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ABSTRACT

Self-consistency improves large language model reasoning by sampling multiple
chain-of-thought paths and aggregating via majority vote, but incurs substantial
token costs from generating complete solutions. We investigate whether adap-
tive compute allocation can improve efficiency by identifying promising reason-
ing paths early and focusing continuation budget on them. We propose Draft-and-
Continue Self-Consistency (DCS), a two-stage approach that samples short drafts,
computes vote histograms over interim answers, and continues high-vote branches
with additional tokens. Experiments on MATH-500 with Qwen2.5-Math-7B-
Instruct reveal a negative result: DCS achieves 76.8% accuracy, matching base-
lines, but uses 19.6% more tokens than standard self-consistency and 109% more
than confidence-guided early stopping (CGES-LNS), which Pareto-dominates
DCS. Analysis shows that approximately 96% of drafts complete within the token
limit, causing the continuation mechanism to rarely activate. Our findings demon-
strate that simpler early-stopping methods outperform two-stage branch budgeting
when draft lengths are sufficient for most problems.
WARNING: This paper was generated by an automated research system. The code
is publicly available.1

1 INTRODUCTION

Scaling test-time compute has emerged as a powerful paradigm for improving large language model
reasoning (Zhu et al., 2025). Self-consistency (Wang et al., 2022) exemplifies this approach by
sampling multiple chain-of-thought reasoning paths (Wei et al., 2022) and aggregating answers via
majority vote, achieving substantial accuracy gains over single-sample inference. However, this ef-
fectiveness comes at significant computational cost: generating multiple complete reasoning chains
requires proportionally more tokens, making self-consistency expensive for deployment at scale.

Recent work has sought to reduce this cost through early stopping and sample pruning strategies.
Confidence-guided early stopping (Aghazadeh et al., 2025) terminates sampling once the posterior
probability of the majority answer exceeds a threshold. Slim-SC (Hong et al., 2025) prunes redun-
dant reasoning chains online using thought embedding similarity. ESC (Li et al., 2024) applies early
stopping based on window vote entropy. While effective, these approaches fundamentally discard
partial reasoning—they stop sampling entirely rather than leveraging the information contained in
incomplete chains. This raises a natural question: can we identify promising reasoning paths early
and focus continuation budget on them?

We investigate this question through Draft-and-Continue Self-Consistency (DCS), a two-stage ap-
proach that attempts to improve token efficiency by allocating continuation budget to promising
branches identified through early voting signals. In Stage 1, DCS samples B = 7 draft solutions
with a token limit Tdraft = 1024, extracts interim answers, and computes a vote histogram. In
Stage 2, it selects k = 3 branches from high-vote answers and continues them for an additional
Tcont = 1024 tokens, using a hedge allocation strategy that reserves one slot for the second-place
answer to guard against early consensus errors.

1https://gitlab.com/fars-a/aletheia-adaptive-branch-allocation
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Our experiments on MATH-500 with Qwen2.5-Math-7B-Instruct reveal a negative result: DCS
matches baseline accuracy (76.8%) but uses 19.6% more tokens than standard self-consistency
and 109% more than CGES-LNS, which Pareto-dominates DCS on the accuracy-efficiency fron-
tier. Analysis reveals that approximately 96% of drafts complete naturally within the token limit,
causing the continuation mechanism to rarely activate meaningfully. Our contributions are:

• We introduce Draft-and-Continue Self-Consistency (DCS), a two-stage approach that at-
tempts to improve efficiency by continuing promising branches rather than stopping early.

• We conduct rigorous experiments on MATH-500 comparing DCS against greedy decoding,
uniform self-consistency, and confidence-guided early stopping.

• We report a negative result with detailed analysis: DCS fails to improve efficiency because
high draft completion rates (∼96%) undermine the continuation mechanism, demonstrating
that simpler early-stopping methods dominate two-stage approaches when draft budgets are
sufficient.

2 METHOD

2.1 PROBLEM SETUP

Self-consistency (Wang et al., 2022) improves chain-of-thought reasoning (Wei et al., 2022) by
sampling multiple reasoning paths and aggregating their answers via majority vote. Given an input
problem x, the method samples n independent reasoning chains {(ri, ai)}ni=1, where ri denotes the
reasoning path and ai the extracted answer. The final prediction is determined by majority vote:

â = argmax
a

n∑
i=1

1(ai = a) (1)

While effective, this approach requires generating n complete solutions, which becomes expensive
when reasoning chains are long. The key question we investigate is whether compute can be allo-
cated more efficiently by identifying promising reasoning paths early.

2.2 DRAFT-AND-CONTINUE SELF-CONSISTENCY

We propose Draft-and-Continue Self-Consistency (DCS), a two-stage approach that attempts to im-
prove token efficiency by allocating continuation budget to promising branches identified through
early voting signals. Figure 1 illustrates the overall architecture.

Stage 1: Draft Sampling. Given an input problem x, we sample B independent draft solutions,
each with a token limit Tdraft. For each draft i, we extract an interim answer adraft

i from the partial
reasoning. Drafts that do not produce a parseable interim answer are assigned to a special NULL
bucket and excluded from continuation selection.

Vote Histogram. We compute vote counts over the interim answers:

c(a) =

B∑
i=1

1(adraft
i = a) (2)

Let a(1) and a(2) denote the top-1 and top-2 answers by vote count, respectively.

Stage 2: Continuation Allocation. We select k branches to continue for an additional Tcont to-
kens. To hedge against the “majority-wrong” failure mode where the early consensus is incorrect,
we employ a hedge allocation strategy: if a second-place answer a(2) exists, we allocate k − 1 con-
tinuation slots to branches from a(1) and 1 slot to a branch from a(2). If all drafts agree on a single
answer, all k slots go to branches from that answer. Branches within each answer cluster are selected
arbitrarily.
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Figure 1: Overview of Draft-and-Continue Self-Consistency (DCS). Stage 1 samples B = 7 drafts
with Tdraft = 1024 tokens, extracts interim answers via vote histogram, and selects k = 3 branches.
Stage 2 continues selected branches with Tcont = 1024 additional tokens using hedge allocation.
Final answer is determined by majority vote across all completed responses.

Final Aggregation. After continuation, we extract final answers from all continued branches and
apply majority vote (Equation 1) to determine the prediction. The total token budget is approxi-
mately B · Tdraft + k · Tcont.

2.3 HYPERPARAMETERS

We use the following default hyperparameters: B = 7 drafts, k = 3 continuations, Tdraft = 1024
tokens, and Tcont = 1024 tokens. This yields a total budget of approximately 7×1024+3×1024 =
10,240 tokens per problem. We employ hedge allocation mode, which reserves one continuation
slot for the second-place answer when available. All sampling uses temperature 0.8 and top-p 0.95
to encourage diversity in reasoning paths.

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

Dataset. We evaluate on MATH-500 (Hendrycks et al., 2021), a subset of 500 competition-style
mathematics problems requiring multi-step reasoning. Problems span diverse topics including alge-
bra, geometry, number theory, and combinatorics, with exact-match evaluation.

Model. We use Qwen2.5-Math-7B-Instruct (Yang et al., 2024), a 7B parameter model fine-tuned
for mathematical reasoning. This model achieves strong performance on math benchmarks while
avoiding ceiling effects that would obscure method differences.

Baselines. We compare DCS against three baselines: (1) Greedy CoT: single-sample chain-
of-thought with temperature 0 and max tokens 2048; (2) Uniform SC: standard self-consistency
with n = 5 samples, temperature 0.8, and top-p 0.95; (3) CGES-LNS (Aghazadeh et al., 2025):
confidence-guided early stopping with length-normalized scoring, bmax = 5 maximum samples,
and confidence threshold γ = 0.95.
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Table 1: Main results on MATH-500 with Qwen2.5-Math-7B-Instruct. DCS matches baseline ac-
curacy but uses more tokens than both Uniform SC and CGES-LNS. Best in bold, second-best
underlined. ∆Greedy shows accuracy improvement over Greedy CoT. ∆Uniform shows token change
relative to Uniform SC.

Method Accuracy (%) Avg Tokens Avg Calls ∆Greedy ∆Uniform Efficiency

Greedy CoT 75.6 ± 0.28 654.3 1.0 — −81.0% 115.6
Uniform SC 76.67 ± 0.41 3439.6 5.0 +1.1% — 22.3
CGES-LNS 76.8 ± 0.30 1963.0 2.48 +1.2% −42.9% 39.1
DCS (Ours) 76.8 ± 0.75 4114.5 ∼10 +1.2% +19.6% 18.7

Table 2: DCS diagnostic metrics revealing why the method fails to improve efficiency. The high
draft completion rate (∼96.3%) indicates most drafts finish within Tdraft = 1024 tokens, causing the
continuation stage to rarely activate meaningfully.

Seed Accuracy (%) Avg Tokens Fallback (%) Draft Complete (%)

42 76.6 4091.4 4.0 96.0
123 76.0 4137.2 3.6 96.4
456 77.8 4114.9 3.6 96.4

Mean ± Std 76.8 ± 0.75 4114.5 ± 18.7 3.73 ± 0.19 96.3 ± 0.19

Evaluation Metrics. We report accuracy (exact match), average generated tokens per problem,
and average API calls per problem. All experiments use three random seeds (42, 123, 456) and
report mean ± standard deviation.

3.2 MAIN RESULTS

Table 1 presents the main experimental results comparing all four methods on MATH-500.

DCS achieves 76.8% accuracy on MATH-500, matching both Uniform SC (76.67%) and CGES-
LNS (76.8%) within statistical variance. This demonstrates that the two-stage draft-and-continue
mechanism is functionally correct and produces competitive accuracy. However, DCS fails to deliver
the hypothesized efficiency gains. DCS uses 4114.5 tokens per problem on average, which is 19.6%
more than Uniform SC (3439.6 tokens) and 109% more than CGES-LNS (1963.0 tokens). Critically,
CGES-LNS Pareto-dominates DCS on the accuracy-efficiency frontier: it achieves identical accu-
racy while using 52% fewer tokens and requiring only 2.48 API calls compared to approximately 10
for DCS. Furthermore, DCS exhibits higher variance (0.75%) compared to all baselines, suggesting
that the two-stage process introduces additional randomness rather than improving consistency.

3.3 ANALYSIS: WHY DCS FAILS

To understand why DCS fails to improve efficiency, we examine diagnostic metrics in Table 2.

The key finding is that approximately 96.3% of drafts complete naturally within the Tdraft = 1024
token limit, producing a parseable final answer without requiring continuation. This means the
continuation stage—the core mechanism intended to improve efficiency by focusing compute on
promising branches—rarely activates in a meaningful way. When drafts already contain complete
solutions, continuing them provides no additional benefit while still incurring the overhead of the
two-stage process. The fallback fraction of only 3.73% indicates that DCS effectively degenerates
into a variant of standard self-consistency with extra overhead from the draft selection and contin-
uation allocation steps. The higher variance (0.75% vs. 0.30–0.41% for baselines) further suggests
that the two-stage process introduces instability rather than improving robustness.

3.4 DISCUSSION

The failure of DCS reveals an important insight about two-stage branch budgeting approaches: their
effectiveness depends critically on the relationship between draft length and problem complexity.
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With Tdraft = 1024 tokens, Qwen2.5-Math-7B-Instruct can solve most MATH-500 problems com-
pletely, leaving little room for the continuation mechanism to provide value. This suggests that
two-stage approaches may require either shorter draft limits or harder benchmarks where solutions
genuinely require more tokens than the draft budget allows.

Our study has several limitations. We evaluate on a single dataset (MATH-500) with a single model
(Qwen2.5-Math-7B-Instruct), and results may differ on other benchmarks or with other models. The
hyperparameter choices (B = 7, k = 3, Tdraft = 1024) were not extensively tuned, and different
configurations might yield different results. Nevertheless, the core finding—that high draft comple-
tion rates undermine the continuation mechanism—is likely to generalize to similar settings where
the draft budget is sufficient for most problems.

4 RELATED WORK

Self-Consistency and Variants. Self-consistency (Wang et al., 2022) improves chain-of-thought
reasoning by sampling multiple reasoning paths and aggregating via majority vote. Adaptive-
Consistency (Aggarwal et al., 2023) reduces cost by stopping sampling once the vote distribution
stabilizes. Path-Consistency (Zhu et al., 2024) reuses high-confidence prefixes to guide subsequent
sampling. Reasoning-Aware Self-Consistency (Wan et al., 2024) uses lightweight features to score
reasoning paths and enable earlier stopping.

Efficient Self-Consistency. Several methods aim to reduce the computational cost of self-
consistency. CGES (Aghazadeh et al., 2025) uses confidence-guided early stopping with Bayesian
aggregation to terminate sampling when the posterior probability of the majority answer exceeds
a threshold. Slim-SC (Hong et al., 2025) prunes redundant reasoning chains online using thought
embedding similarity. ESC (Li et al., 2024) applies early stopping based on window vote entropy for
multi-step reasoning. Optimal Self-Consistency (Feng et al., 2025) provides theoretically grounded
adaptive sample allocation.

Tree-Based Reasoning and Test-Time Scaling. Tree of Thoughts (Yao et al., 2023) explores rea-
soning branches with evaluation-guided expansion. Graph of Thoughts (Besta et al., 2023) general-
izes this to graph-based reasoning state transitions. LATS (Zhou et al., 2023) applies MCTS-style
search with self-evaluation signals. Recent work on scaling test-time compute (Zhu et al., 2025) and
adaptive inference (Manvi et al., 2024) explores dynamic resource allocation for LLM reasoning.

Positioning DCS. Our Draft-and-Continue Self-Consistency differs from early-stopping methods
by attempting to continue promising branches rather than simply terminating sampling. While early-
stopping approaches reduce cost by stopping when confidence is high, DCS hypothesizes that selec-
tively extending high-vote branches could improve accuracy-efficiency trade-offs. Our negative re-
sult demonstrates that this continuation-based approach does not yield efficiency gains over simpler
early-stopping methods, providing empirical evidence that branch continuation may be unnecessary
when draft lengths are sufficient for most problems.

5 CONCLUSION

We investigated Draft-and-Continue Self-Consistency (DCS), a two-stage approach that attempts
to improve token efficiency by continuing promising reasoning branches identified through early
voting signals. Our experiments on MATH-500 reveal a negative result: DCS matches baseline
accuracy (76.8%) but uses 19.6% more tokens than standard self-consistency and 109% more than
confidence-guided early stopping. The key insight is that approximately 96% of drafts complete
within the token limit, causing the continuation mechanism to rarely activate meaningfully. This
demonstrates that simpler early-stopping methods dominate two-stage branch budgeting when draft
lengths are sufficient for most problems. Future work could explore shorter draft limits or harder
benchmarks where solutions genuinely require more tokens than the draft budget allows.
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