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Abstract

Chain-of-Thought (CoT) reasoning can en-
hance large language models (LLMs), but it
requires manually designed prompts to guide
the model. Recently proposed CoT-decoding
enables the model to generate CoT-style rea-
soning paths without prompts, but it is only
applicable to problems with fixed answer sets.
To address this limitation, we propose a gen-
eral decoding strategy—GCoT-decoding—that
extends applicability to a broader range of
question-answering tasks. GCoT-decoding em-
ploys a two-stage branching method combining
Fibonacci sampling and heuristic error back-
tracking to generate candidate decoding paths.
It then splits each path into a reasoning span
and an answer span to accurately compute path
confidence, and finally aggregates semantically
similar paths to identify a consensus answer, re-
placing traditional majority voting. We conduct
extensive experiments on six datasets covering
both fixed and free QA tasks. Our method not
only maintains strong performance on fixed QA
but also achieves significant improvements on
free QA, demonstrating its generality.

1 Introduction

Chain-of-thought (CoT) prompting is a simple
but powerful way to elicit multi-step reasoning
from large language models (LLMs), and can sub-
stantially improve benchmark performance (Ko-
jima et al., 2022; Wei et al., 2022; Yao, 2024; Ya-
sunaga et al., 2023; Zhou et al., 2022a; Lightman
et al., 2023; Uesato et al., 2022; Xie et al., 2023;
Golovneva et al., 2023). Most prior work, how-
ever, operates at the prompt level: carefully engi-
neered instructions and exemplars are used to steer
models towards explicit CoT traces. Such prompts
inherit the designer’s biases and often need to be
re-tuned across tasks and output formats (Wang

*Corresponding authors.

Table 1: Comparison of CoT-decoding in free-form vs.
fixed-format QA tasks.

Free QA Fixed QA

Example Q: What do Woodrow Wilson,
George W. Bush, and James Mon-
roe have in common?
k=1: They all served as presi-
dents of the United States.
k=2 : They were all American
leaders involved in major wars.
k=3: Each of them occupied the
White House as U.S. president.

Q: A factory makes 3 toys per
hour. How many toys after 8
hours?
k=1: 3 × 8 = 24 (0.93)
k=2: 3 times 8 is 24 (0.91)
k=3: = 24 (0.85)

Answer Space ∞ N

Exact Span
Match

× ✓

Majority Vote
Aggregation

× ✓

et al., 2022b; Ye and Durrett, 2022; Zhou et al.,
2022b; Ge et al., 2025). A complementary line of
work instead modifies the decoding process, for
example via self-consistency (Wang et al., 2022a),
contrastive decoding (Li et al., 2022), or context-
aware decoding (Shi et al., 2024), but these meth-
ods typically rely on extra signals and still assume
relatively rigid answer formats.

This motivates a natural question: Can we ex-
plore and select CoT reasoning paths purely from
the geometry of the base model’s decoding process,
without task-specific prompts or fixed answer for-
mats? CoT-decoding (Wang and Zhou, 2024) is an
important first step. It perturbs the first decoding
step by sampling the top-k alternatives, greedily
rolls out a CoT trace from each seed, extracts an
answer span, and uses the average top-1 vs. top-2
logit gap on that span as a path-level confidence
score. Paths that lead to the same span are aggre-
gated, and the answer with the highest cumulative
confidence is returned.

While effective on fixed-format QA, this proce-
dure hinges on two assumptions: (i) that a canoni-
cal answer span can be extracted reliably, and (ii)
that branching only at the first decoding step and
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exploring seeds in index order is sufficient. Table 1
illustrates both limitations. On a fixed-answer ques-
tion (right), all high-likelihood CoT paths end with
the same numeric span “24”, so exact span match-
ing and majority voting are straightforward. On a
free-form QA question (left), the correct answer
is phrased in several semantically equivalent ways,
and another path mentions a plausible but wrong
alternative; there is no unique span for aggregation
by exact match. Moreover, as our empirical analy-
sis shows (see Appendix A), early high-probability
seeds often form clusters of very similar yet in-
correct continuations, while correct CoT paths are
buried deeper in the ranked list.

In this paper, we revisit CoT-decoding from a
decoding-time perspective and organize the design
space into three questions: (1) Exploration: how
to spend a small path budget on diverse but plausi-
ble reasoning directions rather than near-duplicate
early seeds? (2) Confidence: how to score paths
without relying on a single, task-specific answer
span, in both fixed-answer and free-form settings?
(3) Aggregation: how to robustly pool free-form an-
swers so that tiny logit differences between nearly
equivalent paths do not cause unstable predictions?

To answer these questions, we propose General
Chain-of-Thought Decoding (GCoT-decoding), a
modular three-layer decoding framework. Our
design is motivated by a simple observation: in
decoding-time reasoning, the key challenge is not
merely to generate more paths, but to allocate
a limited path budget to non-redundant and re-
pairable regions of the search space. Accord-
ingly, an effective decoding strategy should sat-
isfy three properties: (i) it should cover the rank
axis broadly enough to avoid wasting the budget
on near-duplicate early candidates; (ii) it should
allocate additional computation only at positions
where the current trajectory shows clear signs of
failure; and (iii) it should aggregate semantically
equivalent free-form answers without relying on
exact string overlap.

GCoT-decoding is designed exactly around these
requirements. At the exploration layer, GCoT com-
bines Fibonacci-based seeding with a single local-
minimum backtracking step to allocate a small
path budget to both diverse global starts and lo-
cally failing regions of the decoding trajectory. At
the confidence layer, it views each path as a “rea-
soning trace + answer continuation” and assigns a
length-aware top-2 logit gap score, with an optional
LCS-based SpanAlign variant that focuses on the

aligned answer segment. At the aggregation layer,
GCoT applies greedy semantic clustering over an-
swer strings and selects the representative from the
cluster with the highest accumulated confidence,
aggregating paraphrase-equivalent paths without
relying on a fixed answer format.

We evaluate GCoT-decoding on six datasets
spanning fixed-answer and free-form QA. GCoT
matches or slightly improves over standard multi-
path decoders on fixed-answer tasks, and yields
consistent gains on free-form benchmarks where
span-based CoT-decoding struggles. It also com-
poses cleanly with few-shot CoT prompting and
reasoning-tuned models, providing additional im-
provements on top of strong baselines. Ablation
studies isolate the role of each layer and show that
Fibonacci-based multi-path exploration together
with greedy semantic clustering accounts for most
of the gains, with local-minima backtracking pro-
viding a smaller but consistent refinement. We sup-
port these design choices with an empirical analysis
of span sensitivity and exploration failure modes
for CoT-decoding, which we report in Appendix A.

Overall, our contributions are:

• A general decoding framework for uni-
versal QA. We propose GCoT-decoding, a
prompt-free multi-path decoding framework
that removes the fixed-answer-span assump-
tion in prior CoT-decoding and extends appli-
cability from fixed-format QA to free-form
QA.

• A better path-budget allocation strategy.
We introduce a two-stage exploration mecha-
nism that combines Fibonacci-seeded global
branching with local confidence-valley back-
tracking. The first component spreads a small
seed budget over the ranked candidate axis to
avoid redundant early clusters, while the sec-
ond selectively repairs trajectories that show
early signs of failure.

• A lightweight aggregation mechanism for
free-form answers. We replace exact-span
voting with greedy semantic clustering, which
aggregates paraphrase-equivalent answers at
low computational cost and delivers most of
the gain of stronger aggregation methods with-
out their latency overhead.
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Figure 1: Overall workflow of GCoT-decoding. A small number of reasoning paths are first generated via Fibonacci
seeding and confidence-based backtracking, then scored by length-aware logit gaps, and finally aggregated through
greedy semantic clustering over answer strings.

2 Related Work

Chain-of-Thought. Chain-of-Thought (CoT)
prompting decomposes complex tasks into
intermediate reasoning steps and has inspired a
series of automated and structured extensions,
including Auto-CoT (Zhang et al., 2022), Syn-
thetic Prompting (Shao et al., 2023), Contrastive
Denoising CoT, Faithful CoT, and KG-COT, which
aim to improve generation quality and logical
fidelity (Wei et al., 2022; Kojima et al., 2022;
Zhang et al., 2022; Shao et al., 2023; Zhou et al.,
2024; Lyu et al., 2023; Zhao et al., 2024; Sun
et al., 2026). Self-Consistency further enhances
performance by aggregating diverse reasoning
paths (Wang et al., 2022a; Wang and Zhou, 2024;
Ji et al., 2026; Ge et al., 2026). However, most
prompting-based methods rely heavily on labeled
examples, handcrafted templates, or predefined
outputs, limiting scalability. In contrast, our
GCoT-Decoding removes these dependencies to
enable broader applicability.

Prompting Methods to Enhance Reasoning.
Efforts to improve prompting strategies include
paraphrasing, active example selection, analogi-
cal cues, and instruction tuning (Chen et al., 2024;
Diao et al., 2023; Yasunaga et al., 2023; Zhang
et al., 2024b; Ho et al., 2022; Liu and Henao, 2025).
Recent work also explores context-aware decoding
and weakly-supervised aggregation to improve ro-
bustness (Shi et al., 2024; Ling et al., 2023; Arora
et al., 2022), though such methods often introduce
additional annotation or computation costs. Prompt
sensitivity and task specificity remain common bot-
tlenecks.

Decoding Strategies to Enhance Reasoning.
Beyond prompting, decoding-time strategies pro-
vide an alternative route for eliciting reasoning.

Early contrastive decoding diversified outputs with-
out relying on prompts (Li et al., 2022; Yao, 2024),
while self-evaluation, confidence-based scoring,
and preference-guided optimization have been pro-
posed to refine multi-step reasoning (Xie et al.,
2023; Wang et al., 2024; Taubenfeld et al., 2025;
Zhang et al., 2024a). Tree-of-Thoughts (Yao et al.,
2023) and CoT-decoding (Wang and Zhou, 2024)
treat reasoning as a structured exploration process,
with the latter showing that top-k sampling alone
can reveal rich reasoning paths. Speculative decod-
ing methods improve efficiency but are less focused
on reasoning quality (Chen et al., 2025; Xu et al.,
2025). A recent survey by (Welleck et al., 2024)
provides a comprehensive overview of decoding
strategies for reasoning tasks.

3 Method

Given a question x and a language model pθ(y | x),
our goal is to uncover correct but non-prominent
chain-of-thought (CoT) reasoning paths without as-
suming a fixed answer format. We organize GCoT-
decoding as a three-layer process: (i) a coarse path
exploration layer that seeds a small number of di-
verse reasoning directions; (ii) a local error-repair
layer that backtracks from confidence valleys; and
(iii) an answer aggregation layer that pools evi-
dence across paraphrase-equivalent answers.

Figure 1 summarizes the workflow. Sec. 3.1
describes the branching strategy for constructing
candidate paths, Sec. 3.2 defines our length-aware
confidence scores and the SpanAlign variant, and
Sec. 3.3 introduces greedy semantic clustering for
path aggregation.

3.1 Two-stage branching for path exploration
Our analysis in Appendix A.2 shows that, under
standard CoT-decoding, the ranked candidate list
in the first few decoding steps often collapses into
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clusters of very similar but incorrect reasoning tra-
jectories. Spending a small path budget on the first
few indices therefore risks exploring many near-
duplicates of the same erroneous hypothesis.

GCoT-decoding instead adopts a two-stage
branching scheme: a global layer that performs
one-step diversification + greedy rollout using Fi-
bonacci indices, and a local layer that performs
backtracking from the first confidence minimum
along each path.

Layer 1: Fibonacci-seeded greedy rollouts. Let
ỹ
(1)
1 , ỹ

(2)
1 , . . . denote candidate tokens at the first

decoding step, sorted by pθ(y1 | x) in descending
order. Rather than taking the first K candidates,
we choose indices from the Fibonacci sequence

Sfib = {F1, F2, . . . , FK}, Fn = Fn−1 + Fn−2, F1 = 1, F2 = 2

(1)
and initialize K reasoning seeds ỹ(F1)

1 , . . . , ỹ
(FK)
1 .

For each seed, the remaining tokens are generated
by greedy decoding, yielding a set of candidate
CoT paths {pk}Kk=1, where pk = (yk,1, . . . , yk,Tk

).
Fibonacci indices implement a roughly log-

spaced coverage of the rank axis. This design is not
merely based on a simple “logarithmic coverage”
intuition, but rather on a quantitative observation of
the distribution characteristics of error paths in the
decoding space. As shown in Appendix A.2, when
the top-ranked path is incorrect, the immediately
following candidate paths have a high probability
of repeating similar errors, whereas correct paths
appear significantly more frequently at larger in-
dices. The design intent of Fibonacci sampling
is precisely to utilize its non-linear step size to
rapidly skip over redundant error path clusters in
the high-probability head region, thereby allocating
the limited path budget to more diverse and poten-
tially correct regions. This logic is validated in our
ablation study (Table 4), where replacing Fibonacci
sampling with traditional top-k sampling under a
fixed budget causes accuracy to drop drastically.

Layer 2: backtracking from local confidence
minima. Even with diverse seeds, a greedy roll-
out can drift toward an incorrect answer. Empiri-
cally, such drifts are accompanied by sharp local
drops in token-level confidence along the path. We
treat these as first-hitting times of a low-confidence
region and use them as signals for local error repair.

For a greedy path pk = (yk,1, . . . , yk,Tk
), define

the token-level confidence

sk,t = pθ(yk,t | x, yk,<t), t = 1, . . . , Tk.
(2)

Starting from t = 3, we collect indices that are
strict local minima below a threshold δ:

Sk =
{
t
∣∣ 3 ≤ t ≤ Tk, sk,t < sk,t−1, (t < Tk ⇒ sk,t < sk,t+1), sk,t < δ

}
,

(3)
and define the backtracking index

bk =

{
minSk, Sk ̸= ∅,

−1, Sk = ∅.
(4)

If bk ̸= −1, we step back to yk,bk−1 and re-branch
on K ′ alternatives (again using Fibonacci indices
over the candidate list at that position),

y
(m)
k,<bk

= (yk,1, . . . , yk,bk−2, y
(m)
k,bk−1), m ∈ {F1, . . . , FK′},

(5)
and complete each prefix with greedy decoding
to obtain new paths {pk,m}K

′
m=1. If Sk = ∅, we

simply keep pk.
This design has two effects. First, it focuses ad-

ditional computation precisely at early confidence
valleys, where the probability trajectory (sk,t)t indi-
cates that the current semantic direction has fallen
off the model’s high-confidence manifold. Second,
it avoids perturbing every token position. Pseu-
docode for the two-stage branching scheme is pro-
vided in Appendix B.

3.2 Length-aware logit-gap confidence

After generating a set of candidate reasoning paths,
we must assign a scalar confidence score to each
path for later aggregation. Standard CoT-decoding
for fixed-answer tasks often uses the average dif-
ference between the top-1 and top-2 logits over
the answer span as a confidence proxy (Wang and
Zhou, 2024), but this requires a pre-defined answer
span and is brittle when answer formats vary.

GCoT-decoding replaces this with a two-step
scoring scheme: (i) a length-aware logit-gap score
based on an explicit split between reasoning and
answer segments, and (ii) an optional SpanAlign
variant that further focuses on tokens aligned be-
tween the reasoning and answer continuations.

Splitting reasoning and answer segments. For
each path pk, we first let the model produce a full
CoT reasoning segment gen1,k. We then append
a short continuation prompt such as “So the an-
swer is:” and decode a concise answer segment
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gen2,k (defined for each path k as the explicit an-
swer continuation). This template is used purely as
a post-hoc answer extractor after the reasoning is
complete and does not affect how the CoT itself is
generated; in Appendix G we show that replacing it
with semantically equivalent phrases leads to only
minor variation in accuracy.

CoT paths that explore deeper reasoning direc-
tions tend to have longer gen1,k and more coherent
answer segments. Motivated by this, we define the
base confidence of path k as

∆
GCoT-decoding
k,answer =

log
(
1 + |gen1,k|

)

maxi∈{1,...,K} log
(
1 + |gen1,i|

)
︸ ︷︷ ︸

length normalization over reasoning segments

× 1

|gen2,k|
∑

at∈gen2,k

(
p(a1t )− p(a2t )

)

︸ ︷︷ ︸
average top-2 logit gap over the answer segment

(6)
where p(a1t ) and p(a2t ) denote the probabilities

of the top-2 tokens at decoding step t in the answer
segment gen2,k. The first factor encourages paths
with sufficiently long reasoning, while the second
captures how confidently the model commits to the
final answer.

Comparative Variant: SpanAlign via LCS
We introduce SpanAlign as a comparative vari-
ant. We designed SpanAlign specifically to
demonstrate that relying on exact span align-
ment is fundamentally too rigid for open-ended,
free-form QA tasks. SpanAlign relies on
Longest Common Subsequence (LCS) matching
between the intermediate reasoning path gen1,k

and the final answer continuation gen2,k. Be-
fore computing the LCS, we normalize both
strings by lowercasing and stripping pure punc-
tuation tokens. Let LCS(gen1,k, gen2,k) =
(s1,1, ..., s1,m; s2,1, ..., s2,n) be the aligned subse-
quences, with total length L. We focus on the
terminal aligned spans s1,m and s2,n, and define:

∆
GCoT+SpanAlign
k,answer =

1

L

( ∑

a1,t∈a1,m

(
p(a11,t)− p(a21,t)

)

+
∑

a2,t∈a2,n

(
p(x1a,t)− p(a22,t)

)
)

(7)
For the vast majority of open-ended, free-form,

and general reasoning tasks, we recommend keep-
ing SpanAlign disabled by default, relying in-
stead on our core Greedy Semantic Clustering.
SpanAlign should only be enabled as an optional

feature when handling highly constrained tasks that
require verbatim extractive matching.

3.3 Greedy semantic clustering for path
aggregation

If we were to select the final prediction solely by
maxk ∆k,answer, small perturbations in logits could
cause large jumps in the chosen path, especially
when several answers are close in confidence. Ag-
gregating across multiple paths can mitigate this
sensitivity, but standard majority voting is not ap-
plicable on open-ended tasks where answers are
free-form text and exact string matches are rare.
We therefore aggregate at the level of semantic
answer clusters.

Let {pi}Ki=1 denote the candidate paths pro-
duced by the branching stages, with final answers
gi = gen2,i and confidence scores ci = ∆i,answer.
We maintain a set of semantic groups {Gj}Nj=1 with
representative answers {rj}Nj=1, initially empty.
For each answer gi in index order, we compute
cosine similarities

si,j = cos
(
ϕ(gi), ϕ(rj)

)
, j = 1, . . . , N,

(8)
where ϕ(·) is a sentence embedding function. We
then assign gi according to the greedy rule

j∗ =




min{ j ∈ {1, . . . , N} | si,j ≥ τ}, if max1≤j≤N si,j ≥ τ,

N + 1, otherwise,

(9)
which always chooses the first existing cluster

above a similarity threshold τ , or creates a new
cluster if none qualify. We update

Gj∗ ← Gj∗ ∪ {gi}, rj∗ =

{
rj∗ , j∗ ≤ N,

gi, j∗ = N + 1,
N ← max(N, j∗).

(10)
After all K answers are processed, we compute

the cumulative confidence of each group

Cj =
∑

gi∈Gj

ci, j = 1, . . . , N, (11)

and select the representative rjmax with jmax =
argmaxj Cj as the final output.

We further ablate the sentence embedding model
and find that performance varies only slightly (Ap-
pendix H), suggesting that the clustering module is
relatively insensitive to the particular off-the-shelf
encoder. Pseudocode for the aggregation procedure
is also given in Appendix B.
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Spec
Ans

GSM8K MultiArith Sports understanding
Mistral-7B Gemma-7B Llama-3.1-8B Mistral-7B Gemma-7B Llama-3.1-8B Mistral-7B Gemma-7B Llama-3.1-8B

Greedy × 10.5 11.6 17.9 16.0 18.7 38.8 49.6 61.2 51.6
Temperature sampling × 8.4 7.9 13.1 15.2 18.8 36.2 48.9 60.1 52.4†
Top-k sampling × 5.1 6.2 14.2 13.3 17.3 37.0 50.3 58.0 51.9
Beam search × 6.7 10.2 17.1 15.5 17.9 38.1 48.2 59.9 50.7
CoT-decoding ✓ 21.9♠ 25.4♠ 36.3† 40.6♠ 43.8♠ 72.3† 50.6 68.4♠ 51.0
Self-consistency ✓ 16.3 17.2 28.5 21.7 22.9 46.9 52.9♠ 63.9 54.6†

GCoT-decoding + SpanAlign × 10.7 15.4 34.0 16.8 19.7 69.3 48.0 67.2† 52.0
GCoT-decoding × 18.0† 21.8† 41.7♠ 31.3† 22.8† 74.3♠ 52.0† 65.2 58.0♠

Table 2: Accuracy comparison of decoding strategies on fixed QA tasks; the top-ranked is marked with ♠ and the
second-ranked is marked with †. Spec Ans indicates whether the decoding strategy relies on specific answer spans.
The top section lists single-path decoding strategies; the bottom section shows multi-path decoding strategies.

SQuAD v1.1 (contextual) BARQA (contextual) Auto categorization (context-free)
Gemma-7B Llama-3.1-8B Qwen2.5-14B Gemma-7B Llama-3.1-8B Qwen2.5-14B Gemma-7B Llama-3.1-8B Qwen2.5-14B

BLEU MATCH BLEU MATCH BLEU MATCH BLEU MATCH BLEU MATCH BLEU MATCH BLEU MATCH BLEU MATCH BLEU MATCH
Greedy 3.3 42.8 8.3 60.6 21.4 67.2 4.7 36.6† 10.8 39.7 10.7† 44.4♠ 5.8 16.8 5.1† 16.0† 8.5 29.0
Temperature sampling 3.1 40.1 7.5 57.2 17.1 64.1 4.5 32.1 7.3 37.4 7.7 42.5 6.0 13.6 4.9 13.3 6.6 27.9
Top-k sampling 2.8 35.2 5.4 51.0 13.1 55.1 2.9 33.3 6.8 37.2 6.4 40.0 4.3 13.7 4.5 11.2 5.6 26.0
Beam Search 3.2 41.9 7.9 59.3 20.0 66.0 4.2 35.4 10.0 38.5 10.1 42.1 5.3 15.0 4.7 15.4 8.1 28.4
CoT-decoding + Prompt-based 0.2 25.7 1.3 40.9 5.8 50.3 0.7 21.5 2.4 25.1 1.4 32.0 1.2 20.1 2.0 15.7 8.0 29.0
Self-consistency + Prompt-based 4.2† 36.7 3.2 43.2 12.1 58.0 2.2 26.1 3.6 30.4 1.5 33.5 7.4 20.3 3.1 14.1 5.3 29.8
GCoT-decoding + SpanAlign 3.9 48.9† 9.2† 62.0† 21.5† 69.6† 5.8† 36.5 10.9† 41.5† 10.9♠ 43.3† 8.8† 23.3† 4.5 14.7 8.8† 30.2†

GCoT-decoding 4.9♠ 54.6♠ 10.0♠ 67.2♠ 23.2♠ 71.4♠ 10.9♠ 37.7♠ 12.3♠ 44.1♠ 10.2 38.9 8.9♠ 24.6♠ 6.8♠ 20.0♠ 10.6♠ 30.5♠

Table 3: Performance of different models on free QA tasks; the top-ranked is marked with ♠ and the second-ranked
is marked with †. The top section lists single-path decoding strategies; the bottom section shows multi-path decoding
strategies.

4 Results and Analysis

4.1 Experimental setup
Datasets. We evaluate models on two categories
of QA tasks: (1) Fixed QA, where the answer set or
format is constrained, including GSM8K and Mul-
tiArith (Cobbe et al., 2021; Roy and Roth, 2015)
for multi-step arithmetic reasoning, and Sports un-
derstanding (Suzgun et al., 2022) from Big-Bench-
Hard for binary reasoning over sports-related sen-
tences; and (2) Free QA, which involves open-
ended or paragraph-level outputs, such as SQuAD
v1.1 (Rajpurkar et al., 2016) for extractive reading
comprehension, BARQA (Srivastava et al., 2022)
for context-dependent anaphora resolution, and
Auto Categorization (Srivastava et al., 2022) for
identifying semantic categories among object sets.

Baseline Methods and Evaluation Metrics. We
primarily compare decoding-based methods, in-
cluding single-path sampling strategies such as
greedy decoding, temperature sampling (t = 0.7),
and top-k sampling (k = 10); as well as multi-
path sampling methods like beam search (b = 10),
self-consistency (k = 10) (Wang et al., 2022a) and
CoT-decoding (Wang and Zhou, 2024).

We do not include prompt-based methods as
baselines, as they are orthogonal to GCoT-decoding
and can be freely combined (see Section 4.3 for
discussion). For fixed QA, we use accuracy, com-

puted by comparing the extracted answer token
against the ground truth—note this extraction is
used only for evaluation, not confidence computa-
tion. For free QA, we evaluate with BLEU (Pa-
pineni et al., 2002) and MATCH, which checks
whether the ground-truth span appears in the re-
sponse. For GCoT-decoding variants, BLEU is
calculated only on the final answer gen2.

Model and Parameter Settings. In the main
experiments, we evaluate four models: Mistral-
7B (Jiang, 2024), Gemma-7B (Team et al.,
2024), Llama3.1-8B (Grattafiori et al., 2024), and
Qwen2.5-14B (Yang et al., 2024). For the model-
scale ablation, we use the Qwen2.5 series at 3B, 7B,
14B, and 32B scales. We use all-MiniLM-L6-v2
(Reimers and Gurevych, 2019) as the embedding
model. We set the first-stage branching number
k = 10 and second-stage branching number k′ = 2,
branch only when confidence falls below a thresh-
old δ of 0.2. During semantic aggregation of paths,
we use a similarity threshold τ of 0.8. To ensure the
stability and reliability of our findings, all results
reported for the main experiments are calculated as
the average of three independent runs.

4.2 Main results

Fixed QA. As shown in Table 2, GCoT-decoding
outperforms all single-path decoding strategies
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Figure 2: The results of combining GCoT-decoding
with CoT prompting.

(greedy and sampling methods) and most multi-
path decoding strategies (beam search and self-
consistency) across all models and datasets. Al-
though CoT-decoding achieves the highest accu-
racy on math reasoning tasks, its performance heav-
ily relies on specific answer spans. This depen-
dency explains its advantage in fixed QA tasks but
also becomes a major bottleneck when extending to
free QA tasks. In contrast, GCoT-decoding offers a
more stable alternative that does not rely on answer
spans, achieving competitive performance on fixed
QA while delivering significant gains on free QA.

Free QA. As shown in Table 3, GCoT-decoding
achieves the highest BLEU and MATCH scores
in nearly all settings, significantly outperform-
ing other methods in both generation quality and
answer alignment. Even compared to variants
such as CoT-decoding + Prompt-based and Self-
consistency + Prompt-based, GCoT-decoding re-
mains the top performer. In contrast, GCoT-
decoding + SpanAlign suffers from performance
drops due to frequent misalignment with incor-
rect spans. Overall, GCoT-decoding demonstrates
stronger robustness and generality when tackling
complex, free-form reasoning tasks.

4.3 Compatibility of GCoT-decoding with
Prompting Methods

Although GCoT-decoding is a prompt-free method,
this does not preclude its combination with prompt-
based approaches; in fact, they are highly com-
patible. Experiments on MultiArith and SQuAD
v1.1 using Gemma-7B and Llama-3.1-8B show
(Figure 2) that merging GCoT-decoding with CoT
prompting yields steady performance improve-
ments across all few-shot settings in both fixed

Variant
GSM8K

(Gemma-7B)
GSM8K

(Mistral-7B)
SQuAD v1.1
(Gemma-7B)

SQuAD v1.1
(Llama-3.1-8B)

Fibonacci + greedy (ours) 21.8 18.0 54.6 67.2
top-k sampling (k=10) 7.9 6.2 42.1 50.4
top-p sampling (p=0.9) 8.6 7.0 43.5 51.3
temperature sampling (T=0.7) 9.4 7.8 45.0 52.6

Table 4: Ablation of path-generation strategies under
a fixed budget of K=10 paths. All variants share the
same backtracking and aggregation modules.

and free QA, with absolute gains of 10%–50%.
This demonstrates that GCoT-decoding and CoT
prompting synergize effectively, significantly en-
hancing LLM reasoning quality in few-shot sce-
narios. We provide the few-shot examples used in
Appendix D.

4.4 Ablation study

We ablate GCoT-decoding along its three main
stages: (i) the path generation strategy, (ii) the back-
tracking rule, and (iii) the path aggregation module.
Appendix C reports additional ablations, including
alternative confidence computation schemes and
multi-factor variants where several modules are
simplified simultaneously.

Effect of path generation strategy. Our goal
differs from generic diversity generation: instead
of injecting randomness at every step, we only di-
versify the first token to open a few alternative
reasoning directions and then greedily roll out each
path. Fibonacci indices further spread this first-
step sampling budget along the ranked candidates
in a roughly log-spaced manner, avoiding redun-
dant exploration of tightly clustered early hypothe-
ses. Under a fixed budget of K=10 paths, Table 4
compares this Fibonacci-based scheme to standard
step-wise stochastic sampling while keeping back-
tracking and aggregation fixed, and shows that re-
placing our “one-step diversification + greedy roll-
out” with top-k/top-p/temperature sampling drives
GSM8K accuracy down to about 8–10% and re-
duces SQuAD v1.1 MATCH by 10–20 points.

Reliability of local-minima backtracking. We
assess reliability by measuring trigger frequency
and success rate on SQuAD v1.1 (Table 5). Local-
minima backtracking is triggered on only about
28% of questions, yet fixes an otherwise wrong
greedy answer in 36.5% of those cases, raising
MATCH from 52.7 to 54.6. Random and late back-
tracking are always triggered but slightly underper-
form the no-backtracking baseline and have much
lower conditional success rates (around 18–21%),
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Variant
Backtracking

trigger rate (%)
Success rate

given trigger (%)
MATCH BLEU

No-backtracking – – 52.7 8.7
Random backtracking 100.0 18.1 52.0 8.6
Late backtracking 100.0 20.4 51.8 8.5
Local-minima backtracking (ours) 28.0 36.5 54.6 9.1

Table 5: Backtracking variants on SQuAD v1.1 dev
(Gemma-7B); “Success rate given trigger” is the fraction
of triggered cases corrected by backtracking.

Aggregation variant Extra time
per question (sec.)

GSM8K
Acc. (Gemma-7B)

SQuAD
MATCH (Gemma-7B)

MaxPath (no aggregation) 0.0 15.3 41.9
Greedy clustering (ours) 0.2 21.8 54.6
LLM-based aggregation 8.3 22.1 55.8

Table 6: MaxPath vs. greedy semantic clustering and
an LLM-based aggregation module (Gemma-7B). Extra
time is measured relative to greedy decoding.

indicating that naive perturbations are not helpful.
We further study the effect of allowing more back-
tracking points per path in Appendix F.

Greedy semantic clustering vs. LLM-based ag-
gregation. We first compare GCoT-decoding
with a MaxPath baseline that simply selects the sin-
gle highest-confidence path: as shown in Table 6,
greedy semantic clustering improves GSM8K accu-
racy from 15.3 to 21.8 and SQuAD MATCH from
41.9 to 54.6, with only 0.2 seconds of extra time
per question. An LLM-based aggregator yields
slightly higher scores than greedy clustering but
incurs about 8.3 seconds of additional latency and
is sensitive to the aggregation prompt. Our greedy
clustering therefore offers most of the aggregation
benefit over MaxPath at a fraction of the compute
cost, matching our goal of a lightweight, robust
aggregation module.

4.5 Quantitative and qualitative analysis
Quantitative Analysis. As shown in Figure 3(b),
performance improves with scale, especially from
3B to 7B, with smaller gains beyond. GCoT-
decoding consistently outperforms +SpanAlign
across scales and shows greater robustness to do-
main shifts. Furthermore, Figure 3(a) demonstrates
that increasing the number of decoding paths k
initially improves performance but saturates after
k > 5, with GCoT-decoding maintaining stronger
and more stable gains than +SpanAlign across all
k settings.

To fully understand the practical deployment
cost, we evaluate the computational overhead of
our proposed aggregation mechanisms. As detailed
in Table 8, in our default setup (generating k = 10
paths), the base generation time typically ranges

from 20 to 70 seconds per question. Our proposed
greedy semantic clustering adds an extremely small
overhead of just 0.2 seconds (∼ 0.4%). This com-
pletely avoids the massive latency penalty of LLM-
based aggregation (which adds 8.3 seconds, or
∼ 18.4% overhead) while achieving comparable
performance.

Finally, evaluating the overall trade-off, Fig-
ure 3(c) illustrates that the total time cost grows
roughly linearly with k, while both tasks exhibit
diminishing marginal gains. Combining these ob-
servations, the optimal “elbow” lies in the range of
k = 3 ∼ 5, where the marginal gain rate peaks and
the computational time cost remains moderate.

How Fibonacci sampling works. Table 7 shows
two case studies of Fibonacci sampling. In the
war classification example, paths k = 1–3 all con-
verge on related but wrong labels such as “diplo-
matic initiatives,” and the correct label “historical
wars” only emerges at k = 8, with a clear reason-
ing chain—illustrating how early high-probability
seeds can cluster around the same mistake. Here,
Fibonacci sampling skips over these local error
clusters and reaches the correct path with fewer
probes. In the architecture example, where the
top-ranked path is already correct, early paths
(k = 1–3) also yield correct labels (with k = 3
providing a particularly explicit explanation); even
though some later correct paths are skipped, the
correct label remains dominant in the aggregated
confidence.

How early path backtracking works. Figure 4
illustrates how early backtracking prevents errors
from becoming entrenched. In Path 1 (orange),
the model drifts toward the incorrect span “defen-
sive end”, with several local minima falling be-
low the confidence threshold (yellow stars). Our
rule treats these minima as warning signals and
branches before the first one (at step 2), creating
Path 2 (red), which instead converges to the cor-
rect answer “linebacker”. Once the erroneous span
has been fully generated and reinforced by high-
confidence tokens, later branching rarely fixes it,
underscoring the importance of backtracking early.

5 Conclusion

We propose GCoT-Decoding, a general decod-
ing strategy that extends earlier chain-of-thought
based methods to broader QA tasks. By refining
the branching mechanism for generating candidate

6405



(a) Impact of decoding path
count k.

(b) Effect of model size. (c) Time cost and marginal gain
rate by decoding path count k.

Figure 3: The impact of model size and the number of decoding paths k.

Table 7: Decoding outputs with confidence gaps ∆k,answer for two classification examples.

Question: AUSTRO-ITALIAN WAR, JACOBITE REBELLION, and FRANCO-
SPANISH WAR are instances of

Question: Profitable home Chelisheva, The House with Lions, and House under
the steeple can be classified as

Ground truth: historical wars Ground truth: tourist attractions / architecture in Russia

k=1 European diplomatic initiatives. So the answer is: European diplomatic initia-
tives (∆=0.22)

× These are notable tourist attractions located across Russia. So the answer is:
tourist attractions (∆=0.81)

✓

k=2 diplomatic initiatives. So the answer is: diplomatic initiatives. (∆=0.18) × architectural heritage in Russia. So the answer is: architecture in Russia
(∆=0.68)

✓

k=3 These events can be categorized under diplomatic initiatives. So the answer is:
diplomatic initiatives (∆=0.09)

× tourist attractions in Russia. Explanation: each of these locations is a notable
architectural site known for its historical significance within Russian cities. So
the answer is: tourist attractions (∆=0.93)

✓

k=5 They are relevant to international treaty formation. So the answer is: interna-
tional treaty formation (∆=0.14)

× They refer to government-owned residential complexes. So the answer is:
government-owned residential complexes (∆=0.24)

×

k=8 Historical wars, because each conflict exemplifies armed struggles ... So the
answer is: historical wars (∆=0.81)

✓ metaphors from Soviet-era literature about class struggle. So the answer is:
Soviet-era literature (∆=0.11)

×

Aggregation Module Base Gen. Time Overhead Overhead % MATCH

MaxPath (No agg.) 45.0 s 0.0 s 0.0% 21.8
Greedy Clustering (Ours) 45.0 s 0.2 s ∼ 0.4% 54.6
LLM-based Aggregation 45.0 s 8.3 s ∼ 18.4% 35.8

Table 8: Time cost breakdown per question (Gemma-
7B, k = 10 paths) on GSM8K.

paths, our approach further boosts performance.
Experiments show that GCoT-Decoding consis-
tently improves the reasoning ability of language
models of various sizes and offers greater robust-
ness to task drift across diverse benchmarks.

Limitations

Despite these benefits, GCoT-Decoding introduces
additional computational overhead due to explor-
ing and maintaining multiple reasoning paths. Our
current evaluation is also limited to a set of QA
and reasoning benchmarks, and does not fully
cover tasks where reasoning is more implicit (e.g.,
summarization-style generation). Going forward,
we are exploring optimizations such as early path
pruning and more adaptive branching to reduce
computational cost, as well as extending evalua-
tion to a wider range of tasks that require step-
by-step reasoning (e.g., structured text generation,
logical inference, and multi-hop reasoning). For

Figure 4: Illustration of early path backtracking.

summarization-like tasks, we plan to investigate
hybrid approaches that selectively apply GCoT-
Decoding only to reasoning-intensive components,
aiming to balance efficiency with broader applica-
bility.
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A Additional Analysis of CoT-decoding

A.1 Sensitivity of CoT-decoding to
answer-span extraction

A natural way to extend CoT-decoding (Wang and
Zhou, 2024) beyond fixed-answer math questions
is to ask the model to restate the final answer, e.g.,
by appending a marker such as “So the answer
is:” and computing confidence on the continuation.
However, when the same answer phrase appears
multiple times in the trace, or when the wording
of the marker varies slightly, different choices of
“answer span” can lead to noticeably different con-
fidence scores.

Table 9: Distribution of correct and incorrect paths and
their corresponding confidences for the top 100 GSM8K
questions in the case of first-index error.

Index Correct Incorrect C. Conf. I. Conf.

0 – – – –
1 8 92 0.73 0.09
2 2 98 0.68 0.13
3 13 87 0.70 0.10
4 23 77 0.74 0.14
5 18 82 0.71 0.15
6 28 72 0.69 0.16
7 35 65 0.67 0.17
8 68 32 0.64 0.18
9 44 56 0.62 0.20

We compare two extraction methods on GSM8K,
MultiArith, and the BBH Sports Understanding
benchmark. The rule-based extractor follows the
official evaluation protocols on these fixed-answer
tasks: for GSM8K and MultiArith it takes the last
number in the response, and for Sports Understand-
ing it takes the final binary token (yes/no). The
prompt-based extractor instead extends the model
output with “So the answer is:” and uses the con-
tinuation as the answer span. As shown in Figure 5,
simply switching from the rule-based span to the
prompt-based span can substantially degrade CoT-
decoding: on GSM8K and MultiArith it often col-
lapses toward the greedy baseline, and on Sports
Understanding it yields 5–12 point drops.

These results highlight two issues. First, CoT-
decoding is structurally tied to a single, task-
specific answer span, which limits its applicability
to free-form QA where no canonical span exists.
Second, even when such a span is available, small
changes to how it is identified can have a surpris-
ingly large impact. This motivates the confidence
layer of GCoT-decoding (Section 3.2), where we
treat each path as a “reasoning trace + answer con-
tinuation” rather than relying on a hand-picked
span.

A.2 Greedy exploration can miss deeper
correct paths

We also examine how CoT-decoding explores can-
didate paths. In the original formulation, paths are
generated by perturbing only the first decoding step
and then greedily rolling out each seed. Candidate
paths are ordered by likelihood, and naive multi-
path strategies simply take the first K of them.
This can be a poor search strategy when early high-
probability seeds form clusters of near-duplicate
yet incorrect continuations.

Following Wang and Zhou (2024), we analyze
the top 100 GSM8K questions under a controlled

6409



Figure 5: Impact of different answer extraction strategies on CoT-decoding performance.

setting where the first-ranked path is incorrect. For
each index i ∈ {1, . . . , 9}, we measure (i) how
often the path at index i is correct vs. incorrect,
and (ii) the average confidence of correct and in-
correct paths at that index. Table 9 summarizes the
distribution of correctness and confidence across
indices. When the first index is wrong, the next few
indices are also dominated by incorrect paths with
similar surface forms and intermediate reasoning
steps. Correct paths only become common at larger
indices, so sweeping many adjacent early indices
yields diminishing returns while consuming a large
decoding budget.

This observation motivates the exploration layer
of GCoT-decoding (Section 3.1): rather than ex-
haustively sweeping consecutive indices, we use
Fibonacci indices to spread a fixed seed budget
roughly log-uniformly over the ranked candidates,
and add a local-minimum backtracking mecha-
nism that spawns a few additional branches when
the token-level confidence along a path exhibits
a sharp local drop. Together, these mechanisms
allow GCoT to reach deeper correct paths more
efficiently than naive index-ordered exploration.

B Algorithm Details

We provide the pseudocode of path sampling and
backtracking in Algorithm 1, and the pseudocode
of the decoding path aggregation algorithm based
on semantic clustering in Algorithm 2. We provide
the pseudocode of path sampling and backtracking
in Algorithm 1, and the pseudocode of the decod-
ing path aggregation algorithm based on semantic
clustering in Algorithm 2.

C Extended Ablation and
Hyperparameter Sensitivity

C.1 Extended Ablation Study of
GCoT-Decoding

As shown in Table 10, computing path confidence
using the softmax probability gap between the top-

Algorithm 1: General decoding path gen-
eration with Fibonacci sampling and back-
tracking

Input: Model model, tokenizer tokenizer, query
query, first branching size k, second
branching size k′, confidence threshold δ

Output: List of final decoding paths
Initialize empty result listR;
// First branching Compute logits from initial query

using model;
Select tokens at indices determined by Fibonacci

sequence: {F1, F2, . . . , Fk};
foreach token index i ∈ {F1, F2, . . . , Fk} do

Form initial decoding prefix by appending token
ti to query;

Greedily decode from this prefix to obtain
complete path y = (y1, y2, . . . , yT ) and token
confidences {s1, s2, . . . , sT };

Append path and confidences to temporary list L;
end
// Secondary branching via backtracking foreach

decoded path y and confidences {st}Tt=1 in L do
Identify local minima set S = {t | 3 ≤ t ≤
T, st < st−1, (t < T ⇒ st < st+1), st < δ};

Determine branching point b:

b =

{
minS, S ̸= ∅
−1, S = ∅

if b ̸= −1 then
Truncate path to form prefix
y<b = (y1, . . . , yb−2);

Compute logits for next token after prefix
y<b;

Select alternative tokens at Fibonacci
indices {F1, . . . , Fk′};

foreach alternative token index
j ∈ {F1, . . . , Fk′} do

Append token y
(j)
b−1 to prefix y<b;

Greedily decode from new prefix to
complete new path y(j);

Add new path y(j) to result listR;
end

end
else

Add original path y directly to result listR;
end

end
return result listR
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Algorithm 2: General decoding path aggre-
gation via semantic clustering

Input: Decoding paths {pi}Ki=1, confidences
{ci}Ki=1, embedding function ϕ(·), similarity
threshold τ

Output: Final aggregated answer
Initialize semantic groups: Gj ← ∅, representatives
rj ← ∅, group count N ← 0;

foreach path output gi = gen2(pi) do
Compute embedding ϕ(gi);
if N = 0 then

Create new group G1 = {gi}, set
representative r1 = gi, set N = 1;

continue;
end
Compute similarities si,j = cos(ϕ(gi), ϕ(rj))

for all existing groups j = 1, . . . , N ;
Find the minimal index j∗ satisfying si,j∗ ≥ τ ;

if none exist, set j∗ = N + 1;
if j∗ ≤ N then

Add gi to existing group Gj∗ ;
else

Create new group GN+1 = {gi}, set
representative rN+1 = gi, increment N ;

end
end
Compute cumulative confidence Cj =

∑
gi∈Gj

ci for
each group j;

Select group with maximum cumulative confidence
jmax = argmaxj Cj ;

Return group representative rjmax as the final output.

2 tokens consistently outperforms raw logits and
entropy across tasks. While raw logits are sensitive
to distributional shifts—especially in open-ended
QA—entropy tends to misrepresent confidence due
to token fragmentation in LLMs. For path gener-
ation, replacing Fibonacci sampling with sequen-
tial decoding reduces the likelihood of reaching
correct answers, and removing the second-stage
backtracking prevents correction of low-confidence
tokens, allowing flawed reasoning paths to persist.
Moreover, selecting only the highest-confidence
path (MaxPath) significantly undermines decoding
stability; on SQuAD, this leads to performance
drops of up to 16.4%. These results underscore
the importance of multi-path aggregation in mit-
igating single-path errors and capturing diverse
yet valid reasoning chains, which are essential for
robust GCoT-Decoding. Overall, when multiple
components are simultaneously simplified, the per-
formance of GCoT-Decoding deteriorates rapidly,
underscoring the importance of all three modules
working in concert.

C.2 Sensitivity to Hyperparameters
We also provide sensitivity experiments on the sim-
ilarity threshold τ and the confidence threshold δ,
summarized in Table 11.

D Prompt Demonstration Examples

Figure 6 shows the chain-of-thought prompting ex-
amples we use for the SQuAD dev-v1.1 task. In
the zero-shot setting, no demonstrations are pro-
vided. The one-shot setting includes only Exam-
ple 1, while the three-shot setting incorporates all
three examples.

Figure 6: Prompting examples used in the SQuAD
dev-v1.1 task under different few-shot settings. Zero-
shot uses no demonstrations, one-shot includes only
Example 1, and three-shot includes all three examples.

Figure 7 shows the chain-of-thought demonstra-
tions used for the GSM8K task. Similarly, the
zero-shot configuration contains no examples, the
one-shot configuration includes only the first ex-
ample, and the three-shot configuration includes
all three. These prompts are used to evaluate the
effect of demonstration count on arithmetic reason-
ing performance.

E Analysis on Clustering and
Representative Selection

As shown in Table 12, while different cluster-
ing algorithms (Greedy, K-Means++, Agglomer-
ative, Spectral) yield nearly identical accuracies,
the representative selection strategy makes a sub-
stantial difference. Specifically, choosing the first-
in-cluster answer consistently outperforms alterna-
tives such as selecting the cluster centroid or the
maximum-confidence path. This confirms that in-
dex ordering plays a crucial role in GCoT-decoding,
and that a greedy clustering scheme combined with
first-in-cluster selection is both efficient and effec-
tive.
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Confidence Computation Path Generation Path Aggregation
GSM8K

(Acc., Gemma-7B)
GSM8K

(Acc., Mistral-7B)
SQuAD v1.1

(MATCH, Gemma-7B)
SQuAD v1.1

(MATCH, Llama-3.1-8B)

– – – 21.8 18.0 54.6 67.2
entropy – – 18.3 (–3.5) 14.1 (–3.9) 51.4 (–3.2) 63.0 (–4.2)
logits – – 19.0 (–2.8) 15.7 (–2.3) 54.5 (–0.1) 66.9 (–0.3)
– Seq – 17.5 (–4.3) 13.1 (–4.9) 48.9 (–5.7) 63.6 (–3.6)
– OneBranch – 20.8 (–1.0) 16.5 (–1.5) 52.7 (–1.9) 67.0 (–0.2)
– – MaxPath 15.3 (–6.5) 12.8 (–5.2) 41.9 (–12.7) 50.8 (–16.4)

entropy Seq – 13.9 (–7.9) 11.2 (–6.8) 42.1 (–12.5) 49.4 (–17.8)
logits – MaxPath 12.5 (–9.3) 10.7 (–7.3) 39.7 (–14.9) 45.6 (–21.6)
– Seq MaxPath 12.2 (–9.6) 9.9 (–8.1) 36.3 (–18.3) 44.7 (–22.5)
entropy – MaxPath 12.8 (–9.0) 10.3 (–7.7) 40.8 (–13.8) 46.5 (–20.7)
– OneBranch MaxPath 11.5 (–10.3) 8.8 (–9.2) 33.6 (–21.0) 41.9 (–25.3)
entropy Seq MaxPath 8.4 (–13.4) 6.7 (–11.3) 25.8 (–28.8) 33.0 (–34.2)
logits Seq MaxPath 8.9 (–12.9) 7.4 (–10.6) 27.5 (–27.1) 34.6 (–32.6)
entropy OneBranch MaxPath 7.7 (–14.1) 5.4 (–12.6) 19.5 (–35.1) 24.8 (–42.4)

Table 10: Ablation study of GCoT-Decoding. Top rows show single-factor ablations; bottom rows show selected
multi-factor variants. Numbers in parentheses denote drops from the full model.

Table 11: Performance under different thresholds τ and δ on GSM8K, MultiArith, and Sports Understanding tasks.

τ δ GSM8K MultiArith Sports Underst.

Mistral-7b Gemma-7b Llama-3.1-8b Mistral-7b Gemma-7b Llama-3.1-8b Mistral-7b Gemma-7b Llama-3.1-8b

0.8 0.2 18.0 21.8 41.7 31.3 23.2 74.3 52.0 65.2 58.0
0.7 0.2 16.9 20.5 40.8 30.1 21.9 72.6 49.8 63.7 55.3
0.9 0.2 17.3 21.0 40.9 30.5 22.7 73.2 51.5 64.2 57.0
0.8 0.1 17.2 21.1 41.1 30.7 22.4 73.4 51.7 64.5 57.3
0.8 0.3 17.4 21.4 41.2 30.6 22.6 73.7 51.6 64.7 57.5

Figure 7: Prompting examples used in different few-
shot settings for the GSM8K task, adapted to arithmetic
reasoning.

F Choice of the number of backtracking

We find that CoT errors tend to have early turn-
ing points: as soon as the model commits to a
wrong semantic decision (Table 16), the token-level
confidence exhibits a sharp local drop, and subse-
quent tokens mostly elaborate on this misconcep-
tion rather than correcting it. In these cases, back-

Table 12: Accuracy comparison of clustering methods
and representative choices on SQuAD v1.1.

Category Method Gemma-7B Llama-3.1-8B

Clustering

Greedy Clustering 54.6 67.2
K-Means++ 54.4 66.9
Agglomerative (Ward) 54.7 67.1
Spectral Clustering 54.5 67.0

Representative
First-in-Cluster 54.6 67.2
Cluster Centroid 47.8 60.4
Max-Conf 48.2 60.9

Figure 8: Effect of the maximum number of backtrack-
ing points per path under a fixed overall path budget.
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Method
GSM8K (Acc.) MultiArith (Acc.) Sports Understanding (Acc.)

Mistral-7B Gemma-7B Llama-3.1-8B Mistral-7B Gemma-7B Llama-3.1-8B Mistral-7B Gemma-7B Llama-3.1-8B

GCoT-decoding + SpanAlign (Last) 10.7 15.4 34.0 16.8 19.7 69.3 48.0 67.2 52.0
GCoT-decoding + SpanAlign (Mean) 10.2 14.9 33.5 16.1 19.0 68.5 47.1 66.3 51.4

Table 13: Comparison between using only the last aligned answer span (SpanAlign (Last)) and averaging over all
aligned spans (SpanAlign (Mean)).

Template SQuAD v1.1 MATCH (Gemma-7B)

“So the answer is . . . ” 54.6
“Therefore, the answer is . . . ” 54.5
“Final answer:” 54.3

Table 14: Ablation on answer-extraction templates for
GCoT-decoding on SQuAD v1.1.

tracking at the first confidence valley is typically
sufficient to redirect the reasoning towards a differ-
ent, potentially correct branch. From an efficiency
perspective, allowing multiple backtracking points
per path under a fixed path budget significantly
increases decoding cost and complicates how to
trade off early vs. late corrections, so we adopt a
simple one-shot backtracking rule as a pragmatic
accuracy–efficiency compromise.

Figure 8 summarizes this ablation by varying
the maximum number of backtracking points per
path from 1 to 5: performance improves slightly
from 1-back to 2-back, stays roughly flat around
3-back, and then drops noticeably at 4 and 5. This
pattern indicates that limited extra backtracking
offers only marginal gains, while aggressive multi-
backtracking quickly hurts both accuracy and effi-
ciency, supporting our choice of a single-shot local-
minima strategy.

G Effect of answer-extraction templates

In Section 3.2, we use a short continuation tem-
plate (e.g., “So the answer is ...”) purely as an
answer-extraction marker after the model has al-
ready produced a full chain-of-thought reasoning
trace. To verify that GCoT-decoding does not de-
pend on the specific wording of this marker, we
evaluate several semantically equivalent templates
on SQuAD v1.1 with Gemma-7B, while keeping
all other components fixed (Table 14).

The variation across templates is within 0.3 abso-
lute MATCH points, which is negligible compared
to the gains obtained by switching from greedy or
vanilla CoT-decoding to GCoT on the same bench-
mark. This supports our claim that GCoT-decoding
does not hinge on a specific wording of the answer-
extraction template.

Setting
SQuAD v1.1

BLEU
SQuAD v1.1

MATCH
Auto-cat
BLEU

Auto-cat
MATCH

GCoT + MiniLM 10.0 67.2 10.6 30.5
GCoT + MPNet-base 9.8 66.7 10.4 30.3
GCoT + E5-small 10.1 67.0 10.5 30.4

Table 15: Embedding model ablation for the semantic
clustering module in GCoT-decoding.

H Embedding model ablation for
semantic clustering

GCoT-decoding uses an off-the-shelf sentence em-
bedding model to perform greedy semantic clus-
tering over candidate paths. To assess the sensi-
tivity of this module to the choice of embedding
space, we fix the rest of the framework and only
vary the embedding model, comparing MiniLM,
MPNet-base, and E5-small on SQuAD v1.1 and
Auto-Categorization (Table 15).

Across all settings, the variation in BLEU and
MATCH is within 0.5 absolute points, suggesting
that the greedy clustering module is relatively in-
sensitive to the specific off-the-shelf embedding
model used, as long as it provides a reasonable se-
mantic similarity signal. This matches our design
goal of treating semantic clustering as a conserva-
tive, pluggable enhancement over simple max-path
selection.

I SpanAlign ablation: last vs. mean
alignment

In Section 3.2, we use an LCS-based SPANALIGN

module to compare answer segments across differ-
ent paths. When the same answer phrase appears
multiple times in a reasoning trace, our default
implementation scores only the terminal aligned
segment (“SpanAlign (Last)”). To check whether
averaging over all aligned segments could be prefer-
able, we compare this default against a variant
that averages confidence across all occurrences
(“SpanAlign (Mean)”) on GSM8K, MultiArith, and
Sports Understanding (Table 13).

Across all three datasets and models, using the
final occurrence of the aligned answer span is at
least as reliable as averaging over all occurrences,
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Table 16: An example of path backtracking. The un-
derlined segments indicate the answers targeted by the
decoding paths, while the highlighted portions show the
content generated after backtracking. “plays”, “defen-
sive”, and “.” are the three local minima in Path1.

Question: What position does Von Miller play?
Path1(×): Von Miller plays(0.0877) defensive(0.0921) end position
.(0.1980)
Path2(✓): Von plays the outside linebacker position on his team .
Path3(×): Von Miller plays the defensive end role for his team and is
known for his pass rushing ability .

and often slightly better.

J Qualitative example of early path
backtracking

We provide a qualitative example in Table 16 to
illustrate early error correction in the decoding pro-
cess. In Path1, the incorrect answer “defensive
end” emerges after three local minima. Branching
before the first error token (e.g., at “plays”) allows
effective correction, as in Path2, which leads to the
correct answer “linebacker.” In contrast, branching
after the error fragment has formed, as in Path3,
fails to revise the mistake—once embedded, the
error resists recovery. This highlights the impor-
tance of early branching before erroneous spans
are committed.
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