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Abstract

Role-playing has emerged as an effective tech-
nique for enhancing the reasoning capabilities
of large language models (LLMs). However,
existing methods primarily rely on prompt en-
gineering, which often lacks stability and inter-
pretability. In this paper, we introduce Sparse
Autoencoder Role-Playing Steering (SRPS),
a novel framework that identifies and manip-
ulates internal model features associated with
role-playing behavior. Our approach extracts
latent representations from role-play prompts,
selects the most relevant features based on acti-
vation patterns, and constructs a steering vector
that can be injected into the model’s residual
stream with controllable intensity. Our method
enables fine-grained control over role-specific
behavior and offers insights into how role in-
formation influences internal model activations.
Extensive experiments across various reason-
ing benchmarks and model sizes demonstrate
consistent performance gains. Notably, in the
zero-shot chain-of-thought (CoT) setting, the
accuracy of Llama3.1-8B on CSQA improves
from 31.86% to 39.80%, while Gemma2-9B
on SVAMP increases from 37.50% to 45.10%.
These results highlight the potential of SRPS to
enhance reasoning ability in LLMs, providing
better interpretability and stability compared to
traditional prompt-based role-playing.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across a wide range of
natural language understanding and generation
tasks, including question answering (Allemang and
Sequeda, 2024), text classification (Zhang et al.,
2024b), summarization (Zhang et al., 2024a), and
dialogue systems (Yi et al., 2024). These mod-
els serve as foundational components for numer-
ous downstream applications, benefiting from their
strong generalization abilities and sophisticated un-
derstanding of context.
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One increasingly important application of LLMs
is role-playing, in which a model is instructed to
behave in a manner consistent with a specified char-
acter, persona, or domain expert (Shanahan et al.,
2023). In role-playing, the model is expected to
adapt its linguistic style, domain knowledge, and
thought process to reflect the perspective of a partic-
ular identity. A specific example of such a role-play
prompt could be: “As a highly qualified mathemat-
ics teacher, you excel at solving problems systemat-
ically and explaining solutions with clarity. Please
solve the following problem:”. This approach has
been shown to effectively enhance the model’s per-
formance in reasoning tasks, since the assumed role
often helps shape the model’s reasoning patterns in
useful ways (Kong et al., 2023).

Despite the promise of role-playing techniques,
current approaches to leveraging them remain lim-
ited in several key aspects. First, most existing
methods rely heavily on prompt engineering, of-
ten by prepending a description of the desired role
to the input (Kong et al., 2023; Han and Wang,
2024). Such methods are highly unstable, even
minor changes in punctuation, word choice, or for-
matting can lead to significant variations in perfor-
mance (Shu et al., 2024; Mizrahi et al., 2024). This
instability arises because LL.Ms are sensitive to
prompt phrasing, and prompts that seem reasonable
to humans are not necessarily effective for LLMs
(Liu et al., 2024, 2021). Second, these approaches
operate entirely at the input level, offering little
interpretability or control over the model’s inter-
nal reasoning process. As a result, it is difficult to
understand how role information influences model
behavior, or to systematically steer the model to-
ward desired behaviors. Third, prior studies on role-
playing have primarily evaluated its effectiveness
under zero-shot and zero-shot CoT settings (Wei
et al., 2022; Kojima et al., 2022), leaving its per-
formance in more practical one-shot and few-shot
scenarios largely unexplored (Kong et al., 2023;
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Figure 1: Overview of the SRPS Framework. The LLM takes two types of inputs: one with a role-play prompt and
one without. The representation with the role-play prompt is denoted as r*, while r~ denotes the representation
without the role-play prompt. Both representations are passed through an encoder and perform feature selection that
identifies the Top-K steering vectors. These selected vectors are then passed through a decoder to construct the final
steering shift vector s. This vector is injected into r~ to steer the model’s output toward the desired role behavior.

Han and Wang, 2024).

To address the limitations of prompt-based role-
playing, we propose a stable and interpretable steer-
ing approach, Sparse Autoencoder Role-Playing
Steering (SRPS). We use a pretrained Sparse Au-
toencoder (SAE) to analyze the internal activations
of an LLM during role-play prompting. We iden-
tify the top-k features that are most strongly and
frequently activated by role-play prompts, and use
them to construct a steering vector that captures the
behavioral shift induced by role-playing. At infer-
ence time, this vector is added to the model’s resid-
ual stream with a tunable scaling factor, enabling
stable steering of the model’s internal state toward
the desired role-based reasoning behavior. To bet-
ter understand why the top-£ features influence the
model’s reasoning process, we use Neuronpedia
(Lin, 2023) to interpret their semantic functions,
offering insight into how role-playing enhances
model performance. Finally, we examine accuracy
variation across different sets of k features, demon-
strating the effectiveness of our feature ranking
method. Extensive experiments show that our steer-
ing mechanism consistently enhances the model’s
reasoning ability and achieves performance compa-
rable to prompt-based role-playing in most cases.
Our contributions can be summarized as follows:

* We propose SRPS, a fine-grained and stable steer-
ing method that modulates the internal behavior
of LLMs.

* We reveal the underlying mechanism of role-
playing effectiveness using features extracted

from pretrained SAEs.

» Experiments across multiple models and reason-
ing benchmarks indicate that the proposed SRPS
consistently improves model performance and
performs as well as prompt-based approaches.

2 Related Work

2.1 Sparse Autoencoders

Steering methods have emerged as effective ap-
proaches for controlling and interpreting the be-
havior of LLMs (Wu et al., 2024; Templeton et al.,
2024; Arditi et al., 2024; Singh et al., 2024; Bi
et al., 2024; Li et al., 2025; He et al., 2025a). SAEs
(Shu et al., 2025) have further strengthened this di-
rection by offering a powerful tool for uncovering
interpretable structures within LLMs. Cunningham
et al. (2023) demonstrate that SAEs can extract
highly interpretable and monosemantic features
from LLM activations, enabling fine-grained analy-
sis of model behavior. Building upon this, Bricken
et al. (2023) apply dictionary learning techniques
to decompose LLM representations into semanti-
cally meaningful components, facilitating a deeper
understanding of their internal mechanisms. To
enhance the reconstruction fidelity of SAEs with-
out compromising interpretability, Rajamanoharan
et al. (2024) introduce JumpReLLU SAEs, which uti-
lize a discontinuous activation function to achieve
state-of-the-art performance on large models like
Gemma2-9B (Team et al., 2024). Furthermore,
Gao et al. (2024) explore the scalability of SAEs,
training models with up to 16 million latents on
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GPT-4 (Achiam et al., 2023) activations and es-
tablishing clear scaling laws that balance sparsity
and reconstruction accuracy. These advancements
highlight the effectiveness of SAEs in interpreting
and analyzing the complex behaviors of LLMs.

2.2 Role-Play Prompting

Role-play prompting has been explored as a tech-
nique to enhance the reasoning capabilities of
LLMs by assigning them specific personas or roles
(Shanahan et al., 2023). Kong et al. (2023) intro-
duce a structured two-stage role-play prompting
procedure. In stage 1, a role-setting prompt is con-
structed and multiple role-feedback responses are
sampled; in stage 2, both the role-setting prompt
and the selected optimal role-feedback response are
provided to the model for answer generation, mak-
ing the role-play context more immersive. Exten-
sive experiments demonstrate that the strategy con-
sistently outperforms standard zero-shot approach
across various reasoning benchmarks. However,
the effectiveness of role-play prompting is not uni-
versal. Han and Wang (2024) critically examine its
application in mathematical reasoning tasks, find-
ing that directly adding role-play prompts before
questions does not always enhance model perfor-
mance and may sometimes even degrade it. These
studies collectively highlight the potential and lim-
itations of role-play prompting, emphasizing the
need for general strategies that can reliably and
consistently improve LLM reasoning performance
across diverse tasks.

2.3 Chain-of-Thought Reasoning

The idea of CoT reasoning is to make the model
mimic the human thought process when solving
complicated reasoning tasks (Wei et al., 2022). It
enables the model to break down the problem into
several intermediate steps and solve each one be-
fore arriving at the final answer. This approach
has been shown to notably enhance the model’s
reasoning ability and significantly improve its per-
formance on arithmetic, symbolic, and common-
sense reasoning tasks. In few-shot CoT prompt-
ing (Wei et al., 2022), step-by-step reasoning pro-
cess is demonstrated in the exemplars and fed into
the model as input. And in zero-shot CoT (Ko-
jima et al., 2022), CoT reasoning can be elicited
from LLMs by simply adding “Let’s think step by
step” to the prompt. This requires no fine-tuning or
task specific conditioning, and substantially outper-
forms standard zero-shot learning and sometimes

even few-shot learning on a wide range of tasks.

3 Proposed Steering Framework

In this section, we present our proposed SAE-
based role-playing steering (SRPS) framework.
As shown in Figure 1, we begin by constructing
role-playing prompt sets across different domains,
which serve as inputs for activation extraction.
Next, we identify the top-k features that are most
relevant to role-playing by analyzing their activa-
tion strength and frequency on role-play prompts.
Based on the selected features, we compute a steer-
ing shift vector and inject it into the model’s resid-
ual stream, scaled by a tunable parameter that con-
trols the strength of steering.

3.1 Extracting Role-Play Activations

We construct N sample pairs from the training set
for every dataset, each consisting of a positive and
a negative sample. The positive sample includes a
question prepended with a role-play prompt, while
the negative sample is the same question without
the role-play instruction. To avoid overfitting to
the surface form of a single instruction, where the
model memorizes its literal meaning instead of
learning a generalizable behavior vector (He et al.,
2025b), we design five semantically diverse prompt
variants for each role.

For each prompt pair, we extract the residual
stream representations of the samples and compute
their corresponding latent activations using the pre-
trained SAE. We then calculate the mean activation
of each sample by averaging over all tokens, which
we use to identify features associated with role-
playing. When averaging activations, we exclude
punctuation, stop words, and the Beginning Of Se-
quence (BOS) token. As these tokens frequently
occur in role-play prompts but carry limited se-
mantic value, and including them could cause the
steering vector to rely on spurious patterns, poten-
tially degrading steering effectiveness.

3.2 Role-Relevant Feature Selection

To identify features that are most relevant to role-
play behavior, we compute the mean SAE latent ac-
tivation differences across each sample pair. Specif-
ically, a;; represents the activation of the ¢-th SAE
feature for the j-th sample with a role-play prefix,
while a;; denotes the corresponding activation for
the same sample without role-play prompt. The av-
erage activation difference for each feature across
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N sample pairs is computed as:

—aj;). (1)

Jj=1

In addition to activation strength, we evaluate
the frequency with which each feature is activated
above a threshold ¢ across N sample pairs. With
1(-) being the indicator function, we define the
activation frequency difference between samples
with and without role-play prompts as:

0 = f; - f;

1Y 1Y
NE ]la > 0) — NE 1(a;; > 0),
)

where f;r and f;” represent the activation fre-
quency of the ¢-th feature in samples with and
without role-play prompts respectively. Finally,
to integrate both activation strength and frequency,
we define a sensitivity score for each feature as:

I = pi + - 05, 3)

where (3 is a tunable hyperparameter that balances
the influence of the two components.

The sensitivity score quantifies the extent to
which a feature’s activation shifts between sam-
ples with and without role-play prompts, capturing
both strength and frequency differences. A higher
score indicates that the feature is more strongly
influenced by role-playing and is therefore more
relevant for steering. The top-k features with the
highest sensitivity scores are then selected for con-
structing the steering shift vector.

3.3 Steering Vector Construction

After selecting the top-k role-relevant features, we
retrieve their steering vectors from the SAE de-
coder Wye. € R¥*" where d is the number of
features and £ is the dimensionality of the residual
stream. The steering vector corresponding to the -
th selected feature is represented as v; = Wecli, 1.

As sentence-level instructions contain rich and
complex meanings spread across multiple features,
using a single vector is often insufficient for effec-
tive steering (He et al., 2025b). Therefore, we use
a set of vectors to better capture the full effect of
role-playing. We define the overall steering shift
as a weighted combination of the top-k steering

vectors, where the weight for each selected fea-
ture corresponds to its mean activation o; across
N positive samples. The final steering shift vector
s € R" is computed as:

k
s = Z o+ V. €))
i=1

To apply the computed shift vector, the steering
signal is injected into the residual stream represen-
tation of the input over the last token at layer [,
thereby adjusting the model’s internal activations
before decoding. The original residual stream rep-
resentation at this position is represented as r, and
A is a tunable scaling factor that controls the steer-
ing strength. The updated residual stream represen-
tation is computed as:

Tpew =T+ )\ -s. 5)

Finally, to maintain the original capabilities of the
LLM and ensure stability during the steering pro-
cess, we follow the normalization strategy pro-
posed by Liu et al. (2023) and apply it to the up-
dated representations:

]l

HrneWH2'

(6)

Inew ‘= Tnew *

4 Experiments

In this section, we conduct a series of experiments
to evaluate the effectiveness and interpretability
of our role-playing steering method. We aim to
answer the following research questions (RQs):

* RQ1: How effectively does our steering method
improve model performance? (Section 4.2)

* RQ2: How do the selected SAE features explain
the model’s reasoning enhancement under role-
playing? (Section 4.3)

¢ RQ3: How do the features with different rank-
ings affect steering performance? (Section 4.4)

4.1 Experimental Settings

Datasets and Models. We conduct experiments on
multiple language models, including Gemma2-2B,
Gemma2-9B (Team et al., 2024), and Llama3.1-
8B (Grattafiori et al., 2024). Our evaluation spans
three datasets across two reasoning categories: (1)
Arithmetic reasoning, including GSM8K (Cobbe
et al., 2021) and SVAMP (Patel et al., 2021); and
(2) Commonsense reasoning, represented by CSQA
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Benchmark \ GSMS8K \ SVAMP \ CSQA

Evaluation Setting ‘ 4-shot ‘ 1-shot ‘ 0-shot ‘ 4-shot ‘ 1-shot ‘ 0-shot ‘ 4-shot ‘ 1-shot ‘ 0-shot

original prompting 52.84 42.68 40.26 67.60 60.30 59.80 72.24 66.75 31.86
Llama3.1-8B role-play prompting | 54.517 | 41.85] | 38.13 ] | 6540 | 5590 | | 54.60 ] | 73.711 | 65.19 ] |27.27]
o SAE-based steering | 54.66 1 | 43.75 1 | 44.66 T | 68.20 T | 60.60 17 | 63.70 T | 72.65 1 | 69.78 T | 39.80 1

original prompting 25.85 14.63 18.35 46.70 36.60 31.60 63.06 56.43 17.20
Gemma2-2B role-play prompting | 27.90 T | 18.20 1 | 24.26 1 | 45.50 | | 39.20 1 | 55.10 1 | 60.11 | | 54.22 | | 25.88 T
SAE-based steering | 26.61 1 | 17.44 1 | 22.06 7 | 47.40 1 | 38.10 7 | 34.20 7 | 63.06 — | 59.54 1 | 20.56 1

original prompting 66.57 61.64 39.12 81.20 79.20 37.50 79.36 71.99 41.69
Gemma2-9B role-play prompting | 65.50 | | 59.51 ] | 49.731 | 7940 | 7570 | | 75.30 7 | 78.13 ] | 73.461 | 46.44 7
SAE-based steering | 66.79 1 | 61.87 17 | 39.88 1 | 81.30 7 | 79.80 1 | 45.10 7 | 80.02 1 | 71.99 48.08 1

Table 1: Accuracy comparison of models with different methods on each dataset. Green, red and gray arrows
indicate performance changes against the original prompting. The best result in each group is highlighted in bold.

(Talmor et al., 2018). Additional dataset details are
provided in Appendix A.2.

Instruction Design. We follow the setup of Kong
et al. (2023) to design role-play prompts across two
reasoning domains. For arithmetic reasoning, the
LLM is assigned the role of a mathematics teacher,
while the user takes the role of a student. For com-
monsense reasoning, the LLM assumes the role of
a contestant in a general knowledge quiz, with the
user acting as the moderator. To ensure coherence,
we insert a transition sentence between the role-
play prompt and the task question. Additionally,
to introduce linguistic diversity and avoid prompt
overfitting, we design five distinct prompt variants
for each role. All role-play prompts are provided
in Table 5 in Appendix A.1.

Baselines. We compare the performance of our pro-
posed steering method against two baselines: the
model prompted with the original question, and the
model using a prepended role-play prompt. Evalu-
ations are conducted under three settings: few-shot
CoT (4-shot), one-shot CoT, and zero-shot CoT.
We append “Let’s think step by step” to the origi-
nal question to elicit CoT reasoning in LLMs. For
one-shot and few-shot exemplars, we follow Wei
et al. (2022) to construct them (see Table 6 and 7
in Appendix A.1). For the prompt-based baseline,
we prepend each of the five role-specific prompts
designed for steering to the input question respec-
tively, and select the best result among them for
comparison. The model accuracy for each role-play
prompt, along with the average and standard devia-
tion across the five prompts, is reported in Table 8
in Appendix B.

Implementation Details. The number of input
sample pairs N is set to 1,000. We use pretrained

SAEs from Gemma Scope (Lieberum et al., 2024)
and Llama Scope (He et al., 2024) for latent ac-
tivation extraction. Since deeper layers in LLMs
integrate broader contextual information and cap-
ture higher-level representations, and SAEs with
larger dimensions provide better interpretability of
extracted features, we select the later layers and
the highest available SAE dimensionality for our
experiments. We use the SAE with 131K dimen-
sion from layer 25 for Llama3.1-8B, 65K dimen-
sion from layer 25 for Gemma2-2B, and 131K di-
mension from layer 35 for Gemma2-9B. In our
experiments, we choose the top 15 SAE latent fea-
tures with the highest sensitivity scores for steering,
as He et al. (2025b) demonstrate that the model
achieves the optimal performance when steering
is performed using 15 latent dimensions. Other
hyperparameter choices for all the experimental
settings are summarized in Table 4 in Appendix C,
where we further discuss the influence of different
hyperparameters on the steering effect.

4.2 Benchmark Performance Comparison

Our main results are presented in Table 1 and are
discussed in the following section.

Effectiveness of the Proposed SRPS. As shown
in Table 1, our steering approach demonstrates
superior performance, outperforming the original
prompting in 25 out of 27 evaluation settings and
achieving comparable results in the remaining two
settings on the CSQA dataset. Compared to the
prompt-based role-playing baseline, our method
achieves better results in 17 out of 27 evaluation
settings. These results highlight the effectiveness
of our SAE-based steering mechanism across mod-
els and tasks.

Steering Performance Comparison across Dif-
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Question: Each pack of dvds costs 107 dollars. If there is a discount of 106 dollars on each pack,
how many packs of dvds can you buy with 93 dollars?

Math is a process.

We know that each pack costs 107 dollars. If there is a discount of
106 dollars on each pack, then the price of each pack is 107 - 106
=1 dollar. We also know that we can buy 93 dollars worth of dvds.
We can divide 93 by 1 to find out how many packs we can buy.

You can buy 93 dollars /
107 dollars = 0.88 packs.

Output: 0.88 x
Output: 93

(a) Before Steering

(b) After Steering

Figure 2: Comparison of model outputs before and after steering, using an example from the SVAMP dataset.

ferent Evaluation Settings. We conduct exper-
iments under few-shot, one-shot, and zero-shot
CoT settings to assess the effectiveness of our
steering method. Results reveal that steering is
particularly effective in zero-shot CoT, whereas
its impact is reduced when few-shot examples are
available. For example, on the CSQA dataset with
Llama3.1-8B, the accuracy improves slightly under
few-shot CoT setting (from 72.24% to 72.65%),
and by about 3% (from 66.75% to 69.78%) un-
der one-shot CoT setting, while the accuracy in-
creases significantly from 31.86% to 39.80% in
zero-shot CoT. A similar trend is observed with
Gemma2-9B, where its zero-shot performance im-
proves from 37.50% to 45.10% on SVAMP, and
from 41.69% to 48.08% on CSQA. This suggests
that steering provides greater benefits when the
model lacks demonstrations. In contrast, under
few-shot CoT, where model performance is already
strong, the potential for further improvement is
more limited.

Furthermore, the steering method outperforms
prompt-based role-playing in 4 out of 9 zero-shot
CoT settings, 6 out of 9 one-shot CoT settings, and
7 out of 9 few-shot CoT settings. This suggests that
the steering approach is particularly advantageous
under one-shot and few-shot CoT, while both meth-
ods perform comparably in zero-shot CoT scenario.
However, the performance variation is particularly
large using role-play prompts under zero-shot CoT
(see Table 8). Compared to prompting, our steer-
ing method offers better interpretability and more
stable, controllable behavior, making it a more prac-
tical alternative to prompt-based role-playing.

Steering Performance Comparison across Dif-
ferent LLMs. Among all the evaluated models,
Llama3.1-8B exhibits the most significant perfor-
mance improvement after steering, with the accu-
racy consistently surpassing the original prompting

across all evaluation settings evidently. In contrast,
Gemma2-9B appears less sensitive to activation
perturbation, showing only modest performance
gains in most few-shot and one-shot CoT scenarios,
which is likely due to its already strong baseline
performance.

Compared to the prompting baseline, our steer-
ing method yields higher accuracy in 3 out of 9
experimental settings with Gemma?2-2B, 6 out of
9 settings with Gemma2-9B, and 8 out of 9 set-
tings with Llama3.1-8B. This trend suggests that
steering offers greater advantages over prompting
in larger LLMs.

4.3 SAE Feature Analysis

To understand how the selected SAE features en-
hance model reasoning under role-playing, we con-
duct a semantic analysis of their activations using
Neuronpedia (Lin, 2023). Specifically, we ana-
lyze features from Layer 35 of Gemma2-9B for
arithmetic reasoning and features from Layer 25
of Gemma?2-2B for commonsense reasoning, as
shown in Table 2. Figure 3 presents the top-1
ranked feature across all evaluation settings in each
domain, showing the corresponding positive and
negative output logits. We found the extracted fea-
tures align well with the expected domain knowl-
edge for each reasoning task, validating the inter-
pretability and task relevance of our steering mech-
anism. Figure 2 illustrates the impact of our steer-
ing method on model outputs. See Appendix D for
more examples.

Arithmetic Reasoning. The extracted features for
arithmetic reasoning exhibit strong semantic align-
ment with mathematical concepts and problem-
solving process. As shown in Figure 3a, the top-
ranked feature is associated with the semantics
“math”, aligning well with the nature of the arith-
metic tasks. Additional relevant features are pre-
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NEGATIVE LOGITS

POSITIVE LOGITS

NEGATIVE LOGITS

POSITIVE LOGITS

Ve BN yo D\
.scalablytyped -0.08 Math | 040 massages -0.49 quiz 1.43
Inlining -0.06 math 0.39 IndentedString -0.47 Quiz 1.35
lei -0.06 Math 0.37 neider -0.46 trivia 1.27
Meyer -0.06 math 0.34 inely -0.46 Quiz 1.25
obar -0.06 mathematics 0.33 creativa -0.46 quiz 1.18
Millet -0.06 mathematical 0.32 recomand -0.45 Trivia 1.17
557 -0.06 maths 0.31 WriteLiteral -0.45 quizzes 1.13
_DIP -0.05 Mathematics 0.31 Estatal -0.45 contestants 1.12
iss -0.05 Mathematical 0.31 Christo -0.44 answers 1.10
IFA -0.05 \.math /029 Sime -0.43 \Quiz /110

(a) Arithmetic Reasoning

(b) Commonsense Reasoning

Figure 3: Top 10 negative and positive output logits of the highest-ranked feature across all evaluation settings in
arithmetic and commonsense reasoning tasks. Data sourced from Neuronpedia (Lin, 2023).

Arithmetic Reasoning

Commonsense Reasoning

Semantics Feature Index Semantics ‘ Feature Index

math, mathematics 74432 quiz 13980
tutoring, teaching 57569, 21959, 47110 contestant 14140
problem solving 102613, 126192, 41962 | reality 59617
thinking, reasoning, critical, analytical | 60715 contest, competition, exams | 15478, 26757
formulas, equations 13482 think, focus 42261

coding, programming 117154 host 1733

calculus, differential 90027 general 35525

Table 2: Task-related features extracted from Layer 35 of Gemma2-9B for arithmetic reasoning and from Layer 25
of Gemma2-2B for commonsense reasoning.

sented in Table 2 and analyzed as follows:

* mathematics, formulas, equations, programming,

also demonstrate a high degree of semantic rel-

evance to the task. As shown in Figure 3b, the

top-ranked feature is associated with the seman-

calculus: The semantics of these features are
strongly associated with core mathematical ter-
minology. Such alignment is essential for arith-
metic reasoning tasks like GSM8K and SVAMP,
which require numerical computation and alge-
braic manipulation.

tutoring, teaching: The meaning conveyed by
these features suggests that our steering method
effectively applies the assigned teacher role to
the LLM, thereby guiding the model toward the
intended role-consistent behavior.

thinking, reasoning, critical, analytical, logical,
problem solving: Analysis of these features re-
veals that role-play prompts contain elements that
are essential for supporting in-depth reasoning in
the LLMs. These features likely help trigger step-
by-step problem solving, leading to improved
overall model performance.

Commonsense Reasoning. The features activated
through role-playing in commensense reasoning

tics “quiz”, which is consistent with the general
knowledge contest scenario assigned to the model.
Other beneficial features are listed in Table 2 and
analyzed below:

* quiz, contest, exams, contestant, host: The se-
mantics of these features align closely with the
quiz competition context of the role. Framing
the LLM as a competitive quiz participant likely
promotes focused, goal-driven reasoning, encour-
aging the retrieval of relevant knowledge and the
selection of correct answers.

* reality, general: Commonsense reasoning tasks
rely on everyday general knowledge. Features
with semantics like “reality” and “general” may
help ground the model’s responses in plausible
world knowledge by activating internal represen-
tations of factual information, enabling more ac-
curate selection of answer choices.

e think, focus: Similar to arithmetic reasoning,
role-playing prompt in commonsense reasoning
also involves features whose semantics are re-
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Figure 4: Comparison of accuracy gains over the original prompting under zero-shot CoT setting when steering

with different top-k features.

lated to “thinking” and “focus”. By guiding the
model to pay closer attention and think more care-
fully, these features contribute to better reasoning
performance in LLMs.

In summary, we found that in both arithmetic and
commonsense reasoning tasks there exist features
with semantics related to “thinking”. This suggests
that one reason for the improved reasoning perfor-
mance achieved through role-play prompting lies
in its ability to encourage step-by-step reasoning.

4.4 Impact of Feature Ranking in Steering

In this section, we investigate how selecting k fea-
tures from different ranking positions influences the
effectiveness of steering. Specifically, we select 15
features from four different ranking ranges based
on their sensitivity scores: 1-15, 6-20, 11-25, and
16-30. Features with lower sensitivity scores are
nomarlly less relevant and less responsive to role-
play prompts. We evaluate the performance gains
of three models (Llama3.1-8B, Gemma2-2B, and
Gemma2-9B) across three benchmarks (GSMS8K,
SVAMP, and CSQA), all under zero-shot CoT set-
ting with fixed parameters.

Influence of Feature Rankings on Different
Model Sizes. As shown in Figure 4, model ac-
curacy gains exhibit a decreasing trend as the se-
lected feature rankings become lower. The most
significant drop is typically observed between the
top-ranked group (1-15) and the subsequent group
(6-20), suggesting that the top 5 features play a
particularly critical role in steering effectiveness.
Specifically, Gemma2-2B exhibits sharp declines
and quickly loses steering benefit beyond the first
group across all benchmarks, indicating that it de-
pends heavily on a small number of high-ranking
features. In contrast, Gemma2-9B displays a more
gradual decline and maintains positive or near-

neutral gains even with lower-ranked features in
most cases, showing stronger robustness against
degraded feature quality. This trend implies that
larger models with higher capacity may be more
tolerant of less effective features, while smaller
models are more affected by feature ranking shifts.

Influence of Feature Rankings on Various
Datasets. We observe varying trends in accuracy
gains across the three benchmarks. In CSQA, the
accuracy gains decline sharply for all models once
the top 5 features are removed. This effect is par-
ticularly evident in Llama3.1-8B, whose accuracy
gain drops from 7.9% to —1.23%, highlighting the
critical role of high-quality features in common-
sense reasoning tasks. In contrast, in SVAMP and
GSMBSK, the drop is moderate. Gemma2-9B and
Llama3.1-8B maintain positive gains even when
mid-ranked features are used, suggesting arithmetic
reasoning tasks may tolerate larger variation in fea-
ture selection without dramatic performance loss.

Overall, these findings confirm the effectiveness
of our feature selection approach and highlight the
importance of top-ranked features in steering.

5 Discussion

In this section, we analyze the instability of role-
play prompting and explain why SAE-based role-
play steering consistently improves model perfor-
mance, highlighting its advantages in controlla-
bility, stability, and generalizability across model
sizes and tasks.

Analysis of Degraded Performance in the Role-
Play Prompting Baseline. While our steering
method improves model performance in 25 out
of 27 settings, role-play prompting yields accuracy
gains in only 12 out of 27 settings. This indicates
that simply adding a role-play prompt before the
question leads to highly unstable performance, as
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discussed in Appendix B, which is consistent with
findings from Han and Wang (2024). This lim-
itation likely stems from two factors. First, our
focus is on smaller models (2B to 9B), which often
struggle to follow complex instructions. Second, as
shown in Kong et al. (2023), role-play prompts vary
in effectiveness. Only well-crafted or specially de-
signed prompts yield consistent gains, while simple
additions are often ineffective or unstable.

It is important to note that in our role-play
prompting baseline, we did not compare with the
strongest prompting methods such as the special-
ized framework proposed in Kong et al. (2023). In-
stead, we focus on comparing the performance of
prompt-based methods with the steering approach
utilizing features extracted from the same prompts.
By extracting internal features from such prompts
and applying them through our steering framework,
we can further enhance the model’s performance
on top of what the prompts alone achieve. Com-
pared to directly modifying the prompts, which is
often unstable and highly sensitive to small changes
in wording or punctuation (Shu et al., 2024; Liu
et al., 2024; Mizrahi et al., 2024), our method en-
ables more systematic control over the model by
allowing precise adjustment of steering parameters,
thereby providing greater stability.

Underlying Reasons Behind the Consistent Ef-
fectiveness of Role-Play Steering. While role-
play prompting exhibits highly unstable perfor-
mance across various evaluation settings, our SAE-
based steering approach consistently delivers per-
formance gains. The core advantage of our method
lies in its controllability. Unlike prompting, where
the input text is fixed once applied and cannot be
adjusted dynamically, our approach allows fine-
grained control over the model’s behavior through
tunable parameters. Moreover, prompts often in-
clude irrelevant elements such as stop words or
punctuation, which may introduce noise and inter-
fere with the model’s reasoning process, resulting
in instability or performance degradation. In con-
trast, our SAE-based steering identifies and applies
only those latent features that are strongly corre-
lated with reasoning improvements. By precisely
adjusting both the direction and strength of steer-
ing, our method amplifies beneficial components
while suppressing irrelevant or harmful activations,
resulting in more stable and reliable performance
improvements.

Another key reason for the superiority of SAE-

based steering lies in its broader applicability, par-
ticularly for smaller LLMs. These models often
lack strong instruction-following capabilities and
are not typically fine-tuned on role-play scenarios.
As a result, appending complex prompts may ex-
ceed the model’s ability to represent information
and confuse the model, ultimately harming its per-
formance. In such cases, prompting can disrupt
the model’s inherent reasoning abilities rather than
enhance them. In contrast, our steering method
operates directly on internal representations and
does not rely on the model’s ability to interpret
natural language instructions. This makes it es-
pecially well-suited for smaller models or those
without extensive instruction tuning, as it can still
induce targeted behavioral changes without rely-
ing on external textual guidance. Consequently,
the proposed SAE-based steering proves to be a
more stable intervention mechanism across differ-
ent model sizes and capabilities.

6 Conclusion

In this work, we have introduced an efficient and
interpretable steering framework that leverages fea-
tures extracted from a pretrained SAE to guide
LLMs toward role-specific behavior. By construct-
ing steering vectors from highly relevant features
and injecting them into the model’s residual stream,
our method enables fine-grained control over the
model’s internal state without additional training.
Extensive experiments across multiple models and
reasoning benchmarks demonstrate that our ap-
proach consistently enhances model performance,
yielding results on par with prompt-based role-
playing. In addition, we analyze the semantic mean-
ings of the selected features and reveal that one rea-
son role-playing enhances the reasoning ability of
LLMs is its capacity to encourage step-by-step rea-
soning. Lastly, we evaluate steering performance
using k features selected from different ranking po-
sitions, and observe a declining trend in accuracy
gains as lower-ranked features are used, validating
the effectiveness of our feature selection method.
Overall, our work demonstrates that steering via
SAE enables implicit injection of role-playing in-
formation into the model, providing a more stable
and interpretable alternative to role-play prompting
for improving model reasoning ability.
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Limitations

While our method shows promising results, our
experiments are primarily conducted on relatively
small LLMs (2B to 9B parameters). In future, we
would like to explore larger and more advanced
models with stronger instruction-following capabil-
ities, such as those exceeding 70B parameters or
more recent architecture designs. Additionally, our
evaluation is currently limited to three benchmarks
focusing on arithmetic and commonsense reason-
ing. We also plan to expand the assessment to more
diverse datasets spanning different domains such as
logical reasoning, scientific problem-solving, and
multi-modal tasks.
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A Implementation Details

In this section, we provide additional details of
our experiments. All experiments were run on 1
NVIDIA A100 GPU.

A.1 Prompts

We present the role-play prompts used for steering
in Table 5. The few-shot and one-shot CoT exem-
plars for arithmetic and commonsense reasoning
benchmarks are shown in Tables 6 and 7.

A.2 Datasets

We introduce the datasets used in our experiments
below. Additional information can be found in
Table 3.

GSMS8K (Grade School Math 8K) (Cobbe et al.,
2021) is a benchmark dataset for evaluating math-
ematical reasoning in LLMs. It contains 8,500
training examples and 1,319 test examples, each
comprising a grade-school level arithmetic word
problem. The problems are designed to require
multi-step numerical reasoning and all answers are
integers. We randomly select 1,000 samples from
the training set to extract role-playing relevant fea-
tures, and we evaluate the model performance on
the full test set.

SVAMP (Structured Variations of Arithmetic Math
Problems) (Patel et al., 2021) is a benchmark de-
rived from GSMB8K to evaluate the robustness of
language models in arithmetic reasoning. It con-
sists of 1,000 examples created by applying con-
trolled variations to original problems, such as re-
ordering and paraphrasing, challenging models to
generalize beyond superficial patterns. We use the
combination of full MAWPS (Koncel-Kedziorski
et al.,, 2016) and ASDiv-A (Miao et al., 2021)
datasets as the training set, and test model accu-
racy on the test set of SVAMP.

CSQA (CommonsenseQA) (Talmor et al., 2018)
is a multiple-choice question answering dataset
designed to evaluate a model’s ability to perform
commonsense reasoning. It consists of 12,102
questions, each paired with five answer choices,
only one of which is correct. The dataset is split
into a training set (9,741 questions), a validation
set (1,221 questions), and a test set (1,140 ques-
tions). Since the ground-truth answers of the test
set are hidden for leaderboard evaluation, we use
the validation set for model evaluation.

A.3 Answer Extraction

For answer generation, we set max_new_tokens =
150 and do_sample = False. In the few-shot and
one-shot CoT settings, since all exemplar answers
appear after the keyword “Output:”, the model
learns to generate its final answer in the same way.
This allows us to directly extract the answer from
the text following “Output:”. In the zero-shot CoT
setting, the model does not consistently follow a
fixed output format, making answer extraction less
reliable. To address this, we use GPT-40 (Hurst
et al., 2024) to extract answers from the model’s
free-form outputs. The prompts used for this ex-
traction process are shown in Figure 5. We apply
greedy decoding with temperature = 0 to obtain
deterministic results. Since GPT-40 is a power-
ful model, it can occasionally answer the question
itself when the original model fails to produce a
clear response. To maintain a fair evaluation of
model performance, we hide the original question
and provide only the model’s response as input.

(a) Arithmetic Reasoning

Please extract the final model answer (a number)

and output the answer in the format 'Output: .

Here is the model response: {model_response}

Please strictly stick to the original model answer,
\_ instead of answering the question yourself.

(b) Commonsense Reasoning

4 Please extract the final model answer (one of the options
in a-e) and output the answer in the format 'Output: '.
Here is the model response: {model_response}

Please strictly stick to the original model answer, instead

\_ of answering the question yourself.

Figure 5: Prompts used for answer extraction with
GPT-40

B Performance of Role-Play Prompting

Table 8 presents model accuracy across five role-
playing prompts, along with their average and stan-
dard deviation. The accuracy variation across the
five prompts increases as the number of few-shot
exemplars decreases, particularly in the zero-shot
CoT setting, indicating the instability of the prompt-
based role-playing.

C Hyperparameters of SAE Steering

For each dataset, we perform a grid search over
the first 100 test questions to identify relatively
optimal parameter combinations. We report all the
hyperparameters used for steering across different
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Dataset Answer Format Nirain Niest License
GSMSK arabic number 7,473 1,319 MIT License
SVAMP arabic number 3,138 1,000 MIT License
CommonsenseQA option(A-E) 9,741 1,221 Unspecified

Table 3: Information about the evaluated benchmarks. Ny,i, denotes the size of the training set, while N denotes

the number of test samples.

evaluation settings on the three benchmarks. As the
number of features k selected for steering is fixed
at 15 in all experiments, we focus on comparing
the remaining hyperparameters (6, 3, and \) in
Table 4. Specifically, 6 is the activation threshold
used to determine whether a feature is considered
active; [ is a weighting coefficient that balances the
contribution of activation frequency and strength
in feature selection; and A is a scaling factor that
controls the strength of the steering vector when
injected into the model’s residual stream.

‘ Few-shot-CoT ‘ One-shot-CoT ‘ Zero-shot-CoT

|6 B X |6 B X]|6 B A
Llama3.1-8B | 0.2 3 5 02 3 3 102 3 3
Gemma2-2B | 0.2 3 8 02 5 14102 5 13
Gemma2-9B {02 5 11 |02 10 5 |02 10 6

(a) GSM8K

‘ Few-shot-CoT ‘ One-shot-CoT ‘ Zero-shot-CoT

6 B X |60 B X|6 B A
Llama3.1-8B | 0.2 3 4 0 5 4 103 3 4
Gemma2-2B | 0.2 3 5102 3 10102 3 10
Gemma2-9B [ 02 10 20 (02 10 30 |02 10 30

(b) SVAMP

‘ Few-shot-CoT ‘ One-shot-CoT ‘ Zero-shot-CoT

|6 B X |6 B X]|6 B A
Llama3.1-8B {02 3 10 (03 3 10|03 3 10
Gemma2-2B | 0.3 4 5 03 15 5 |03 15 5
Gemma2-9B {02 3 35 (02 3 3502 3 10

(c) CSQA

Table 4: Hyperparameters used by different models
across all evaluation settings on the GSM8K, SVAMP,
and CSQA benchmarks.

Among the three models, Llama3.1-8B is the
most sensitive to activation perturbation, and small
changes in parameter values can lead to signifi-
cant differences in steering performance. In con-
trast, the Gemma-2 family models, particularly
Gemma2-9B, is less sensitive to activation mod-

ification. Among the three hyperparameters, 3
and A\ have the greatest impact on steering perfor-
mance. For models that are more robust to activa-
tion intervention, such as Gemma2-9B, larger val-
ues of 5 and A (around 10) are typically preferred,
and parameter tuning can be performed with larger
step sizes (e.g., increments of 5). In contrast, for
more steering-sensitive models like Llama3.1-8B,
smaller values of 5 and A (around 5) tend to yield
better results, and finer-grained tuning with smaller
steps (e.g., increments of 1) is recommended. In
general, 6 has minimal influence on steering per-
formance and can be set to a default value (e.g., 0.2
or 0.3) to maintain the effectiveness of the steering
vectors.

D Examples of Steering Effect

We select five representative examples from each
dataset to illustrate the effectiveness of our role-
playing steering method (see Figure 6, 7, and 8).

In GSMBSK, the steered model shows improved
arithmetic reasoning ability by breaking down the
calculation process into multiple explicit steps.
Prior to steering, the model often omits key details
and tends to perform computations using only par-
tial information from the first half of the question,
resulting in incorrect answers. After steering, the
model demonstrates a deeper understanding of the
problem structure and can effectively incorporate
all relevant information presented in the question,
thereby producing more accurate solutions.

In SVAMP, steering enhances the model’s ability
to avoid being distracted by misleading informa-
tion added to the problem. SVAMP questions are
designed to introduce subtle variations and irrele-
vant cues to challenge model robustness. Without
steering, the model is more likely to be affected
by these interventions and frequently produces in-
correct answers. In contrast, the steered model
generates reasoning paths containing tokens such
as “mathematics”, “logical”, and “think step by
step”, indicating stronger alignment with system-
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atic problem-solving behavior. The model is better
able to filter out misleading information and focus
on task-relevant content when deriving answers.
In CSQA, the steered model can more effectively
leverage general world knowledge for common-
sense reasoning. Compared to the original model,
which may depend on surface-level clues or mis-
interpret the question, the steered model produces
answers that reflect a more coherent understand-
ing of real-world concepts and causal relationships.
This suggests that our method not only enhances
reasoning in numerical tasks but also facilitates
more faithful retrieval and application of factual
knowledge in commonsense question answering.

744



Role-Play Prompt

Arithmetic Reasoning

As a highly qualified mathematics teacher, you excel at solving
problems systematically and explaining solutions with clarity. I am
your student, eager to learn. Please solve the following problem:
As an excellent mathematics teacher, you always guide your stu-
dents correctly through math problems. I am one of your students,
eager to learn. Please answer the following question:

As a respected mathematics professor with deep expertise in solv-
ing complex problems, you are known for your clarity and preci-
sion. I am your student and need help. Please solve the following
question for me:

As a world-renowned mathematics teacher, you are highly skilled
at solving problems precisely and explaining them effectively. I
am your student, struggling with a question. Please solve the
following task for me:

As a mathematics expert with strong problem-solving skills, you
are deeply trusted by your students. I am one of them and need
your help. Please solve the following problem for me:

Commonsense Reasoning

You are now a contestant in a general knowledge quiz and are
always able to answer all kinds of common sense questions accu-
rately. I am the host of the contest, and the final round is about to
begin. Let’s kick things off with your first question:

Please take on the role of a contestant in a general knowledge
competition, capable of answering all types of common sense
questions correctly. The contest has reached the final stage, and I
am the moderator. Here comes your first challenge:

From this point on, you will appear as a participant in a general
knowledge quiz, and you must respond accurately to every com-
mon sense question. I am the host of this final round, and the
contest is about to start. Let’s begin with the first question:
Imagine that you are now a contestant in a general knowledge
competition, able to correctly answer any question involving com-
mon sense. The final is about to begin, and I will be hosting the
match. Now, let’s see how you do with the first question:

You will take on the role of a contestant in a general knowledge
quiz, equipped with the ability to answer all types of common
sense questions precisely. As the host, I announce that the final
round is about to commence. Let’s start the game with the first
question:

Table 5: Role-play prompts used in arithmetic and commonsense reasoning benchmarks
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One-shot exemplar

Q: Michael had 58 golf balls. On Tuesday, he lost 23 golf balls. On Wednesday, he lost 2 more. How
many golf balls did he have at the end of Wednesday?

A: Let’s think step by step. Michael started with 58 golf balls. After losing 23 on Tuesday, he had 58
- 23 =35. After losing 2 more, he had 35 - 2 = 33.

Output: 33

Few-shot exemplars

Q: Jason had 20 lollipops. He gave Denny some lollipops. Now Jason has 12 Iollipops. How many
lollipops did Jason give to Denny?

A: Let’s think step by step. Jason started with 20 lollipops. Then he had 12 after giving some to
Denny. So he gave Denny 20 - 12 = 8.

Output: 8

Q: Leah had 32 chocolates and her sister had 42. If they ate 35, how many pieces do they have left
in total?

A: Let’s think step by step. Originally, Leah had 32 chocolates. Her sister had 42. So in total they
had 32 + 42 =74. After eating 35, they had 74 - 35 = 39.

Output: 39

Q: There were nine computers in the server room. Five more computers were installed each day,
from Monday to Thursday. How many computers are now in the server room?

A: Let’s think step by step. There were originally 9 computers. For each of 4 days, 5 more computers
were added. So 5 * 4 =20 computers were added. 9 + 20 = 29.

Output: 29

Q: Olivia has $23. She bought five bagels for $3 each. How much money does she have left?

A: Let’s think step by step. Olivia had 23 dollars. 5 bagels for 3 dollars each will be 5 x 3 =15
dollars. So she has 23 - 15 dollars left. 23 - 15 =8.

Output: 8

Table 6: One-shot and few-shot exemplars with chain-of-thought for arithmetic reasoning benchmarks.
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One-shot exemplar

Q: What home entertainment equipment requires cable? Answer Choices: (a) radio shack (b)
substation (c) television (d) cabinet

A: Let’s think step by step. The answer must require cable. Of the above choices, only television
requires cable.

Output: (c)

Few-shot exemplars

Q: Where do you put your grapes just before checking out? Answer Choices: (a) mouth (b) grocery
cart (c)super market (d) fruit basket (e) fruit market

A: Let’s think step by step. The answer should be the place where grocery items are placed before
checking out. Of the above choices, grocery cart makes the most sense for holding grocery items.
Output: (b)

Q: Google Maps and other highway and street GPS services have replaced what? Answer Choices:
(a) united states (b) mexico (c) countryside (d) atlas

A: Let’s think step by step. The answer must be something that used to do what Google Maps and
GPS services do, which is to give directions. Of the above choices, only atlases are used to give
directions.

Output: (d)

Q: Before getting a divorce, what did the wife feel who was doing all the work? Answer Choices:
(a) harder (b) anguish (c) bitterness (d) tears (e) sadness

A: Let’s think step by step. The answer should be the feeling of someone getting divorced who was
doing all the work. Of the above choices, the closest feeling is bitterness.

Output: (c)

Q: What home entertainment equipment requires cable? Answer Choices: (a) radio shack (b)
substation (c) television (d) cabinet

A: Let’s think step by step. The answer must require cable. Of the above choices, only television
requires cable.

Output: (c)

Table 7: One-shot and few-shot exemplars with chain-of-thought for commonsense reasoning benchmarks.
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Model Task Evaluation Setting | Prompt 1 | Prompt 2 ‘ Prompt 3 ‘ Prompt 4 | Prompt 5 | Average | Standard Deviation

0-shot 2426 | 17.66 19.18 | 2328 | 2320 | 21.52 2.60

GSMSK 1-shot 18.20 15.69 16.45 16.45 1660 | 16.68 0.82

4-shot 2745 | 2691 2790 | 2691 27.82 | 27.40 0.43

0-shot 5330 | 5230 | 4410 | 5510 | 4820 | 50.60 3.96

Gemma2-2B | qyanp 1-shot 38.90 39.10 39.10 38.70 3920 | 39.00 0.18
4-shot 4470 | 4540 | 4420 | 4550 | 4370 | 44.70 0.69

0-shot 2072 | 2211 2072 | 2211 2588 | 2231 1.89

CSQA 1-shot 5291 | 4955 | 5422 | 5119 | 5020 | 5161 173

4-shot 5897 | 5954 | 60.11 5889 | 5897 | 59.30 047

0-shot 4473 | 4412 | 4428 | 4973 | 4397 | 4537 220

GSMSK 1-shot 5588 | 5951 5534 | 5618 | 5603 | 5659 1.49

4-shot 6520 | 6505 | 6482 | 6505 | 6550 | 65.13 0.22

0-shot 6780 | 6580 | 6350 | 7530 | 7390 | 69.26 459

Gemma2-9B | gy/app 1-shot 7060 | 7570 | 7170 | 7090 | 7460 | 7270 2.06
4-shot 7870 | 7730 | 7940 | 7930 | 77.80 | 78.50 0.83

0-shot 3056 | 4062 | 4333 | 4644 | 4439 | 4287 2.50

CSQA 1-shot 7207 | 7199 | 7346 | 7125 | 7330 | 7242 0.84

4-shot 7805 | 7731 7813 | 77.81 7805 | 77.87 030

0-shot 3533 | 3803 | 3692 | 3397 | 3495 | 35586 1.48

GSMSK 1-shot 4018 | 4185 | 3859 | 4003 | 4147 | 4042 1.16

4-shot 5239 | 5375 | 5315 | 5337 | 5451 | 5343 0.70

0-shot 4670 | 5460 | 4730 | 5260 | 5290 | 50.82 3.20

Llama3.1-8B | gyanp 1-shot 5350 | 5490 | 5540 | 5590 | 5490 | 54.92 0.80
4-shot 6460 | 6540 | 6390 | 6430 | 6450 | 64.54 0.49

0-shot 20.07 16.22 18.59 1933 | 2727 | 2029 372

CSQA 1-shot 6519 | 6495 | 6519 | 6503 | 6405 | 64.88 0.43

4-shot 7314 | 7183 | 7371 | 7224 | 7322 | 72.83 0.69

Table 8: Accuracy of each model evaluated with five distinct role-playing prompts on three datasets under different
evaluation settings. The final two columns report the average accuracy and standard deviation across the five
role-play prompts. The largest standard deviation in three evaluation settings per group is marked in bold.
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Question: Mishka bought 3 pairs of shorts, 3 pairs of pants, and 3 pairs of shoes. One pair of shorts costs
$16.50. One pair of pants costs $22.50 and one pair of shoes costs $42. How many dollars did Mishka spend on

all the clothing items?

First, we need to find the cost of each item. One
pair of shorts costs $16.50. One pair of pants
costs $22.50 and one pair of shoes costs $42.
Now, we need to find the total cost of all the
items. We can do this by adding the cost of each
item. The total cost of all the items is $16.50 +
$22.50 + $42 = $81.50. Output: $81.50 XK

(a) before steering

We know that Mishka bought 3 pairs of shorts, 3 pairs
of pants, and 3 pairs of shoes. One pair of shorts costs
$16.50. One pair of pants costs $22.50 and one pair of
shoes costs $42. We can use the following equation to
find the total cost of all the clothing items: 3 * 16.50 +
3%2250+3*42=49.50+67.50+ 126 = 243.00
Qutput: 243.00
(b) after steering

Question: Out of the 200 Grade 5 students, 2/5 are boys and 2/3 of the girls are in the girl scout. How many

girls are not in the girl scout?

First, we need to find the total number of girls.
We know that 2/5 of the students are boys, so 1/5
are girls. 1/5 of 200 is 40. So there are 40 girls.
We know that 2/3 of the girls are in the girl scout,
so 1/3 are not. 1/3 of 40 is 13. So there are 13
girls who are not in the girl scout.

Output: 13 X

(a) before steering

(owg =z =m)

2/5 of the 200 Grade 5 students are boys. That means
2/5 * 200 = 80 are boys. 2/3 of the girls are in the girl
scout. That means 2/3 * 120 = 80 are in the girl scout.
So, 120 - 80 = 40 are not in the girl scout.

Output: 40

(b) after steering

Question: A family of parents and a child go to the cinema. The cost of an adult ticket is $12 and a child ticket
is $8. Then they buy 2 popcorns for $3 each. How many dollars do they pay in total?

First, we need to know how many adults and
children there are. Then we can calculate the total
cost. There are 2 adults and 1 child. The total
costis2 * 12+ 1 * 8+ 2 *3=236.

Output: 36 X

M oggem

(a) before steering

The cost of an adult ticket is $12 and a child ticket is
$8. Then they buy 2 popcorns for $3 each. The total
costis2 *12+1*8+2*3=24+8+6=38.

Output: 38

(b) after steering

Question: The elevator in Jack's building supports a maximum load of 700 kg. An adult weighs an average of
80 kg. If Jack rides the elevator with 8 other adults, by how much will they have exceeded the maximum load of

the elevator?

8 adults weigh 8 x 80 = 640 kg. 640 + 700 =
1340 kg. 1340 - 700 = 640 kg.
Output: 640

9z )

(a) before steering

Jack and 8 other adults weigh 80 kg each. So they
weigh 80 x 9 = 720 kg. 720 - 700 = 20.
Output: 20

(b) after steering

Question: A pencil cost $0.50, and an eraser cost $0.25. If you bought 6 pencils and 8 erasers and paid $10,

how much change would you get?

A pencil costs 0.50 dollars and an eraser costs
0.25 dollars. So 6 pencils and 8 erasers will cost
6x 0.50 + 8 x 0.25=3.50 + 2 = 5.50 dollars. So
you paid 10 dollars and got 10 - 5.50 = 4.50
dollars change.

Output: 4.50 ¥

(ogs oo )

(a) before steering

6 pencils cost 6 x 0.50 = 3 dollars. 8 erasers cost § x
0.25 =2 dollars. So 3 +2 =5 dollars. 10 - 5=5.

Output: 5

(b) after steering

Figure 6: Steering examples from the GSM8K dataset.
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Question: Rebecca wants to split a collection of eggs into 3 groups. Rebecca has 4 marbles and 15 eggs. How
many eggs will each group have?

split the eggs into 3 groups. Rebecca has 4 marbles and 15 eggs. She wants to split
She can put 4 marbles in each group. the eggs into 3 groups.
She can put 15 - 4 =11 eggs in each group. She can split the eggs into 3 groups of 5 eggs each.

Output: 11 X /

Rebecca has 4 marbles and 15 eggs. She wants to Mathematics is all about thinking step by step.
Output: 5

(a) before steering (b) after steering

Question: Because of the decision Sofia asked the students to suggest specific types of food. If 218 students
suggested adding mashed potatoes as well as bacon while 351 suggested adding only bacon to the menu, how
many students suggested adding bacon?

Math is a process.

218 students suggested adding mashed potatoes 218 students suggested adding mashed potatqes as well
as well as bacon. 351 students suggested adding as bacon. 351 students suggested adding only
only bacon to the menu. bacon.We need to add these two numbers to find the
Output: 351 X total number of students who suggested adding bacon.

218+ 351 = 569. Output: 569

(a) before steering (b) after steering

Question: In a school there are 700 girls and the rest are boys. If there are 142 more boys than girls, how many
pupils are there in that school?

Mathematics is a logical process.

There are 700 girls. There are 142 more boys than
girls. So, there are 700 + 142 = 842 boys.

There are 700 girls and 842 boys. So, there are 700 +
842 = 1542 pupils in that school.

Output: 1542

There are 700 girls and 142 more boys than girls.
So, there are 700 + 142 = 842 boys.
Output: 842 ¥

(a) before steering (b) after steering

Question: Last week Fred had 49 dollars and Jason had 3 dollars. Fred washed cars over the weekend and now
has 112 dollars. Jason delivered newspapers and now has 63 dollars. How much money did Jason earn by
delivering newspapers?

Fred started with 49 dollars. After washing cars, Math is a process.
he had 49 + 112 = 161. Jason started with 3 Fred started with 49 dollars. He ecarned 112 - 49 = 63
dollars. After delivering newspapers, he had 3 + dollars. Jason started with 3 dollars. He carned 63 - 3 =
63 = 66. Output: 66 ¥ 60 dollars. Output: 60

(a) before steering (b) after steering

Question: Each Ferris wheel in paradise park has 19 seats. Each seat in a Ferris wheel can hold 15 people. How
many people can ride 20 Ferris wheels at the same time?

Math is a process.

There are 19 seats in each Ferris wheel. Each seat can
hold 15 people. So, there are 19 x 15 = 285 people in
each Ferris wheel. There are 20 Ferris wheels. So,
there are 20 x 285 = 5700 people in total.

Output: 5700

285 people.

Each Ferris wheel has 19 seats. Each seat can
hold 15 people. So, 19 seats can hold 19 x 15 =
Output: 285 ¥

(a) before steering (b) after steering

Figure 7: Steering examples from the SVAMP dataset.
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Question: What happens if someone kisses too long? Answer Choices: (a) strong feelings (b) herpes (c)
shortness of breath (d) excitement (e) arousal

The answer must be a result of kissing too long. The answer must happen if someone kisses too long.
Of the above choices, only herpes is a result of Of the above choices, only shortness of breath
kissing too long. happens if someone kisses too long.
Output: (b) X Output: (c)

(a) before steering (b) after steering

Question: Where is a good idea but not required to have a fire extinguisher? Answer Choices: (a) school bus (b)
boat (c) house (d) hospital (e) school

The answer must be a good idea but not required
to have a fire extinguisher. Of the above choices,
only boat is a good idea but not required to have
a fire extinguisher.

Output: (b) ¢

A fire extinguisher is a good idea but not required to
have in a house.

Output: (c)

M oessg )

(a) before steering (b) after steering

Question: The woman is watching television and trying to forget her day, what is her goal? Answer Choices:
(a) entertainment (b) falling asleep (c) getting fat (d) crying (e) relaxation

The woman is watching television and trying to
forget her day. The answer must be her goal. Of
the above choices, only (a) entertainment and (e)
relaxation are goals. (a) entertainment is the best
answer. Output: (a) ¥

The woman is watching television and trying to forget
her day. She is trying to relax. The answer is (e).

Output: (¢)

(easpg )

(a) before steering (b) after steering

Question: Competing can lead to great highs, and also great lows when suffering what? Answer Choices: (a)
winning or losing (b) aggression (c) gain (d) defeat (e) sweat

The answer must be about competing. Of the The answer must lead to great lows when suffering. Of
above choices, only aggression is about the above choices, only defeat leads to great lows
competing. Output: (b) X when suffering. Output: (d)

 aen )

(a) before steering (b) after steering

Question: By learning about the world, many poor college students gain what? Answer Choices: (a) pleasure
(b) greater mobility (c) desire to travel (d) global warming (e) increased security

The answer must be abopt learning about the The answer must be about learning about the world.
world. Of the above choices, only greater Of the above choices, only (c) desire to travel is about
mobility is about learning about the world. learning about the world.

Output: (b) X Output: (c)

D

(a) before steering (b) after steering

Figure 8: Steering examples from the CSQA dataset.
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