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Abstract

Generating and voting multiple answers is an
effective method to mitigate reasoning incon-
sistencies of large language models (LLMs).
Prior works have shown that multiple reasoning
formats outperform a single format when gen-
erating multiple answers. However, previous
works using multiple formats rely on formats
labeled by humans, which could be unsuitable
for all tasks and have high labeling costs. To
address this issue, we adapt suitable formats to
the given tasks by generating and selecting for-
mats. We first propose how to measure the rea-
soning error when generating multiple answers.
Then, we introduce FORMAT-ADAPTER, which
utilizes LLMs to generate and select suitable
reasoning formats by minimizing the error mea-
surement we present. We conduct experiments
on math and commonsense reasoning tasks,
where FORMAT-ADAPTER achieves a 4.3%
performance improvement on average over pre-
vious works, demonstrating the effectiveness.

1 Introduction

The prior research has revealed that, due to the
inconsistency, one question could yield different
responses when suffering minor variations in the
input or parameters, resulting in incorrect results
(Wang et al., 2022). To address this issue, previous
works propose to generate multiple responses to
mitigate the impact of model inconsistencies (Wang
et al., 2023; Yao et al., 2023; Besta et al., 2024).
Specifically, such methods generate multiple an-
swers to a given question by varying parameters
and then select the most appropriate response as
the final answer by scoring and voting.

However, the above works rely on the fixed
reasoning format', which limits the model perfor-
mance since different questions could suit different
reasoning formats (Cheng et al., 2023; Chen et al.,

'In this paper, we define the reasoning format as LLMs
how to present the reasoning process.

Py Question: Mary is two years younger than Joan,
a who is five years older than Jessa. If Jessa is 20 years
old, what is the sum of the ages of three girls?

«, | English Response: ..., so answer is 65.
é Chinese Response: ..., ATLLA %468,

German Response: ..., also ist die Antwort 65.

IVoTed Answer: 65 ]
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Question: Mary is two years younger than Joan,
z who is five years older than Jessa. If Jessa is 20 years
old, what is the sum of the ages of three girls?

[a Answer Format: The question can be answered
with Chinese, Character, and LaTex.

-, | Chinese Response: ..., iTLAZA % N68,
cﬁ, Character Response: ..., the answer is sixty-eight.
LaTex Response: ..., the answer is $68$.

[9 IVo‘red Answer: 68

(b) Reasoning Format Generated by LLM

Figure 1: The comparison between the previous work
(a) and our method (b) instructed to reason with differ-
ent formats. The parts denote the incorrect answers
and the green parts denote the correct ones. The pre-
vious work employs the formats labeled by humans,
which could be not suitable for the given question and
LLM. Our method generates and selects suitable for-
mats, achieving better performance.

2023; He et al., 2024), as shown in Figure 1. There-
fore, many prior works try to enhance the reason-
ing performance by employing various reasoning
formats (Luo et al., 2024; Zhang et al., 2024Db).
For example, CLSP (Qin et al., 2023) proposes
using varied natural languages to generate differ-
ent answers in numerical reasoning tasks. Simi-
larly, FlexTaF (Zhang et al., 2024a) addresses table
reasoning tasks by generating different answers
through diverse table formats.

However, the above methods rely on manually
designed reasoning formats, which have the follow-
ing issues: (i) Manually designed formats could not
be suitable for the task; (ii) Manually designing
formats for each task incurs significant overhead.
To address these issues, in this paper: (i) We dis-



cuss why adapting multiple formats outperforms
using a single format during reasoning; (ii) We
propose using LLMs to generate and select suit-
able formats to enhance reasoning performance.

We first propose how to measure the error of the
reasoning with multiple responses. Based on the
measurement, we discuss that generating with a sin-
gle format can only enhance reasoning robustness
while using multiple formats can further enhance
reasoning capabilities. Then, we propose FORMAT-
ADAPTER, which utilizes LLMs to generate and
select suitable reasoning formats. We use LLMs to
derive reasoning formats without human involve-
ment, lowering the overhead of the format design.
Besides, we propose to adapt reasoning formats by
reducing the error measurement we present, ensur-
ing that the format is suitable for the task.

To evaluate the effectiveness of FORMAT-
ADAPTER, we adapt our method to two mainstream
reasoning tasks: math reasoning (GSM8K (Cobbe
etal., 2021), MATH (Saxton et al., 2019)) and com-
monsense reasoning (ARC-Challenge (Yadav et al.,
2019), GPQA (Yadav et al., 2019)). The experimen-
tal results show that, compared with baselines with
the single format, FORMAT-ADAPTER brings 4.1%
performance improvement on average, proving the
effectiveness of FORMAT-ADAPTER. We also com-
pare FORMAT-ADAPTER with baselines using mul-
tiple reasoning formats, where our method brings
4.7% improvement on average, showing the neces-
sity of the format selection.

Our contributions are as follows:

* To shed light on further research, we discuss why
generating multiple answers with multiple for-
mats outperforms single format;

* To enhance the reasoning ability of LLMs, we
present FORMAT-ADAPTER, which generates
and selects suitable formats using LLMs;

* Experiments show that our method brings 4.3%
improvement on average over all baselines, show-
ing the effectiveness of FORMAT- ADAPTER.

2 Preliminaries

To prove the effectiveness of employing multiple
reasoning formats and shed light on future research,
in this section, we discuss: (i) How to measure the
error of reasoning with a single reasoning format of
LLMs; (ii) How to measure the error of reasoning
employing multiple reasoning formats of LLMs
and why it outperforms using the single format.

Figure 2: The comparison between using the single for-
mat (left) and multiple formats (right) with the same
number of generated answers. The denotes
the correct answer, the denotes different predic-
tions, and the denotes the average prediction.

2.1 Error of Single Reasoning Format

First, we discuss the error of the general ensemble
method (Sagi and Rokach, 2018), since generating
multiple responses and voting can be regarded as
an ensemble method. In this paper, we use the error
function L(z,y) as follows:
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The function L represents whether the prediction
result matches the correct answer exactly. We
define D = {(wi,y:)}p| as the experimental
dataset, {¢;}m as the set of m predictors, and
¢ = avg(¢;,,) as the ensemble predictors. Proved
by Wood et al. (2024), the error of ensemble learn-
ing with m predictors on the dataset D can be ex-
pressed as the error over the dataset minus the di-
vergence among the individual predictors, that is:

Ep [L(6.9)] = = Y Ep L (60p)
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Then we discuss the error of generating multiple
responses using LLMs. For a model employing a
single reasoning format, we assume the used format
is f and the model is ¢. Since only parameters
(e.g., random seed, temperature) are altered during
reasoning, we can regard the predictor as applying
a perturbation to the model inherent performance
¢of, expressed as ¢; = ¢pof+§;, where §; denotes
the perturbation. It can be derived that generating
one single answer using ¢; can be present as:

Ep [L(¢:y)] =Ep[L(pof+di,y) (3)

We assume an ideal scenario where the aver-
age of all predictors represents the inherent perfor-
mance of the model, i.e., lim,, ,oc ® = ¢ o f. It



can be proven that the error in generating multiple
answers using a single reasoning format satisfies:

Ep [L(¢,y)] =Ep[L(¢of,y)] 4

Appendix A.1 presents the prove of Equation 4.
It can be seen that, compared with Equation 3, gen-
erating multiple answers can eliminate the pertur-
bation §, enhancing the robustness. However, when
using single format f, Equation 4 is determined by
¢, showing that enhancing performance relies on
improving the model capability.

2.2 Error of Multiple Reasoning Format

In the following, we discuss the error of using mul-
tiple reasoning formats and why it outperforms the
single format. During reasoning, we employ multi-
ple formats { f; },,, with one single model ¢, so we
can assume the predictors to be ¢; = ¢ o f; + d;. It
can be proved that the reasoning error follows:

Ep [L(6,9)] = - Y Ep[L(60 Fi,)
. (5)
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The prove of Equation 5 can be seen in Ap-
pendix A.2. In the equation, the first term denotes
the average error over all predictions and correct
answers, and the second term measures the diver-
gence between different reasoning formats. It can
be observed that, even with the same model, we can
combine different reasoning formats to minimize
error, thereby improving performance, as shown in
the right part of Figure 2.

3 Methodology

This section introduces FORMAT-ADAPTER, which
leverages LLMs to generate and select the suit-
able reasoning formats to enhance reasoning per-
formance. An illustration of our method is shown
in Figure 3. The prompts we used are provided
in Appendix B. We also discuss the efficiency of
FORMAT-ADAPTER in Appendix E.

3.1 Format Generation

This step is designed to generate reasoning formats,
ensuring both the relevancy and diversity of the
generated formats. Relevancy means that the gen-
erated reasoning formats are relevant to the given
task. Diversity demands that the generated reason-
ing formats be varied to ensure suitable reasoning
formats for various user questions.

To ensure relevancy, an example task is provided
during generation to help LLMs learn how to pro-
duce task-relevant reasoning formats. To ensure
diversity, we design the instruction to ask LLMs
to generate reasoning formats across multiple cat-
egories, where each category consists of multiple
formats. For instance, as shown in Figure 3, Nat-
ural Language is the reasoning format category,
while English and Chinese are the reasoning for-
mats of this category. In summary, the input in-
cludes the task definition, and an example of the
task, while the output consists of multiple reason-
ing formats. Appendix D discusses the generated
formats under each setting.

3.2 Answer Generation

This step generates corresponding answers for each
generated reasoning format. First, the instruction
is rewritten according to each reasoning format to
ensure that the answer generation follows the given
reasoning format. We take the original instruction
of the task (Appendix B) and the reasoning for-
mat as input and ask LLMs to output the rewritten
instruction based on the reasoning format. Then,
the rewritten instruction is used to generate differ-
ent reasoning answers for the given user question.
Following prior work (Qin et al., 2023), zero-shot
learning is applied by inputting the rewritten in-
struction and the user question to output answers
in the specified reasoning format.

3.3 Answer Scoring

After obtaining answers in different reasoning for-
mats, based on Equation 5, we aim to select the
suitable reasoning formats that minimize the er-
ror. However, in Equation 5, the error between the
prediction and the answer L(¢ o f;,y) is difficult
to compute, as the correct answer y is unknown.
Therefore, we use answer generation LLMs to
score the answers in each reasoning format to es-
timate the probability that the predicted answer is
correct. Following Zheng et al. (2023), we input the
user question and the predicted answer, outputting
a score from 1 to 10 to represent the degree to the
probability that the answer is correct. To ensure
that there is the same scale between the first term
and the second term of Equation 5 during the cal-
culation, we divide the rating by 10 to correspond
to the interval of [0, 1].
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Figure 3: The pipeline of FORMAT-ADAPTER, which consists of: (i) Format Generation: Generate possible
reasoning formats of the given task; (ii) Answer Generation: Generate the answer using each reasoning format; (iii)
Answer Scoring: Score whether each generated answer is correct using LLMs; (iv) Answer Selection: Select the

final answer with Equation 5.

3.4 Answer Selection

Based on the predicted answers and corresponding
scores of different reasoning formats, we discuss
how to select the final answers based on Equation 5.
Specifically, given the dataset D and the model
¢, we hope to find suitable reasoning formats to
minimize the error that satisfies:

{fi}n = argmin Ep[L(q,y)] (6)
{fitnC{fitm
In Equation 5, the first term can be directly cal-
culated by averaging scores obtained in §3.3. The
second term requires calculating the average dif-
ference between all results and the average result,
where we take the average prediction ¢(z) as the
answer appearing most frequently among all out-
comes. Considering computational efficiency, we
adopt a greedy algorithm to select formats: we
add each format f; one by one to the selected re-
sults, where if the value of Equation 5 decreases,
we retain f;; otherwise, we remove f;. Due to the
inherent scoring errors of LLMs, we do not directly
use the answer with the highest score within the se-
lected set. Instead, we choose the most frequently
occurring answer as the final answer.

4 Experiment

4.1 Experimental Setup
4.1.1 Datasets

To validate the effectiveness of our method, fol-
lowing Dubey et al. (2024), we conduct experi-
ments on two mainstream reasoning tasks: com-
monsense reasoning (ARC-Challenge-Hard (Ya-
dav et al., 2019), GPQA (Rein et al., 2024)) and
math reasoning (GSM8K (Cobbe et al., 2021),
MATH (Saxton et al., 2019)). Commonsense rea-
soning requires the model to apply commonsense
knowledge to comprehend and answer questions.
On the other hand, math reasoning demands the
model to solve mathematical problems.

and green represent the reasoning formats of incorrect and correct respectively.

Due to the high cost of generating multiple
answers, we employ the subsets of the above
benchmarks to reduce computational overhead
while maintaining a robust performance evalua-
tion. Specifically, for GSM8K and ARC-Challenge
(ARC-C), we sample 256 questions that are not
well solved by the current LLMs, referred to as
GSM8K-Hard and ARC-C-Hard, respectively. For
MATH, we utilize the version of MATHS500 (Light-
man et al., 2024), which samples 500 questions
from the original dataset. For GPQA, we employ
the original test set, comprising 448 questions.

4.1.2 Models

We conduct the experiments with the models of
Llama3.1-Instruct (Dubey et al., 2024) and GPT-
40 (OpenAl et al., 2024). Llama3.1 is one of the
most mainstream and high-performing open-source
LLMs. GPT-4o0, on the other hand, currently rep-
resents one of the most powerful LLMs in terms
of reasoning capabilities. Our selection ensures
coverage of diverse application scenarios.

4.1.3 Baselines

To better reflect the effectiveness of FORMAT-
ADAPTER, we compare our method with two types
of baselines. The first type uses the single rea-
soning format, including Single, Self-Consistency
(SC) (Wang et al., 2023), Tree-of-Thought (ToT)
(Yao et al., 2023), and DTV (Zhou et al., 2024).
Another type uses multiple reasoning formats, in-
cluding CLSP (Qin et al., 2023), MultiPoT (Luo
et al., 2024), and FlexTaF (Zhang et al., 2024a).
We introduce the above baselines in Appendix C.

4.1.4 Metrics

We use Exact Match (EM) as the evaluation metric
for all datasets, which measures whether the pre-
dicted result is completely identical to the ground
truth. Additionally, we evaluate methods that gen-
erate multiple answers under two settings: Vote and
Oracle. Vote refers to selecting one answer from



all generated answers as the final result, reflect-
ing the actual performance of the method. Oracle,
on the other hand, considers a question correct if
there exists one of the generated answers matches
the ground truth, reflecting the performance upper
bound of the method.

4.1.5 Implement Details

Following the previous work (Qin et al., 2023),
we evaluate FORMAT-ADAPTER using zero-shot.
The numbers and types of reasoning formats of
FORMAT-ADAPTER under different settings can
be seen in Appendix D. The parameter settings of
FORMAT-ADAPTER are consistent with Single to
ensure comparable results. To verify the robustness
of FORMAT- ADAPTER, we show the average result
with five running in Appendix F.3.

4.2 Main Experiment

4.2.1 Baselines with Single Format

The experimental results of FORMAT-ADAPTER
compared with baselines using the single reason-
ing format (Appendix C) are shown in Table 1.
The table shows that, compared with the best base-
line results under each setting, FORMAT-ADAPTER
brings 4.1% performance improvement on average,
showing the effectiveness of FORMAT-ADAPTER.
We also compare the efficiency across different
methods in Appendix E.3. Besides, from Table 1,
we can also observe that:

Model The improvement brought by FORMAT-
ADAPTER on different models depends on the dif-
ficulty of the dataset. For relatively simple datasets
like GSM8K and ARC-Challenge, our method
demonstrates more significant improvements on
models with a small scale. Conversely, for more
challenging datasets such as MATH and GPQA,
our method achieves more notable improvements
on larger models. This is because, for complex
datasets, smaller models lack the necessary knowl-
edge to solve such problems due to their limited
scale, where simply altering the reasoning format
cannot introduce new knowledge, leading to negli-
gible performance gains. On the other hand, mod-
els with larger scales already exhibit strong perfor-
mance for simpler datasets, making the improve-
ments brought by our method less pronounced com-
pared to smaller models.

Metric FORMAT-ADAPTER demonstrates perfor-
mance improvements in both the Vote and Ora-
cle settings, indicating that our method not only

enhances actual performance but also effectively
encourages the model to utilize diverse reasoning
formats to generate correct answers. These results
also confirm that the most suitable reasoning format
varies across different types of questions. However,
there remains a significant performance gap be-
tween the Vote and Oracle settings in our method,
which can be attributed to the following reasons: (i)
The scoring quality of LLMs is suboptimal, making
it challenging to accurately assess whether a pre-
dicted result is correct; (ii) Specifically, for datasets
such as ARC-Challenge and GPQA, where the an-
swers are choices, LLMs could produce correct re-
sults while following incorrect reasoning processes,
resulting in lower scores, which can also explain
why the performance gap between Vote and Oracle
is larger on the commonsense reasoning datasets
compared to math reasoning datasets.

4.2.2 Baselines with Multiple Format

The performance comparison between FORMAT-
ADAPTER and baselines employing multiple rea-
soning formats is presented in Table 2. Follow-
ing the setup of MultiPoT, we select 263 prob-
lems from MATHS500 that can be resolved using
code-based solutions. About FlexTaF, we conduct
experiments on the WikiTQ dataset (Pasupat and
Liang, 2015), which is the mainstream benchmark
of the table QA task. As observed from the table,
FORMAT-ADAPTER achieves an average improve-
ment of 4.7% over the best performance of the
baselines under each setting, demonstrating the ef-
fectiveness of our method.

4.3 Ablation Study

To demonstrate the effectiveness of each step of
FORMAT- ADAPTER, we conduct ablation studies
to verify that FORMAT-ADAPTER is the most effec-
tive under different answer selection strategies. The
experimental results are shown in Table 3. From
the table, we can observe that removing any individ-
ual step results in a performance decline, thereby
validating the importance of each step in FORMAT-
ADAPTER. Furthermore, the table reveals the fol-
lowing insights: (i) Removing the Select step leads
to the most significant performance drop, indicat-
ing that in many questions, only a few reasoning
formats yield correct answers, necessitating the
Select step to identify the correct solutions; (ii)
The performance degradation of the ablation study
is more pronounced in smaller-scale models com-
pared to larger ones, which suggests that models



GSMS8K-Hard MATHS500 ARC-C-Hard GPQA
Model Method Vote Oracle | Vote Oracle | Vote Oracle | Vote Oracle
Single 23.0 — 47.8 — 16.8 — 28.1 —
SC 36.7 55.1 51.4 63.0 18.4 23.4 30.8 59.2
Llama3.1-8b ToT 43.0 53.9 52.8 56.8 24.2 33.8 32.8 46.7
DTV 51.6 56.2 55.4 56.4 39.1 42.6 32.6 50.0
FORMAT-ADAPTER | 54.7 89.8 56.8 75.0 57.4 91.4 33.9 93.8
Single 66.0 - 63.4 — 68.0 — 43.1 —
SC 70.3 77.3 64.4 72.8 69.1 69.9 46.2 66.5
Llama3.1-70b  ToT 71.5 77.6 67.2 75.2 70.7 72.3 48.0 73.2
DTV 71.7 84.3 65.8 81.8 69.9 73.8 50.2 75.9
FORMAT-ADAPTER | 76.2 94.9 70.4 85.4 71.5 88.7 51.0 96.4
Single 73.4 — 71.0 — 77.0 — 48.9 —
GPT-40 SC 74.1 82.8 71.4 83.2 78.9 83.2 49.1 70.8
FORMAT-ADAPTER | 78.4 95.1 76.8 86.6 80.1 96.9 51.6 96.6

Table 1: EM of FORMAT-ADAPTER and baselines using the single reasoning format. The best results of each
setting are marked in bold. Due to the limitations of computing resources, we only compare the performance of

FORMAT-ADAPTER with Self-Consistency on GPT-40.

8b 70b
Dataset  Method Vote Oracle | Vote Oracle
CLSP 53.0 66.2 66.9 74.9
MATH MultiPoT | 57.4 66.5 72.2 79.1
Ours 60.1 88.6 77.2 88.6
o FlexTaF 38.0 70.3 41.5 79.0
WIKITQ  oyrg 55.2  79.7 ‘ 63.1 84.0

Table 2: EM of FORMAT-ADAPTER (Ours) and base-
lines using multiple reasoning formats on Llama3.1.
The best results of each setting are marked in bold.

with smaller scales generate fewer reasoning for-
mats capable of producing correct answers, relying
more heavily on the Rewrite and Select steps to
achieve correct results.

4.4 Analysis

In this section, we adapt analysis experiments to un-
derstand better how FORMAT-ADAPTER improves
the reasoning performance and to guide the param-
eter selection. Due to the high reasoning cost, we
only employ Llama3.1 as the experimental LL.Ms.
We also adapt the case study to understand bet-
ter how FORMAT-ADAPTER improves the perfor-
mance, which is discussed in Appendix G.

4.4.1 Reasoning Error

To demonstrate that Equation 5 effectively reflects
the reasoning error, we conduct statistical analysis
on MATH to evaluate the model performance cor-
responding to different values of Equation 5. The
experimental results are shown in Figure 4, from
which we can observe that: (i) As the value of Equa-
tion 5 gradually increases, the model performance
consistently declines, indicating that the error is in-
deed progressively growing; (ii) The error obtained

46 <

EM of MATH500

|
0.18

Value of Equation 5

40 ‘ ‘
0.1  0.14 022 0.26

Figure 4: The performance on MATH with different
formats using Llama3.1-8b. Different blue e denotes the
result using different formats, where the formats used
are randomly sampled from that generated by FORMAT-
ADAPTER. The correlation coefficient is —0.652.

in Figure 4 is predominantly concentrated around
0.22, suggesting that most reasoning formats yield
similar results, while these results are inferior to
the best results, indicating that the majority of rea-
soning formats do not produce the correct answers,
showing the necessity to select the most suitable
reasoning format for each question.

4.4.2 Reasoning Format Category

To examine the performance of different reasoning
formats and inspire future work, we analyze the
average performance improvement achieved under
various settings with different reasoning format cat-
egories. We also list the most suitable reasoning
format for each task in Appendix D. The results
are shown in Figure 5, from which we can see
that: (i) For the results using the single reason-
ing format category, its performance improvement
is determined by the variation in answers gener-



Model Method GSM8K-Hard MATHS500 ARC-C-Hard GPQA
FORMAT-ADAPTER | 54.7 56.8 57.4 33.5
- Rewrite 51.6 (—3.1) 53.6(—3.2) 52.0(—5.4)  32.4(—1.1)
Llama3.1-8b - Select 49.2 (—5.5) 47.8(—9.0) 54.7(-2.7)  25.4(—8.1)
- Score 53.9 (—0.8) 54.2(—2.6) 52.7(—4.7)  30.1(—3.4)
FORMAT-ADAPTER | 76.2 70.4 71.5 51.0
- Rewrite 75.4 (—0.8) 69.6(—0.8) 68.8(—2.7)  47.1(—3.9)
Llama3. 1706 gojec 75.0 (—1.2) 68.6(—1.8) 66.4(—5.1)  44.2(—6.8)
- Score 73.8(—2.4) 70.2(—0.2) 69.9(—1.6)  47.3(—3.7)

Table 3: The ablation study results under: (i) Rewrite: Generate answers without rewriting instructions; (ii) Select:
Vote the answer from the responses with the highest score; (iii) Score: Set all answers with the same score of 1.0.
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Figure 5: The average improvement brought by
FORMAT-ADAPTER with different reasoning categories
having more than four formats. A g denotes the aver-
age improvement compared to Self-Consistency. Over-

all denotes using all reasoning categories.

ated by the corresponding formats of this category.
For the categories with low improvements (e.g.,
Math Notation), the answers across different for-
mats are largely similar, with performance close
to that of Self-Consistency. In contrast, reasoning
categories with higher performance improvements
(e.g., Explain Level) exhibit greater variability in
the answers generated by different formats, mak-
ing it more likely to include the correct result; (ii)
Even for the best-performing single category, its
performance improvement is still lower than that
achieved by using all reasoning categories (Over-
all), which indicates that the most suitable reason-
ing formats vary across questions, and combining
different reasoning categories and formats during
reasoning is necessary to achieve optimal results.

4.4.3 Reasoning Format Scale

Considering the computational resource limita-
tions in practical applications, we evaluate the per-
formance of FORMAT-ADAPTER under different
scales of reasoning formats. The experimental
results, as shown in Figure 6, reveal that perfor-
mance consistently improves across different set-
tings as the scale of formats increases, demonstrat-
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Figure 6: The average performance improvement
brought by FORMAT-ADAPTER on MATH and GPQA
using Llama3.1. Agy denotes the EM improvement com-
pared with the result using the single format.

ing the necessity of incorporating more reasoning
formats to enhance performance. Besides, when a
small number (< 5) of formats are used, FORMAT-
ADAPTER also brings a significant improvement,
proving the effectiveness of FORMAT-ADAPTER
under low computational resources.

Additionally, the performance improvement in
each setting follows a trend: it initially increases
significantly, then stabilizes, and finally experi-
ences another notable rise. This phenomenon can
be explained as follows: (i) Initially, the primary
performance bottleneck lies in the inconsistency
of LLMs, where increasing the number of reason-
ing formats enhances the robustness of reasoning,
thereby improving the performance. (ii) Once us-
ing a sufficient number of reasoning formats, the
performance bottleneck shifts to whether the rea-
soning formats are suitable for the user question,
where adding new formats makes it more likely
that the format is suitable for the question, leading
to further performance improvements.
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Figure 7: The average ratio over all datasets of each
reasoning format category that is selected by FORMAT-
ADAPTER (blue) and that contains the format that can
solve the question correctly (Oracle, green).

4.4.4 Format Selection Ratio

To better understand the impact of different reason-
ing formats on reasoning performance, we com-
pute the ratio of formats selected by FORMAT-
ADAPTER or containing the correct answer, as
shown in Figure 7. From the figure, we can ob-
serve the following: (i) For different reasoning
formats, the ratio selected by FORMAT-ADAPTER
follows a trend similar to that of Oracle, indicating
that FORMAT- ADAPTER tends to select the appro-
priate formats, i.e., those that contain the correct
answer, thus demonstrating the effectiveness of
FORMAT-ADAPTER,; (ii) Compared to the average
performance of Oracle with FORMAT-ADAPTER in
Table 1 (89.4%), the best single format still shows
a performance gap of 15.1%, indicating that differ-
ent questions suit different formats, suggesting that
multiple formats are necessary during reasoning.
(iii) FORMAT-ADAPTER selects a relatively high
proportion (> 70%) for each category, indicating
that LL.Ms tend to assign higher scores during the
Score step, resulting in that FORMAT-ADAPTER
selecting many categories that do not contain the
correct answer, suggesting the need for further im-
provement in the scoring method in future work.

5 Related Works

Previous studies have shown that LLLMs could ex-
hibit inconsistency during reasoning, producing
inconsistent answers when faced with input or pa-
rameter perturbations (Adiwardana et al., 2020;
Camburu et al., 2020; Elazar et al., 2021). To ad-
dress this issue, Wang et al. (2023) proposes Self-
Consistency, which generates multiple outputs for
the same input and selects the final answer through

voting, thereby reducing the impact of perturba-
tions. Subsequent works have sought to improve
upon Self-Consistency to enhance the performance
further (Li et al., 2024; Besta et al., 2024; Wang
et al., 2024). For example, Tree-of-Thought (Yao
et al., 2023) decomposes the reasoning process and
ensures consistency at each reasoning step as a
tree, while DTV (Zhou et al., 2024) employs Is-
abelle formalism to represent answers, improving
the accuracy of answer selection. Notably, many
studies have demonstrated that employing diverse
reasoning formats to generate answers outperforms
relying on a single format to produce multiple out-
puts (Zhang et al., 2024a,b; He et al., 2024). For
instance, CLSP (Qin et al., 2023) uses different
natural language formulations to generate answers,
and MultiPoT (Luo et al., 2024) leverages multiple
programming languages for answer generation.

However, the above methods rely on predefined
reasoning formats manually annotated by humans,
which can be inefficient and suboptimal, as the
most suitable reasoning format varies across ques-
tions. To address this limitation, we first analyze
why utilizing multiple reasoning formats outper-
forms single-format reasoning and propose an opti-
mization objective based on this insight. Guided by
this objective, we leverage LLMs to generate and
select the most suitable reasoning format, thereby
reducing the cost of human annotations and im-
proving reasoning performance.

6 Conclusion

In this paper, we propose FORMAT-ADAPTER,
which generates multiple answers using different
reasoning formats, reducing inconsistencies and
improving the performance of LLMs. First, we
present how to measure reasoning errors when gen-
erating multiple answers, showing that multiple rea-
soning formats outperform a single format. Then,
we present FORMAT-ADAPTER, which uses LLMs
to generate and select the suitable reasoning for-
mats, improving reasoning performance by reduc-
ing the error measurement we present. We conduct
experiments on math and commonsense reason-
ing, where FORMAT-ADAPTER improves perfor-
mance by an average of 4.3% compared to previous
methods, demonstrating its effectiveness. We also
analyze the relationship between our error measure-
ment and performance, showing a negative corre-
lation that confirms its accuracy in measuring rea-
soning errors when generating multiple answers.



Limitations

(i) We have not yet experimented with FORMAT-
ADAPTER on more tasks, such as question answer-
ing and code generation, where in the future, we
will apply FORMAT-ADAPTER to a wider range
of tasks to further demonstrate its effectiveness;
(ii) Generating multiple answers incurs significant
computational overhead, where in future work, we
will explore ways to reduce the computational cost
while maintaining or even improving reasoning per-
formance.

Ethics Statement

All datasets and models used in this paper are pub-
licly available, and our usage follows their licenses
and terms.
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A Prove of Equations

Lemma 1. Let m, ¢, ¢ follow the definition in
§2.1. If limy, oo @ = ¢ o f, we can derive that
limm_)oo 6’"’7, — 0.

Proof. Considering that ¢ = avg(¢p;) = avg(¢ o
f + 0;), we can derive that

avg(gpof+9;) =

Therefore, avg(d;) = 0(m — o00). Assume, for
contradiction, that lim,,, oo d;, # 0. Then, there
exists some € > 0 such that for large enough m,
dm > €. For large m, the average of the first m
terms is

¢ o f(m— o0)

01+ 02 + -+
m
Since the average tends to 0, for sufficiently large
m, we must have

+ Om

01 + 02 + - -

m
However, if infinitely many d,, > e, this con-
tradicts the fact that the average tends to 0. Thus,
lim,, 00 O = O. ]

+ Om

< €

Considering Lemma 1, in the following prove,
we substitute m — oo with d,,, — 0.

A.1 Prove of Equation 4

Theorem 1. Let D, L, m, ¢, ¢ follow the definition
in §2.1. We can derive that:

m

. - 1
g@ﬂummzm;wam
Proof.
1 m
mgﬁﬂ“%ﬂ ™
*ZED ¢O'F+5zay)] (8)
=ED[ (¢of,y)] (6 = 0) 9
Considering that:
-1 &
¢=EZ (10)
= Z pof(6; —0) (11)
=do 1: (12)
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‘We can derive that:

1 & -
&>m;wa] (13)
1 & -
1 m
=Ep [m;L(QZ)of,gbof)] (6; = 0) (15)
=0 (16)
Based on Equation 2, we can derive that:
[@J] (17)
—ZM)¢“ (18)
1 _
-EJm;L@@] (19)
=Ep[L(¢of,y)](d —0) (20)
O

A.2 Prove of Equation 5

Theorem 2. Let D, L, m, ¢, ¢ follow the definition
in §2.2. we can derive that:

lim Ep [L(6,y)] @h
1 m
— m;ED [L(¢ofiy)] (22)
1 & -
_ED[m;L(gﬁoﬂ-,gﬁ)} (23)
Proof.
— %ZED [L(pofi+di,y)]  (25)
—ZL ¢ofiy)(6; —0)  (26)
1 m
hm Ep mZL bi, @ ] (27



Based on Equation 2, we can derive that:

Ep [L(¢,y)] (29)

:;g%wmm (0)
1 & _

~Ep m;L(qﬁi,qb)] 31

_ 1 f;ED (L(d o fs, )] (32)

Bl éL(qﬁ ofL A0 63
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B Prompts of FORMAT-ADAPTER

The prompts of FORMAT-ADAPTER are shown in
Table 4. The prompt for the instruction rewriting
is provided in the code since this prompt is too
long. The prompts of the answer generation of
each task follow Dubey et al. (2024), which can be
found in https://huggingface.co/datasets/
meta-llama/Llama-3.1-8B-Instruct-evals.

C Baselines of Main Experiments

C.1 Single Format

Single is to generate one answer using one format
with Chain-of-Thought (Wei et al., 2022). The
prompts we used follow Dubey et al. (2024).

Self-Consistency (SC) is similar to Single, while
we generate multiple answers for each question.
The generation number is the same as the for-
mat number of FORMAT-ADAPTER for each task
and we set temperature as 0.5, top_p as 0.9. The
prompts are the same with Single.

Tree-of-Thought (ToT) is to generate the reason-
ing process step by step, where it votes the results
of each step, which is used as the input for the
next step. The parameters and prompts we used are
following the default of the paper.

DTV asks models to generate Isabelle formula-
tions (Nipkow et al., 2002) to answer the questions,
which can be executed automatically to ensure the
logical correctness of the consistent answers. The
parameters and prompts we used are following the
default of the paper.
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C.2 Multiple Format

CLSP asks LLMs to answer the given questions
in different natural languages since different ques-
tions could suit different languages. The natural
languages, parameters, and prompts we used follow
the default of the paper.

MultiPoT aims to improve Program-of-
Thought (Chen et al., 2023), which asks LLMs to
solve problems with different program languages.
The program languages, parameters, and prompts
we used follow the default of the paper.

FlexTaF is designed to solve the table reasoning
task, which demands LLMs to reason with different
tabular formats. The table formats, parameters, and
prompts we used follow the default of the paper.

D Reasoning Formats of
FORMAT-ADAPTER

In this section, we list the reasoning formats gen-
erated by different LLMs on various datasets, as
shown in Table 5. We rename some reasoning cat-
egories in the experiments of §4.4 to ensure that
the similar categories can be compared together.
Different formats in Table 5 could be more suitable
for different types of questions. For instance, for
numerical representation, "12" is appropriate for
numerical computations, whereas "twelve" is more
suitable for non-numerical queries, such as "how
many ‘e’ are in 12?"

From Table 5, we can observe that: (i) Compared
to small-scale LLMs, large-scale LLMs are capable
of generating a wider variety of reasoning formats,
leading to a more significant performance improve-
ment as demonstrated in Table 2; (ii) Compared
with simple datasets (e.g., GSM8K), a greater num-
ber of reasoning formats are generated on more
complex datasets (e.g., MATH, GPQA), as more
solving approaches are available for complex ques-
tions, thus resulting in more diverse reasoning for-
mats.

Although the number of synthesized formats
varies across different tasks and models, the com-
parability of the results is reliable. That is because,
some variation in the number of formats does exist
between different tasks; however, these quantitative
differences can be considered as variations in the in-
termediate process, reflecting the model’s tendency
to synthesize different formats depending on the
task. Furthermore, since the experimental setup is
consistent across different tasks (e.g., instructions,


https://huggingface.co/datasets/meta-llama/Llama-3.1-8B-Instruct-evals
https://huggingface.co/datasets/meta-llama/Llama-3.1-8B-Instruct-evals
https://huggingface.co/datasets/meta-llama/Llama-3.1-8B-Instruct-evals

The prompt of Format Generation

You are requested to generate possible answer formats that can be changed for the given task, where I want to
generate different answers in different formats of the given task.

For each task, you MUST generate the possible answer formats quoted with ** of the task, the number of answer
formats of each task MUST > 3.

Here are several examples:

Task: Code Generation.

In this task, you are given a question, and then you should generate the Python code to answer the question.
Input: Today is the last day of the first quarter of 2008. What is the date one year ago from today?

Output:

" "python

from datetime import datetime, timedelta

today = datetime(2008, 3, 31)

one_year_ago = today - timedelta(days=365)

The possible answer formats that can be changed are:

1. Natural Language: The natural languages of questions can be changed, like change as **Chinese, French, German,
Spanish**.

2. Code Language: The code languages of answers can be changed, like change to **Java, C++, R, JavaScript**.

Based on the above examples, generate the possible answer formats to be changed for the following task.

Task: {task_name}
{task_definition}
Output: {answer}

The prompt of Answer Scoring

Please act as an impartial judge and evaluate the quality of the response provided by an Al assistant to the user
question displayed below. Your evaluation should consider correctness and helpfulness. You will be given a
assistant’s answer. Identify and correct any mistakes. Be as objective as possible. After providing your explanation,
you must rate the response on a scale of 1 to 10 by strictly following this format: "[rating]", for example: "Rating:

[5]".

[Question]
{question}

[The Start of Assistant’s Answer]
{answer}
[The End of Assistant’s Answer]

Table 4: The prompts of FORMAT-ADAPTER.

hyperparameters), we consider the comparability
of our results to be reliable.

E Efficiency of FORMAT-ADAPTER

In this section, we discuss the efficiency of
FORMAT-ADAPTER. For all experiments con-
ducted on GPT-4o0, the total cost is approximately
$600, averaging around $0.30 per question. We
focus on two main aspects: the efficiency of the
format generation, and the efficiency during infer-
ence.

E.1 Efficiency during Format Generation

Let the number of generated formats be M, and
t a4 represents the average time that LLM M takes
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to process a single data. Considering that format
generation requires both generation and rewriting,
the efficiency of format generation is 2Mty, =
O(Mt ).

Based on the discussion, we can adjust M to
control the efficiency of format generation. Fur-
thermore, in practical applications, since format
generation is performed offline, the cost of this step
can be ignored during online inference.

E.2 Efficiency during Reasoning

Let the number of formats selected for each query
during inference be denoted as m, the total number
of user queries be N, and ¢ represents the time
to select a single format. Since inference involves



Model

GSMSK-Hard

MATHS500

ARC-C-Hard

GPQA

natural language (6), code
language (2), mathematical

natural language (6),
step-by-step format (3),

natural language (8),
answer format (2), code

natural language (5),
answer format (5),
explanation level (6),
code language (5), answer

Llama3.1-8b notation (2), text format (2), text format (2), explanation language (6), explanation :
. style (4), explanation format
answer style (2), response level (1), mathematical level (4), answer style (2), . 3 )
format (1) notation (2) output format (3) (5), step-by-step format (4),
i explanation style (5),
mathematical notation (4)
natural language (4),
mathematical notation (4), mathematical notation (3), natural language (4), ) answer format (9), explanation
problem format (5), answer format (1), question format (1),
natural language (4), problem solution approach (3). type (1), answer choice uestion type (4)
Llama3.1-70b format (4), answer format (4), PP o P P q n P! y
reasoning style (3) answer format (3), unit format (4), candidate answer format
X ¥ system (3), problem context format (3), (7), explanation style (4),
unit of measurement (3) X A N NS
complexity (3) answer justification (1) answer choice format (7),
mathematical notation (6)
natural !angu:‘age (©), natural language (5),
explanation format (2), ) > ;
X numerical representation (3), natural language (4),
natural language (4), notation style (2), answer . .
mathematical expression (4) resentation (2), units in answer structure (2), answer numerical representation (3),
GPT-40 P! ’ P! ? explanation (4), response answer presentation (2),

explanation style (4),
number representation (5)

solution (2), solution format
(3), mathematical
representation (3), concluding

format (3), question format (4),
contextual explanation (2),
answer representation (8)

explanation detail (2),
answer format (3)

sentence format (3)

Table 5: The reasoning categories generated by FORMAT-ADAPTER on different models and datasets. The number
after each category is the format number corresponding to the category. The category with the best performance

under each setting is marked in bold.

format selection, answer generation, and answer
scoring, the total inference efficiency is given by
NMts + 2mNtpq. Given that tg < tpg in prac-
tice, the overall inference efficiency simplifies to
O(mNtp).

It can be observed that the inference efficiency
of FORMAT-ADAPTER is comparable to that of
Self-Consistency, while FORMAT-ADAPTER offers
a significant performance improvement. Consid-
ering that prior research indicates that there is a
positive correlation between model performance
and inference time (Snell et al., 2024; Zhong et al.,
2024), it is important to balance efficiency and
performance based on the specific application sce-
nario. For example, when computational resources
are limited, the number of reasoning formats used
can be reduced to enhance inference efficiency.

E.3 Average Output Tokens of Different
Method

To compare the efficiency of FORMAT-ADAPTER
with other baselines in practical applications, we
measure the average number of tokens output per
question, as shown in Table 6. Although FORMAT-
ADAPTER is less efficient than Self-Consistency,
our method is closer to that of Tree-of-Thought.
Considering the performance improvements of
FORMAT-ADAPTER over both Self-Consistency
and Tree-of-Thought, a balance between efficiency
and performance must be considered in practical
applications.
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F Additional Experiments

F.1 Performance Using All Generated
Formats

To validate the necessity of the reasoning format
selection of FORMAT-ADAPTER, we compare its
performance with that of using all formats without
selection. The experimental results, as shown in
Table 7, indicate that FORMAT-ADAPTER consis-
tently outperforms that directly using all reasoning
formats across all settings, which demonstrates the
importance of selecting appropriate reasoning for-
mats.

F.2 Answer Variability of FORMAT-ADAPTER

To demonstrate that FORMAT- ADAPTER can gen-
erate different answers using various reasoning for-
mats, we calculate the number of distinct answers
generated by our method and Self-Consistency.
The results are shown in Table 8, where we observe
that, on average, the number of answers generated
by our method is significantly higher than that of
Self-Consistency. This proves that employing dif-
ferent reasoning formats can guide the model to
generate diverse answers.

F.3 Robustness of FORMAT-ADAPTER

To validate the robustness of FORMAT-ADAPTER,
we run it five times with different random seeds,
as shown in Table 9. From the table, it can be ob-
served that the performance of our method does
not fluctuate significantly. As discussed in § 2, gen-



Method | SC ToT

DTV

FORMAT-ADAPTER

Tokens | 3889.9 24611.4

17816.4

25297.0

Table 6: The average output tokens per question on MATH using Llama3.1-8b.

Model Method \ GSMSK-Hard MATH500 ARC-C-Hard GPQA
All 53.9 54.0 42.2 33.9

Llama3.1-8b FORMAT-ADAPTER 54.7 56.8 57.4 33.9
All 73.8 70.2 69.9 47.5

Llama3.1-70b FORMAT-ADAPTER 76.2 70.4 71.5 51.0

Table 7: The performance with all formats or the formats selected by FORMAT-ADAPTER. All denotes using all
generated formats. The best performance under each setting is marked in bold.

erating multiple answers enhances the robustness
and reduces performance variability.

F.4 Evaluation of the Score Quality

In this section, we evaluate the quality of the scor-
ing of our method. We use the evaluation metrics

W x 100. D = {d} represent all the
data, and Valid(d) indicates that if d is correct,
it is represented by the corresponding score; oth-
erwise, it is represented by 1— the corresponding
score. The statistical results are shown in Table 10.
It can be observed that the evaluation result is not
high, which is consistent with the conclusions of
previous studies, highlighting the bottleneck of our
method. To address this issue, a possible approach
is to select the most appropriate reasoning format
for each task using the training data first, and then
use the selected reasoning format during inference
without relying on LLMs for scoring.

F.5 Repeated Sampling with Different
Formats

In this section, we evaluate the performance of
FORMAT-ADAPTER after repeated sampling, com-
paring the use of the single format and FORMAT-
ADAPTER. The experimental results are shown
in Figure 8. As can be observed from the figure,
when the sampling scale is > 1, the performance
using a single format is lower than that of FORMAT-
ADAPTER, which demonstrates the effectiveness
of our method.

G Case Study

To better understand how FORMAT-ADAPTER im-
proves reasoning performance, we present a case
study, as shown in Figure 9. From the figure, it can
be observed that when using the original reasoning
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Figure 8: The performance of repeat sampling using
single format and FORMAT-ADAPTER on MATH with

Llama3.1-8b.

Question:

Paul and Jesse each choose a number at random from the first six prime
numbers. What is the probability that the sum of the numbers is even?

Answer with Original Format:
The probability of Paul choosing an
odd prime is 5/6, and the
probability of Jesse choosing an
odd prime is also 5/6. Therefore,
the probability of both choosing
odd primes is:

5/6 X5/6=25/36

The total probability of an even
sum is \boxed{25 / 36}.

Answer with Set Notation:

All primes: P ={2, 3, 5,7, 11, 13}
Even primes: E = {2}

Odd primes: O ={3, 5, 7, 11, 13}
Sum is even if both choose even
primes or both choose odd primes.
P(E,E)=1/36

P(0,0)=25/36
P(even)=1/36+25/36=13/18
So the answer is: \boxed{13 / 18}

Figure 9: An example sampled from MATH answered
using different reasoning formats. The correct part is
marked in red, and the incorrect part is marked in green.



Model Method | GSM8K-Hard MATH500 ARC-C-Hard GPQA

Self-Consistency 2.0 2.3 1.0 2.3
Llama3.1-8b pop v aT-ADAPTER 12.4 5.9 3.6 3.5
Self-Consistency 1.3 1.9 1.0 1.8
Llama3.1-70b FORMAT-ADAPTER 9.5 7.8 2.5 3.2

Table 8: The average number of distinct answers generated for each question.

8b 70b
Vote Oracle Vote Oracle

GSMB8K-Hard ‘ 54.3+£0.4 89.6+0.2 ‘ 76.1+£0.3 94.4+0.6
MATHS500 ‘ 56.7+£0.2 749+0.2 ‘ 70.2+0.4 85.0+0.5
ARC-C-Hard | 57.2+£0.2 91.2404 | 71.5+0.2 88.2+0.6
GPQA | 33.2+£0.8 933+£04 | 51.1+0.7 96.2+05
WikiTQ ‘ 55.0+£0.4 79.3+0.5 \ 63.0+£0.1 83.5+0.6

Dataset

Table 9: The average performance of FORMAT-ADAPTER with five running using Llama3.1.

Dataset | 8b 70b

GSMB8K-Hard | 47.7 66.2
MATHS500 46.4  56.0
ARC-C-Hard | 52.3 60.2
GPQA 45.7  48.1

Table 10: The average score quality of FORMAT-
ADAPTER with Llama3.1 on different datasets.

format, the model overlooks that 2 is also an odd
number, leading to an incorrect answer. However,
when reasoning with the set notation, the model
successfully accounts for all odd numbers, result-
ing in the correct answer. Therefore, utilizing dif-
ferent reasoning formats helps the model approach
questions from multiple perspectives and different
questions require different reasoning formats. As
such, it is essential to integrate various reasoning
formats to obtain the correct solution.
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