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Abstract

Traditional reinforcement learning from hu-
man feedback (RLHF) for large language
models (LLMs) relies on expensive human-
annotated datasets, while Reinforcement Learn-
ing from AI Feedback (RLAIF) also incurs
significant costs, requiring the collection of
diverse prompts and corresponding responses,
often necessitating external reward models or
proprietary models like GPT-4 to annotate
preference pairs. In this work, we introduce
Self-Alignment Optimization (SAO), a fully
self-synthetic framework for LLM alignment,
where all training data, including prompts
(i.e., user queries), responses, and preferences,
are generated by the model itself. Specif-
ically, SAO first instructs the LLM to en-
gage in persona role-play and generate diverse
prompts and responses, which are then self-
evaluated for preference optimization. Ex-
tensive experiments demonstrate that SAO ef-
fectively enhances the model’s chat capabil-
ities on standard benchmarks like AlpacaE-
val 2.0, while maintaining strong performance
on downstream objective tasks (e.g., question-
answering, math reasoning). Our work pro-
vides a practical solution for self-improvement
in aligning LLMs, and the code for reproducing
our results is available at: https://github.
com/SJY8460/SA0.

1 Introduction

Large language models (LLMs) have revolutionized the
field of natural language processing (NLP), demonstrat-
ing remarkable capabilities in tasks such as mathemati-
cal reasoning, code generation, and dialogue generation
(Cobbe et al., 2021; Wei et al., 2022; Bubeck et al.,
2023; Chen et al., 2024b; Yin et al., 2025a,b).

A key advancement in LLMs is their alignment with
human preference to create more helpful and reliable
assistants (Mishra et al., 2021; Victor et al., 2022;
Chung et al., 2022; Thoppilan et al., 2022). Com-
mon approaches include supervised fine-tuning (SFT)
(Ouyang et al., 2022; Tunstall et al., 2023), based on
human-demonstration pairs, and reinforcement learn-
ing from human feedback (RLHF) (Christiano et al.,
2017; Ziegler et al., 2019; Stiennon et al., 2020; Bai

et al., 2022), which leverages signals from human pref-
erences.

However, collecting demonstrations and preference
labels is a expensive, time-consuming process, involv-
ing substantial human annotating efforts. To address
this challenge, reinforcement learning from Al feedback
(RLAIF) has been gaining attention, where a reward
model is trained using Al-labeled preference data or
directly by LLMs through specially designed prompts
to annotate preference pairs (Lee et al., 2024). How-
ever, RLAIF remains costly, typically requiring strong,
proprietary models (e.g., GPT-4) or specialized reward
model designs (Jiang et al., 2023; Wang et al., 2024)
to work effectively. Moreover, these approaches often
incur additional overhead from data filtering to obtain
the final clean dataset (Xu et al., 2024b).

Recent self-improvement approaches for LLM align-
ment, such as Self-Rewarding (Yuan et al., 2024) and
SPPO (Wu et al., 2024), have demonstrated promising
results. However, these approaches are not fully self-
synthetic and still require external intervention: Self-
Rewarding relies on human-labeled data as few-shot
templates to generate synthetic data and then mixes
both human and synthetic data for model optimization,
while SPPO requires prompts from existing datasets and
external reward models for preference labeling. Such
dependencies limit their scalability and accessibility.

In this paper, we propose a fully self-synthetic method
for LLM alignment, termed Self-Alignment Optimiza-
tion (SAO), eliminating the need for costly training data
collection and annotation. Drawing inspiration from the
compress-and-decompress approach to world knowl-
edge from a persona perspective (Tseng et al., 2024;
Ge et al., 2024b,a) and the success of self-improvement
mechanisms (Samuel, 2000; Chen et al., 2024b), SAO
begins with (1) instructing the LLM to engage in per-
sona role-play and generate diverse prompts (i.e., user
queries). (2) The LLM then generates paired responses
for each prompt, which will be ranked through self-
judgment. (3) Lastly, preference optimization is per-
formed to fine-tune the model based on the ranked re-
sponses (Amini et al., 2024; Meng et al., 2024).

Across multiple standard chat benchmarks for LLM
alignment, SAO demonstrates substantial performance
improvements compared to the backbone model. For
example, on AlpacaEval 2.0, SAO boosts the Length-
Controlled Win Rate (LC) and Win Rate (WR) of
Gemma-2-9B-it by 18.1% and 27.9%, respectively. On

34553

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 34553-34568

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/SJY8460/SAO
https://github.com/SJY8460/SAO

MT-Bench, SAO improves the average score of Gemma-
2-9B-it from 8.41 to 8.66 points. On Arena-Hard, SAO
also boosts the model’s WR from 40.8% to 54.3%.

In addition, we find that SAO maintains or even
enhances the backbone LLM’s performance on down-
stream objective NLP tasks, though the model was not
trained using domain-specific data. In the evaluation
of the Open LLM Leaderboard, SAO enables Gemma-
2-9B-it to achieve an average score of 74.41 across
all benchmarks, surpassing its baseline score of 74.28,
without any further training. We highlight that this im-
provement is significant, as models trained on manually
crafted datasets often enhance alignment at the cost of
compromised general capability (Meng et al., 2024). For
instance, Gemma-2-9B-it trained on UltraFeedback (Cui
et al., 2024) achieves only a score of 70.38 using the
same training algorithm as SAQO. These results high-
light SAO’s effectiveness in synthesizing high-quality
data that enhances a model’s subject-specific capabili-
ties while preserving its downstream performance in a
more data-efficient manner.

To better understand the empirical results, we further
conduct an in-depth analysis with the Gemma-2-9B-
it model. Specifically, we compare the LLM’s self-
synthesized prompts with manually crafted prompts
from UltraFeedback. Interestingly, we find that syn-
thetic prompts lead to significantly better performance
than those from the Ultrafeedback benchmark when fol-
lowed by the same self-improvement process in SAO
(i.e., Step 2 and 3), with a 16.46% improvement in
WR. This emphasizes the importance of prompt con-
struction for LLM alignment. We also find that SAO’s
effectiveness largely stems from the surprisingly strong
self-judging ability of the backbone model, which even
surpasses the external reward model ArmoRM-Llama3-
8B-v0.1 (Wang et al., 2024) and even GPT4-level feed-
back when used within the SAO framework. This is
further confirmed by the findings in Section 4.4, which
show that the model is robust to various judgment crite-
ria designs, indicating that the model’s strong evaluation
ability, thereby contributing to the effectiveness of SAO.

Our contributions are summarized as follows: (1)
We propose a self-alignment optimization framework,
which aligns the model with its own generated prompts
and feedback as preferences, eliminating the need for
expensive data collection and annotation. (2) On multi-
ple standard chat benchmarks, the LLMs trained with
SAO achieve competitive results compared to strong
proprietary models like GPT-4 and state-of-the-art open-
weight models trained on expensively annotated external
datasets. (3) In contrast to previous resource-intensive
approaches, SAO enhances LLM alignment while main-
taining strong downstream objective task performance,
providing a practical and scalable solution for improving
a model’s chat abilities in a more balanced and effective
manner. (4) We demonstrate that the SAO framework
exhibits long-term scaling properties in both synthetic
dataset size and iterative optimization, providing a sus-
tainable path for continued model improvement.

2 Related Work

2.1 Synthetic Data for LLMs

In the context of fine-tuning LLMs, human-crafted data
has proven remarkably effective, significantly enhanc-
ing performance on tasks like code generation (Roziere
et al., 2023; Yang et al., 2023) and mathematical rea-
soning (Yuan et al., 2023; Luo et al., 2023; Zhu et al.,
2025). While human-generated data is typically of
high quality, acquiring sufficient amounts is often pro-
hibitively expensive. Consequently, the use of synthetic
data has gained popularity as a cost-effective substi-
tute for human data. This approach primarily lever-
ages advanced LLMs, such as the GPT series (Radford
et al.,, 2019; Brown et al., 2020; OpenAl, 2023), to
generate high-quality data (Josifoski et al., 2023; Taori
et al., 2023; Chiang et al., 2023; Li et al., 2023b). Re-
cent studies have also emphasized the benefits of using
LLMs’ rephrasing capabilities to improve prompt re-
sponses (Deng et al., 2023; Prasad et al., 2023), as well
as augmenting synthetic data for more effective fine-
tuning (Yu et al., 2023; Liu et al., 2023; Yin et al., 2026).
Unlike prior research, which typically relies on more
advanced models for generating synthetic training data
during, our approach directly generates synthetic data
from the target model itself, streamlining the process
and reducing dependency on external resources.

2.2 Persona Roleplay

Persona roleplay in LLMs can be viewed as a compress-
and-decompress mechanism for world knowledge. In
this framework, world knowledge is compressed into
distributed representations, which are then decom-
pressed by various personas to generate texts based on
their unique knowledge (Delétang et al., 2024; Ge et al.,
2024b). Recently, Ge et al. (2024a) introduced the Per-
sona Hub, a system automatically constructed from vast
web data. This hub enables the exploration of most
perspectives embedded within LLMs, facilitating the
creation of diverse synthetic data at scale, without the
need for seed corpora. In this work, we directly lever-
age personas from this hub, which can be seamlessly
integrated into customized data synthesis prompts, lever-
aging the LLM’s strong role-playing capabilities and
offering exceptional versatility.

2.3 LLM-as-a-Judge

Using LL.M-as-a-Judge prompting to evaluate language
models has become a standard approach (Dubois et al.,
2024; Li et al., 2023a; Fernandes et al., 2023; Bai et al.,
2023; Saha et al., 2023; Chen et al., 2025; Wei et al.,
2025a). This technique is not only employed for evalu-
ation but also for training reward models and curating
data, as mentioned in prior works (Lee et al., 2023; Chen
et al., 2024a; Li et al., 2024b; Wei et al., 2025b). While
some studies focus on creating training data to enhance
an LLM’s performance as a judge (Kim et al., 2023;
Yuan et al., 2024), our approach uniquely integrates this
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Algorithm 1 Self-Alignment Optimization (SAO)

Require: Base model My,, number of personas n,
preference optimization algorithm A

Ensure: Optimized model My,
Initialize personas templates {rq, rz, . .
Initialize dataset D < ()
for:=1,2,...,ndo

'7TTL}

xérompt A Meo (rl) ) §3.1
Y1, Y2 < Mo, (- | x;)rompl)l §3.2
(ywa yl) — RGQ (yla Y2 ‘ x;rompn xrank) §3.3
D« DuU {(xgrompta Yw; yl)} § 3.4

end for

Optimize: 0; < argming £ 4(My)

Return My,

judging capability with general instruction-following
skills, setting it apart from existing methods.

3 Self-Alignment Optimization

We present the overview of Self-Alignment Optimiza-
tion (SAO) in Algorithm 1 and elaborate on its design
in the following sections.

3.1 Diverse Prompt Generation

To facilitate a comprehensive range of training scenarios,
we utilize an LLM denoted as M, parameterized by 6,
for the generation of diverse prompts tailored to specific
persona roles, as depicted in Figure 5 (top). Specifically,
we obtain a collection of role templates from Persona
Hub (Ge et al., 2024a), where each template defines a
distinct persona profile used to prompt the model. Given
a set of role templates R = {r;}1_,, we derive a unique
prompt for each persona:

x;rompt = Me('l"i) ey

In this context, xl’;mmpt represents the prompt gener-
ated for the ¢-th persona r;. To ensure the diversity of
generated prompts, we impose a constraint such that

each persona can generate only a single question.

3.2 Pairwise Response Generation

For each generated prompt, we create a pair of responses
to enable comparative evaluation. Let X be the space of
prompts and ) the space of responses. For each prompt
Tprompt € A, We generate two responses yi,y2 € Y
using the My:

Y1, Y2 ~ MH( | xli)rompl) 2

Generating additional responses could potentially
yield better performance but would increase compu-
tational costs and evaluation time. We leave this explo-
ration for future work.

3.3 Self-Judgment

To assess the quality of generated responses, we imple-
ment a self-judgment mechanism. This process entails

the LLM evaluating its own outputs, thereby simulating
human preferences. As illustrated in Figure 5 (bottom),
we query the LLM with a ranking prompt 2,k to com-
pare the responses y; and y» based on their relevance
and quality relative t0 2 omp:

(ywv yl) = R@ (yla Y2 | x;mmpta Irank) (3)

Here, y, and y; represent the superior and inferior
responses, respectively. The function Ry encapsulates
the LLM’s decision-making process in ranking the re-
sponses.

3.4 Dataset Construction

We construct a synthetic dataset D by aggregating the
generated prompts and ranked responses for each per-
sona:

D= {(xéromptv Yw yl)}?:l 4)

where n is the total number of personas. This dataset

forms the cornerstone of our preference optimization

process, allowing the model to learn from its own gen-
erated and ranked responses across diverse personas.

3.5 Preference Optimization

Recent advancements in preference optimization have
demonstrated significant potential in aligning LLMs
with human preferences. Techniques such as Direct Pref-
erence Optimization (DPO) (Rafailov et al., 2023) and
Simple Preference Optimization (SimPO) (Meng et al.,
2024) have gained prominence due to their efficacy in
fine-tuning LLMs to better reflect human preferences.
In this study, we employ SimPO due to its suitability for
our dataset, which frequently contains longer responses.
Its length normalization technique effectively captures
nuanced information at the token level, making it partic-
ularly well-suited to our requirements and we provide a
more detailed analysis and comparison of these methods
in Section 4.4.

SimPO introduces a length-normalized reward for-
mulation that aligns with the likelihood metric guiding
generation with a scaling constant 3:

r(z,y) = |Zlog/\/le(y | )
lyl 5)

= @Zlog./\/le(yi | 2, y<i)
i=1

Additionally, it incorporates a target reward margin
v > 0 to ensure a minimum difference between the
rewards of winning and losing responses:

P(yw =y | @) =0 (r(@,y0) —r(@,y) —7) (6
The overall objective is then formulated as:

[/(MQ) = - E(z,yw,yz)N’D |:10g o (|yﬂ log M@(yw‘x)

- ﬁlog/\/l@(yzlf’f) —v)}
|yl

@)
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It guides the optimization process, enabling the model
to learn from self-generated preferences and improve
the alignment with desired outcomes.

4 Experiments

4.1 Experiment Setting

In our experiments, we use the Gemma-9B-it model
as the base and apply a similar fine-tuning process to
Llama-3-8B-Instruct. To ensure diverse prompts and re-
sponses, we set the temperature to 0.6 and utilize VLLM
for accelerated generation. For preference optimization,
we incorporate Flash Attention 2 and bfloat16 precision,
with hyperparameters set to S = 10 and v = 3. Addi-
tionally, we employ DeepSpeed with ZeRO-3 optimiza-
tion for effective memory management and scalability.
All experiments are conducted over a single epoch with
a global batch size of 128 across four A100 GPUs. The
learning rate is set to 1 x 109, following a cosine de-
cay scheduler with a warmup ratio of 0.1. We use a
synthetic dataset of 60k samples as the default setting
for self-alignment optimization.

4.2 Evaluation Metrics and Baselines

Evaluation Metrics. Our experimental evaluation em-
ploys a comprehensive set of metrics to assess model
performance across various dimensions. For subjec-
tive benchmarks, we primarily focus on AlpacaEval 2
(Li et al., 2023a), an LLM-based automatic evaluation
benchmark utilizing prompts from AlpacaFarm (Dubois
et al., 2024). In this benchmark, model responses and
GPT-4-Turbo generated reference responses are evalu-
ated by GPT-4-Turbo or Qwen2-72B-Instruct annotators.
We also incorporate GPT-4 to evaluate two additional
subjective benchmarks: Arena-Hard (Li et al., 2024a),
an automatic evaluation tool featuring 500 challeng-
ing user queries, and MT-Bench (Zheng et al., 2023),
a set of 80 high-quality multi-turn open-ended ques-
tions covering topics such as writing, role-playing, math,
and coding. For objective benchmarks, we utilize the
Open LLM Leaderboard (Beeching et al., 2023), which
comprises six datasets focusing on various aspects of
language model evaluation, including math problem-
solving, language understanding, human falsehood mim-
icking, and reasoning. We adhere to the standard evalu-
ation process, using in-context learning to prompt the
models and compute the average score across these six
datasets to measure performance comprehensively.

Baselines. In our comparisons, we include a di-
verse set of baselines. These encompass vanilla mod-
els such as GPT-40-05-13, Claude-3.5-Sonnet, and
GPT4-Turbo-04-09. Additionally, we evaluate models
trained on external labeled datasets, like Llama-3-8B-
Instruct-SimPO (Meng et al., 2024), which has been
fine-tuned using the Ultrafeedback dataset (Cui et al.,
2024) for preference optimization.We also consider
Self-Rewarding-70B-Iter3 (Yuan et al., 2024), which
is trained using a mixture of external labeled datasets
and synthetic data. Additionally, we compare against

the recently developed data-distillation baseline, Llama-
3-8B-Magpie-SFT-v0.1 (Xu et al., 2024b), which was
originally trained on synthetic SFT pair data generated
by the instruction-tuned model itself to improve its base
model alignment capability. Furthermore, we examine
Gemma-2-9B-SPPO-Iter3 (Wu et al., 2024), which gen-
erates responses based on Ultrafeedback prompts and
utilizes preference pairs labeled by an external reward
model.

4.3 Main Results

Performance on AlpacaEval 2.0. Our SAO-tuned
models demonstrate substantial performance improve-
ments on AlpacaEval 2.0 when evaluated by both GPT-
4-Turbo-1106 and Qwen2-72B-Instruct. When assessed
by GPT-4-Turbo-1106, Gemma-2-9B-it-SAO achieves
a LC of 69.2% and a WR of 66.0%, representing in-
creases of 18.1% and 27.9% respectively over the base-
line Gemma-2-9B-it (51.1% LC, 38.1% WR). This per-
formance surpasses all vanilla models, including the
top-performing GPT-40 (05-13) at 57.5% LC and 51.3%
WR. Moreover, Gemma-2-9B-it-SAO competes closely
with models trained on external datasets, approaching
the performance of Gemma-2-9B-it-SimPO (72.4% LC,
65.9% WR). Similarly, Llama-3-8B-Instruct-SAO ex-
hibits significant improvements, reaching 33.3% LC
and 39.0% WR, increases of 10.4% and 16.4% respec-
tively over the baseline Llama-3-8B-Instruct (22.9% LC,
22.6% WR). When evaluated by Qwen2-72B-Instruct,
Gemma-2-9B-it-SAO continues to excel, achieving
76.0% LC and 71.6% WR. These represent substan-
tial improvements of 19.5% and 32.3% over the base-
line Gemma-2-9B-it (56.5% LC, 39.3% WR) and even
outperform models trained on external datasets, such
as Gemma-2-9B-it-SimPO (74.5% LC, 65.5% WR).
Llama-3-8B-Instruct-SAO also demonstrates significant
improvement when evaluated by Qwen2-72B-Instruct,
reaching 42.3% LC and 49.1% WR, increases of 12.9%
and 19.9% over Llama-3-8B-Instruct (29.4% LC, 29.2%
WR).

These results underscore the efficacy of our SAO
method in enhancing model performance across dif-
ferent base models and evaluation metrics. Notably,
SAO achieves these improvements without relying on
external labeled datasets, highlighting its potential for
efficient and scalable model enhancement.

Performance on MT-Bench and Arena-Hard. Our
evaluation extended to two other mainstream subjective
benchmarks, MT-Bench and Arena-Hard, yielding com-
pelling results that underscore the efficacy of SAO fine-
tuning. As shown in Table 2, on the MT-Bench bench-
mark, Gemma-2-9B-it-SAO achieved an average score
of 8.66, surpassing the backbone model Gemma-2-9B-it
by 0.25 points. In contrast, LLaMA-3-8B-Instruct-SAO
maintained its average score of 7.84. The Arena-Hard
benchmark revealed even more substantial performance
gains, with Gemma-2-9B-it experiencing a remarkable
increase in WR from 40.8% to 54.3% after SAO tuning,
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Table 1: Comparative analysis of various baseline models and our proposed SAO method using AlpacaEval 2.0.
The table presents Length-Controlled Win Rate (LC), Win Rate (WR), and Standard Deviation (STD) for each
model, evaluated against GPT-4-Turbo-1106 and Qwen2-72B-Instruct. We also evaluate downstream performance
generalization in Section 4.3 and provide additional judge analysis in Section 4.4.

AlpacaEval 2.0

Model GPT-4-Turbo-1106 Qwen2-72B-Instruct

LC (%) WR (%) STD LC (%) WR (%) STD
Off-the-shelf Models
Llama-3-8B-Instruct 22.9 22.6 1.3 29.4 29.2 1.6
Yi-34B-Chat 27.2 29.7 1.3 333 37.0 1.7
GPT-4-Turbo-04-09 55.0 46.1 1.5 49.0 39.1 1.7
Gemma-2-9B-it 51.1 38.1 - 56.5 39.3 1.7
Claude-3.5-Sonnet 52.4 40.6 1.5 56.8 40.5 1.7
GPT-40-05-13 57.5 51.3 1.5 51.8 44.7 1.8
Models Trained Using External Generated/Labeled Dataset
Self-Rewarding-70B-Iter3 (Yuan et al., 2024) - 20.4 - - - -
Llama-3-8B-Instruct-SimPO (Meng et al., 2024) 53.7 47.5 - 54.2 45.9 1.8
Gemma-2-9B-SPPO-Iter3 (Wu et al., 2024) 53.3 47.8 - - - -
Llama-3-8B-Magpie-SFT-v0.1 (Xu et al., 2024b) 24.2 252 - 26.2 29.2 1.6
Gemma-2-9B-it-SimPO (Meng et al., 2024) 72.4 65.9 1.4 74.5 65.5 1.7
Models Trained Only Using Self-Synthetic Dataset
Llama-3-8B-Instruct-SAO (Ours) 333 (+10.4) 39.0(+16.4) 1.4 423(+129) 49.1 (+199) 1.8
Gemma-2-9B-it-SAO (Ours) 69.2 (+18.1) 66.0 (+27.9) 1.4 76.0 (+19.5) 71.6(+32.3) 1.6

marking a 13.5 percentage point improvement. Simi-
larly, LLaMA-3-8B-Instruct’s WR rose from 20.6% to
28.1%, reflecting a 7.5 percentage point increase.

These significant advancements across the MT-Bench
and Arena-Hard benchmarks highlight the potential of
SAO tuning in enhancing model performance on multi-
turn, open-ended questions and other diverse and chal-
lenging tasks.

Downstream task performance. Since the SAO
framework typically generates instruction data pairs
without ground-truth-style data (e.g., math and code),
it is essential to assess its influence on downstream ob-
jective task performance. As detailed in Table 3, we
conducted a comprehensive evaluation across diverse
tasks using the Open LLM Leaderboard benchmarks.
The results demonstrate that SAO-tuned models gen-
erally maintain or slightly improve their capabilities
compared to their baseline counterparts.

For the Gemma-2-9B series, the SAO-tuned version
achieves an average score of 74.41 across all bench-
marks, marginally surpassing the baseline Gemma-2-
9B-it (74.28). Notably, Gemma-2-9B-it-SAO shows
improvements in ARC (+0.42), Truthful QA (+2.61),
and HellaSwag (+0.80), while maintaining compara-
ble performance in other tasks. Similarly, Llama-3-8B-
Instruct-SAO (68.20) slightly outperforms its baseline
(68.19), with notable enhancements in ARC (+1.62) and
HellaSwag (+0.18).

Interestingly, models optimized with externally la-
beled datasets like Ultrafeedback, such as Gemma-2-
9B-it-SimPO and Llama-3-8B-Instruct-SimPO, while
achieving impressive results on alignment tasks, show
a decrease in overall performance across these general

Table 2: Performance on MT-Bench and Arena-Hard
benchmarks. MT-Bench shows the lowest agreement
with Chatbot Arena compared to AlpacaEval 2.0 and
Arena-Hard (Meng et al., 2024), but is included due to
its wide adoption in prior work.

Model MT-Bench  Arena-Hard
Llama-3-8B-instruct 7.84 20.6

+ SAO 7.84(+0.00)  28.1(+7.5)
Gemma-2-9B-it 8.41 40.8

+ SAO 8.66(+0.25) 54.3(+13.5)

benchmarks. Gemma-2-9B-it-SimPO’s average score
(70.38) is significantly lower than both the baseline and
SAO-tuned versions, with notable declines in Winograd
(-4.34) and HellaSwag (-15.08). Llama-3-8B-Instruct-
SimPO, despite improvements in specific areas like
Truthful QA (+12.16), also shows a slight overall de-
crease (67.73) compared to its baseline, primarily due
to a substantial drop in GSMS8K performance (-20.01).

We hypothesize that this performance discrepancy
stems from the nature of externally annotated datasets,
which may not align perfectly with the current capabili-
ties of these language models. While such datasets can
yield improvements in specific alignment tasks, they
may inadvertently compromise the model’s general abil-
ities, which is also referred to as the "alignment tax"
issue(Lin et al., 2024). In contrast, the SAO method,
which utilizes self-generated subjective instruction data,
appears to more accurately represent and enhance the
model’s intrinsic capabilities, leading to consistent per-
formance across a wide range of tasks without signifi-
cant trade-offs.
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Table 3: Performance comparison of models on downstream NLP benchmarks from the Open LLM Leaderboard.
The values in parentheses indicate the number of few-shot examples (shots). We provide additional results on
Math500 and a detailed logits distribution shift analysis in Section 4.4 and Appendix B.

Model ARC (25) TruthfulQA (0) Winograd (5) GSMSK (5) HellaSwag (10) MMLU (5) Average
Gemma-2-9B-it-SAO 71.50 62.76 77.35 80.29 82.53 72.02 74.41
Gemma-2-9B-it-SimPO 69.11 59.00 73.72 81.96 66.65 71.82 70.38
Gemma-2-9B-it 71.08 60.15 78.06 82.34 81.73 72.30 74.28
Llama-3-8B-Instruct-SAO 63.57 49.58 74.66 76.72 78.96 65.72 68.20
Llama-3-8B-Instruct-SimPO 66.64 63.86 74.74 55.65 78.97 66.51 67.73
Llama-3-8B-Instruct 61.95 51.70 75.30 75.66 78.78 65.72 68.19
” 74.06 76.02
:Z o0 22 s 2 761 75 4 == SAO 74.13
g 65
g‘ 60 56.5 —_
§ 55 ()
. >
45 s U
° =2 f::gi:im:um Win Rate (LC) '_]
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Data Size
Figure 1: Impact of dataset size on model performance.

0 1 2
Iteration
4.4 Analysis and Ablations
In this subsection, we primarily utilize Gemma-2-9B- 904 == sa0 86.46
it-SAO to investigate various factors influencing model
performance on AlpacaEval 2.0, leveraging Qwen2- 80
72B-Instruct as the evaluation judge. Our observations ;\3 701
indicate that Qwen2-72B-Instruct achieves evaluation ~
results comparable to GPT-4, making it a cost-effective g 60 1
alternative. This evaluation includes analyzing the scal- 50
ing law of the synthetic dataset size. Additionally, for 30. 02.86
other factors such as optimization algorithms, persona 40 47.02
prompt generation, and judging methods, we observed 0 1 3
that even with a 10k synthetic dataset, the SAO-tuned Iteration

model demonstrated promising improvements. There-
fore, we focused on these aspects using the 10k synthetic
dataset to enhance the efficiency and cost-effectiveness
of the evaluation process.

Scaling law of synthetic dataset size. As illustrated
in Figure 1, the performance of Gemma-2-9B-it-SAO
improved significantly with an increase in synthetic
dataset size. The WR rose from 39.25% for the vanilla
model to 74.06% with a 10k dataset, stabilizing around
72% for larger datasets. Similarly, the LC metric
reached 76.02% with a 60k dataset. Interestingly, we ob-
served that even a small amount of self-alignment data
can significantly enhance model alignment performance.
However, the model’s performance appears to saturate
after 10k examples, suggesting diminishing returns with
further increases in dataset size.

We hypothesize that more complex prompts gener-
ated in the post-SAO stage could further unlock the
potential of the model, enabling additional performance
gains. Future work could explore innovative prompt
generation techniques or incorporate domain-specific
nuances to overcome this saturation and maximize the

Figure 2: Impact of iterative optimization.

model’s capabilities.

Iterative self-optimization. We also explore iterative
optimization, in which the improved model is used to
generate new preference data for further self-training.
This process shows promising scalability, and we leave
the trade-off between dataset size and iteration count for
future study. As shown in Figure 2, both AlpacaEval 2
LC and WR improve consistently across iterations. In
particular, SAO exhibits much stronger gains than SPPO
under iterative optimization. The WR increases sharply
from 39.30% in the vanilla model to 74.06% after the
first iteration, and further to 86.46% after the second
iteration, while the LC steadily rises from 56.50% to
74.13%. By comparison, SPPO yields only modest
improvements over the same iterations. These results
highlight the effectiveness of iterative self-optimization
for continually improving model alignment.
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Table 4: Experiments with different preference opti-

mization algorithms using same generated dataset.

Algorithms Win Rate (%)
None 39.25
DPO 49.81
ORPO 67.33
SimPO (default) 74.04
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Figure 3: Distribution of prompt and response lengths.

Different optimization algorithms. To investigate
the influence of different optimization algorithms, we
compared three mainstream approaches: DPO (Xu et al.,
2024a), ORPO (Hong et al., 2024), and SimPO (Meng
et al., 2024). Table 4 illustrates the performance of
these algorithms. Starting from the baseline Gemma-
2-9B-it model (39.25% WR), we observed progressive
improvements: DPO raised the WR to 49.81%, ORPO
increased it further to 67.33%, and SimPO achieved the
highest WR of 74.04%.

The superior performance of SimPO may be at-
tributed to the characteristics of our generated dataset,
as shown in Figures 3. Compared to externally la-
beled datasets, our synthetic dataset tends to generate
shorter prompts (less than 200 words) and longer re-
sponses (mainly in the 400-800 words range), compared
to the existing Ultrafeedback dataset. This characteristic
makes SimPO’s length normalization formula particu-
larly effective in this context. Examples of the synthetic
dataset are provided in Table 13 in the Appendix.

Different prompt sources. A key component of our
method is persona-based prompt generation, which en-
hances the diversity of the generated prompts. Table 5

Table 5: Experiment with different prompt sources.

Source Win Rate (%) Repetition (%)
UltraFeedback 55.84 0.0
Random (Ours) 62.50 45.7
Persona (Ours) 72.30 0.7

Table 6: Comprehensive evaluation of feedback sources.

Feedback Source LC (%) WR (%)
Gemma-2-9B-it-SAO
Random feedback - 8.82
Length-Based feedback - 3.29
ArmoRM feedback - 41.43
GPT-40 feedback 63.37 52.80
GPT-40-mini feedback  71.54 68.51
Self-feedback(Ours) 70.28 74.04
w/o Criterion 1 70.15 73.66
w/o Criterion 2 70.22 73.98
w/o Criterion 3 69.87 73.14
w/o Criterion 4 69.43 72.67

illustrates the effect of using different prompt sources.
When the synthetic dataset was generated with persona
role-play, the model achieved a win rate (WR) of 72.30%
after training with it, along with a significantly lower
prompt repetition rate of 0.7% (only occurred when the
model rejected generating prompts for certain personas).
In contrast, when no persona role-play was used, the
WR dropped to 62.50%, and the repetition rate increased
to 45.7%.

These results emphasize the crucial role of persona-
based prompt generation in improving model perfor-
mance and reducing repetition. Notably, even in the
presence of repetitive prompts, the model’s performance
remains strong. We attribute this robustness to the SAO,
which allows the model to continue self-improving even
when facing redundant prompts. The model remains
capable of generating diverse responses, thanks to the
next-token prediction mechanism and the temperature
settings applied during generation. For comparison,
when the same SAO process was applied using ran-
domly sampled prompts from UltraFeedback, the WR
only reached 55.84%. We believe this drop is due to the
inclusion of prompts with mathematical and reasoning-
based ground-truth data in the UltraFeedback dataset,
which the model struggles to handle correctly, resulting
in suboptimal optimization.

Evaluation of feedback sources. To comprehensively
evaluate the effectiveness of different feedback sources,
we compared multiple feedback mechanisms. We tested
several baseline approaches: Random (randomly se-
lecting responses), Length-Based (preferring shorter
responses), ArmoRM (using ArmoRM-Llama3-8B-v0.1
(Wang et al., 2024)), as well as feedback from exter-
nal models (GPT-40, GPT-40-mini) and self-feedback.
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Table 7: Quality assessment of feedback from different
sources in Gemma-2-9B-it-SAO dataset.

Metric Self GPT-40-mini GPT-40
Correctness 941 9.37 9.36
Completeness 9.45 9.42 9.34
Clarity 9.85 9.82 9.81
Usefulness 9.43 9.39 9.33
Relevance 9.78 9.76 9.76
Avg. Score 9.58 9.55 9.52

Additionally, we conducted an ablation study on the
judging criteria used in our self-feedback template.

As shown in Table 6, the results reveal clear pat-
terns. For Gemma-2-9B-it, self-feedback significantly
outperforms all alternatives, achieving WR of 74.04%
compared to GPT-4o feedback (52.80%), GPT-40-mini
feedback (68.51%), and ArmoRM feedback (41.43%).
Heuristic methods (Random: 8.82%; Length-Based:
3.29%) performed poorly, confirming the necessity of
meaningful evaluation. The ablation study shows all cri-
teria contribute to performance, with Criterion 4 being
most critical (72.67% when removed).

We further conducted a fine-grained quality analysis
on responses selected by Gemma-2-9B-SAO feedback
for given instructions, using five explicit metrics (0-10
scale), as shown in Table 7. Self-feedback consistently
achieves the highest average score (9.58), particularly
excelling in Clarity (9.85) and Relevance (9.78).

Quality of generation vs. judging. To disentangle
the relative contributions of generation quality versus
judging ability, we trained Gemma-2-9B-it on SAO
datasets constructed using different combinations of
generators and judges. Specifically, we used either
Gemma-2-9B-it or LLaMA-3-8B-instruct as the genera-
tor (producing response pairs for prompts generated by
Gemma-2-9B-it) and as the judge (selecting preferred
responses from these pairs).

As shown in Table 8, judging ability has a substan-
tially greater impact on alignment performance than
generation quality. When Gemma serves as the judge,
both configurations achieve strong results: Gemma-
generated + Gemma-judged yields the best performance
(LC: 70.28%, WR: 74.06%), while LLaMA-generated +
Gemma-judged also performs well (LC: 67.30%, WR:
72.73%). In contrast, when LLaMA serves as the judge,
performance drops significantly regardless of the gener-
ator—even Gemma-generated responses with LLaMA
judging achieve only LC: 58.39% and WR: 34.35%,
barely improving over the vanilla baseline.

These results demonstrate that judging quality is the
critical factor in alignment effectiveness. A model
with strong judging ability can effectively utilize pref-
erence data regardless of its generation source, while
weak judging ability limits performance even with high-
quality generated data. This finding validates our core
claim that leveraging a model’s intrinsic judging capabil-

Table 8: Performance of Gemma-2-9B-it under different
generation and judging configurations. Generator pro-
duces response pairs; judge selects preferred responses.

Generator + Judge LC (%) WR (%)

Vanilla Gemma-2-9B-it  56.50 39.30
Gemma + LLaMA 58.39 34.35
LLaMA + LLaMA 59.32 34.41
LLaMA + Gemma 67.30 72.73
Gemma + Gemma 70.28 74.06

Table 9: Multi-judge evaluation on AlpacaEval 2.0
showing consistent improvements across different eval-
uators.

Judge Model Variant LC (%) WR (%)
Gemma-2-9B-it 64.19 45.22
LLaMA-3.3-70B + SAO (self) 68.26 73.11
+SAO (LLaMA) 59.96  36.77
Gemma-2-9B-it 58.46 42.66
LLaMA-3.1-70B + SAO (self) 64.54 69.50
+SAO (LLaMA) 58.65 38.39
Gemma-2-9B-it 61.33 42.61
Qwen-2.5-72B + SAO (self) 71.89  76.09
+ SAO (LLaMA) 55.82 32.67

ity can effectively drive self-improvement in alignment.

Multi-judge evaluation. To further validate the ro-
bustness of SAO improvements and address potential
evaluation bias, we evaluated our models using multi-
ple independent judge models beyond the default GPT-
4 and Qwen2-72B-instruct judges in AlpacaEval 2.0.
Specifically, we employed three diverse state-of-the-art
LLM evaluators: LLaMA-3.3-70B, LLaMA-3.1-70B,
and Qwen-2.5-72B to evaluate models trained with self-
feedback and LLaMA-feedback.

As shown in Table 9, Gemma-2-9B-it with self-
feedback demonstrates consistent and substantial im-
provements across all three judges. With LLaMA-
3.3-70B as the evaluator, WR increases from 45.22%
to 73.11%; with LLaMA-3.1-70B, from 42.66% to
69.50%; and with Qwen-2.5-72B, from 42.61% to
76.09%. The LC metric also shows steady gains across
all evaluators.

In contrast, SAO trained with LLaMA-feedback con-
sistently underperforms the self-feedback approach,
with WR ranging from 32.67% to 38.39% across differ-
ent judges. These results confirm that the performance
gains from our SAO method are robust and general-
ize across different evaluation perspectives, demonstrat-
ing genuine alignment improvements rather than judge-
specific overfitting.

Experiments on Small-Sized LLMs Interestingly,
when we extend our SAO framework to smaller models
(1B-3B), we observe that the initial subjective and align-
ment capabilities of the backbone model significantly
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impact the results. For instance, Llama-3.2-3B-Instruct
shows a performance degradation after applying SAO,
while Gemma-2-2B-it demonstrates notable improve-
ments. We hypothesize that weaker models may lack
sufficient judgment ability to effectively conduct self-
alignment.

Table 10: Performance of small language models on
AlpacaEval 2.0 using Qwen2-72B-Instruct as the judge.

AlpacaEval 2.0
LC (%) WR (%) STD
Llama-3.2-3B-Instruct 21.87 24.97 1.52
Llama-3.2-3B-Instruct-SAO  20.08 (-1.79) 22.05(-2.92) 1.46
Gemma-2-2B-it 38.08 41.74 1.74
Gemma-2-2B-it-SAO 46.18 (+8.10) 49.13(+7.39) 1.76

Model

Additional Result on Math500 We additionally eval-
uate the downstream performance of the model on the
Math500. As shown in Table 11, our method outper-
forms the baselines, demonstrating the effectiveness of
the proposed approach on the modern reasoning task.

Table 11: Performance comparison on the Math500
benchmark using Gemma-2-9B-It as the backbone.

Model Math500(%)
Gemma-2-9B-it 46.40
Gemma-2-9B-It-SimPO 47.60
Gemma-2-9B-it-SAO 49.60

5 Conclusion

In this paper, we propose a self-alignment optimization
framework for aligning LLMs with human preferences
using only self-generated synthetic data. Our approach
enables model itself to generate and judge instruction-
preference pairs, eliminating the need for costly external
annotations. Through comprehensive experiments, we
demonstrate that our framework achieves substantial
performance gains on subjective evaluation benchmarks
while maintaining or improving performance on down-
stream objective tasks. We further demonstrate promis-
ing scalability through dataset size scaling and iterative
optimization, where improved models generate higher-
quality preference data for subsequent rounds. We hope
SAO provides a practical path toward self-improvement
and unlocking the latent capabilities of LLMs.

Limitations

While our experimental results are promising, this study
is constrained by the use of models smaller than 10
billion parameters due to resource limitations. We antic-
ipate that scaling the SAO framework to larger models
could yield even greater performance enhancements.
Additionally, although our approach has demonstrated

effectiveness with simple prompt templates, investigat-
ing more complex templates may provide further im-
provements. Future research should address these areas
to fully leverage the potential of the SAO framework.
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A Impact Statements

The introduction of the SAO framework offers a valu-
able solution to the challenges of fine-tuning LLMs with-
out extensive external supervision. This approach can
significantly reduce the manual effort and time required
for model training, thereby enhancing accessibility to
NLP technologies for individuals and organizations with
limited resources. However, it is crucial to exercise cau-
tion with this self-improvement framework, as it relies
entirely on self-synthesized datasets, which may lead
to the generation of inaccuracies or hallucinations in
certain cases.

B Logits Shift Analysis

To further investigate the impact of different training
methods on the model’s internal representations, we
analyze the logits shift of the generated responses. We
randomly sample 20 prompts from the AlpacaEval 2.0
and Math500 datasets, respectively. For each output, we
extract the logits, defined as the unnormalized scores
z; € R produced by the model before applying the
softmax function:

Zi

e
bi = n P
Zj:leJ

To analyze the overall distributional behavior, we flatten
all collected logits across all responses into a single
one-dimensional vector zg, = {z%l), 2R }, where
k is the total number of generated samples. To quantify
the asymmetry of the flattened logits distribution, we
compute the skewness:
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where 1 and o are the mean and standard deviation of
the flattened logits vector zgq,, respectively. A positive
skewness indicates a right-tailed distribution.

As visualized in Figure 4, we compare the logits dis-
tributions of Base, SimPO, and our SAO method. We
observe that SAO preserves a similar overall shape while
shifting the logits toward higher values compared to the
Base model. This rightward shift is consistent with
increased confidence in the model’s chosen-token pre-
dictions, without fundamentally disrupting the original
distributional characteristics.

In contrast, SimPO (optimized using externally la-
beled datasets) significantly alters the logits distribution.
Although this shift does not degrade performance on
Math500, we hypothesize that such a drastic distribu-
tional change may impose a potential “alignment tax” on
other downstream tasks. By significantly deviating from
the base model’s intrinsic representation, the model risks
losing generalization capabilities on broader reasoning
domains. SAO, by preserving the intrinsic distribution
while enhancing confidence, effectively mitigates this
risk, achieving a robust balance between alignment and
general reasoning capability.
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Figure 4: Logits distribution comparison on AlpacaEval 2.0 (top) and Math500 (bottom). SAO maintains a
distribution shape similar to the Base model while shifting the logits toward higher values, indicating increased
confidence. In contrast, SimPO significantly alters the logits distribution.

C Repetition in Generated Prompts
Under Random Generation

We also investigated the diversity of the generated data
under random sampling conditions. Table 12 lists the
top five most frequently recurring prompts within the
10k synthesized dataset generated without persona role-
play. As observed, the model exhibits a strong tendency
to repeat specific topics.

D Prompt Template

To standardize our data generation and evaluation pro-
cesses, we employed specific prompt templates shown
in Figure 5. The upper panel illustrates the Persona
Instruction template used to synthesize diverse and
domain-specific prompts by conditioning the model on
a specific persona. The lower panel displays the Pair-
wise Response Ranking template, which instructs the
model to act as an impartial judge, evaluating and rank-
ing candidate responses based on relevance, accuracy,
completeness, and clarity.

E Examples

Table 13 illustrates a representative example from our
synthesized dataset, while Table 14 provides a qualita-
tive comparison demonstrating the improved compre-
hensiveness of our SAO-trained model compared to the
baseline.
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Table 12: Top 5 repeated randomly generated prompts without persona role-play in 10k synthesized dataset.

Prompt Count
Summarize the main plot points of the novel "Pride and Prejudice" by Jane Austen, 267
focusing on the development of the relationship between Elizabeth Bennet and Mr. Darcy.
Summarize the main plot points of the novel "Pride and Prejudice" by Jane Austen, 258
focusing on the relationship between Elizabeth Bennet and Mr. Darcy.

Write a short story (around 500 words) about a young inventor who creates a device that 178
can translate animal languages, but struggles with the ethical implications of their

invention.

Summarize the main plot points of the novel *Pride and Prejudice* by Jane Austen, 114
focusing on the relationship between Elizabeth Bennet and Mr. Darcy.

Summarize the main plot points of the novel *Pride and Prejudice* by Jane Austen, 105

focusing on the development of the relationship between Elizabeth Bennet and Mr. Darcy.

Persona Instruction Example

Guess a prompt that the following persona may ask you to do:

A Political Analyst specialized in El Salvador’s political landscape.

Note:
1. The prompt should be informative and specific.

2. Your output should start with "User prompt:"
\ y,

Pair-wise Response Ranking

You are an impartial judge. Your task is to rank two answers to a given prompt based on their quality.

Prompt: {prompt}
Response 1: <Response 1> {response 1} </Response 1>

Response 2: <Response 2> {response 2} </Response 2>

Please carefully read each response and evaluate them based on the following criteria:
1. Relevance and specificity to the prompt

2. Accuracy and correctness of information

3. Completeness and comprehensiveness

4. Clarity and understandability

Then, rank these two responses from best to worst. You must output your ranking strictly in the
following format: ranking: X > Y, where X and Y represent one of 1 or 2, without repetition.

Remember, you must output a complete ranking including both options. Now, please provide your
ranking:
\ J

Figure 5: The top box displays the persona instruction prompt, which directs the LLM to generate a specific prompt
based on a given persona. The bottom box illustrates the pair-wise response ranking prompt, instructing the LLM to
compare and rank responses based on specific criteria modified from Shen et al. (2024).
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Table 13: Example of the synthetic dataset.

Input Persona

A newly hired general counsel at TurpCo Industries

Generated Prompt

As a newly hired General Counsel at TurpCo Industries, I need to understand the legal
landscape of our operations. Could you provide a detailed report on the major legal
risks and compliance issues our company might face in the next fiscal year, including
any potential changes in legislation that could affect our business? Additionally, please
include recommendations for mitigating these risks and ensuring our compliance with
all relevant laws and regulations.

Response 1

Executive Summary:

As the General Counsel of TurpCo Industries, it is essential to understand the legal
risks and compliance issues that our company may face in the next fiscal year. This
report provides an overview of the major legal risks and compliance issues that our
company may face, including potential changes in legislation that could affect our
business. The report also includes recommendations for mitigating these risks and
ensuring our compliance with all relevant laws and regulations.

Legal Risks and Compliance Issues:

1. Data Privacy and Cybersecurity: As the world becomes increasingly digital,
data privacy and cybersecurity risks have become more prevalent. Our company must
ensure that we comply with all relevant data protection laws and regulations, such as the
General Data Protection Regulation (GDPR) in Europe and the California Consumer
Privacy Act (CCPA) in the United States. We must also have robust cybersecurity
measures in place to protect our company’s and our customers’ data......

Response 2

Subject: Legal Risk Assessment and Compliance Report for TurpCo Industries
Dear [Recipient’s Name],

I am pleased to present a comprehensive report on the major legal risks and compliance
issues that TurpCo Industries may face in the upcoming fiscal year. This report will
also address potential legislative changes that could impact our operations, along with
recommendations for risk mitigation and ensuring legal compliance.

1. Overview of Legal Risks and Compliance Issues:

a. Environmental Regulations:

- Risk: TurpCo Industries’ manufacturing processes may be subject to stringent envi-
ronmental regulations, including those related to emissions, waste disposal, and water
usage.

- Potential Changes: The Environmental Protection Agency (EPA) is considering
updating regulations to reduce greenhouse gas emissions and tighten waste disposal
standards.....

Ranking

2>1
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Table 14: Outputs from Gemma2-9B-it and Gemma?2-9B-it-SAO models.

Instruction

‘What are the names of some famous actors that started their careers on Broadway?

Gemma2-9B-it Qutput

Here are some famous actors who started their careers on Broadway:

**] egends:**

* **Meryl Streep:** Made her Broadway debut in 1975 and won a Tony Award for "The Cherry
Orchard."

* **Denzel Washington:** Won a Tony Award for his performance in "Fences" and has starred in many
other Broadway productions.

* #*A] Pacino:** Rose to fame on stage before transitioning to film, winning a Tony Award for "Does a
Tiger Wear a Necktie?"

* *#*Robert De Niro:** Made his Broadway debut in 1964 and has since returned for several productions.
* **James Earl Jones:** Known for his iconic voice, he won a Tony Award for "Fences" and has been a
mainstay on Broadway for decades.

**More Recent Stars:**

* **Lin-Manuel Miranda:** Created and starred in the smash hit "Hamilton," winning multiple Tony
Awards for his work.

* #* Andrew Garfield:** Earned Tony Award nominations for "Death of a Salesman" and "Angels in
America."

* *#*Scarlett Johansson:** Made her Broadway debut in "A View from the Bridge" and has since returned
for other productions.

* **Nathan Lane:** A Tony Award-winning actor known for his comedic roles in musicals like "The
Producers" and "Guys and Dolls."

* **Hugh Jackman:** Known for his role as Wolverine, he has also starred in several Broadway musicals,
winning a Tony Award for "The Boy From Oz."

This is just a small sample of the many talented actors who have honed their craft on Broadway. Let me
know if you’d like to explore actors from a specific genre or era!

Gemma2-9B-it-SAO Output

Here’s a list of famous actors, spanning generations and genres, who honed their craft and gained initial
recognition on Broadway:

**Stage Legends & Classics:**

* *#*Marlon Brando, James Dean, Montgomery Clift:** Pioneered Method acting, rose to fame through
iconic stage productions before Hollywood.

* **Humphrey Bogart, Katharine Hepburn, Laurence Olivier, Ingrid Bergman:** Established themselves
as stage stars before transitioning to film.

* *#*Judy Garland, Ethel Merman, Carol Channing, Yul Brynner:** Musical theatre icons who built
enduring careers on Broadway.

* #* Angela Lansbury, Julie Andrews, Audra McDonald:** Multiple Tony Award winners with long,
distinguished Broadway careers.

**Contemporary Stars:**

* **Denzel Washington, Viola Davis, Nathan Lane, Patrick Stewart:** Highly acclaimed actors with
both stage and screen success.

* **Tom Hanks, Meryl Streep, Daniel Day-Lewis, Michelle Williams:** Oscar winners who began their
careers in theatre.

* **]dina Menzel, Lin-Manuel Miranda, Andrew Garfield, Jake Gyllenhaal:** Known for both stage
and screen, often returning to Broadway.

* **Hugh Jackman, Bradley Cooper, Emma Stone, Scarlett Johansson:** Made their mark on Broadway
before achieving major film success.

**Notable Mentions:**

* *#*Robert De Niro, Al Pacino, Christopher Walken:** Strong stage backgrounds, though perhaps less
known for their Broadway work specifically.

This list is by no means exhaustive, but it highlights the rich history of actors who found their footing
and developed their skills on the Broadway stage.
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