VecCISC: Improving Confidence-Informed Self-Consistency with
Reasoning Trace Clustering and Candidate Answer Selection

James Petullo® and Sonny George and Dylan Cashman and Nianwen Xue
Computer Science Department, Brandeis University
jamespetullo@brandeis.edu
*Corresponding author

Abstract

A standard technique for scaling inference-time
reasoning is Self-Consistency, whereby mul-
tiple candidate answers are sampled from an
LLM and the most common answer is selected.
More recently, it has been shown that weighted
majority voting (e.g. Confidence-Informed
Self Consistency (CISC)), which assigns a con-
fidence value to each candidate answer and
chooses the answer with the largest accumu-
lated score, tends to be more accurate on a
wide range of popular benchmarks. In practice,
weighted majority voting necessitates calling a
critic LLM on each candidate’s reasoning trace
to produce the answer’s confidence score. This
secondary series of LLM calls greatly increases
the overhead and cost of weighted majority vot-
ing, despite its potential performance benefits.
To reduce this expense, we propose VecCISC,
a lightweight, adaptive framework that uses
a measure of semantic similarity to filter rea-
soning traces that are semantically equivalent
to others, degenerate, or hallucinated, thus de-
creasing the number of candidate answers that
must be evaluated by the critic. To ensure ade-
quate experimental thoroughness, we evaluate
VecCISC on five challenging, widely-adopted
datasets spanning the domains of mathematics,
chemistry, biology, commonsense reasoning,
and the humanities. Our results demonstrate
that VecCISC reduces the total token usage by
47%, while maintaining or exceeding the accu-
racy of CISC.

1 Introduction

Scaling inference-time reasoning has become an
effective and popular approach to improving the
performance of LLMs on reasoning tasks (Snell
et al., 2024; Liu et al., 2025; Parashar et al., 2025;
Zhang et al., 2025a). At its core, scaling inference-
time reasoning involves sampling multiple outputs
from an LLM and, from them, producing a final
answer. The underlying assumption is that a larger
set of diverse reasoning traces will lead to a greater

number of potential answers, thus improving cover-
age of the solution search space. The foundational
technique for inference scaling is Self-Consistency
(Wang et al., 2022), whereby an LLM is called
multiple times for a given prompt, and the most
common answer is returned. Since these meth-
ods can be costly, efforts have been made to de-
crease sampling costs while maintaining accuracy
(Chen et al., 2024). These approaches include
early stopping (Huang et al., 2025; Li et al., 2024c;
Aggarwal et al., 2023), mixture of models (Chen
et al., 2025; Zhang et al., 2025b), and query rout-
ing (Ong et al., 2024). Recently, it has been shown
that confidence-informed Self-Consistency (CISC)
(Taubenfeld et al., 2025) can be utilized in con-
junction with weighted majority voting to improve
the accuracy of Self-Consistency. CISC, and the
broader concept of LLM confidence calibration,
belongs to the “think twice”” paradigm (Li et al.,
2024a), whereby an LLM first generates an answer
and an associated reasoning trace, and then a critic
LLM is prompted to assess the answer-trace pair.
The critic produces a score that reflects its confi-
dence that the answer is correct. These scores are
then used as part of a weighted majority vote to
select the final answer. Throughout this paper, we
use the term “think twice” to refer to any method
that necessitates calling a critic for confidence esti-
mation.

However, a significant drawback to “think twice”
approaches is that the inference overhead increases
significantly, as each sample requires at least one
additional LLM call, often with a token-heavy
prompt. Furthermore, naive CISC makes no dis-
tinction between hallucinated, degenerate samples
and higher quality outputs, running the critic LLM
on all regardless.

As such, we introduce VecCISC, a flexible, con-
ceptually straightforward candidate answer aggre-
gation framework that reduces the number of sam-
ples needed to be evaluated by the critic LLM
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through clustering candidate answers via embed-
dings of their corresponding reasoning traces. By
adding only minimal overhead through the applica-
tion of an embedding model, our clustering ap-
proach filters redundant traces that possess the
same semantic meaning (see Appendix A.3) and
can aid in isolating answers that contain flawed, hal-
lucinated, and degenerate reasoning (see Appendix
A.4). After clustering, a representative answer from
each cluster is selected to be passed to the critic
LLM, thus significantly reducing the number of
calls that have to be made to the latter. In sum, our
contributions are as follows:

* We introduce VecCISC, a novel method to re-
duce the cost of the “think twice” paradigm
by utilizing reasoning trace clustering to elim-
inate redundant and low quality samples from
the pool to be analyzed;

* We empirically demonstrate the effectiveness
of our approach by performing extensive ex-
periments on a range of models and datasets,
with VecCISC achieving an average total to-
ken budget reduction of 47% across the entire
inference pipeline, all while maintaining and
even exceeding the performance of CISC;

* We compare the performance of VecCISC
with two different clustering approaches
against random candidate selection of K sam-
ples, demonstrating the efficacy of our pro-
posed clustering approach;

* We will release our code publicly to support
further research.

2 Methodology

This section details each step in the VecCSIC
pipeline, including embedding generation from an-
swer reasoning traces, clustering, and candidate
answer selection. The overall procedure is summa-
rized in Figure 1, and a comparison of VecCISC’s
methodology to that of Self-Consistency and CISC
can be found in Figure 2.

2.1 Sampling

Given a sampling budget n, a large language model
LLMgep, and a question g, we first sample n rea-
soning trace-answer pairs from LLMgey,:

(ri,a1),...(rn,an) ~ LLMgen(q) (1)

The samples are then added to the answer candi-
date pool P:

P={(r1,a1),...(rn,an)} 2)

2.2 Embedding Generation

For each reasoning trace in the pool, a text embed-
ding is produced via an embedding model E'mb:

P = {(ri,Emb(r;),a;) | (ri,a;) € P},

3
Emb(r;) € R ©)

Where d is the embedding dimension.

These embeddings enable the pipeline to capture
semantic details in each reasoning trace that allow
for clustering and outlier detection in subsequent
steps.

2.3 Grouping By Answer

To preserve the set of distinct candidate answers,
we group embeddings by answer before clustering.
That is, for each unique answer a present in the
sampled outputs:

Go = {(rs, Emb(r;)) | (r;, Emb(r;),a;) € P,
a; = a}
“)
Where (5, is the group of embedded reasoning
traces that lead to answer a.

2.4 Clustering

Next, we apply a clustering algorithm Cluster to
each reasoning trace group Gg:

CL, = Cluster({Emb(n) | (i, Emb(r;)) € G},

min(K, |Ga))

%)

Where K is a hyperparameter controlling the
number of clusters to be formed. If K exceeds the
number of samples in G, then |G,| clusters are
created instead. In our experiments, we analyzed
KMeans and Hierarchical Agglomerative (HAC)
clustering, as both methods allow for a distinct
number of clusters to be specified. For both clus-
tering algorithms, we performed a grid search on
a holdout set from each (dataset, model) combi-
nation to choose K. The hyperparameters selected
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Figure 1: Overview of the VecCISC pipeline. Embeddings of the sampled reasoning traces are clustered within each
unique answer returned from the LLM. A representative trace is chosen from each cluster, and these representatives
are then used to generate the confidence scores for the answers. Lastly, weighted majority vote is performed to

choose the final answer.

and further technical details are listed in Appendix
A.

We choose KMeans and HAC over Density-
Based Spatial Clustering of Applications with
Noise (DBSCAN) (Ester et al., 1996), another
popular choice for clustering embeddings, as DB-
SCAN requires a distance threshold D to define
clusters. D specifies the maximum distance be-
tween two vectors V7 and V5 for them to be con-
sidered part of the same neighborhood. Thus, V;
and V5 are clustered together if dist(V7, V) < D.
In high-dimensional language model embedding
spaces, small changes to D can drastically alter
cluster assignments, making threshold selection
both difficult and prone to producing suboptimal
clusters.

2.5 Cluster Representative Selection

Upon creation of the clusters, we then pick a rep-
resentative from each cluster C; € C'L,. To do so,
we first compute the centroid u; of C;:

1

Finally, we choose the reasoning trace ry.cp; €
C; that is closest to the centroid:

Trep,i = arg 7{2151 cos_sim(Emb(r),w;) (7)

Here, we use the cosine similarity function as
our definition of distance, as it emphasizes the an-
gle 6 between vectors instead of the magnitude,
thus making it more suitable for high-dimensional

spaces requiring the preservation of semantic over-
lap (Li et al., 2024c). Cosine similarity is defined
in Equation 8:

. emb; - emb
cos_sim(emby, emby) = Hemb1\1| . Hemf)zH ®)

Selecting the reasoning trace closest to the cen-
troid follows from the observation that the least se-
mantically deviant trace would be the least likely to
contain anomalous reasoning errors. At the end of
the selection process, each answer now possesses a
set of representative traces:

. 7Trep,k}a
k < |Gl

Rep, = {rrep,1, -
where k = |Clusters,|,

©)

2.6 Confidence Scoring

For each unique answer a and its associated repre-
sentative traces r; € Rep,, we derive a new prompt
query ¢, = [instruction]oqor; oa, where o is the
concatenation operator and [instruction| prompts
the critic LLM to reflect on the original question,
reasoning trace, and answer, and produce a confi-
dence score in the range of 0 to 1:

Ca,i = LLMcritic(q;) (10)

Following (Taubenfeld et al., 2025), we normal-
ize each confidence score using softmax:

Ca,i
exp ()
K Ca,j
D j—1€xXp (%)
Where 7' is a tunable hyperparameter of softmax
that controls the smoothness of the normalization

(11)

~
Ca,i =
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distribution. As with the cluster number K, we
perform a grid search to find 7. Please see Ap-
pendix A for more details and 7" values from our
experiments.

We select the final answer by using a weighted
majority vote:

Afing = arg max g
a
(aj,éa,5)EP

lla; = a] - ¢éq; (12)

3 Experiments

3.1 Datasets

We evaluated the performance of VecCISC on five
popular QA datasets:

* AQuA_Rat (Ling et al., 2017): A multiple
choice QA dataset consisting of algebraic
word problems. We sampled 1000 questions
from the training set.

¢ CommonsenseQA (Talmor et al., 2019): A
dataset that requires commonsense reasoning
capabilities to solve problems across a spec-
trum of different domains. We sampled 1000
problems from the validation set.

* ARC-Challenging (Clark et al., 2018): A sub-
set of the most challenging questions in the
original ARC dataset, including grade-school
level multiple choice science questions. We
sampled 1000 problems from the test set.

* MMLU-Pro (Wang et al., 2024): A more
challenging set of questions from the original
MMLU dataset, designed to assess reasoning
faculty across disciplines including math, sci-
ence, economics, and history. We sampled
1000 problems from the test set.

* GPQA (Rein et al., 2023): A multiple-choice
dataset of very challenging questions crafted
by experts in biology, physics, and chemistry.
We used all 546 questions in the dataset.

3.2 Models

For our experiments, we selected five widely used
open and closed source LLMs: GPT-40 mini (Ope-
nAl, 2024a), Llama 3.1 8B (Al 2024), Llama 3.3
70B Versatile (Meta Platforms, 2024), Qwen 2.5
7B (Qwen et al., 2024), and Mistral 7B v0.1 (Al,
2023). Model hyperparameters can be found in
Appendix A.

3.3 Embeddings

For all experiments, we used OpenAl’s text-
embedding-3-small model (OpenAl, 2024b) for the
embedding model Emb. This model was chosen
to balance cost and general purpose applicability
across a plethora of different reasoning tasks. As
our goal is to design a lightweight, adaptive frame-
work that will be performant regardless of reason-
ing trace composition, text-embedding-3-small was
most suitable for both our task’s scope and budget
limitations.

3.4 Baselines

We compare VecCISC to both standard Self-
Consistency and CISC. In particular, we apply
three distinct flavors of methodology: VecCISC
(random), VecCISC + KMeans and VecCISC +
HAC. Instead of clustering, VecCISC (random)
randomly samples K reasoning traces from each
answer-grouped set, (G, thus acting as an ablation
for our method. All prompts were zero-shot. For
the sake of experimental validity and to ensure a
proper apples-to-apples comparison, we reimple-
mented both Self-Consistency and CISC, executing
them on the same set of sampled questions used to
evaluate the various VecCISC configurations. Fol-
lowing (Taubenfeld et al., 2025), we selected ver-
bal confidence as the confidence extraction method,
whereby the critic LLM is asked to rate its confi-
dence in the range of 0 to 1.

3.5 Metrics
3.5.1 Budget Call Reduction

We report the reduction in the number of calls made
to LL M .ritic with VecCISC, as opposed to CISC:

Reduction = 100 X # of critic calls in VecCISC

# of calls in CISC
(13)
We computed the reduction for each
(dataset,model) combination by running

our pipeline on each question in the dataset with
its corresponding model and recorded the average
across all questions and experiments.

3.5.2 Token Usage Reduction

In addition, we report the reduction in token usage
exhibited by VecCISC as opposed to CISC. Within
VecCISC, we compare two cluster representative
selection strategies: our proposed minimum cen-
troid (min-centroid) approach and random cluster
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Figure 2: Comparison of VecCISC to Self-Consistency (SC) and CISC. While CISC represents an improvement
upon SC via incorporation of confidence scores and weighted majority voting, the inference overhead costs of CISC
increase twofold over SC. By incorporating language embeddings, clustering, and representative trace selection, the
confidence scorer LLM_,;;. can be run on a smaller set of higher quality reasoning traces while still preserving

relative performance.

value selection (rand-trace), the latter acting as an
ablation of the former.

3.5.3 Accuracy

Lastly, we report the accuracy attained by VecCISC
and its variants, CISC, and Self-Consistency (SC)
on each dataset and model. KMeans clustering
and random trace sampling are non-deterministic,
thus, we ran each method 10 times for every
(dataset, model) combination and reported both
the best and average.

4 Results and Discussion

Our budget reduction results can be found in Tables
1 and 2, while the token reduction results can be
found in Tables 3 and 4. In addition, performance
results can be found in Table 5.

4.1 Call Budget Reduction

VecCISC + KMeans and VecCISC + HAC signif-
icantly reduces the number of calls to LLM .yisic,
while achieving comparable or improved perfor-
mance over CISC. Across all models and datasets,
VecCISC + KMeans averages a 34.68% reduction

in the number of critic calls (Table 1), while Vec-
CISC + HAC averages a 30.2% reduction in the
number of critic calls (Table 2). Across the entire
pipeline, including both the Self-Consistency sam-
pling and CISC component, VecCISC + KMeans
averages a 17.34% total LLM call reduction and
VecCISC + HAC averages a 15.1% total call re-
duction.

4.2 Token Usage Reduction

By reducing the number of critic calls made, Vec-
CISC variants reduce the number of tokens utilized
by LLM_ ;.. Our proposed cluster representative
selection (min-centroid) records the lowest token
usage rates as opposed to random representative
selection (rand-trace) on 15 of the 25 model-dataset
combinations (60%) on VecCISC + KMeans, as
shown in Table 3. On VecCISC + HAC, min-
centroid records the lowest token usage rates on
17 of the 25 model-dataset combinations (68%), as
shown in Table 4. These results demonstrate that
our min-centroid approach leads to the selection
of higher quality, lower-token reasoning traces as
opposed to purely random reasoning trace selec-
tion from each cluster. On average, VecCISC +
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Dataset Budget GPT-40 mini Llama 3.1 8B Qwen2.57B Mistral 7B Llama3.3 70B
AQuA-RAT 20 5.660c7172%)  13.45(3277%)  14.78(26.00%) 17.05¢14.74%)  2.600(-86.99%)
CommonsenseQA 20 13.813095%)  12.70¢3650%)  12.45¢37.76%) 15.54¢2231%)  11.79¢-41.02%)
ARC-Challenging 20 13.34(:33.29%) 14.80¢-26.00%)  10.94¢4530%) 15.65¢21.73%)  13.31(:33.43%)
MMLU-Pro 20 12.28(:38.61%) 14.81¢2594%)  12.81(3593%) 17.47¢1266%  13.18(:34.109%)
GPQA 20 10.56(47.19%) 13.88¢3057%)  16.41¢-17.93%) 10.03¢-49.86%)  17.27(-13.63%)

Table 1: VecCISC + KMeans confidence evaluator call budget reductions, averaged across 10 runs. min-centroid
cluster candidate selection was used for all experiments. VecCISC + KMeans records a 34.68% reduction in

LLM_, ;. calls.

Dataset Budget GPT-40 mini Llama 3.1 8B Qwen2.57B Mistral 7B Llama3.3 70B
AQuA-RAT 20 13.67(31.64%) 13.453277%) 14.7826.09%) 17.05¢-1474%)  8.100(-59.52%)
CommonsenseQA 20 11.89¢4056%)  12.70¢3650%)  15.23(23.83%) 15.54¢2231%)  11.79¢-41.02%)
ARC-Challenging 20 10.3948.07%) 14.80¢-26.00%)  10.94(4530%) 15.65¢21.73%)  13.31(:33.43%)
MMLU-Pro 20 12.28(-38.61%) 15.56(22.18%)  12.81¢3593%) 18.02(9.800%)  11.29(43.55%)
GPQA 20 10.56¢47.19%)  16.0020.02%) 16.41¢17.93%) 18.81(5.940%)  17.95(10.24%)

Table 2: VecCISC + HAC confidence evaluator call budget reductions, averaged across 10 runs. min-centroid
cluster candidate selection was used for all experiments. VecCISC + HAC records a 30.2% reduction in LLM .y
calls.

Dataset Method \ GPT 40-mini Llama3.1 8B Qwen2.57B Mistral 7B Llama3.3 70B
CISC 13042.0 15480.9 11674.3 9317.2 14448.1
AQuA-RAT VecCISC (rand-trace) 8914.5 10500.6 8566.6 7652.0 6289.3
VecCISC (min-centroid) 89154 10483.7 8562.6 7649.6 6280.7
CISC 11086.2 109324 10629.9 7691.9 13108.5
CommonsenseQA | VecCISC (rand-trace) 6546.9 6611.4 8044.4 5663.9 7747.4
VecCISC (min-centroid) 6546.7 6612.5 8044.7 5663.7 7748.2
CISC 122454 12292.1 11602.7 8764.0 14715.5
ARC-Challenging | VecCISC (rand-trace) 6367.2 8913.2 6327.2 6733.4 9863.1
VecCISC (min-centroid) 6365.6 8912.3 6327.5 6734.1 9856.5
CISC 16975.1 18496.6 16474.9 13926.1 20810.4
MMLU-Pro VecCISC (rand-trace) 10173.7 13616.7 10060.1 11140.1 11840.2
VecCISC (min-centroid) 10172.4 13614.9 10059.9 11143.5 11834.7
CISC 18594.2 19659.5 17937.0 14324.6 252353
GPQA VecCISC (rand-trace) 9574.2 15224.9 14419.0 13262.6 22386.5
VecCISC (min-centroid) 9577.6 15211.4 14422.6 13260.5 22389.4

Table 3: VecCISC + KMeans token reductions with cluster candidate selection variants, averaged across 10 runs.
In each column, the best results are in bold, and the second-best results are underlined. VecCISC + KMeans records
a 36.2% reduction in tokens expended on LL M _,;4;. calls.
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KMeans reduces critic token usage by 36.2% ( Ta-
ble 3), while VecCISC + HAC records a 31.69%
token usage reduction (Table 4). LLM_.;;c calls
are the most token-heavy of the entire pipeline, ac-
counting for 77% of all token usage, thus, at scale,
these reductions represent significant cost savings.
Averaging token consumption across the entire
pipeline, both variants of our proposed method-
ology reduce token usage by 47% .

4.3 Accuracy

As shown in in Table 5, VecCISC + KMeans and
VecCISC + HAC consistently outperform CISC
and Self-Consistency across nearly all models and
datasets. VecCISC + HAC records the best aver-
age result on all (dataset, model) combinations
except for (AQuA_RAT, Mistral 7B) and (Com-
monsenseQA, GPT 4o0-mini), where it scores the
second highest. On (AQuA_RAT, Mistral 7B) and
(CommonsenseQA, GPT 40-mini), VecCISC +
KMeans performs the best. As expected, VecCISC
(random), which randomly samples candidate rea-
soning traces from each answer group G, as op-
posed to clustering, significantly underperforms
both CISC and Self-Consistency, thus demonstrat-
ing the efficacy of clustering reasoning traces to
find an ideal representative candidate.

5 Related Work

5.1 Embeddings and Clustering for Scaling
Inference Time Reasoning

Recent work has studied the application of LLM
embeddings and clustering to improve model ac-
curacy on reasoning and calibration benchmarks.
(Knappe et al., 2024) uses embeddings of reason-
ing traces to directly compute a sample score for
use in weighted majority voting. Although concep-
tually straightforward, this approach is unrelated
to the “think twice” paradigm, relies upon a fleet
of domain-specific, fine-tuned embedding models
for different benchmarks, and exhibits inconsis-
tent performance improvements, often dropping
pipeline accuracy below baseline Self-Consistency.
(Lee et al., 2025) utilizes an LLM’s hidden state
as context embeddings to cluster reasoning traces
in tree-of-thought (ToT) pipelines and improve the
accuracy of LLM uncertainty estimation. Although
lightweight in practice, their proposed method is

'To ensure fair approximations across all models tested,
we computed the number of tokens used in each prompt as
length(prompt) /4.

only applicable to white-box LLMs, limiting its
reach and accessibility, while not addressing the
need for candidate trace selection for weighted
majority voting. Lastly, (Abdaljalil et al., 2025)
clusters embeddings of LLM responses to detect
instances of hallucinations.

5.2 Think-twice Approaches

Utilizing an LLM as a critic of its own outputs
(or the outputs of other LLMs) has been the topic
of much investigation. In particular, efforts have
been made to use LLM-as-a-judge approaches to
improve the accuracy of standard self-consistency.
(Li et al., 2024b) samples a set of unique answers
from an LLLM and then prompts a second LLM
to generate a justification for each candidate an-
swer, before using a third LLM call to produce a
final confidence score. Unlike CISC, this method-
ology does not make use of the sample reasoning
traces, choosing instead to analyze only the final
answers themselves, overlooking key contextual
clues in the provided answers’ reasoning traces.
Lastly, (Wang et al., 2025) applies Monte Carlo
Tree Search (MCTS) with an LLLM-as-a-judge re-
ward function to improve the accuracy of code-
writing pipelines.

6 Conclusion

While the “think twice” paradigm can increase
model performance on a variety of reasoning tasks,
the additional inference overhead required can ren-
der it prohibitively expensive. In this work, we
propose a novel framework for reducing the cost
of model confidence estimation at inference time
by clustering embeddings of candidate answer rea-
soning traces. Our experimental results demon-
strate that choosing answer representatives from
embedding clusters can significantly decrease in-
ference costs during the critic component of the
“think twice” approach without a commensurate
decline in performance. Indeed, our results indi-
cate that passing a smaller number of higher-quality
reasoning traces to the critic can lead to small gains
in accuracy. In this way, our methodology emerges
as an effective, lightweight augmentation of pre-
existing think-twice pipelines.

7 Limitations

Our study emphasizes the adaptability of our frame-
work. To this end, we adopt a general text em-
bedding model for our experiments. Pipelines for
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Dataset Method ‘ GPT 40-mini Llama3.1 8B Qwen2.57B Mistral 7B Llama3.3 70B

CISC 13042.0 15480.9 11674.3 9317.2 14448.1
AQuA-RAT VecCISC (rand-trace) 8914.0 10499.9 8565.2 7652.3 6291.0
VecCISC (min-centroid) 8915.4 10483.7 8562.6 7649.6 6280.7
CISC 11086.2 109324 10629.9 7691.9 13108.5
CommonsenseQA | VecCISC (rand-trace) 6546.6 6611.0 8044.9 5664.7 7746.3
VecCISC (min-centroid) 6546.7 6612.5 8044.7 5663.7 7748.2
CISC 122454 12292.1 11602.7 8764.0 14715.5
ARC-Challenging | VecCISC (rand-trace) 6367.3 8914.3 6328.4 6735.3 9862.4
VecCISC (min-centroid) 6365.6 8912.3 6327.5 6734.1 9856.5
CISC 16975.1 18496.6 16474.9 13926.1 20810.4
MMLU-Pro VecCISC (rand-trace) 10173.6 13616.6 10061.0 11141.2 11840.5
VecCISC (min-centroid) 10172.4 13614.9 10059.9 11143.5 11834.7
CISC 18594.2 19659.5 17937.0 14324.6 252353
GPQA VecCISC (rand-trace) 9573.1 15225.0 14421.6 13261.4 22382.6
VecCISC (min-centroid) 9577.6 152114 14422.6 13260.5 22389.4

Table 4: VecCISC + HAC token reductions with cluster candidate selection variants, averaged across 10 runs. In
each column, the best results are in bold, and the second-best results are underlined. VecCISC + HAC records a
31.69% reduction in tokens expended on LL M, ;;;. calls.

Dataset Method GPT 40-mini Llama3.1 8B Qwen2.57B Mistral 7B Llama3.3 70B
Best / Average Best / Average
SC Baseline 83.5/83.5 82.6/82.6 84.5/84.5 30.7/30.7 86.6/86.6
AQuUA-RAT CISC 84.0/84.0 82.9/829 85.5/85.5 31.3/313 87.6/87.6

VecCISC (random) 83.7/82.9 69.9/66.5 82.6/820 28.1/272 87.3/86.8
VecCISC + KMeans 84.6/84.3 83.0/82.9 85.5/85.5  32.2/31.7 87.7/81.2

VecCISC + HAC 84.3/84.3 83.0/83.0 85.5/855 31.5/31.5 87.6/87.6
SC Baseline 83.3/833 76.9/76.9 82.5/825 67.8/67.8 86.0/86.0
CISC 83.6/83.6 713/77.3 83.0/83.0 68.0/68.0 86.2/86.2

CommonsenseQA | v IS¢ (random) 83.0/822  56.8/54.7  794/784 509/49.4  84.9/84.4

VecCISC + KMeans | 83.7/83.7 77.4/77.4 83.0/82.8  68.0/68.0 86.2/86.2

VecCISC + HAC 83.6/83.6 77.4/717.4 83.0/83.0 68.0/68.0 86.2/86.2
SC Baseline 95.7195.7 91.0/91.0 9297929 71.3/71.3 95.9/95.9
CISC 96.0/96.0 91.1/91.1 93.2/932 71.3/71.3 96.3/96.3

ARC-Challenging | v ~15¢ (random) 956/952  755/748  90.9/902 549/525  96.0/95.6

VecCISC + KMeans | 96.1/96.0 91.1/91.1 93.2/932 71.3/71.3 96.3/96.3

VecCISC + HAC 96.1/96.1 91.1/91.1  932/932 713/71.3  96.3/96.3
SC Baseline 64.6/64.6  56.0/560  59.3/593 27.8/278  69.9/69.9
MMLU-Pro CISC 659/659  57.6/57.6  602/60.2 282/282  71.3/713
VecCISC (random) 64.6/63.4  47.1/457  55.6/54.6 21.8/208  68.4/67.7
VecCISC + KMeans |  66.2/ 66.1 579/577  61.0/60.7 28.4/283  71.4/713
VecCISC + HAC 66.1/66.1  57.8/57.8  60.9/60.9 28.3/283  71.3/71.3
SC Baseline 39.9/39.9  34.8/348  374/37.4 27.1/27.1  60.6/60.6
GPOA CISC 40.5/40.5  35.0/350  38.1/38.1 28.4/284  61.7/61.7
VecCISC (random) 40.7/39.2 33.9/30.5  38.1/354 288/27.1  58.6/57.3
VecCISC + KMeans | 41.4/39.9  35.7/345  38.1/38.1 28.4/257  61.7/616
VecCISC + HAC 40.5/40.5  35.7/357  38.1/38.1 28.4/284  61.7/617

Table 5: Comparison between baselines and our methods across different LLMs and datasets. In each column, the
best results are in bold, and the second-best results are underlined. VecCISC’s clustering approach maintains or
improves upon CISC’s performance across models and datasets, with VecCISC + HAC’s average performance
accounting for the most consistent method. Experiments on each (dataset, model) combination where performed
10 times for each method, and the best and average scores were recorded.
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more specialized problems might benefit from ap-
plying custom embedding models, fine-tuned to
capture key semantic representations. As our work
demonstrates performance gains and budget im-
provements across a wide range of different tasks,
we defer the application of fine-tuned embedding
models for domain-specific problems to future re-
search. In addition, the choice of hyperparame-
ters K and 7' are important in ensuring that the
pipeline’s accuracy on the datasets does not fall
below that of standard Self-Consistency. While
our hyperparameter search process is fundamen-
tally data-driven, future research should investigate
adaptive approaches for choosing K and 7" in the
absence of analogous data a priori.
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Prompt for Candidate Answer Sampling from the Base LLM (LL M y¢p,)

## Instructions

Given a multiple-choice question and set of answer options for the question, choose the correct answer from the list of
options.

## Question and Answer Options

{question}

{options}

## Output

Produce the correct answer’s ID in a JSON object and include your reasoning for why you chose that particular answer.

66‘json
{{"answer":<PUT THE CORRECT ANSWER ID HERE>, "reasoning": <PUT YOUR REASONING HERE>}}

113

Let’s think step by step.

Prompt for Confidence Scoring LLM (LL M _.yitic)

## Instructions

You are a reviewer of answers given to multiple-choice questions. Given a multiple-choice question, a set of answer
options for the question, a given answer, and the reasoning that is associated with the given answer, rate your confidence
that the given answer is correct.

To rate your confidence, provide a value on a scale of 0 to 1. The more confident you are that the provided answer is
correct for the question, the closer to (or equal) to 1 the confidence score should be.

## Question and Answer Options

{question}

{options}

## Given Answer and Provided Reasoning

Given answer: {answer}

Reasoning for the given answer: {reasoning}

## Output

Produce the confidence score in a JSON object.

3 ‘j SOI]
{{"confidence":<PUT THE CONFIDENCE SCORE HERE>}}

113

Let’s think step by step.
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A Appendix
A.1 Model Hyperparameters

For all our experiments, we set n = 20 as our
sampling budget. The temperature of LLMgep
was set to 0.7, while the temperature of LL M ..
was set to 0.3. We gave LLMgc,, the baseline
question answering model, a higher temperature
to encourage exploration and novelty in reasoning
and answer generation, while our critic was given
a lower temperature to ensure more deterministic
behavior.

A.2 Cluster Hyperparameters and
Implementation Details

For both KMeans and Hierarchical Agglomerative
Clustering, we performed a grid search over the
range of 1 to 20 (the maximum budget allowance)
to choose K, the number of clusters to be formed
within each answer reasoning trace group. The
grid search was performed on a 20% holdout set
from each (dataset, model) combination. We uti-
lized the KMeans and HAC implementations from
the Scikit-learn package (Pedregosa et al., 2011).
For KMeans, only the n_cluster parameter was al-
tered. For HAC, we selected the “cosine” distance
metric and the “average” linkage method. Aver-
age linkage is commonly found to produce more
balanced and robust clusters compared to single
and complete linkage. Single linkage measures
the minimum pairwise distance between clusters,
which makes it highly sensitive to noise and prone
to "chaining" effects that merge dissimilar points
through intermediate samples. Complete linkage,
however, uses the maximum pairwise distance, of-
ten fragmenting elongated or irregular clusters. Av-
erage linkage mitigates both extremes by consid-
ering the mean pairwise distance between cluster
members, leading to clusters that are less sensitive
to outliers and better reflect the overall structure
of the data (Miillner, 2011; Rokach and Maimon,
2005; Jain and Dubes, 1988). The hyperparameter
heatmaps for 7', K (VecCISC + KMeans), and K
(VecCISC + HAC) can be found in Figures 3, 4,
and 5, respectively.

A.3 Case Study 1: Clustering Traces With
Similar Semantic Meaning

To demonstrate the application of clustering on
LLM reasoning traces, we present a case study on
a question from the MMLU-Pro dataset with traces
sampled from GPT 40-mini. The question is as

GPT 4o-mini

Llama3.1 8B

Qwen2.5 7B

Mistral 7B

Llama3.3 70B

Figure 3: Heatmap of 1" temperature values. To find 7',
a grid search was performed across the range [0, 5] for
each dataset and model.

GPT 4o0-mini
Llama3.1 8B
Qwen2.5 7B

Mistral 7B

Llama3.3 70B

Figure 4: Heatmap of values for K used in VecCISC
+ KMeans. To find K, a grid search was performed
across the range [0, 20] for each dataset and model.

follows: “What sport is featured in the 1996 movie
"Kingpin’?”, with the given options “A) chess B)
ice hockey C) baseball D) wrestling E) basketball
F) bowling G) boxing H) golf I) tennis J) football”.
In keeping with our methodology, we grouped all
reasoning traces that produce the correct answer “F”
and applied HAC with a cluster number of 9. The
trace clusters are presented below. As expected,
traces with similar semantic details, phrasing, and
logical reasoning steps are clustered together.

Cluster ID: 1
# of Traces: 5

Trace 1: The movie 'Kingpin’ is a comedy film
released in 1996 that revolves around the sport of
bowling. It follows the story of a former bowling
champion who tries to mentor a promising bowler.
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GPT 40-mini

Llama3.1 8B

Qwen2.5 7B

Mistral 7B

Llama3.3 70B

Figure 5: Heatmap of values for K used in VecCISC +
HAC. To find K, a grid search was performed across
the range [0, 20] for each dataset and model.

From the given options, the only sport that matches
the theme of the movie is: F) bowling Therefore,
the correct answer is F, and the reasoning is based
on the fact that the entire plot of 'Kingpin’ is
centered around bowling.

Trace 2: The movie ’Kingpin’ is a comedy
film released in 1996 that centers around the
sport of bowling. The plot follows a washed-up
professional bowler who mentors a promising
young talent. Given the options provided, the
correct sport featured in 'Kingpin’ is bowling.
Now, looking at the answer options, the only one
that matches the sport in the movie is: F) bowling
Thus, I will select this option.

Trace 3: The movie 'Kingpin’ is a comedy that
centers around the sport of bowling. The film
follows a former bowling prodigy who attempts to
coach a promising young bowler in order to win a
bowling tournament. Given the options provided,
the correct sport featured in ’Kingpin’ is bowling.
Therefore, the correct answer is F) bowling.
Trace 4: The movie 'Kingpin,” released in 1996,
is primarily centered around the sport of bowling.
The plot follows a former professional bowler
who tries to mentor a promising bowling prodigy.
Given the context of the film and its focus on
bowling as the central sport, the correct answer is
F) bowling. Thus, the answer ID for bowling is F.
Trace S: The movie ’Kingpin,’ which was released
in 1996, is primarily centered around the sport
of bowling. The plot revolves around a former
bowling champion who mentors a promising young
bowler, and much of the film’s humor and storyline
is tied to bowling competitions and the bowling
culture. Given the options provided, the only sport

that directly relates to the movie is: F) bowling
Therefore, the correct answer is F.

Cluster ID: 2
# of Traces: 5

Trace 6: The 1996 movie 'Kingpin’ is a comedy
film that centers around the sport of bowling. The
film features characters who are involved in the
world of competitive bowling, highlighting the
sport’s culture and eccentricities. Now, looking
at the answer options provided: - A) chess: Not
applicable, as chess is not a sport featured in the
movie. - B) ice hockey: Not applicable, as ice
hockey is not related to the film. - C) baseball:
Not applicable, as baseball is not featured in the
movie. - D) wrestling: Not applicable, as wrestling
is not the focus of the film. - E) basketball: Not
applicable, as basketball is not part of the storyline.
- F) bowling: This is the correct answer, as it is the
main sport featured in "Kingpin.’ - G) boxing: Not
applicable, as boxing is not part of the film. - H)
golf: Not applicable, as golf is not related to the
movie. - I) tennis: Not applicable, as tennis is not
a focus of the film. - J) football: Not applicable,
as football is not featured in the movie. Given this
analysis, the correct answer is F) bowling.

Trace 7: The 1996 movie 'Kingpin’ is a comedy
that centers around bowling. The main characters
are involved in the sport of bowling, which is a key
element of the film’s plot and humor. Now let’s
analyze the answer options: A) chess - This is not
related to the movie. B) ice hockey - This sport is
not featured in "Kingpin.” C) baseball - This is not
the focus of the movie. D) wrestling - This sport
is not the main theme of "Kingpin.” E) basketball
- This sport does not play a role in the film. F)
bowling - This is the correct answer, as ’'Kingpin’
revolves around bowling. G) boxing - This is not
featured in the movie. H) golf - This sport is not
related to the movie. 1) tennis - This is not relevant
to ’Kingpin.” J) football - This sport does not relate
to the film. Given that the main focus of ’Kingpin’
is bowling, the correct answer is F) bowling.
Trace 8: The question asks about the sport
featured in the 1996 movie "Kingpin’. To answer
this, I recall that ’Kingpin’ is a comedy film that
revolves around the sport of bowling. The main
characters are involved in bowling competitions,
and the storyline heavily features bowling culture.
Now, looking at the answer options provided: A)
chess - Not related to the movie. B) ice hockey -
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Not related to the movie. C) baseball - Not related
to the movie. D) wrestling - Not related to the
movie. E) basketball - Not related to the movie. F)
bowling - This is the sport featured in ’Kingpin’.
G) boxing - Not related to the movie. H) golf - Not
related to the movie. 1) tennis - Not related to the
movie. J) football - Not related to the movie. Given
that "bowling’ is explicitly mentioned as the sport
in the movie, the correct answer is clearly option F.
Trace 9: The question asks about the sport
featured in the 1996 movie ’Kingpin.” To answer
this, I need to recall what ’Kingpin’ is about. The
film ’Kingpin’ is primarily centered around the
sport of bowling. It follows the story of a former
bowling champion who mentors a promising young
bowler. The comedic elements and plot revolve
around bowling competitions and the characters’
interactions within that context. Now, reviewing
the answer options: A) chess - not related to the
movie B) ice hockey - not related to the movie C)
baseball - not related to the movie D) wrestling -
not related to the movie E) basketball - not related
to the movie F) bowling - directly related to the
movie G) boxing - not related to the movie H) golf -
not related to the movie 1) tennis - not related to the
movie J) football - not related to the movie From
this analysis, the correct answer is F) bowling.
Trace 10: The movie ’'Kingpin’ is primarily
centered around the sport of bowling. It features
characters who are involved in the bowling scene,
including competitions and personal rivalries. The
film is well-known for its comedic portrayal of the
world of bowling. Now, let’s look at the answer
options: A) chess - not related to the movie B) ice
hockey - not related to the movie C) baseball - not
related to the movie D) wrestling - not related to
the movie E) basketball - not related to the movie
F) bowling - this is the correct sport featured in
the movie G) boxing - not related to the movie
H) golf - not related to the movie 1) tennis - not
related to the movie J) football - not related to the
movie Given this analysis, the correct answer is F)
bowling.

the film B) ice hockey - not relevant to the film C)
baseball - not relevant to the film D) wrestling -
not relevant to the film E) basketball - not relevant
to the film F) bowling - directly relevant to the
film G) boxing - not relevant to the film H) golf -
not relevant to the film 1) tennis - not relevant to
the film J) football - not relevant to the film The
correct answer is F) bowling.

Trace 12: The 1996 movie 'Kingpin’ is a comedy
that revolves around the sport of bowling. The film
follows a former bowling champion who discovers
a promising bowling prodigy and attempts to
mentor him. Now, looking at the options provided:
- A) chess - B) ice hockey - C) baseball - D)
wrestling - E) basketball - F) bowling - G) boxing
- H) golf - 1) tennis - J) football Among these
options, the sport that is clearly related to the plot
of 'Kingpin’ is F) bowling.

Cluster ID: 4
# of Traces: 2

Trace 13: The movie 'Kingpin’ is a comedy that
revolves around the sport of bowling. It features
a former professional bowler and his journey to
redemption through the sport, along with comedic
antics. The other options, such as chess, ice hockey,
baseball, wrestling, basketball, boxing, golf, tennis,
and football, are not central to the plot of the
movie. Based on this understanding, the correct
answer is bowling.

Trace 14: The movie 'Kingpin,” released in 1996,
is a comedy that revolves around the sport of
bowling. It features characters who are bowlers
and delves into the dynamics of competitive
bowling. The other options listed, such as chess,
ice hockey, baseball, wrestling, basketball, boxing,
golf, tennis, and football, are not the focus of this
film. Given this information, the correct answer is
F) bowling.

Cluster ID: 5
# of Traces: 1

Cluster ID: 3
# of Traces: 2

Trace 11: The 1996 movie 'Kingpin’ is a comedy
film that centers around the sport of bowling. The
storyline follows a former bowling champion who
tries to coach a promising Amish bowler. Given
the options presented: A) chess - not relevant to

Trace 15: The movie 'Kingpin,” released in 1996,
is primarily about the sport of bowling. The plot
follows a former bowling champion who takes a
promising young bowler under his wing. Given
this context, the correct answer from the provided
options is F) bowling.

Cluster ID: 6
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# of Traces: 1

Trace 16: The movie 'Kingpin,” released in 1996,
revolves around the sport of bowling. The plot
centers on a washed-up bowler who becomes a
mentor to a young bowling prodigy, showcasing
various aspects of the bowling culture. Now,
let’s analyze the options: A) chess - This is not
related to the plot. B) ice hockey - Not relevant to
’Kingpin.” C) baseball - Not the sport featured in
the movie. D) wrestling - While it is a sport, it’s
not the focus of ’Kingpin.” E) basketball - Not the
sport in question. F) bowling - This is the correct
answetr, as it is the main sport featured in the movie.
G) boxing - Not relevant to ’Kingpin.” H) golf - Not
related to the movie’s theme. 1) tennis - Not part of
the plot. J) football - Not the sport featured in the
movie. Based on this analysis, the sport featured in
"Kingpin’ is unequivocally bowling.

Cluster ID: 7
# of Traces: 2

Trace 17: The 1996 movie 'Kingpin’ is a comedy
that centers around the sport of bowling. The
film features characters participating in bowling
tournaments and showcases various aspects of the
sport. Given this information, the correct answer
from the provided options is: F) bowling.

Trace 18: The 1996 movie 'Kingpin’ is a comedy
that revolves around bowling. The main characters
participate in a bowling tournament, and the film
is centered around the sport of bowling. Given
the answer options, the only sport that relates to
bowling is option F.

Cluster ID: 8
# of Traces: 1

Trace 19: To determine the correct answer to
the question about the sport featured in the 1996
movie 'Kingpin’, we need to consider what the
film is about. 1. The movie 'Kingpin’ is a comedy
directed by the Farrelly brothers, and it revolves
around the sport of bowling. 2. The plot follows a
former bowling champion who becomes a mentor
to a promising young bowler. 3. The film features
various bowling tournaments and characters who
are involved in the bowling community. Given
these points, the answer that corresponds to the
sport featured in ’Kingpin’ is clearly bowling.
Now, looking at the answer options provided: A)

chess B) ice hockey C) baseball D) wrestling E)
basketball F) bowling G) boxing H) golf I) tennis
J) football The correct option is F) bowling.

Cluster ID: 9
# of Traces: 1

Trace 20: The 1996 movie 'Kingpin’ is a comedy
that revolves around the sport of bowling. The
film follows a washed-up professional bowler who
becomes a mentor to a young bowling prodigy.
Given the options provided, the correct answer is
F) bowling.

A.4 Case Study 2: Isolating Degenerate
Traces

The presence of text degeneration in LLM rea-
soning traces is an extensively studied (Yao et al.,
2025; Holtzman et al., 2019; Li et al., 2023) phe-
nomenon and common occurrence when sampling
from LLMs, especially at higher temperatures.
Degenerate traces exhibit repeated blocks of fre-
quently nonsensical and meaningless content, often
exceeding the model’s output window. As such,
these traces are much more expensive for a critic to
evaluate. Our proposed methodology isolates such
traces by selecting a candidate representative from
each cluster, defined as the trace closest to the cen-
troid of its sibling trace embeddings in the cluster.
To illustrate this in practice, we present a case study
on a question from the ARC-Challenging dataset,
with answers sampled from Llama 3.3 70B Versa-
tile. The question is as follows: “Fossil bones and
teeth of dinosaurs have been researched for the last
century. Recent discoveries of fossilized dinosaurs
have also revealed details of soft tissues, such as
skin. Which is best for a scientist to do when re-
porting research on dinosaurs now?” Below is a
cluster of three traces sampled from the LLM for
this question. The last trace contains text degener-
ation (highlighted in red), as the content switches
from a question-relevant explanation to pseudocode
gibberish. In particular, reasoning trace #1 is identi-
fied by our pipeline as the candidate representative,
thus avoiding the erroneous trace #3.

Cluster ID: 1
# of Traces: 3

Trace 1: To answer this question, let’s consider
the implications of each option in the context of

26198



scientific research on dinosaurs.

A) Exclude research on teeth or bones: This op-
tion suggests ignoring a significant portion of exist-
ing data on dinosaurs. Teeth and bones have been
the primary sources of information about dinosaurs
for a long time and are crucial for understanding
their evolution, diet, and behavior. Excluding this
information would not be beneficial for comprehen-
sive research.

B) Predict what the next discovery will be: While
predictions can be interesting and might guide fu-
ture research directions, they are speculative and
do not contribute directly to the reporting of current
research findings. Predictions are not a substitute
for analyzing and reporting actual data.

C) Analyze new data as it becomes available:
This option is about incorporating the latest find-
ings into the research. As new discoveries are made,
such as details of soft tissues like skin, analyzing
this new data alongside existing knowledge (like
that from fossil bones and teeth) can provide a
more complete understanding of dinosaurs. This
approach allows for the refinement of theories and
a more accurate representation of dinosaur biology
and behavior.

D) Delete earlier reports that were missing the
new findings: Deleting earlier reports would re-
sult in the loss of historical data and the context of
how our understanding of dinosaurs has evolved
over time. Earlier reports, even if they lack the new
findings, are still valuable for understanding the
progression of knowledge and can serve as a base-
line to show how new discoveries have changed
our understanding.

Considering these points, the most appropri-
ate action for a scientist reporting research on
dinosaurs now would be to analyze new data as
it becomes available. This ensures that all rele-
vant information, both old and new, is considered
to provide the most accurate and comprehensive
understanding of dinosaurs

Trace 2: To answer this question, let’s consider
the implications of each option in the context of
scientific research on dinosaurs.

A) Exclude research on teeth or bones: This
option suggests ignoring a significant portion of the
data that has been collected over the last century.
Teeth and bones have been the primary sources
of information about dinosaurs for a long time,
and excluding them would not be beneficial for a
comprehensive understanding of these creatures.

B) Predict what the next discovery will be: While

predicting future discoveries can be an interesting
speculative exercise, it does not contribute directly
to the reporting of current research findings. Scien-
tific reports should be based on evidence and data
that have already been collected and analyzed.

C) Analyze new data as it becomes available:
This option is about incorporating the latest find-
ings into the ongoing research. As new discoveries
are made, such as details of soft tissues like skin,
analyzing this new data allows scientists to refine
their understanding of dinosaurs. This approach
ensures that research reports are as up-to-date and
accurate as possible.

D) Delete earlier reports that were missing the
new findings: Deleting earlier reports because they
lack new findings would result in the loss of his-
torical research data. Earlier reports still contain
valuable information about dinosaurs, even if they
do not include the latest discoveries. It’s more pro-
ductive to build upon previous research rather than
discard it.

Given these considerations, the best approach
for a scientist reporting research on dinosaurs is to
analyze new data as it becomes available. This en-
sures that their reports are current, comprehensive,
and based on the latest evidence.

Trace 3: To answer this question, let’s consider
the implications of each option in the context of sci-
entific research on dinosaurs, particularly focusing
on the integration of new discoveries with existing
knowledge.

A) Exclude research on teeth or bones: This
option suggests ignoring a significant portion of
dinosaur research that has been foundational to
our understanding of these creatures. Teeth and
bones have been crucial in identifying species, un-
derstanding evolutionary relationships, and recon-
structing dinosaur biology. Excluding this research
would be counterproductive and not contribute to
a comprehensive understanding of dinosaurs.

B) Predict what the next discovery will be: While
predictions can be interesting and might guide fu-
ture research directions, they are speculative and
do not directly contribute to the reporting of cur-
rent research findings. Predictions might not al-
ways be accurate and could distract from the solid,
evidence-based reporting of scientific discoveries.

C) Analyze new data as it becomes avail-
able: This option emphasizes the importance
of incorporating new findings into our exist-
ing knowledge base. As new details about
dinosaurs are discovered, such as those con-
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