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Abstract. Reasoning capabilities of large language models (LLMs) have
been significantly enhanced by structured prompting methods that lever-
age search over reasoning structures (e.g., Tree-of-Thoughts), making
them increasingly valuable for data-centric reasoning and data-driven
decision-making. However, existing methods with fixed exploration strate-
gies often lead to suboptimal solutions or high computational costs due
to exhaustive search. We propose an adaptive beam search method that
uses entropy to dynamically adjust exploration at each reasoning step,
balancing accuracy and efficiency. Uncertainty at each step is quantified
through Shannon entropy of the confidence distribution, which serves as
a dynamic threshold calibrating beam coverage. This enables broader ex-
ploration under high uncertainty and narrower exploration when uncer-
tainty is low. Experimental results on data-centric tasks, arithmetic, com-
monsense, and symbolic reasoning tasks with Llama and GPT models
demonstrate substantial improvements over state-of-the-art structured
prompting methods with reduced computational cost, highlighting the
efficacy of entropy-based beam adjustment in enhancing the reasoning
capabilities of LLMs. The code for our method is publicly available at
our GitHub repositoryl

Keywords: Multi-step Reasoning - Uncertainty Estimation - Adaptive
Beam Search

1 Introduction

Large language models (LLMs) have demonstrated impressive capabilities in
solving complex reasoning problems [20/TIT9], making them increasingly valu-
able for data-driven reasoning and analytical decision making. However, they
often exhibit cognitive rigidity, committing to a single reasoning path once cho-
sen due to their lack of genuine inferential capabilities [I2J2]. This limitation has
motivated recent work on human-like deliberation, in which multiple reasoning
paths are maintained, compared, and revised using intermediate evaluation or
structural feedback [26/3]. Deliberative methods are typically categorized into
chain-based approaches, which generate multiple independent reasoning chains
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and aggregate their outcomes [21], and structured-search approaches, which ex-
plore tree-like search spaces via iterative expansion and evaluation [24)27/4].

However, both approaches exhibit significant limitations. Chain-based meth-
ods rely on fixed sampling budgets and simple aggregation schemes that do
not adapt to variations in problem difficulty, often resulting in suboptimal re-
sults on tasks that require deeper exploration [26]. Structured search with fixed
exploration, such as BFS, leads to unnecessary exploration and poor resource
utilization [ITI]. MCTS [7] focuses on important nodes but requires extensive
simulations, making it computationally expensive [15]. These limitations neces-
sitate more efficient exploration that dynamically adjusts to varying reasoning
difficulties.

We propose an adaptive beam search based on entropy that dynamically ad-
justs exploration breadth at each step according to model uncertainty. Shannon
entropy [16] of the confidence distribution over candidate thoughts quantifies
step-wise uncertainty: high entropy triggers broader exploration, while low en-
tropy focuses on confident paths. We map entropy values to beam allocations
and retain paths proportional to candidates exceeding a predefined confidence
threshold. This enables efficient resource allocation without fixed budgets or
expensive rollouts, balancing accuracy and computational efficiency. The key
contributions are as follows.

— Addressing cognitive rigidity in LLM reasoning: We mitigate LLM
cognitive rigidity via uncertainty-guided adaptive exploration that can switch
reasoning paths to avoid cascading errors and improve reliability in data sci-
ence tasks.

— Adaptive beam search based on entropy: We propose an uncertainty-
aware beam search that uses Shannon entropy over unified likelihood and
self-evaluation scores to adapt beam breadth for data-centric reasoning.

— Training-free and scalable solution: Our training-free method improves
accuracy on diverse reasoning benchmarks while maintaining or reducing
computational cost, demonstrating practical scalability to complex tasks.

2 Related Works

2.1 Structured and Uncertainty-Aware Reasoning

Improving LLM reasoning has been approached primarily by structuring the
generation process. Chain-of-Thought (CoT) [22] induces stepwise reasoning,
while Self-Consistency [21] improves robustness by aggregating multiple sampled
reasoning paths. More advanced works formulate reasoning as a search problem,
exploring alternative intermediate thoughts through tree- or graph-structured
expansions [26]3]. These methods employ classical exploration algorithms such
as BFS, DFS, and beam search, as well as more sophisticated strategies including
A* MCTS, and deductive search [24]27]. Neuro-symbolic approaches have also
been explored, integrating structured logical inference with pre-trained model
knowledge to enable interpretable reasoning without task-specific training [§]
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Fig. 1: Overview of our entropy-guided adaptive beam search.

However, these methods exhibit clear limitations. Learning-based methods
incur additional training overhead, while search-based methods often suffer from
inefficiency because they operate with fixed exploration settings that do not con-
sider variations in problem difficulty or structure. Furthermore, fixed exploration
strategies ignore uncertainty signals embedded in internal representations, po-
tentially distorting intermediate reasoning paths [13].

To address this issue, we introduce an uncertainty-aware mechanism that
estimates the reliability of intermediate reasoning steps. Specifically, we define a
trustworthiness score by linearly interpolating the language model’s generation
probability with its self-evaluation probability, yielding a more robust uncer-
tainty estimate without requiring additional supervision.

3 Proposed Method

Figure [I] illustrates the overall architecture, comprising node generation, trust
scoring, reasoning uncertainty estimation, and adaptive beam search. By adapt-
ing the search based on node-level trust and step-wise uncertainty, our method
supports robust and flexible multi-step reasoning.

3.1 Node Generation and Trust Scoring

Node Generation. Let 6 denote model parameters and Py the distribution
over generated token sequences. A node is a partial reasoning path at step t. We
denote by S; the set of candidate nodes and by S} C S; the subset selected for
expansion. The sequence S7,...,S; forms a reasoning tree.

Given demonstrations D, input z, and a selected parent node s;™; € S;_;,
the model generates a candidate node s with

Is¥

Py(sy) =[] Pa(s?li] | sp[t:i—1],2, D, s{™,).
i=1
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At each step, we sample k = B - K candidates S; = {s?}*_,, where B is the
beam size and K is the sampling multiplicity. The index m denotes the m-th
selected node in S;_;.

Self-Evaluation. To assess the validity of each candidate node s}, we prompt
the model with a binary verification task that determines whether s} is correct
given input = and context s;™;. The prompt includes few-shot demonstrations
D of correct and incorrect reasoning, and we use the token probability of "yes"
as the self-evaluation score.

We denote this probability as E(s}') € R:

E(sy) = Py(’yes’ |z, D, sy, s). (1)

The evaluation probabilities at step t are
& =A{E(s) | si" € S} (2)
If s} is predicted as incorrect, we treat it as a reasoning error at step ¢ and

append corrective feedback to the next prompt, reducing error accumulation
during autoregressive decoding.

Trustworthiness Score. In multi-

4
. . .. . 6
step reasoning, the reliability of in- . 3
. . . .« e T4
termediate steps is crucial for guiding £ , 2
. s . (s} i
subsequent decisions. We therefore in-
troduce a trustworthiness score that %0 02 04 06 08 1.0 9.0 02 04 06 08 1.0 9.0 02 04 06 08 10
X . LM Prob. Eval. Prob. Trust Score
integrates node generation and self- wrong  —— correct

evaluation. As shown in Figure[2] this
score better separates correct and in-
correct reasoning paths than existing
confidence metrics.

For each candidate node s} at step
t, we combine the model generation probability and the self-evaluation proba-
bility using a weighted log-linear form:

Fig.2: Density distributions of confi-
dence metrics, grouped by final answer
correctness.

C(s}) = A-log Py(sy) + (1 = A) - log £(s1'),

where A € [0,1] is a tunable hyperparameter that controls their relative contri-
butions.

Let C; = {C(s}) | s} € Si} denote the trust scores at step ¢t. To obtain a
normalized distribution for estimating step-level uncertainty, we apply softmax:

_exp(C(s))
5, exp(C(s)))
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3.2 Adaptive Beam Search

Step-level reasoning uncertainty is quantified by the Shannon entropy of the
normalized trustworthiness distribution p(s}') over candidate nodes Sy:

He=— 37 blsy)log p(s7).

s?’ESt

We use the normalized entropy H, € [0,1] to ensure comparability across steps
with varying candidate-set sizes, defined as H; = H;/log |S;|. A sharply peaked
p(sy) yields low H;, indicating concentrated trust, whereas a more uniform dis-

tribution yields high #,, reflecting increased uncertainty.

Figure [I] illustrates this relation-
ship and how H, determines the re-
tention threshold. The full procedure
is given in Algorithm

At each step t, candidates are
ranked by trust score, and the beam
size is adaptively calibrated using the
entropy #,. The cumulative probabil-
ity up to rank k is

k
Uk =" p(s").
j=1

e M 23 nes, Cst
We select the smallest k satisfying ) K }_‘St‘czst 1€Stb (Stl))
UF > H;, forming the active set S| t,% ((/xlt[b[g’ J: [brmin; binax])
with beam size B; = |S}|. This cri- St {s" 34
terion retains more candidates under else ) o
high uncertainty (larger H;) and fewer while U <H: and r <|5¢|
when the model is confident (smaller do 1
), balancing exploration and ex- TTTJFT_I )
ploitation. Ut < U +1>7(5f )
N ! ’ (r
When H; > 6, indicating satu- B Si ¢ StU{si}
rated gncertainty, We-instead .restrict |k« K|S}
expansion using a linear min-max
mapping of the average trust score
M¢:
MG — am;
f(Mgv [amina amax}y [bmilu bmaxD = bmin + ﬂ(bmax - bmin)7
Gmax — Qmin
where [amin, Gmax] = [0,1] and [bmin, bmax] defines the target beam-size range.

Algorithm 1: Adaptive Beam
Search

Input: T, K, 0, bmin, bmax

k<+ K fort+ 1toT do

St + {5? §:1

Ce < {C(s?) | st € St}

p(st) %

He - Zs;}est p(si') log p(st')
7:[t — Ht/log |St|

{si” )2 « Sort,(St;p)
St 0; U2+ 0; 1+ 0

if H, > 0 then

This scaling constrains search breadth under high uncertainty.
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types and libraries.

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate on eight benchmarks: GSM8K [5], AQuA [10], Com-
monsenseQA [I8], StrategyQA [6], Date Understanding (BBH) [I7], Game of
24 [26], DS-1000 [9], and TableBench [23]. Baselines. We compare against chain-
based methods (Greedy [22], CoT-SC [21], ADoT [25], DCoT [14]) and tree-based
methods (TD-CoT [24], DBS [27], ToT [26]). Models and Hyperparameters.
Experiments are conducted on GPT-4o-mini, GPT-4, Llama-2 (7B, 13B) [20],
and Llama-3.1 (8B, 70B). We use adaptive beam search with b € [2,10], n = 4,
temperature 7 = 0.7, and task-specific A. Evaluation Metrics. We report
answer accuracy, difficulty, beam size, token usage, and query cost (for closed-
source models). Difficulty is defined as 1 — x, where x is the fraction of sampled
paths producing correct solutions. Efficiency is measured by average beam size,
tokens per instance, and query cost.

4.2 Main Results

Responsible LLM-assisted Data Science. Figure [J]summarizes our results
on TableBench and DS-1000. On TableBench, our method improves accuracy
across all question types by an average of 7.3%. The largest gain appears in
the Visualization category, where baselines perform poorly but our adaptive
exploration recovers substantially more correct solutions. Across DS-1000 per-
turbation types, our method improves accuracy on the Difficult-Rewrite and
Semantic splits from 6.2% to 8.0% and from 16.4% to 18.0%, respectively. The
average accuracy across all perturbation types increases from 11.3% to 14.0%. At
the library level, our method outperforms the strongest baseline in most cases.
These results validate the effectiveness of uncertainty-guided adaptive search for
multi-step data-centric reasoning and code generation.



Adaptive Beam Search with Shannon Entropy 7

Method Venue Arithmetic Commonsense
GSM AQuA Avg CSQA SQA Avg
Greedy - 18.88 20.47 19.68 63.14 68.56 65.85
CoT-SC NeurIPS’22 24.18 28.35 26.27 68.14 65.94 67.04
AdoT EMNLP’24 39.50 31.10 35.30 69.50 65.80 67.65
DCoT ACL’25 54.51 23.13 38.82 46.45 65.16 55.81
DBS COLM’24  45.20 9.30 27.25 69.80 66.60 68.20
TD-CoT NeurIPS’23 46.10 31.50 38.80 74.40 70.60 72.50
Ours (Beam) - 56.67 38.19 52.74 88.31 68.56 78.43
Ours (Adaptive) - 69.69 47.24 58.47 8829 71.18 79.73

Table 1: Performance on arithmetic and commonsense benchmarks with Llama2-
13B. “Ours (Beam)” uses trust-based beam selection only, whereas “Ours (Adap-
tive)” includes entropy-based adjustment.

Mitigating Intermediate Error Accumulation. Table [I] shows our method
outperforms chain-based and tree-based baselines by effectively mitigating in-
termediate errors. Chain-based methods ADoT [25] and DCoT [14] achieve only
31.10% and 23.13% on AQuA, respectively, compared to our 47.24%. Tree-based
methods TD-CoT [24] and DBS [27] incorporate structured exploration but suffer
from heuristic breadth control, yielding lower arithmetic averages (38.80% and
27.25%, respectively). Our entropy-guided strategy dynamically adjusts reason-
ing breadth per step, promoting diverse exploration while selectively allocating
resources to uncertain steps. This achieves the best overall performance: 58.47%
on arithmetic and 79.73% on commonsense tasks.

Overcoming Fixed-Breadth Ex-

ploration. Tables [I] and [2] show Model Method Accuracy

that our method mitigates prema- Greedy 76.15

ture elimination of correct candidates. .. CoT-SC 81.57
GPT-40-mini

Ours (B, Beam) uses a fixed beam
size of 2, while Ours (A, Adaptive)
adjusts the beam size according to

Ours (B) 84.82
Ours (A) 85.91

step-level uncertainty. Adaptive im- Greedy 46.07
provgssﬁgiorglggce 1:->yt 13.O2Apom‘gs Llama2-13B CoT-SC 52.84
on , 9.05 points on AQuA, Ows (B)  52.30
and 1.09 points on Date Understand- Ours (A) 54.47

ing with GPT-40 mini, as well as
2.17 points with Llama-2-13B. Al- Table 2: Impact of dynamic beam
though gains are smaller on Com- breadth adjustment on Date Under-
monsenseQA-—where per-step uncer- standing task.

tainty is lower—consistent improve-

ments across all tasks indicate that our method overcomes the limitations of
fixed-breadth exploration and enhances multi-step reasoning accuracy.
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Cost Efficiency. Table[3reports av-

. ToT ToT
erage token usage and cost per in- Metric 3 3 Ours
: (b=2) (b=3)
stance, where fewer output tokens in-
dicate higher efficiency. With b = Input (T) 7,374 7,796 7,182

Output (T) 1,392 1,353 585
Acc (%) 0 40 39
Cost (3) 0.3 0.32 0.3

2, ToT incurs low cost but achieves
zero accuracy due to insufficient ex-
ploration, pruning correct candidates
early. Larger b improves accuracy Table 3: Performance comparison on 100
at much higher cost. In contrast, randomly selected Game of 24 problems
our method achieves a better accu- using GPT-4.

racy—cost trade-off by adapting beam

size based on step-level uncertainty, while maintaining an average beam size of
2.5.

4.3 Further Analysis

Ablation Study. We validate our

trustworthiness estimation through Task LM P. Eval P. Accuracy

an ablation on LLaMA-2-13B with v 64.63
three variants: (1) LM probability, SQA ? 6632’17

(2) Evaluation probability, and (3)

v

their interpolation. As shown in Ta- v 43.31

ble [ the interpolated trust score AQuA Y ; 38.19
v

better captures step-level uncertainty 47.24
and improves performance. On AQuA 47.97
(A = 0.2), it achieves 47.24% ac- Date v 50.41
curacy, exceeding the LM and Eval v v 54.47

v.ariants _bY_ 393%_ and 9.05%, respec-  Table 4: Ablation of LM and evaluation
tively. Similar gains are observed on probabilities on StrategyQA, AQuA,

StrategyQA (A = 0.9) and Date Un-  4nd Date Understanding.
derstanding (A = 0.2), indicating the
robustness of the combined signal during adaptive decoding.

Scalability in Model Sizes. We
adopt tree decoding with beam selec- Model Base Ours Gap
tion based on the highest LM proba- Llama3.1-8B 57.09 58.27 +1.18

bility as the base model. As shown in Llama2-7B  38.98 42.52 +3.54
Table |9, our method consistently im- Llama3.1-70B 66.93 73.62 +6.69

proves performance across all model o
sizes, demonstrating strong robust- GPT-4o-mini 61.02 73.23 12.21

ness and scalability. GPT-40-mini
achieves a substantial gain of over
12 points under our approach, while
smaller models such as Llama3.1-8B
and Llama2-7B also exhibit clear improvements. These findings indicate that the

Table 5: Scalability analysis: Accuracy
on AQuA across model capacities.
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rics for beam search effectiveness. interpolation-based adaptive beam ad-
justment.

proposed reasoning framework remains effective across varying levels of model
capacity.

Analysis of Adjustment Criteria Selection. To assess Shannon entropy as
our uncertainty metric, we compare it with the Gini index

G=1- > p(s})’
spESt

and Tsallis entropy
1= Y pes, Bl
q—1 '

Sq =

on CommonsenseQA using Llama2-7B. We evaluate reasoning accuracy and av-
erage beam size for each metric (Figure . Shannon entropy achieves the most
balanced accuracy—cost trade-off across difficulty levels. While its accuracy is
1.12 points lower than Tsallis entropy and 0.17 points higher than the Gini in-
dex, it incurs the lowest computational cost among the three.

Analysis of Interpolation. To assess the impact of adaptive search restric-
tion, we conduct ablation experiments comparing our interpolation-based beam
adjustment with and without the additional restriction. The interpolation mech-
anism dynamically constrains the beam size at each step based on the mean trust
score, preventing unnecessary expansion in regions of high uncertainty. We eval-
uate both computational cost (average tokens) and task performance (accuracy)
across difficulty levels on the AQuA dataset using GPT-40-mini. As shown in
Figure [f] this mechanism yields a more balanced accuracy-cost trade-off as diffi-
culty increases, effectively reducing redundant exploration while maintaining or
improving performance on more challenging problems. Figure [f] shows inference
accuracy on CommonsenseQA as A varies.
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Hyperparameter Sensitivity Anal-
ysis. We investigate the effect of
hyperparameter A, which balances
model generation confidence and self-
evaluation probability. For GPT-4o-
mini, accuracy ranges from 89.93%
(A = 1.0) to 91.56% (A = 0.6), and
LLaMAZ2-7B ranges from 85.67% (A =
0.8) to 87.22% (A 0.2). Despite
this variation, performance remains
robust across different \ values, with
the gap between best and worst set-
tings being only 1.63%p for GPT-4o0-
mini and 1.55%p for LLaMA2-7B. No-

Y. Kim, Y. Jeong, J. Kim and S.-B. Cho

91.40%  91:36%

Accuracy (%)
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Lambda
—&— GPT4o-mini LLaMA2-7B

Fig. 6: Hyperparameter sensitivity anal-
ysis of A.

tably, even at the worst A setting, our method consistently outperforms baseline
approaches (see Table , demonstrating that the framework is robust to hyper-
parameter choice while still finding optimal balance points around X € [0.2,0.6].

Case Study. In this Common-
senseQA case study with GPT-4o0, we
analyze the search behavior of our
method compared to TD-CoT [24].
Fixed-beam search methods such as
TD-CoT generate four candidates
per reasoning step but maintain a
constant beam size of two, select-
ing beams from the sampled pool
via probabilistic sampling. This rigid
search often leads to premature prun-
ing of high-quality reasoning chains:
correct paths with low initial confi-
dence may be discarded and never re-
visited. In contrast, our method adap-
tively expands the beam size in un-
certain reasoning states (e.g., in the
first step, where the beam size is
increased to three), allocating addi-
tional exploration capacity when am-
biguity is high. This flexibility enables
the model to recover promising paths
that would otherwise be pruned, and
in this example our method maintains
the correct trajectory that TD-CoT
fails to preserve.

[ Question : Where is a human likely to go as a result of being hungry? ]

Options :
A) eat in restaurant, B) make bread, C) have lunch, D) cook dinner, E): friends house

(0) (O)

However, since the
question is asking for
aplace ... the best
choice is (a) eat in
restaurant.

The answer
must be a
place or
action ...
feeling hungry.

Of the above
choices, ... have
lunch oreatina

restaurant.

So the
answer
is (a).

@,

The answer -+ “have lunch The
<hould be a Of the above specifically addresses answer | %
place or choices, ... the action taken due
activity .. being hungry is to hunger.
feeling hungry. to have lunch. ®
However, "have So the
lunch" is the most answer
... when hungry. is (c).
TD-CoT
People can eat in
restaurants, make bread, Having lunch is a daily
have lunch, cook dinner, activity, not something
or go to their friend’s done because of hunger.
house. ®
® A person who is hungry is Therefore, the
..o a restaurant to eat, not likely to make bread or answer s (a) eat |Q
afriend's house to eat, cook dinner. in a restaurant
or a grocery store to buy
food. These are all potential
places a person can go.
.. when they go to Bread is hing that Therefore, the
restaurants, make bread people eat, but itis not a weris |O
o . place and Cooking dinner is correct answer is
or cook dinner. restaurant.

unrelated to hunger.

Ours

Fig.7: Selected beams are shown in
green; numbers indicate candidate ranks
by selection probability.
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5 Concluding Remarks

This paper proposes an entropy-based adaptive beam search method for struc-
tured prompting in LLMs. By leveraging Shannon entropy over trust distribu-
tions, the method adjusts the beam size at each reasoning step according to the
model’s uncertainty, enabling efficient allocation of computation that expands
exploration when necessary and prunes suboptimal paths with confidence. Ex-
periments across diverse benchmarks demonstrate consistent accuracy gains with
reduced decoding costs and improved scalability over fixed-breadth and exist-
ing structured prompting baselines across model sizes and reasoning types. One
limitation is that the entropy-based adjustment depends on the reliability of the
model’s probability estimates. Future work will explore alternative or learned
uncertainty measures to enable more robust control.
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