improves reasoning by eliciting intermediate
steps. Tree-of-Thoughts (ToT) (Yao et al. 2023) generalizes
this by generating search trees over thoughts (coherent to-
ken sequences), exploring multiple paths using search algo-
rithms such as depth-first search (DFS) or beam search (BS).
RAP (Hao et al. 2023) uses Monte-Carlo Tree Search for the
tree search.

These methods require repeated LM queries for gener-
ating and evaluating thoughts, which is expensive (Snell
et al. 2024). We focus on improving performance under
strictly constrained computational budgets. Our key obser-
vation: evaluating thoughts requires additional LM queries
that can be avoided by using the LM itself as a policy to
guide search. We adapt Levin Tree Search (LTS) (Orseau
et al. 2018) to ToT, extend its theoretical expansion bound
to pruned trees, and demonstrate consistent improvements
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over DFS and beam search across three domains and four
LMs.

Background

Tree-of-Thoughts. Given LM p and input x, a thought t
has probability p(t|x) = [[, p(ti|t<i,x). ToT (Yao et al.
2023) generates a tree 7 where nodes are states (combina-
tion of partial thought sequences and input x) and edges are
thoughts. Terminal states H end with end-of-sequence to-
kens; goal states Z C H are a subset of terminal nodes. The
objective of search algorithms is to find a start-to-goal path.

Levin Tree Search. LTS (Orseau et al. 2018) uses a
policy 7 to prioritize states by cost(s) = g(s)/m(s),
where ¢(s) is depth and 7(s) is cumulative path probabil-
ity. LTS expands in best-first order with expansion bound
minge g g(s)/7(s).

Initial-Commitment Problem of DFS. DFS commits
greedily to one subtree. If the goal lies elsewhere, DFS ex-
hausts the committed subtree before backtracking, because
it favors confidence at the current depth over global compar-
ison. LTS compares costs globally, switching subtrees ear-
lier. This manifests empirically: DFS reaches terminal states
quickly but with lower accuracy, i.e., does not reach goal
nodes.

LTS on Tree-of-Thoughts

We use LM p as the LTS policy 7. Adaptations: (1) sample
bmax thoughts per expansion due to high vocabulary (Yao
et al. 2023; Pendurkar et al. 2024); (2) remove duplicate
thoughts (Hao et al. 2023); (3) exclude state-cuts (ToT is
cycle-free). Since sampling prunes states, the original bound
requires modification:

Proposition 1. Given tree T with terminal states H, sam-
pled subtree T, and H' C H as terminal states in T, LTS
ensures N(T, H') < minge g+ g(s)/7(s).

Corollary 1. Thoughts generated: M(T,H') < bpay -
minge - g(s)/m(s).

Temperature Sensitivity. For a sufficiently accurate
LM, the bound’s sensitivity satisfies OM /0T < by -
g(sg)?/m(s4)? - kAT /72, implying higher 7 increases re-
quired queries, with sensitivity inversely proportional to 72.

Detailed analysis and proofs are available in the full ver-
sion of this work (Pendurkar and Sharon 2025).



Task Model (Size) LTS DFS
BW (step2) Llama3.2(3B) 155 11.1
BW (step4) Llama3.2(3B) 14.3 9.5
BW (step2) Llama3.1(8B) 33.3 20.0
BW (step4) Llama3.1(8B) 28.6 19.0
BW (step 6) Llama3.1(8B) 17.8 9.2
BW (step 8) Llama3.1(8B) 10.6 4.6
BW (step2) Qwen 2 (7B) 31.1  26.7
BW (step 6) Qwen 2 (7B) 6.6 2.0
Sort Llama 3.2 3B) 20.0 15.0
Sort Llama 3.1 (§8B) 47.0 47.0
Sort Qwen 2 (7B) 26.0 22.0
PrOntoQA  Llama3.2 (3B) 27.8 18.8
PrOntoQA  Llama 3.1 (8B) 704 49.0
PrOntoQA Qwen 2 (7B) 21.6  12.8

Table 1: Accuracy (%) of LTS vs. DFS. Budget tuned for
DES to reach terminal states on all instances.

Experiments

Setup. Built on Hao et al. (2023). Temperature 7 = 0.8, top-
k=50, byax=3. Budget counts thoughts twice for DFS/BS
(evaluation queries) and once for LTS. We use Llama 3.2
Instruct (1B, 3B), Llama 3.1 Instruct (8B), and Qwen 2 (7B).

Domains. Blocksworld (Valmeekam et al. 2022; Pen-
durkar et al. 2022, 2023): block arrangement validated by
PDDL planner (depths 2—12). PrOntoQA (Saparov and He
2023): multi-hop reasoning (500 instances). Array Sorting:
pairwise-swap sorting (100 instances).

Results. Table 1 shows LTS matches or outperforms DFS
in all settings, with the largest gain of 21.4% on PrOntoQA
(Llama 8B). LTS avoids initial-commitment and eliminates
evaluation queries. Beam search performs well on easy in-
stances but degrades on harder problems due to sample inef-
ficiency. With increasing budgets, LTS consistently outper-
forms DFS across both low and high budget regimes. The
improvement in low budget regimes stems from two factors:
avoiding initial-commitment problem and requiring fewer
LM queries per expansion. In high budget regimes, the ad-
vantage persists because DFS may still commit to incorrect
subtrees regardless of available budget.

Temperature Sensitivity. Evaluating LTS with varying
cost-function temperatures on BW step 4 reveals three
regimes: low 7 (=20.01) mimics DFS with early commitment
and accuracy plateau; intermediate 7 (0.5-1.5) achieves the
best exploration-exploitation balance and highest final ac-
curacy; high 7 (=2.0) approaches BFS-like uniform explo-
ration with poor budget efficiency. This confirms the theo-
retical analysis: moderate temperatures allow LTS to inter-
polate between greedy and balanced exploration of ToT.

Conclusion

We adapted Levin Tree Search to Tree-of-Thoughts, using
LM probabilities as a search policy to eliminate evaluation
queries. LTS provides theoretical bounds on the number of
thought generated for pruned trees and empirically achieves
comparable or superior accuracy to DFS and beam search
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across three domains and four LMs under constrained bud-
gets, making it well-suited for latency-critical and resource-
constrained applications.
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