Persona is a Double-edged Sword: Enhancing the Zero-shot Reasoning by
Ensembling the Role-playing and Neutral Prompts

Anonymous ACL submission

Abstract

Recent studies demonstrate that prompting an
appropriate role-playing persona to an LLM
improves its reasoning capability. However,
assigning a proper persona is difficult since
an LLM’s performance is extremely sensitive
to assigned prompts; therefore, personas some-
times hinder LLMs and degrade their reasoning
capabilities. In this paper, we propose a novel
framework, Jekyll & Hyde, which ensembles
the results of role-playing and neutral prompts
to eradicate performance degradation via uni-
lateral use of role-playing prompted LLM and
enhance the robustness of an LLM’s reasoning
ability. Specifically, Jekyll & Hyde collects
two potential solutions from both role-playing
and neutral prompts and selects a better solu-
tion after cross-checking via an LLM evalua-
tor. However, LLM-based evaluators tend to
be affected by the order of those potential so-
lutions within the prompt when selecting the
proper solution; thus, we also propose a ro-
bust LLM evaluator to mitigate the position
bias. The experimental analysis demonstrates
that role-playing prompts distract LLMs and
degrade their reasoning abilities in 4 out of 12
datasets, even when using GPT-4. In addition,
we reveal that Jekyll & Hyde improves rea-
soning capabilities by selecting better choices
among the potential solutions on twelve widely-
used reasoning datasets. We further show that
our proposed LLM evaluator outperforms other
baselines, proving the LLMs’ position bias is
successfully mitigated.

1 Introduction

Recent studies have exhibited that assigning spe-
cific characteristics and roles into prompts can ac-
tivate the role-playing ability of Large Language
Models (LLMs), thereby improving their reasoning
capabilities (Shanahan et al., 2023). Specifically,
some studies have proposed utilizing a hand-crafted
persona or investigating various types of jobs and
relationships to find the most optimal persona to

! Question: The cross-section of a E
E canal is shaped like a trapezium. If |
| the canal is 10 m wide at the top and E
E 6 m wide at the bottom and the area \
1 of cross-section is 640 square meters, :
E the depth of cannel is? !

{ Final Output: A classic problem!
| Let's break it down step by step: i
E The area of the trapezoidal |
! cross-section is i

E Answer Choices:
| (A)26(8) 28 (C) 21 (D) 80 (E) 23

E Therefore, among A through E, :
""""""""""""""""" \ the answer is E.

i Role-playing Persona:
i “You are a Civil Engineer”

Final answer: E (Wrong!)
Golden Label: D

Figure 1: Persona is a Double-edged Sword. The
example exhibits that prompting the persona to an LLM
occasionally leads to deriving the wrong answer. Given
a mathematical problem related to civil engineering, the
following example uses "Civil Engineer" as a persona,
leading the LLM to derive the wrong answer.

enhance the model’s reasoning capability (Kong
et al., 2024; Zheng et al., 2023).

However, despite the benefits of enhancement
via role-playing persona, persona prompting can
sometimes confuse LLMs (Zheng et al., 2023;
Gupta et al., 2023); thereby, LLMs provide incor-
rect solutions to reasoning problems. As shown in
Figure 1, an LLM often answers the given question
incorrectly due to the assigned persona. The given
example exhibits that the role-playing persona is
guessed as "Civil Engineer" due to the given situa-
tion illustrated in the question; however, since the
given question is a math problem, the LLM ends up
getting the wrong answer. This phenomenon is cru-
cially problematic when an LLM without a persona
can correctly answer the given question. For deeper
insights, we first conduct an experiment that com-
pares the LLM’s correctness under the condition
of whether the persona is assigned or not. Table
1 presents a confusion matrix of an experimental
result for executing an LLM with persona and with-
out persona on the AQuA dataset. It exhibits that
15.75% of the reasoning problems become correct
when using an LLM with persona compared to
without persona. On the other hand, 13.78% of the
problems are answered incorrectly when using an



Persona Solver
(w/ Persona)

| AQuA | Wrong | Right
Neutral Solver | Wrong | 33.07% | 15.75%
(wio Persona) | “picht | 13.78% | 37.40%

Method

Table 1: Confusion matrix between Neutral Solver
(w/o Persona) and its Persona Solver (w/ Persona) on
AQuA dataset. we compute each model’s correctness,
exhibiting the result in a confusion matrix form. Neu-
tral Solver and Persona Solver means an LLM without
persona and an LLM with persona, respectively. More
analysis for other datasets are included in Appendix D.

LLM with a persona rather than without a persona.
This experiment reveals that assigning a persona to
an LLLM sometimes fails to enhance its reasoning
ability.

To address the aforementioned limitation, we
propose a novel framework called Jekyll & Hyde
that ensembles the solutions of role-playing and
neutral prompts to enhance the model’s reasoning
ability for a given task. Specifically, we execute
an LLM with a role-playing prompt and a non-
persona prompt to obtain each solution, respec-
tively, and then utilize another LLM evaluator to
judge which one is the better solution. We use
an LLM-generated persona for the role-playing
prompt to enhance efficacy and efficiency, which
is more effective than using a handcrafted persona.

In addition, we also propose a novel robust po-
sition bias mitigation method that can be used in
other LLM evaluation cases. Previous studies show
several issues with using an LLM as an evaluator,
and the most challenging problem is the existence
of position bias that occurs by the order of solu-
tions within the prompt (Zheng et al., 2024; Li et al.,
2023; Wang et al., 2023). Our method alternately
inserts two sequences of solutions (in forward and
reverse orders) into the evaluation prompt and ex-
ecutes the LLM until both evaluation results are
identical without exceeding a pre-defined number
of attempts.

Experimental results demonstrate that Jekyll &
Hyde significantly outperforms the case of using
only a single role-playing LLM or a neutral LLM
for three widely-used LLMs. For example, Jekyll
& Hyde outperforms the baselines by an average of
9.98% accuracy across twelve datasets when using
GPT-4 as a backbone model. In addition, we show
that utilizing an LLM-generated persona is better
than using a handcrafted persona in terms of the
stability of the LLM’s performance. We also show

that using the same LLLM for generating a persona
and solving reasoning questions improves the per-
formance in reasoning tasks than using different
LLMs. Furthermore, our method for mitigating
position bias outperforms the existing methods, re-
quiring execution trials that are comparable to those
of the others. To the best of our knowledge, this
work is the first to provide a systematic investi-
gation of the impact of incorporating LLMs with
personative and neutral perspectives.

2 Related Works
2.1 Role-playing abilities of LLLMs

Large language models have demonstrated signifi-
cant eligibility in personating various roles, which
shows the power of the role-playing capabilities
of LLMs (Kong et al., 2024; Zheng et al., 2023).
From this consensus, several studies have tried to
investigate the positive effect of role assignment
on improving the LLM’s performance. Zheng et al.
(2023) have dissected the impact of role assign-
ment towards the LLM by assigning various types
of persona, including job names and relationship
keywords. This study has concluded that using a
domain-specific persona related to the given ques-
tion enhances the performance of the LLM.

However, although the role-playing ability en-
ables the LLM to generate multiple viewpoints
of the model, a persona may also generate bias,
which distracts the model and causes performance
degradation. Gupta et al. (2023) have analyzed
how assigning persona combined with social demo-
graphical details brings bias toward the LLM, sig-
nificantly dropping the performance on reasoning
tasks. Deshpande et al. (2023) have investigated
the toxicity score for each persona combined with
specific entities such as age, sexual orientation,
etc., and found out that using particular names and
adding specific entities into the persona generates a
toxic and biased response, deteriorating the LLM’s
performance.

2.2 Position bias in LLM Evaluators

After the advent of LLMs, there have been attempts
to use LLMs as evaluators for selecting a better
solution generated from two different LLMs. How-
ever, LLM evaluators are exposed to a significant
problem, position bias, which hinders LLMs from
evaluating faithfully and finally degrades their per-
formance. Position bias is attributed to the given or-
der of two solutions in prompts, and LL.Ms tend to
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Figure 2: The architecture of Jekyll & Hyde. Jekyll & Hyde utilizes not only persona-assigned LLM (Persona
Solver) but also LLM without prompting (Neutral Solver), which provides a dual perspective towards the given
question. This structure improves the model to gain potentially high performance. After executing both LLMs, a
robust Evaluator whose positional bias is mitigated selects a better solution between the two solutions.

be affected by the order and dominantly select the
solution that appears in a specific position. There-
fore, prior studies have tried to solve the problem
using various methods to mitigate position bias. Li
et al. (2023) have introduced a technique called
"Portia,"” which splits the given two solutions into
several chunks and inserts the chunks alternately
into the evaluation prompt, mitigating the infor-
mation about the order of the solutions inside the
prompt. However, it has failed to completely miti-
gate position bias since the order of the solutions
still remains in each chunk. Wang et al. (2023)
have proposed a method to evaluate solutions, com-
puting the score in a particular scale and running
the evaluation twice by ordering two solutions re-
versely to mitigate position bias. They have aver-
aged to aggregate the two scores to use it as the
final score. On the other hand, in this process,
the scales of scores and the score’s relative differ-
ence may vary between two different evaluation
prompts. Therefore, simply computing the aver-
age of the scores and adopting the assistant with
the higher average score may derive inconsistent
results.

3 Methods

In this section, we demonstrate the process of Jekyll
& Hyde. Specifically, Jekyll & Hyde consists of
three different LLM modules: Persona generator,
Solver, and Evaluator. The pipeline of Jekyll &

Hyde is the following: First, the Persona generator
generates an appropriate persona based on a given
question. Then, two different LLM solvers (i.g.,
Persona Solver and Neutral Solver) are executed
simultaneously to get two solutions, respectively.
Finally, the Evaluator compares two solutions and
derives the final prediction based on the selection
from the evaluator. Figure 2 describes the entire
framework of Jekyll & Hyde.

3.1 Automatic Identification of Persona

The common practice of role-playing prompting
prepends a persona role (e.g., Mathematician) into
the prompt that contains the question. While these
conventional role-playing methods work properly,
prior works have also noticed that persona often
brings bias to LLMs when the question is not
strongly related to the role assignment (Gupta et al.,
2023; Deshpande et al., 2023). In addition, prior
works have manually assigned roles to LLMs; thus,
those methods are labor-intensive to designate an
appropriate role for each data instance. To address
these drawbacks, we modify the common practice
of manually inferring a specialized role for a given
question. Specifically, we utilize an LLM (Per-
sona generator) to guess an appropriate role for the
given question by utilizing an instruction-following
prompt that guides the LLM to automatically gen-
erate a persona that could possibly solve the given
question. More details about the effect of leverag-



ing LL.M-generated persona are discussed in sec-
tion 4.3.

3.2 Generating personated and neutral
perspective solutions

After identifying a proper persona, it is formatted
as a role-playing prompt and inserted inside the
input query for an LLM. This role-playing prompt
typically enhances the performance of LLMs effec-
tively. However, using a persona prompt can be a
double-edged sword since some data instances may
not be appropriately represented by the persona.
Therefore, we propose to ensemble two different
LLM Solvers, specified as Persona Solver and
Neutral Solver. Persona Solver is an LLLM that
uses role-playing prompting, utilizing the persona
by inserting it inside the query. Neutral Solver
does not allow persona prompting, which directly
inserts the query into the LLM. This dual execu-
tion approach provides two different perspectives
on solving the question and derives two discrimi-
native responses. By recalling table 1, if we exe-
cute two solvers (i.g., Persona Solver and Neutral
Solver) and ideally choose the correct answer be-
tween two responses, we are able to achieve better
performance than using a single solver via correctly
answering the question that is contained in first, sec-
ond, and the third quadrant of the confusion matrix.
We follow the identical implementation introduced
in Kong et al. (2024) when utilizing the Neutral
Solver. In the case of implementing the Persona
Solver, we use a prompt in the format of "You are
a $persona”, inserting a generated persona (de-
scribed in the Section 3.1) to the "$persona” part.

3.3 Aggregating solutions of two Solvers

Two solutions generated from Neutral Solver and
Persona Solver are inserted into the evaluation
prompt, which works as the Evaluator’s query.
Specifically, two solutions are formatted to the eval-
uation prompt, creating an order between the so-
lutions. The format of the evaluation prompt can
be found in Appendix A. Then, the Evaluator re-
turns its verdict, which is denoted in "A" if the
first-ordered solution is better or "B" if the second-
ordered solution is better. Note that LLM Evaluator
requires two hyper-parameters, involving the tem-
perature of the LLM 7, and the max number of
attempt k& which is going to be explained in section
3.4.

3.4 Robust evaluation via mitigating bias

As introduced in Section 3.3, the Evaluator returns
the final output between two solutions; however,
this method may be exposed to position bias, which
degrades the total performance of the framework.
According to previous studies, position bias occurs
due to the order of the solutions (Zheng et al., 2024;
Li et al., 2023; Wang et al., 2023). Therefore, we
run the Evaluator model twice by inserting the so-
lutions into the evaluation prompt and reversing the
order of the solutions to mitigate the following bias.
Formally, given a question g, the solution of the
Neutral Solver r1, and the solution of the Persona
Solver r2, we depict the process of the position bias
mitigation as the following:

v; = argmaxP(v|q,r1,72)
v

ey

ve = argmaxP(v|q, ra, 1)
v

where P is the Evaluator, and v; and vs are ver-
dicts derived from the double executions of the
Evaluator, respectively. Note that every time when
evaluations are executed for generating their de-
cision, we count the number of trials ¢ until it
reaches the maximum trial k£ defined as a hyper-
parameter. Then, the framework compares two
decisions, whether they are consistent or not. The
process finally reaches the end when these two de-
cisions are the same as the following formula:

ifvy =vgandt < k
ift >k

v

Ufinal = {Clan 't answer )

If ¢ gets bigger than k, we conclude that the Eval-
uator is significantly exposed to position bias for
two solutions. Therefore, Jekyll & Hyde returns
"Can’t answer" as a final output since it is signifi-
cantly dangerous to narrow down only one solution
in this case.

4 Experiments

4.1 Experimental setup

Datasets. We conduct our experiments across
twelve datasets used in prior research (Kong et al.,
2024; Kojima et al., 2022) categorized in 4 cate-
gories: (1) Arithmetic, including MultiArith (Roy
and Roth, 2015), GSM8K (Cobbe et al., 2021),
AddSub (Hosseini et al., 2014), AQUA-RAT (Ling
et al., 2017), SingleEq (Koncel-Kedziorski et al.,
2015), and SVAMP (Patel et al., 2021) (2) Com-
monsense reasoning, including CSQA (Talmor



Arithmetic

Models Method
Multiarith GSM8K AddSub AQuA SingleEq SVAMP Average

Base 9844 9297 9713 6824 9856  91.00  91.06
GPT-4 Persona 9778 9406  97.55 7480 9856 9090 9228
(220B*8)  jenyll & Hyde ~ 98.00 9527 9772 7690 9895 9203  93.15
Base 9572 8140  90.97 6260 9783  80.17 8478
GPT-3.5-turbo  Persona 96.50 8327  93.08 6444 9731 8413 8645
(20B) Jekyll & Hyde ~ 97.56  85.01 9291 67.98 9803  84.77 8771
Base 98.56 7859 8776 4738 9423 8230 8147
llama3 Persona 9722 8105 8717 5223 9127 8497 8232
(8B) Jekyll & Hyde ~ 98.17  83.02  89.03 54.07 9462 8650  84.23

Table 2: Main results for Arithmetic datasets. We report accuracy for six arithmetic datasets computed with a
Neutral solver (Base), Persona solver (Persona), and Jekyll & Hyde. Bold values mean the best performance among
the three methods. We execute each model three times and average their performance.

et al., 2019) and StrategyQA (Geva et al., 2021) (3)
Symbolic reasoning, including Last Letter Con-
catenation and Coin Flip (Wei et al., 2022) (4) Oth-
ers, including Date Understanding and Tracking
Shuffled Objects from BIG-bench (Srivastava et al.,
2022). More details about dataset configuration
can be found in Appendix C.

Models. We utilize two black box large language
models released from OpenAl, which are GPT-
4 (gpt-4-0613) and GPT-3.5-turbo (gpt-3.5-turbo-
0125) (OpenAl, 2023), and one open source large
language model llama3 (Al@Meta, 2024). These
models are used as a backbone model of our frame-
work.

Implementation details. To evaluate Jekyll &
Hyde, we testify three cases for each dataset: (1)
Base, which is the case of only utilizing a Neu-
tral solver where persona is not assigned to LLMs,
(2) Persona, a case that only uses Persona solver
which is an LLM assigned with persona, and (3)
Jekyll & Hyde, our proposed framework. Specif-
ically, we investigate the model’s performance by
computing accuracy with the provided label for
each dataset. When using the LLM evaluator in
Jekyll & Hyde, the hyper-parameters are set as fol-
lows: the max attempt k to 5 and temperature 7 to
0.7. Details for determining the hyper-parameters
are shown in section 4.6.

4.2 Jekyll & Hyde enhances the reasoning
abilities of LLMs

Table 2 shows the performance of different meth-
ods on Arithmetic datasets. In addition, Table 3

exhibits the performance of the other datasets (i.g.,
Commonsense reasoning, Symbolic reasoning, and
Others) in the accuracy metric. The result pos-
sesses several points. 1) Persona does not always
improve the performance of an LLM. According to
the result, several datasets show that performance
is better when using a Neutral solver rather than
a persona-assigned LLM. 2) Using the Jekyll &
Hyde framework improves the model performance.
By leveraging the LLM evaluator, performance has
increased in most datasets, regardless of the model
type. This desired behavior shows that the ensem-
ble process aids the task in choosing the correct
answers that could not be correctly answered when
using only a single perspective LLM.

4.3 Automatic persona generation ensures the
robust reasoning ability

In section 3.1, we choose to use an automatically
generated persona rather than a manually hand-
crafted persona for Jekyll & Hyde. We additionally
conduct an experiment to reveal that the automated
persona generation is not only labor-efficient and
flexible but also performs more robustly than hand-
crafted persona, using Aqua and Object tracking
datasets. Using llama3-8B as a backbone model,
we run the model three times for each dataset and
compute the average performance and standard de-
viation for each dataset to verify the method’s ro-
bustness. For the persona generation, we gener-
ate solutions by sampling each word-piece from
the LLLM’s output probability distribution; thus, it
causes the generation of various personas. For the
handcrafted persona, we utilize three different hu-



Models Method Common Sense  Symbolic Reasoning  Other Tasks
CSQA Strategy Letter Coin Date Object Average

Base 7991 7642 1980 6693 7922 4596  61.37
GPT-4 Persona  80.89 7571 9280 7593 7841 5876  77.08
(220B*8)  jexyll & Hyde 8111  77.00 93.00 8027 8238 6169  79.24
Base 7731 6875 1867 4753  67.84 3467  52.46
GPT-3.5-tutbo  Persona 7540 6975 4567 5920 7615 4022  61.07
(20B) Jekyll & Hyde 177.50  70.00 4893  64.00 7678 4222  63.24
Base 7450 6921 8640 9580 7742 4476  74.68
llama3 Persona 7229 7121 8607 9533 7444 47.60 7449
(8B) Jekyll & Hyde 7497 7054 8647  98.67 7904 4858 7638

Table 3: Main results for Common Sense, Symbolic Reasoning, and Other Tasks Datasets. We report accuracy
for six datasets, including Common Sense, Symbolic Reasoning, and Other tasks. Bold values mean the best
performance among the three methods. We execute each model three times and average their performance.

man handcrafted personas for each run to check
the robustness of the performance. Specifically,
we manually select three appropriate handcrafted
personas for the Aqua dataset: Math teacher, Math-
ematician, and Math Tutor. For the Object tracking
dataset, we leverage Observer, Recorder, and Log-
ical Reasoner. As shown in table 5, although the
two methods show comparable performance on
accuracy, we observe that the standard deviation
highly increases when using handcrafted personas.
This implies that performance could vary depend-
ing on the manually designated persona when using
a handcrafted persona. Thus, we believe that using
an LLM-generated persona stabilizes the model
and gives it a smaller margin of error than a manu-
ally handcrafted persona.

4.4 Reasoning ability increases when using the
same LLM for each module consistently

Due to the impact of role-playing prompting to-
wards LLMs, assigning a persona enhances the
reasoning capability of LLMs. In Jekyll & Hyde,
we adopt a process that generates an appropriate
persona for the given question by utilizing three
types of LLMs. For the detailed analysis, we con-
duct an additional experiment to reveal whether a
persona generated from different LLM affects the
LLM solver’s performance. Specifically, we inves-
tigate the relationship between Persona Generator
and Persona Solver by substituting the backbone
model of Persona Solver with another LLM and
computing the average accuracy for each dataset.
We use llama3-8B as the persona generator fixedly

and run three LL.Ms as our backbone model for
the persona solver, involving llama3-8B, GPT-3.5-
turbo, and GPT-4. We utilize five different datasets:
Aqua, AddSub, Coin, Date understanding, and Ob-
ject tracking, and the results can be found in table 6.
As shown, we notice that using the same LLM as a
backbone model reveals the optimal performance,
while using different LLMs for the Persona Solver
degrades the performance.

4.5 Jekyll & Hyde effectively mitigates
position bias

To enhance the performance of the task, it is neces-
sary to mitigate position bias from Evaluator. For
further analysis of the framework’s mitigation pro-
cess, we compare the performance of Jekyll &
Hyde with the existing two position bias mitiga-
tion methods: (1) Portia (Li et al., 2023) and (2)
MEC+BPC (Wang et al., 2023). For better investi-
gation, we also observe the idealistic case when the
Evaluator always picks the desirable gold answer
among the answers of Neutral Solver and Persona
Solver, namely the Oracle Evaluator. We use six
different datasets to test the general use case. Po-
sition bias mitigation experimental results can be
found in table 4. According to the result, we reveal
that the evaluator within Jekyll & Hyde derives the
best performance among the other methods from
most datasets, regardless of the type of the back-
bone model. The details for implementation of
Portia and MEC+BPC is shown in Appendix E.



Models Method AddSub AQuA SingleEq SVAMP Coin  Date
Oracle Evaluator 9772 81.10  99.41 9520  88.80 82.66

GPTA Portia (k = 3) 97.47 7441  98.82 91.80  74.40 80.76
MEC+BPC (k = 3) 9722 7441  98.43 9120  74.00 79.95

Jekyll & Hyde (w/o mitigation) ~ 97.72 7835  98.43 9220 7820 80.22

Jekyll & Hyde 9772 7756 99.02 92.60 79.80 81.57

Oracle Evaluator 95.19 74.41 99.21 87.10 60.80 80.22

e Portia (k = 3) 91.14 6260  98.23 81.80  57.80 72.63
GPT:3.5-turbo MEC+BPC (k = 3) 89.37  62.60  97.64 8020  57.60 75.61
Jekyll & Hyde (w/o mitigation) ~ 92.15  62.60  97.83 8250  56.60 72.63

Jekyll & Hyde 93.16 64.17 9823 83.00 59.60 72.63

Oracle Evaluator 9241 6339  96.06 9020  99.00 84.55

llama3 Portia (k = 3) 8835 5197 9331 86.10 9640 78.86
(8B) MEC+BPC (k = 3) 88.10 5591  91.73 8450 9540 81.03
Jekyll & Hyde (w/o mitigation) ~ 90.38  51.18  94.29 86.10  97.00 79.95

Jekyll & Hyde 91.14 5354  95.67 86.80 9840 79.95

Table 4: Mitigating positional bias. We report that the LLM Evaluator used for Jekyll & Hyde outperforms other
existing methods in most datasets. Despite the marginal increase when using the LLM Evaluator from Jekyll &
Hyde, the Evaluator aids the LLM to nearly approach the performance of an Oracle Evaluator, which is the optimal

performance for the given datasets.

I . Average Standard
Model  Datasets Methods Accuracy (1) Deviation (1)

handcrafted

AQuA persona SL71 6.11

llama3 expert persona 50.66 2.08

(8b)

handcrafted

Object persona 4431 8.02

expert persona 46.71 3.06

Table 5: Standard deviation of handcrafted persona
LLM and LLM generated persona LLM We com-
pute the standard deviation for each dataset after running
three times in order to check the stability of the model
output. As is shown, using an expert persona generates
a smaller value of standard deviation for two datasets,
resulting in utilizing an LLM-generated persona consis-
tently yields robust output.

4.6 Hyper-parameter experiments for the
Evaluator

The number of max attempts (k). We experi-
ment with each hyper-parameter to examine their
impact on the framework’s performance. For the
number of max attempts of the Evaluator, we com-
pare four different values of k € {1,2,5,10}, by
computing the framework’s performance. For the
experiment, we utilize four datasets, namely Mul-
tiArith, SingleEq, Aqua, and Date Understand-
ing. As shown in figure 3-(a), we compare the
experimental results executed from llama3-8B as a
backbone model and reveal the performance of the

Persona Solver

Persona Datasets
generator 777 llama3-8B  GPT-3.5-turbo  GPT-4
AQuA 53.15 52.36 53.54
AddSub 88.35 81.77 82.53
llama3-8B Coin 95.00 90.20 92.80
Date 74.80 71.54 72.63
Object 49.07 46.93 50.93
Average 72.07 68.56 70.49

Table 6: Comparison of average accuracy of Per-
sona Solver when using different LLMs for Persona
Generator. We use the fixed Persona generator (i.g.,
llama3-8B) and evaluate the performance of three dif-
ferent Persona Solvers (i.g., llama3-8B, GPT-3.5-turbo,
and GPT-4) for the Jekyll & Hyde framework. Bold
values mean the highest performance among different
LLMs.

framework increases as the number of attempts in-
creases. Furthermore, we could identify that Jekyll
& Hyde could outperform the single perspective
LLM when the max attempt k is bigger than 1.
Despite the framework’s improvement, increasing
the number of attempts leads to a high-cost burden
on the framework. Since the enhancement of the
framework is getting smaller as the number of the
max attempts increases, we decide to use £ = 5 as
our default setting, which can balance the frame-
work’s performance and prevent fining the model
excessively.



Evaluator[q. 1, 7]

Evaluator[q. r2,1] ~ Final

Dataset  Question (q) Neutral Solver(r1) Persona Solver(r) o o prediction
Two ants are standing side-by-side. One ant, which is 4 inches tall, _explanation: A classic problem! Lets use the concept of similar _explanation: A classic problem! Let's use the concept of similar _ verdict: 1 verdict: 12 D
AQuA  casts a shadow that is 10 inches long. The other ant is 6 inches  triangles to solve this. We can draw a diagram: In this diagram, ~ triangles to solve this. We can draw a diagram: In this diagram,
tall. Compute, in inches, the length of the shadow that the taller  the ratio of the height of the ant to the length of its shadow is the  the ratio of the height of the ant to the length of its shadow is the
ant casts. Answer Choices: (A) 36 (B) 28 (C) 42 (D) 15 (E) 20 same for both ants. Let$ call this ratio "K". - - . we can multiply ~ same for both ants. - - - The correct answer is (D) 15. Therefore,
the height by the ratio k to get: Shadow length = 6 x (2/5) = 12 among A through E, the answer is D
inches So, the correct answer is: (C) 42. Therefore, among A
through E, the answer is C
persona: None persona: Mathematician
answer: C answer: D
Did anyone in the 1912 election take a majority of the popular explanation: In the 1912 United States election, "In the 1912 election, Woodrow Wilson,  verdict: verdict: 11 no
Strategy  vote? Woodrow Wilson, the Democratic candidate, won the majority the Democratic candidate, won the majority of the popular vote,
of the popular vote, receiving 41.8% of the total votes cast. How- receiving 41.8% --- So, to answer your question, yes, Woodrow
ever, - - Theodore Roosevelt won the majority of the electoral ~ Wilson did take a majority of the popular vote in the 1912 election.
Votes. Therefore, the answer (Yes or No) is no Therefore, the answer (Yes or No) is yes
persona: None persona: Historical Election Analyst
answer: no answer: yes
Alice, Bob, and Claire are holding a white elephant gift exchange. Let’s follow the gift-swapping process: 1. Claire ~explanation: A fun gift exchange problem! Let’s break it down  verdict: 71 verdict: 7| B

Object

different color: Alice has a orange ball, Bob has a purple present, — the blue present. 2.
and Claire has a blue present. As the event progresses, pairs of
people swap gifts. First, Claire and Alice swap their gifts. Then,
Alice and Bob swap their gifts. Finally, Bob and Claire swap their
gifts. At the end of the event, Alice has the Which choice is true ?
Answer Choices: (A) orange ball. (B) purple present. (C) blue
present.

Therefore, among A through C, the answer is B

persona: None
answer: B

At the start of the event, they are each holding a present of a and Alice swap gifts: Claire gets the orange ball, and Alice gets ~ step by step: 1. Cla
. At the end of the event, Alice has the ~ ball, and Alice gets the blue present. 2.
purple present. Therefore, the correct answer is: (B) purple present.

and Alice swap gifts: Claire gets the orange
. So, the correct answer
is: (A) orange ball. Therefore, among A through C, the answer is

persona: Gift Exchange Analyst
answer: A

Table 7: Qualitative analysis. We conduct a qualitative analysis of Jekyll & Hyde on three datasets. Jekyll &
Hyde’s Persona Solver attains dynamic persona based on the Persona Generator (e.g., Classical Mythology Scholar).
Additionally, examples reveal that Evaluator is working properly via selecting the correct answer among different

solutions from each Solver.

Accuracy

L s pe— —e— Jekyll & Hyde 795 —e— Jekyll & Hyde
fffff Persona Solver 790 ----- Persona Solver
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5 0 07
(a) max attempt k (b) temperature t

Figure 3: Hyper-parameters Experiments. Variation
of averaged accuracy with a (a) various number of max
attempt k£ and (b) temperature of the LLM 7 used in
LLM evaluator. X and Y axes correspond to each hyper-
parameter setting and accuracy, respectively.

The temperature of the Evaluator (7). We fur-
ther investigate the impact of the Evaluator’s token
generation temperature by comparing the frame-
work’s performance. Specifically, we utilize four
different temperatures 7 € {0.1,0.4,0.7,1.0} to
examine how the generation diversity affects the
performance of the Evaluator. Figure 3-(b) shows
that temperature 7 = 0.7 exhibits the optimal per-
formance among others.

4.7 Qualitative analysis

We qualitatively analyze our method on three differ-
ent datasets, namely Aqua, StrategyQA, and Object
tracking. Table 7 exhibits the result of qualitative
analysis. These results reveal that the persona is
dynamically generated based on the question from
the LLM, stating different personas (i.g., Math-
ematician, Gift Exchange Analyst) for different
arithmetic questions. Additionally, running the pro-
posed evaluator eventually gives a consistent ver-
dict, which mostly ends up deriving the correct out-
put for the given question. This meticulous process
aids the framework in mitigating position bias that

exists inside the LLM when using it as an evaluator,
increasing the performance of the framework.

5 Conclusion

In this paper, we propose Jekyll & Hyde, a novel
framework that solves the reasoning problem by
ensembling personated and neutral perspectives.
Evaluations across twelve representative reasoning
benchmark datasets present that our framework sur-
passes both cases when the persona is assigned or
not on most datasets. In addition, our framework’s
novel method of mitigating position bias has shown
better performance when compared with existing
methods. These results highlight the impact of uti-
lizing LLLM with and without persona to improve
performance in reasoning tasks. Overall, this work
sets the initial stage for further investigation in com-
bining solutions from different viewpoints within
the LLM community, a promising research direc-
tion for improving reasoning abilities.

6 Limitations

Although existing methods require additional com-
putation cost and Jekyll & Hyde is comparable in
efficiency to them, our method still requires more
computation cost than single perspective LLMs
since it runs the LLM at least twice for a single
instance. In practice, users can leverage Jekyll
& Hyde by setting the maximum attempt of the
model into 2, which still outperforms using a sin-
gle perspective LLM. In addition, the performance
of Jekyll & Hyde is upper-bounded since ques-
tions that both perspective LLMs answered incor-
rectly can not be answered correctly using Jekyll



& Hyde. These aspects of exploration are left to
future works.
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A Prompt Design

In Jekyll & Hyde, we leverage three types of LLMs,
namely Persona Generator, Solver, and Evalua-
tor. Since each LLM has different roles, they also
have different persona designs. Table 8, 9 shows
the Persona Generator and Evaluator prompt, re-
spectively. These prompt designs are followed by
(Zheng et al., 2024), and we manually revise them
to give better instructions for all LLM baselines.

7

SystemMessage:
You have a special ability in giving job recommenda-
tions that could sufficiently solve the given problem.

HumanMessage:
This is the user’s question: {input}

According to the question, recommend a job that can
sufficiently solve the user’s question. Here are some
rules you need to follow:

1. give a description of the job in JSON format with
the following keys:

- job: a specific job name

2. Do not give any reasons or preambles about your
response

Output:

Table 8: The template for persona generator with one
slot {input}. Based on the given template, the persona
generator yields a unified occupation name (e.g. Math
teacher)

B Solver mechanism

When running the LLM under the zero-shot setting,
the response is not fixed in a certain format. To
extract the answer from the response, we follow the
technique of Zero-Shot CoT(Kojima et al., 2022).
In detail, the technique consists of two steps, which
first generates the response from the LLM based
on role-playing prompting and the given question.
Then, we concatenate the question, response from
the previous step, and an answer trigger together
and input them to the LLM, computing the extract-
ing the final answer from the response. The entire

10

Please act as an impartial judge and evaluate the qual-
ity of the responses provided by two Al assistants to
the user question displayed below.

Your evaluation should ONLY consider correctness.
You will be given assistant A’s answer, and assistant
B’s answer.

Your job is to evaluate which assistant’s answer is bet-
ter. You should independently solve the user question
step-by-step first

Then compare both assistants’ answers with your
answer. Identify and correct any mistakes.

Based on the given two solutions for the following
question, you need to choose the best solution based
on their explanation and answer

First, solve the problem step by step, and then
identify errors and flaws from the given solutions if
needed.

Please note that:

1. Avoid any position biases and ensure that the or-
der in which the responses were presented does not
influence your decision.

2. Do not allow the length of the responses to influ-
ence your evaluation.

3. Do not favor certain names of the assistants. Be as
objective as possible.

4. Give reason for your choice between two solution.
5. You must output your final verdict by strictly
following this format: "[[A]]" if assistant A is better,
and "[[B]]" if assistant B is better

This is your user’s question: {question}

assistant A’s answer: {assistantA_answer}
assistant A’s explanation: {assistantA_explanation}

assistant B’s answer: {assistantB_answer}
assistant B’s explanation: {assistantB_explanation}

Now, begin!
Final verdict:

Table 9: The evaluation template with five slots ({ques-
tion}, {assistantA_answer}, {assistantA_explanation},
{assistantB_answer}, and {assistantB_explanation}).
The final verdict output [[A]] or [[B]]

progress is shown in figure 4. The answer trigger
sentences for various datasets are depicted in Table
10.

C Dataset Details

In this section, we briefly introduce twelve datasets
spanning four categories below. Specific details are
shown in Table 11

Arithmetic. We leveraged the following six
datasets: MultiArith, GSM8K, AddSub, AQUA,
SingleEq, and SVAMP. All questions in these
datasets include a particular scenario and require
reasoning based on mathematical knowledge.



Answer Format

Answer Trigger

arabic number
option (A-E)
option (A-C)
yes or no
string

Therefore, the answer (arabic numerals) is
Therefore, among A through E, the answer is
Therefore, among A through C, the answer is
Therefore, the answer (Yes or No) is
Therefore, the final answer is

Table 10: Answer trigger sentences for various answer formats.

1. Answer Generation

System: ‘You are a ${Persona}’
User: [Question]

[Assista nt: [Answerl] ]

2. Answer Extraction

System: ‘You are a ${Persona}’
User: [Question] + [Answerl] + [Answer trigger]

[Assista nt: [Answer2] ]

Figure 4: an entire process of how Solver works

Commonsense Reasoning. We employ Com-
monsenseQA and StrategyQA. Both of them re-
quire reasoning based on common sense.

Symbolic Reasoning. we utilize Last letter con-
catenation and Coin Flip. Last Letter Concatena-
tion demands concatenation of the last letter of the
given four words. Coin Flip gives a sequence of op-
erations to flip a coin and asks for the final state of
the coin. We utilized these two datasets following
the approach of Kojima et al. (2022).

Other Reasoning Tasks. We use Date Under-
standing and Tracking Shuffled Objects from Big-
bench(Srivastava et al., 2022). Date Understanding
requires date calculations. Tracking Shuffled Ob-
jects gives a sequence of object substitution opera-
tions and then asking the final location of a certain
object.

D Confusion matrix for other datasets

As shown in Table 1, we reveal that some of the
questions are correctly answered with LLMs with-
out role-playing prompting, while getting wrong
when using LLM with role-playing prompting.
Here, we provide the result of a confusion matrix
for other datasets, namely the StrategyQA, Coin
Flip, and Object Tracking datasets. Table 12, ex-
hibit the confusion matrix for each dataset, respec-
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tively.

E Implementation details for Portia and
MEC+BPC

In section 4.5, we conduct an experiment to com-
pare the performance of mitigating position bias.
Here, we employed two existing methods, specifi-
cally Portia and MEC+BPC.

Portia is introduced by Li et al. (2023), which
mitigates position biases by slicing each given re-
sponse into chunks and putting them alternately
into the prompt, mitigating the information of the
order between the given responses. We imple-
mented this method by slicing the given response
into chunks with fixed lengths and then inserting
them alternately into the evaluation prompt.

MEC+BPC is introduced by Wang et al. (2023)
to mitigate position bias in the LLM Evaluator. It
utilizes two evaluation prompts with differently or-
dered sequences (in forward and reverse orders)
of the response. This method executes each eval-
uation prompt to estimate the scores of two re-
sponses, respectively. After deriving scores for
each response, it aggregates and computes the final
scores of each response by averaging scores for
the two sequences of solutions, respectively. We
implemented MEC+BPC by preparing two eval-
uation prompts for the two sequences. Then, we
ran the model and computed the score for each re-
sponse. For robust answer generation, the model
is run three times, and the average of the scores is
computed.



Dataset Answer Format Ny Lq License

SingleEq arabic number 508 274 No License
AddSub arabic number 395 31.5 Unspecified
MultiArith arabic number 600 31.8 Unspecified
GSMSK arabic number 1319 46.9 MIT License
AQUA option (A-E) 254 51.9 Apache-2.0
SVAMP arabic number 1000 31.8 MIT License
CommonsenseQA option (A-E) 1221 27.8 Unspecified
StrategyQA yes or no 2290 9.6 Apache-2.0
Date Understanding option (A-F) 369 35.0 Apache-2.0
Object Tracking option (A-C) 750 91.1 Apache-2.0
Last Letters string 500 15.0 -

Coin Flip yes or no 500 37.0 -

Table 11: Relevant information of 12 datasets. IV, denotes the number of questions in each dataset. L, denotes the
average words of questions in each dataset.

Persona Solver

Method (w/ Persona)
StrategyQA Coin Flip Object Tracking
| Wrong | Right || | Wrong | Right || | Wrong | Right

Neutral Solver

(wlo Persona) Wrong | 19.39% | 12.31% || Wrong | 4.60% | 4.00% || Wrong | 46.67% | 18.13%

Right | 10.31% | 57.99% || Right | 18.00% | 73.40% || Right | 12.93% | 22.27%

Table 12: Confusion matrix between Neutral Solver (w/o Persona) and its Persona Solver (w/ Persona) on StrategyQA
dataset.
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