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Abstract

Parallel scaling has emerged as a powerful
paradigm to enhance reasoning capabilities in
large language models (LLMs) by generating
multiple Chain-of-Thought (CoT) traces simul-
taneously. However, this approach introduces
significant computational inefficiency due to
inter-trace redundancy—our analysis reveals
that over 80% of parallel reasoning traces yield
identical final answers, representing substan-
tial wasted computation. To address this crit-
ical efficiency bottleneck, we propose Deep-
Prune, a novel framework that enables effi-
cient parallel scaling through dynamic pruning.
Our method features a specialized judge model
trained with out-of-distribution data (AIME
2022, AIME 2023, and MATH 500) using over-
sampling techniques to accurately predict an-
swer equivalence from partial reasoning traces,
achieving 0.7072 AUROC on unseen reason-
ing models. Combined with an online greedy
clustering algorithm that dynamically prunes
redundant paths while preserving answer diver-
sity. Comprehensive evaluations across three
challenging benchmarks (AIME 2024, AIME
2025, and GPQA) and multiple reasoning mod-
els demonstrate that DeepPrune achieves re-
markable token reduction of 65.73%-88.50%
compared to conventional consensus sampling,
while maintaining competitive accuracy within
3 percentage points. Our work establishes a
new standard for efficient parallel reasoning,
making high-performance reasoning more ef-
ficient. Our code and data are here: https:
//deepprune.github.io/.

1 Introduction

Large language models (LLMs) (OpenAl, 2024;
Anthropic, 2024; Reid et al., 2024) have made re-
markable progress on reasoning tasks (Guo et al.,
2025; Team et al., 2025; Zeng et al., 2025),
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Figure 1: DeepPrune conducts early stopping based on
the similarity between reasoning treaces to enhance the
efficiency of parallel scaling and save diverse traces.

especially when equipped with long Chain-of-
Thoughts (CoT) that can mimic human’s thinking
processes (Wei et al., 2022; Sprague et al., 2024).
This advancement is driven by inference-time scal-
ing (Jaech et al., 2024), a new paradigm that en-
hances LLM’s reasoning capabilities via more com-
puting in the test stage (Snell et al., 2025).
Generally, there are two types of inference-
time scaling: sequential scaling and parallel scal-
ing (Venkatraman et al., 2025). Sequential scal-
ing (Muennighoff et al., 2025) focuses on increas-
ing the computation in one reasoning trace like ex-
panding the output length to 128k. While parallel
scaling (e.g. best-of-n sampling) encourages gen-
erating multiple reasoning traces simultaneously,
further pushing the total token cost to 100M or
higher (Moshkov et al., 2025). However, beneath
these advances lies a practical question: How to
achieve high performance with low token cost?
Existing efficient reasoning methods mainly fo-
cus on alleviating the over-thinking of sequential
scaling (Chen et al., 2024b; Hou et al., 2025; Zhang
et al., 2025). There are few works designed for par-
allel scaling (Madaan et al., 2025), which typically
adopt the LLM’s internal signal like confidence (Fu
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et al., 2025b) for early stopping to improve the sam-
pling efficiency. However, these confidence-based
methods suffer from two fundamental limitations:
(1) they fail to reduce redundancy between paral-
lel reasoning paths, and (2) they risk prematurely
terminating correct reasoning traces.

In this paper, we propose DeepPrune, as shown
in Figure 1, a novel method that proactively prunes
redundant parallel CoTs while preserving traces
with diverse answers. Our approach is motivated
by a key observation from preliminary experiments:
approximately 80% of parallel reasoning traces
yield identical final answers, while only 20% pro-
duce distinct solutions. This reveals significant re-
dundancy in current parallel reasoning paradigms.

We further investigate whether early-stage trace
similarity can predict final answer equivalence.
Surprisingly, shallow semantic similarity mea-
sures (e.g., SentenceBERT on first 500 tokens)
achieve only random-level performance (AU-
ROC=0.58), while deeper LLM-based comparison
(Qwen3-4B-Instruct) shows moderate improve-
ment (AUROC=0.66) but remains suboptimal for
practical deployment. This finding underscores the
necessity for specialized models capable of under-
standing reasoning processes at a deeper level.

Inspired by this analysis, we train a LLM-based
judge model that predicts redundancy between trun-
cated reasoning traces. To enable accurate early
stopping, we explore two truncation strategies in-
cluding fixed-length prefixes and reasoning-step
aligned segments. To address class imbalance
and preserve answer diversity, we employ focal
loss and oversampling techniques for training the
judge model. For efficient online inference, we de-
sign a greedy clustering algorithm that dynamically
prunes redundant paths during generation.

We conduct comprehensive experiments to prove
the effectiveness of DeepPrune across diverse set-
tings. To ensure robust generalization, we train
our judge model on fully out-of-distribution data
(AIME 2022, AIME 2023, and MATH 500) and
evaluate it on unseen reasoning models and bench-
marks. In offline evaluation, our judge model
achieves an average AUROC of 0.7072 and TPR
of 0.5063 when using first-800 tokens with over-
sampling, demonstrating strong cross-model gener-
alization to three unseen reasoning models. More
importantly, in online reasoning tasks across three
challenging benchmarks (AIME 2024, AIME 2025,
and GPQA) and three state-of-the-art reasoning
models (DeepSeek-8B, Qwen3-32B, and GPT-

OSS-20B), DeepPrune reduces token consump-
tion by 65.73% to 88.50% compared to cons@512
which samples 512 traces and conducts major-
ity voting, while maintaining comparable accu-
racy (within 3.4 percentage points). Notably,
on AIME24 and AIME25 datasets, DeepPrune
achieves up to 88.5% token reduction while main-
taining or improving accuracy, substantially outper-
forming strong baselines like DeepConf (Fu et al.,
2025b).

Our contributions are threefold: (1) We identify
and quantify the pervasive problem of infer-trace
redundancy in parallel reasoning, revealing that
over 80% of computational resources are wasted on
generating equivalent reasoning paths. (2) We pro-
pose DeepPrune, a novel framework that combines
a trained judge model with online greedy cluster-
ing to efficiently prune redundant reasoning traces
while preserving answer diversity. (3) Extensive of-
fline and online experiments show that our method
reduces token consumption by up to 88.5% without
compromising accuracy, significantly outperform-
ing existing baselines across multiple reasoning
benchmarks and model architectures.

2 Related Work

Parallel Scaling. Parallel scaling has emerged as a
pivotal paradigm for enhancing reasoning perfor-
mance through concurrent generation of multiple
reasoning traces (Chen et al., 2024a; Pan et al.,
2025; Zheng et al., 2025). Self-Consistency (Wang
et al., 2022) pioneered majority voting over diverse
reasoning paths, while Best-of-N sampling (Brown
et al., 2024) extended this concept through explicit
candidate ranking. There are also tree-based ex-
ploration methods like ToT (Yao et al., 2023) that
dynamically branch reasoning paths.

Efficient Reasoning. Efficient reasoning meth-
ods (Feng et al., 2025; Sui et al., 2025; Liu et al.,
2025; Qu et al., 2025) aim to optimize the accuracy-
compute trade-off during inference (Kang et al.,
2025; Srivastava et al., 2025; Li et al., 2025). Prior
research has explored reducing token usage in indi-
vidual reasoning traces, such as through length-
conscious fine-tuning (Liu et al., 2024; Arora
and Zanette, 2025; Aggarwal and Welleck, 2025;
Xia et al., 2025) or training-free prompting tech-
niques (Renze and Guven, 2024; Han et al., 2024;
Xu et al., 2025; Fu et al., 2025a; Aytes et al., 2025).
Another line of work improves parallel scaling ef-
ficiency by early-stopping redundant samples via
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Figure 2: Analysis of Inter-trace Redundancy. (a) Distribution of same vs. different answer pairs of reasoning traces,
revealing severe redundancy. (b) ROC curve for shallow semantic similarity (SentenceBERT) to distinguish traces
with same answers from those with different ones, which shows limited predictive power (AUROC=0.58). (c) ROC
curve for LLM-based deep comparison (Qwen3-4B-Instruct) achieves moderate improvement (AUROC=0.66).

confidence estimates (Fu et al., 2025b; Yang et al.,
2025b) or by refining aggregation strategies (Wang
et al., 2024, 2025b). While these methods address
intra-trace verbosity or sample quantity reduction,
they do not explicitly model redundancy between
parallel reasoning paths. Our work directly tar-
gets this inter-trace redundancy, enabling proactive
pruning while preserving answer diversity.

3 Preliminaries

3.1 Problem Definition

Given a set of n parallel reasoning traces S; =
{t1,t2, ..., t,} generated concurrently for the same
query, our objective is to reduce inter-trace redun-
dancy while preserving answer diversity. We define
a pruning process P that selects a subset of traces:

P(S1) = So,
The pruned set S5 should satisfy:

where S5 C S

sim(tki tk,) <T
SQ: {tkl,th,...,tkm T ’

Vi,j <m

where sim(t,, tx; ) is the similarity, 7 is a similarity
threshold. The traces in S continue reasoning to
produce final answers {0, , 0k,, - - - , Ok, }-

To operate this process, we need to model the
Similarity function. Since parallel reasoning fo-
cuses on answer accuracy, we simplify the judg-
ment to predicting whether two incomplete traces
will yield the same final answer. Formally, for any
pair of unfinished traces (;,¢;), we predict whether
their corresponding results (o;, 0;) will be identi-
cal, which can be defined as the binary similarity

function based on final answer equivalence:

1 if R(04,05)
0 ifR(OZ‘,Oj)

where R(0;,0;) is the reward function for answer
equivalence based on verifable rules or reward mod-
els. In this paper, we only consider queries with
verifable answers, leaving others for future works.

1
0

sim(ti,tj) = {

3.2 Inter-trace Redundancy: The Efficiency
Bottleneck of Parallel Reasoning

Recent advances in parallel scaling have signifi-
cantly improved reasoning performance, but at the
cost of substantial computational overhead. We
identify inter-trace redundancy as the primary
efficiency bottleneck: when generating multiple
reasoning traces in parallel, a large proportion of
tokens are wasted on producing semantically equiv-
alent reasoning paths that lead to identical answers.
Parallel Reasoning Trace Collection. To
uncover the phenomenon of inter-trace redun-
dancy, we conduct a reasoning trace collection
process. We select four widely-used reason-
ing models: Deepseek-R1-Distill-Llama-8B,
Qwen3-4B-Thinking-2507, GLM-4.5-Air and
QWQ-32B . These models are evaluated on over
100 problems from reasoning benchmarks includ-
ing Math500 (Hendrycks et al., 2021), AIME24,
AIME?25 (AIME, 2025), and GPQA (Rein et al.,
2024). For each problem, we generate 16 par-
allel reasoning traces per model. The traces for
each problem are paired exhaustively, resulting in
(126) = 120 pairs per problem. Thus, for each
model, we obtain around 12,000 pairs in total. To
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Figure 3: Overview of the DeepPrune framework. The offline training phase (top) involves constructing trace
pair datasets with binary labels indicating answer equivalence, then training a judge model using focal loss and
oversampling to address class imbalance. The online pruning phase (bottom) leverages the trained judge model to
perform dynamic pruning via greedy clustering where traces are assigned to existing clusters or new ones based on
similarity predictions, and concludes with majority voting on selected traces to determine the final answer.

determine answer equivalence, we use the rule-
based reward function from DeepScaleR (Luo et al.,
2025) to verify whether the final answers of each
pair are identical. More details are in Appendix A.

The results, summarized in Figure 2(a), reveal a
striking dominance of same-answer pairs across all
models, with ratios exceeding 80% in most cases.
Specifically, GLM-4.5-Air (Zeng et al., 2025) has
94.5% same-answer pairs. This severe class im-
balance highlights that even with a modest number
of samples (16 per problem), a large proportion of
computational resources are wasted on generating
redundant reasoning paths. The high prevalence of
same-answer pairs (over 80% on average) under-
scores inter-trace redundancy as a critical efficiency
bottleneck in parallel reasoning.

Preliminary Experiment. We next investigate
whether the similarity between unfinished traces
can predict the similarity of their final answers.
This capability is crucial for early pruning of re-
dundant paths. We evaluate two approaches for this
prediction task: (1) Shallow Semantic Similarity:
First, we use SentenceBERT (all-MinilLM-L6-v2
model (Reimers and Gurevych, 2019)) to compute
cosine similarity between the first 700 tokens of
two traces. This similarity score serve as a feature
for binary classification. As shown in Figure 2(b),
the ROC curve achieves an AUROC of only 0.58,
which is barely better than random guessing (AU-
ROC=0.5). This indicates that surface-level seman-
tic features are insufficient for predicting answer

equivalence. (2) LLM-based Deep Comparison: To
leverage deeper understanding for reasoning traces,
we employ Qwen3-4B-Instruct in a zero-shot set-
ting. We design a prompt that instructs the model
to compare two unfinished traces with 700 tokens
and judge whether they will yield the same final an-
swer. The ROC curve for this classifier achieves an
AUROC of 0.68, a notable improvement over Sen-
tenceBERT. However, this performance remains
suboptimal for practical deployment.

These results demonstrate that while LLM-based
judgment captures logical equivalence better than
semantic similarity, there is significant room for
improvement. The suboptimal performance of both
approaches motivates our proposed method.

4 DeepPrune

To address the inter-trace redundancy problem in
parallel scaling, we propose DeepPrune, a two-
stage framework that includes offline training of
a specialized judge model and online inference-
time pruning. As demonstrated in Figure 3, the
core idea is that by accurately predicting whether
two incomplete reasoning traces will yield identical
final answers, we can efficiently prune redundant
paths while preserving answer diversity.

4.1 Offline Training
4.1.1 Trace Pair Data Collection

To train our judge model, we construct a dataset of
reasoning trace pairs with binary labels indicating
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whether they lead to identical final answers. For
each input query q, we generate n parallel reason-
ing traces {t1, ta, . .., t, } using the same reasoning
model. The traces are paired exhaustively, resulting
in (g) pairs per query. The similarity label y;; of
each pair (¢;,t;) is based on answer equivalence:

yij = R(0i, 05)

where R(0;,0;) is a reward function that verifies
answer equivalence using rule-based methods from
DeepScaler, and 0;, 0; are the final answers derived
from traces ¢; and t; respectively.

A key challenge is determining how to extract
meaningful segments from unfinished traces for
early redundancy prediction. We explore two trun-
cation strategies: (1) Fixed-length prefix: Trun-
cate the first k tokens from each trace: tgl:k] and
tg-m]. (2) Reasoning-step alignment: Extract seg-
ments containing the same number of reasoning
steps, which can be represented by first k reasoning
words like wait, thus, and since that drive the direc-
tion of reasoning pathways (Wang et al., 2025a).

Our training data is collected exclusively from
Deepseek-R1-Distill-Llama-8B outputs using
out-of-distribution datasets (AIME 2022, AIME
2023, and MATH 500), while traces from other
models and different datasets are reserved for test-
ing cross-model generalization.

4.1.2 Judge Model Training Strategy

We fine-tune Qwen3-4B-Instruct as our genera-
tive judge model Jy to predict the similarity label
y;; given a pair of unfinished traces (¢;,¢;). The
model takes the concatenated trace pair as input
and outputs a binary prediction:

ij = Jo(concat(t;, t;))

To address the severe class imbalance where
same-answer pairs constitute approximately 80%
of the data, we employ two complementary tech-
niques:

Focal Loss. We use focal loss (Lin et al., 2017) to
focus training on hard negative examples (different-
answer pairs), improving the true negative rate:

Ljocat = —a(1 — pt)" log(pr)

where p; is the model’s estimated probability for
the true class, v modulates the rate at which easy ex-
amples are down-weighted, and o balances class
importance for the 80/20 distribution of our labels.

Oversampling. We oversample the minority class
by a factor of 2 to achieve balanced class distribu-
tion during training, ensuring the model receives
sufficient exposure to diverse reasoning patterns.

4.2 Online Pruning
4.2.1 Early Stopping via Greedy Clustering

During online pruning, we generate multiple par-
allel traces simultaneously and dynamically prune
redundant paths. Let S = {¢1,t2,...,tx} be the
set of IV parallel reasoning traces. Our goal is to se-
lect a diverse subset S’ C S that maximizes answer
diversity while minimizing computational cost.
We propose a greedy clustering algorithm that
operates with unfinished traces. The algorithm
maintains a set of clusters C' = {c1,¢2,...,¢m},
where each cluster represents traces that are
predicted to yield identical answers c; =
{t1,1a,... ,t|cj‘}. For each new trace t; € S, we
compute its average similarity with representative
traces sampled from the existing cluster ¢; € C:

1< :
sim(ti,cj) = — ng(ti,tg]))
ph:l

where tgf) are randomly sampled top-p traces
from cluster ¢; with p = min(20,|¢;|). If
max; sim(t;,¢;) > 7, we assign ¢; to the most
similar cluster arg max; sim(t;, ¢;); otherwise, we
create a new cluster if the maximum number of
clusters K has not been reached. If K is reached,
we will terminate the clustering process.

Our approach reduces the number of similarity
judgments compared to exhaustive pairwise com-
parisons, making it suitable for real-time inference.

4.2.2 Majority Voting for Final Answer

After clustering, we need to select a final answer
from the remaining traces. Since our judge model
may give wrong prediction, we observe two kinds
of errors: (1) Most pairs are classified as equiva-
lent, so the largest cluster has too many traces. (2)
All trace pairs are predicted as different, therefore
each cluster only has one trace. To deal with these
situations, we first select the largest cluster cpax
(|c| means the number of reasoning traces in c):

Cmax = arg I?Eag,( |c|

To conduct voting without too many identical
traces, we only let top-q; traces in cpax to finish
reasoning, where ¢; = min(|cmax|, 20). Besides,
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.. Average Qwen3-4B-Thinking QwQ-32B GLM-4.5-Air
Judge Training Method AUROC TNR@0.2 | AUROC TNR@0.2 | AUROC TNR@0.2 | AUROC TNR@0.2
Top-500 Tokens 0.8556 0.7720 0.8582 0.7720 0.8435 0.7632 0.8652 0.7808
+ Focal loss 0.8360 0.7327 0.8369 0.7134 0.8309 0.7373 0.8401 0.7473
+ Oversampling 0.7610 0.5232 0.7587 0.4910 0.7509 0.5154 0.7733 0.5632
+ Focal loss & Oversampling | 0.8608 0.7698 0.8710 0.7869 0.8586 0.7629 0.8528 0.7595
Top-25 Reasoning Words 0.8326 0.6647 0.7948 0.5236 0.8190 0.6587 0.8841 0.8117
+ Focal loss 0.8559 0.7403 0.8434 0.6846 0.8253 0.6842 0.8989 0.8522
+ Oversampling 0.7983 0.6762 0.8095 0.6677 0.7917 0.6521 0.7938 0.7089
+ Focal loss & Oversampling | 0.8701 0.8186 0.8705 0.8100 0.8512 0.7905 0.8886 0.8554

Table 1: The offline evaluation results of the judge model across different truncation methods and training strategies,
which reports the average AUROC and TNR @0.2 metrics for three reasoning models using two truncation types:
top-500 tokens and top-25 reasoning words, with the combination of focal loss and oversampling.

if all clusters are singletons, i.e. |c| = 1,Vc €
C, which means the judge model is highly likely
wrong, we just sample go = 32 traces from S for
final reasoning. Finally, we apply majority voting
on the final answers of those finished traces:

ofinal = MajorityVote({o1,02,...,04})
where ¢ = q; or ¢ = ¢2 depending on situations.
This approach ensures that we can invest compu-
tational resources primarily in promising reasoning
paths even if the judge model may produce wrong
prediction, which reduces token consumption in
parallel reasoning while preserving answer quality.

5 Experiments

5.1 Experimental Setup

Settings. Our evaluation includes both offline as-
sessment of the judge model’s predictive perfor-
mance and online testing of the full pruning frame-
work during reasoning tasks. For offline evalua-
tion, we train our judge model on reasoning traces
from Deepseek-R1-Distill-Llama-8B and eval-
uate its generalization capability on three distinct
reasoning models: Qwen3-4B-Thinking-2507,
QWQ-32B, and glm-4.5-air. We use reasoning
traces collected from challenging reasoning bench-
marks comprising over 1,000 problems. For on-
line reasoning experiments, we evaluate three
reasoning models: DeepSeek-8B (Guo et al.,
2025), Qwen3-32B (Yang et al., 2025a), and
GPT-0SS-20B (Agarwal et al., 2025) across the
three benchmarks: AIME 2024 (MAA, 2024),
AIME 2025 (AIME, 2025), and GPQA (Rein et al.,
2024). We generate 512 parallel reasoning traces
per problem for baseline methods and apply Deep-
Prune with a redundancy threshold 7 = 0.5.

Metrics. We employ two categories of evalua-
tion metrics. (1) Offline Evaluation Metrics: We
assess the judge model’s binary classification per-
formance using AUROC (area under the receiver
operating characteristic curve) to measure overall
classification performance, and TNR@0.2 (true
negative rate at false negative rate of 0.2) to evalu-
ate the model’s ability to identify diverse reasoning
paths while controlling false negatives. (2) Online
Evaluation Metrics: We measure the end-to-end
system performance using token consumption, ac-
curacy (final answer correctness measured by exact
match with ground truth), and token reduction per-
centage reduction in token consumption compared
to original consensus sampling (cons@512):

Tokensyew — TokensSorigin

AToken% = x 100%

Tokens,yigin

Baselines. We compare DeepPrune against sev-
eral competitive baselines: (1) Sampling Methods:
cons @512 which samples 512 parallel traces with
majority voting for self-consistency (Wang et al.,
2022), serves as our primary baseline for token re-
duction calculations. (2) Confidence-based Prun-
ing Methods: DeepConf-high and DeepConf-low
are confidence-based early stopping methods with
high or low threshold for pruning. These baselines
represent the state-of-the-art in efficient reasoning
methods. We ensure fair comparison by using iden-
tical model checkpoints and experimental configu-
rations with the DeepConf (Fu et al., 2025b).

5.2 Offline Experiment Results

As shown in Table 1, we have three observations:
(1) Our best configuration, which uses top-25 rea-
soning words with focal loss and oversampling,
achieves superior performance with an average AU-
ROC of 0.8701 and TNR@0.2 of 0.8186 across all
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Metric \ DeepSeek-8B \ Qwen3-32B \ GPT-0SS-20B
‘ AIME24 AIME25 GPQA ‘ AIME24 AIME25 GPQA ‘ AIME24 AIME25 GPQA

cons@5121

Token (x108) 3.55 4.01 9.92 2.00 2.43 7.44 5.57 6.26 -

Accuracy 86.7% 82.3% 72.5% 84.8% 80.1% 72.2% 96.7% 95.4% -
DeepConf-high'

Token (x108) 1.45 2.37 6.90 0.88 1.61 4.16 3.07 3.18 -

AToken% -59.0% -409%  -304% | -56.0% 337%  -44.1% | -44.8% -49.2% -

Accuracy 86.7% 81.4% 72.4% 86.4% 80.2% 72.9% 96.7% 95.3% -
DeepConf-low’

Token (x10%) 0.78 1.24 3.46 0.66 1.14 3.21 1.11 1.21 -

AToken% -77.9% -69.0% -65.1% | -66.8% -52.9%  -56.9% | -80.0% -80.7% -

Accuracy 92.5% 86.4% 71.7% 89.5% 80.2% 73.0% 95.7% 96.1% -
cons@512

Token (x108) 3.62 4.19 10.9 1.93 2.64 6.94 2.05 2.10 4.60

Accuracy 86.7% 83.3% 66.2% 86.7% 80.0% 70.7% 93.3% 90.0% 70.7%
DeepPrune (ours)

Token (x108) 0.42 0.35 2.54 0.26 0.23 - 0.42 0.38 2.20

AToken% -88.3% 91.6% -76.7% | -86.4% -91.4% -% -79.6% -822% -52.5%

Accuracy 86.7% 83.3% 63.1% 90.0% 90.0% -% 90.0% 93.3% 68.7%

Table 2: Online experimental results showing token consumption (in x 10%) and accuracy across three reasoning
models on three benchmarks. The table compares different methods including conventional sampling (cons@512),
confidence-based approaches (DeepConf-high, DeepConf-low), and the proposed DeepPrune. Token savings relative
to cons@512 (AToken%) are also provided where applicable. T indicates results taken from the DeepConf paper.

models. This represents a substantial improvement
over the preliminary zero-shot LLM judgment (AU-
ROC=0.66) reported in Figure 2(c), validating the
necessity of specialized training for redundancy
prediction. (2) The comparison between top-500
tokens and top-25 reasoning words reveals a clear
advantage for reasoning-aligned truncation. This
suggests that structural alignment with reasoning
steps provides more reliable signals for predicting
answer equivalence compared to fixed-length to-
ken windows. (3) The ablation study on training
strategies demonstrates the critical importance of
addressing class imbalance. The combination of fo-
cal loss and oversampling consistently delivers the
best performance across both truncation types and
all reasoning models. Notably, using oversampling
alone significantly degrades performance (AUROC
drops to 0.7610 for tokens and 0.7983 for reason-
ing words), indicating that simply balancing the
dataset distribution is insufficient without proper
loss weighting. Focal loss alone provides moder-
ate improvements, but the synergistic combination
with oversampling yields the most robust results.

5.3 Online Experiment Results

Table 2 presents the online evaluation results, from
which we can get several key findings:

Substantial Token Reduction with Minimal Ac-
curacy Loss. DeepPrune achieves remarkable
token savings while maintaining competitive ac-
curacy across all experimental settings. Specifi-
cally, DeepPrune reduces token consumption by
52.5% to 91.6% compared to the cons@512 sam-
pling baseline. The most significant reductions
are observed on AIME datasets, where DeepPrune
achieves 79.6%-91.6% token savings with negli-
gible accuracy drop (within 3 percentage points).
For instance, on Qwen3-32B with AIME25, Deep-
Prune reduces tokens by 91.4% while even improv-
ing accuracy from 80.0% to 90.0%. This demon-
strates that our method effectively identifies and
eliminates redundant reasoning paths without com-
promising solution quality.

Superior Efficiency Compared to Confidence-
Based Methods. DeepPrune consistently out-
performs confidence-based pruning methods:
DeepConf-high and DeepConf-low, in terms of
token efficiency. While DeepConf-low achieves
substantial token reductions, DeepPrune provides
the least token consumption across different con-
figurations. More importantly, DeepPrune main-
tains more stable accuracy preservation compared
to DeepConf-low, e.g., DeepPrune’s 90.0% vs
DeepConf-low’s 80.2% on AIME25 with Qwen3-

13395



Qwen3-32B on AIME24 Qwen3-32B on AIME25
Threshold Greedy Clustering w. Majority Voting Greedy Clustering w. Majority Voting
Token(x 10%) | pass@k | Token(x10%) | ACC | Token(x10%) | pass@k | Token(x10%) | ACC
0.75 0.0148 93.3% 0.33 86.7% 0.0282 96.7% 0.31 90.0%
0.63 0.0093 93.3% 0.28 93.3% 0.0265 96.7% 0.23 83.3%
0.5 0.0082 93.3% 0.26 90.0% 0.0142 70% 0.23 90.0%
0.25 0.0043 93.3% 0.25 90.0% 0.0050 70% 0.23 90.0%

Table 3: Performance of DeepPrune with varying redundancy threshold 7 on AIME datasets for Qwen3-32B. Token
consumption, pass rate and accuracy are reported for two pruning settings: (1) Conduct greedy clustering then
retains only one trace per cluster, (2) Perform majority voting to get one final answer with the largest cluster.

32B. This highlights the advantage of our inter-
trace redundancy analysis over single-trace confi-
dence estimation methods (Fu et al., 2025b).
Cross-Model and Cross-Dataset Generalization.
The consistent performance across three distinct
reasoning models (DeepSeek-8B, Qwen3-32B, and
GPT-OSS-20B) and three diverse benchmarks
(AIME24, AIME25, GPQA) validates the gen-
eralizability of our approach. Particularly note-
worthy is that the judge model of DeepPrune
was trained purely on the reasoning traces of
Deepseek-R1-Distill-L1lama-8B, which means
all the tests are out-of-distribution, providing a
practical solution for efficient parallel reasoning

5.4 Ablation Study

To better understand the impact of different trunca-
tion strategies on the judge model’s performance,
we conduct an ablation study on the number of
extracted top tokens and reasoning words. The
results are presented in Figure 4. Comparing Fig-
ure 4(a) and Figure 4(b), it is evident that using
reasoning words as features generally yields higher
AUROC scores and a more pronounced optimal
point compared to using raw top tokens. This con-
firms our hypothesis that extracting semantically
rich reasoning words provides a more effective rep-
resentation for the judge model, leading to better
prediction of answer equivalence. The optimal per-
formance is often found at an intermediate number
of features (e.g., 500 tokens or 25 reasoning words),
suggesting a sweet spot where sufficient context is
provided without introducing excessive noise.
Besides, we analyze the trade-off between ef-
ficiency, answer diversity, and final accuracy by
varying the redundancy threshold 7 in DeepPrune
(Table 3). The pass rate measures answer diversity
after clustering, while accuracy reflects the voting
outcome from the largest cluster. As 7 decreases
from 0.75 to 0.25, token consumption decreases

significantly due to more aggressive pruning. How-
ever, this comes at the cost of reduced answer di-
versity, particularly on challenging problems. On
AIME?2S5, pass rate drops from 96.7% to 70% under
greedy clustering, indicating that higher thresholds
may prune valuable diverse reasoning paths. The
majority voting accuracy shows the same trend and
the threshold 7 = 0.5 provides the best balance.

6 Conclusion

We identify inter-trace redundancy as a major effi-
ciency bottleneck in parallel reasoning, where over
80% of computational resources are wasted on gen-
erating equivalent reasoning paths. To address this,
we propose DeepPrune, a novel framework that
trains a judge model on out-of-distribution data for
online greedy clustering to dynamically prune re-
dundant traces while preserving answer diversity.
Extensive experiments show that our OOD-trained
judge model generalizes strongly to unseen rea-
soning models, achieving 0.7072 AUROC in of-
fline evaluation, and DeepPrune reduces token con-
sumption by up to 88.5% without hurting accuracy
in online experiments. Our work establishes that
learned similarity judgment effectively addresses
redundancy in parallel scaling, paving the way for
more efficient reasoning systems.

Limitations

We acknowledge several limitations of our work.
First, due to limited computational resources, our
judge model is trained exclusively on reasoning
traces from Deepseek-R1-Distill-Llama-8B,
which may limit its generalization to other model
families with distinct reasoning styles. While our
cross-model evaluations show promising results,
performance could potentially degrade on architec-
tures different from the training distribution. Sec-
ond, the greedy clustering algorithm, while effi-
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AUROC performance across different extracted tokens as feature

—e— Average
0.90 Qwen3-4B-Thinking
—— QwQ-328
—— GLM-4.5-Air

0.84

0.82
300 500 700

#Extracted Top Tokens

(a) Ablation of Token Number

AUROC performance across different extracted reasoning words as feature

—e— Average
Qwen3-4B-Thinking

—— QwQ-328

—— GLM-4.5-Air

0.90

0.84

15 25 35
#Extracted Top Reasoning Words

(b) Ablation of Reasoning Word Number

Figure 4: Ablation study on judge model with different truncation strategies for unfinished reasoning traces. We
report the classification performance on three reasoning models’ trace answer equivalence with different numbers of
truncated top tokens (Figure (a)) and different numbers of reasoning words in extracted segments (Figure (b)).

cient, makes locally optimal decisions that may
occasionally prune beneficial diverse paths, partic-
ularly in complex reasoning scenarios where early
similarity is not indicative of final answer equiv-
alence. Third, our method introduces additional
computational overhead from the judge model in-
ferences during pruning. Although the overall to-
ken reduction is substantial, the relative efficiency
gain depends on the cost ratio between the judge
and reasoning models. Finally, the optimal re-
dundancy threshold 7 may be problem-dependent;
while 7 = 0.5 works well across our benchmarks,
adaptive threshold selection could further improve
performance. Addressing these limitations repre-
sents promising directions for future work.

Ethical Consideration

We affirm that this work raises no significant eth-
ical concerns. All models and datasets used in
our experiments are publicly available with per-
missible licenses, ensuring proper attribution and
compliant usage. Specifically, the reasoning mod-
els (DeepSeek—SBl, Qwen (Yang et al., 2025a),
GPT-OSS (Agarwal et al., 2025)) and benchmarks
(AIME (MAA, 2024; AIME, 2025), GPQA (Rein
et al., 2024)) are widely recognized resources in
the research community.

Our research focuses on improving the compu-
tational efficiency of reasoning processes through
redundancy reduction, without involving sensitive
data generation or manipulation. The content pro-
cessed consists exclusively of mathematical and
scientific reasoning tasks, which are devoid of per-
sonal, biased, or harmful material.

1https://huggingface.co/deepseek—ai/
DeepSeek-R1-0528-Qwen3-8B
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Appendix
A Detailed Analysis of Inter-trace Redundancy

In Section 3.2, Figure 2(a) presents the distribution of redundant traces, showing the "same-answer" pair
ratios for four different models. The average percentage of these models might not directly align with a
simple arithmetic average of the individual percentages. This is because the amount of parallel reasoning
trace data collected for each model varies significantly.

During the trace collection process, we initially sampled 16 responses for each query. However, some
Chain-of-Thought traces failed to produce valid answers or did not terminate within the ‘max_length* limit.
These invalid traces were excluded from the pair calculation. Furthermore, while our full dataset comprised
over 760 problems from benchmarks including GPQA, AIME24, AIME25, and Math500, due to computa-
tional resource constraints, we were only able to run all 760 queries on Deepseek-R1-Distill-11ama-8b.
For other models, we sampled approximately over 100 problems. This led to the following total pair
counts and similarity ratios for each model in Table 4.

Model Total Pairs | Same Answer Pairs | Similarity Ratio
GLM-4.5-Air 11,870 11,213 0.9447
QwQ-32B 13,785 12,569 0.9118
Deepseek-R1-Distill-llama-8b 80,760 61,505 0.7616
Qwen3-4B-Thinking-2507 13,800 12,852 0.9313
Average 120,215 98,139 0.8164

Table 4: Detailed statistics of collected reasoning trace pairs and their similarity ratios across different models.

Given the large disparity in the number of total pairs, particularly the substantial contribution from
Deepseek-R1-Distill-1lama-8b, a weighted average would be necessary to accurately reflect the
overall inter-trace redundancy across the combined dataset. Our analysis in Section 3.2 is based on the
aggregate distribution, rather than a simple average of individual model ratios.

B Reconciliation of Online Experiment Results

B.1 Differences in cons@512 and DeepConf Baselines

In Table 2 of our online experiments, the reported cons@512 and DeepConf baseline results might show
slight differences compared to those originally published in the DeepConf paper. We conducted our
experiments using the exact same three reasoning models (DeepSeek-8B, Qwen3-32B, and GPT-0SS-20B)
and the same three benchmarks (AIME 2024, AIME 2025, and GPQA) as in the DeepConf paper.

The cons @512 method, which involves sampling 512 responses, inherently has a degree of randomness.
To minimize these discrepancies and ensure a fair comparison, we meticulously aligned our experimental
setup with that described in the DeepConf codebase. This included using identical sampling temperatures
and ‘max_length* settings for each model’s hyperparameters, and employing vilm (Kwon et al., 2023) as
the inference engine.

Despite these efforts, minor differences in the final evaluation results persisted. To further align our
results, we initially sampled 640 responses (512 + 128) and then re-sampled 512 responses. This re-
sampling process was performed to match the pass@1 metrics for each model and dataset as closely
as possible to those reported in the original DeepConf paper, ensuring the differences were within 3
percentage points. The aligned pass@1 values are presented in Table 5.

This careful alignment allows for a more direct comparison of DeepPrune’s performance against
established baselines.

B.2 Missing DeepConf Result for GPT-OSS-20B on GPQA

In Table 2, the entry for DeepConf on GPT-OSS-20B for the GPQA dataset is marked as empty (-). This
is because the original DeepConf paper did not report experimental results for this specific model-dataset
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Model ‘ Dataset ‘ DeepPrune Pass@1 ‘ DeepConf Pass@1
Qwen3-32B AIME_2025 69.28 71.7
Qwen3-32B AIME_2024 80.10 80.6
Qwen3-32B GPQA 68.24 68.9
DeepSeek-R1-0528-Qwen3-8B | AIME_2025 74.57 76.9
DeepSeek-R1-0528-Qwen3-8B | AIME_2024 83.08 83.0
DeepSeek-R1-0528-Qwen3-8B | GPQA 59.74 62.8
GPT-OSS-20B AIME_2025 77.54 -
GPT-0OSS-20B AIME_2024 80.72 -
GPT-OSS-20B GPQA 66.18 -

Table 5: Comparison of pass@ 1 metrics with the same values taken from the DeepConf paper after alignment
procedure. Differences are within 3 percentage points.

combination. Due to our limited computational resources, we were unable to conduct this additional

experiment to fill the gap.

B.3 Dataset and Model Specifications

To ensure full transparency and reproducibility, we explicitly state the versions and sources of the datasets
and models used in our experiments. If not stated below, then the name of the dataset or model should be

its full name.

 All references to GPQA in this paper, including those in our online experiments (Table 2) and
trace collection, refer specifically to the GPQA Diamond subset, which consists of 198 problems.
This is consistent with the dataset used in the DeepConf paper and can be accessed at https:
//huggingface.co/datasets/fingertap/GPQA-Diamond.

* The model referred to as DeepSeek-8B throughout this paper,
DeepSeek-R1-0528-Qwen3-8B model.

corresponds to the

This is the same model variant employed in

the DeepConf paper and is publicly available at https://huggingface.co/deepseek-ai/
DeepSeek-R1-0528-Qwen3-8B. And Qwen3-4B-Thinking refers to https://modelscope.cn/
models/Qwen/Qwen3-4B-Thinking-2507.

C Hyperparameters

Table 6 summarizes the key hyperparameters used in the DeepPrune framework and their default values,
along with a brief explanation of their meaning.

Symbol | Default Value

Description

k
k

Y
7

-
K
p

q1
q2

500
25
2.0

0.25
0.5
16
20
20
32

Number of tokens for fixed-length prefix truncation
Number of reasoning words for aligned segment truncation

Focal loss focusing parameter

Focal loss class-balancing parameter

Similarity threshold for greedy clustering

Maximum number of clusters

Number of sampled traces for cluster similarity calculation
Max traces to finish reasoning from the largest cluster
Number of traces to sample for reasoning if all clusters are singletons

Table 6: Key hyperparameters of the DeepPrune framework. There are two k£ symbols because each of them will

not exist when the other is used since we can only use one truncation strategy.
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D Computational Resources

The majority of our experiments, including the training of the judge model and a significant portion of
the testing, were conducted on 4 NVIDIA A100 GPUs with 80GB memory each. In the later stages of
the experiments, we also utilized a server equipped with 8 H20 GPUs for approximately two days. Our
computational resources were relatively limited, especially considering the requirement to generate 512
responses from large language models for baseline comparisons.

E Discussion on Answer Diversity and Majority Voting

E.1 Comparison of Diversity with Baselines

In the introduction, we highlight that a limitation of confidence-based early stopping is its potential impact
on answer diversity, which DeepPrune aims to preserve. However, in our online experiments (Table 2), we
primarily compare against baselines using accuracy rather than an explicit diversity metric like pass @k.

In reasoning tasks, answer diversity is often quantified by pass @k, which measures the proportion of
samples where at least one of the top-k retained answers is correct. Prior methods like DeepConf and
cons @512 typically aggregate multiple traces to produce a single final answer, effectively reducing & to 1
for their final output. Therefore, a direct pass@k comparison with these methods would be unfair, as our
approach inherently produces a set of diverse reasoning paths (clusters) from which multiple candidates
could be drawn, leading to a k value greater than 1.

Our approach, after clustering, theoretically retains distinct reasoning paths in different clusters. Each
cluster’s representative trace could contribute to a pass @k calculation, where k£ would typically be greater
than one (equal to the number of clusters). This inherent diversity in our retained traces is evident in Table
3, where higher 7 thresholds lead to higher pass rates under greedy clustering, indicating more diverse
paths are preserved. To ensure a fair comparison on a single-answer basis, our main online evaluation
focuses on the final accuracy obtained after majority voting, as this is the metric that DeepConf and
cons @512 also optimize for.

E.2 Analysis of Low Pass Rate with Low Thresholds

A notable observation in Table 3 is that for Qwen3-32B on AIME2S5, the pass@k for "Greedy Clustering"
at lower redundancy thresholds (0.5 and 0.25) is 70.0%, which appears lower than the corresponding "w.
Majority Voting" setting’s accuracy. This seemingly counter-intuitive result can occur because, at very
low similarity thresholds, the judge model becomes highly permissive, predicting a large number of trace
pairs as having the same answer.

This permissiveness causes many traces to be grouped into a few large clusters, leading to an uneven
distribution of traces across clusters. When we calculate the pass@k metric for "Greedy Clustering"
we typically select one representative trace from each unique cluster to contribute to the diversity count
(i.e., k equals the number of distinct clusters). If most traces are concentrated in only a few clusters, the
effective k becomes very small. In such scenarios, even if the individual clusters contain correct answers,
the limited number of distinct clusters (and thus k value) can result in a lower pass @k percentage, as it
does not fully capture the potential for correctness from the overall set of generated traces.

Conversely, for the "w. Majority Voting" results, our strategy in these low-threshold scenarios is to
sample up to g; = 20 traces from the largest cluster to perform majority voting (as described in Section
4.2.2). This allows us to leverage a greater number of individual traces to reach a consensus, ensuring
a more robust final answer and potentially leading to higher accuracy, even when the overall number
of distinct clusters and pass @k is low. This mechanism helps maintain effective accuracy by focusing
computational resources on the most prominent reasoning paths, despite a reduced perceived diversity at
the cluster level when our judge model dose not act perfectly.
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E.3 Rationale for Majority Voting

We employ majority voting in DeepPrune for two primary reasons:

1. Effectiveness and Common Practice: Majority voting is a widely adopted and empirically effective
method for aggregating multiple reasoning traces to derive a robust final answer, as demonstrated by
pioneering works like Self-Consistency (Wang et al., 2022). It helps mitigate errors from individual
traces and leverages the collective intelligence of diverse reasoning paths.

2. Fair Comparison with Baselines: To enable a direct and fair comparison of final answer accuracy
with methods like DeepConf that also produce a single aggregated answer, we needed a mechanism
to consolidate the diverse traces retained by DeepPrune into one final prediction. While our method
inherently preserves inter-trace diversity for potential pass@k evaluations (as explored in Table 3),
majority voting allows us to align with the single-answer output paradigm of competitive baselines.

It is important to note that DeepPrune is highly flexible and can be integrated with other aggregation
strategies. For instance, instead of simple majority voting, one could employ a selection model (Moshkov
et al., 2025) to choose the best answer from the diverse set of clusters. Furthermore, DeepPrune is
orthogonal to existing method; for example, after our method reduces inter-trace redundancy, a confidence-
based filter like DeepConf could be applied within each remaining cluster or across selected representatives
to further refine the final answer. Due to our limited resources, we leave the exploration of these alternative
aggregation strategies and combinations for future work.
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