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Abstract
Large language models demonstrate impres-
sive reasoning abilities but struggle to provide
personalized content due to their lack of in-
dividual user preference information. Exist-
ing methods, such as in-context learning and
parameter-efficient fine-tuning, fall short in cap-
turing the complexity of human preferences,
especially given the small, personal datasets
individuals possess. In this paper, we propose a
novel approach utilizing small parameter mod-
els as preference agents to generate natural
language rules that guide a larger, pre-trained
model, enabling efficient personalization. Our
method involves a small, local "steering wheel"
model that directs the outputs of a much larger
foundation model, producing content tailored
to an individual’s preferences while leverag-
ing the extensive knowledge and capabilities of
the large model. Importantly, this personaliza-
tion is achieved without the need to fine-tune
the large model. Experimental results demon-
strate that our technique significantly outper-
forms baseline personalization methods. By
allowing foundation models to adapt to individ-
ual preferences in a data and compute-efficient
manner, our approach paves the way for highly
personalized language model applications.

1 Introduction

Large Language Models have revolutionized vari-
ous domains with their impressive capabilities in
reasoning, knowledge retrieval, and content gener-
ation. However, a crucial aspect where they often
fall short is the ability to adapt their outputs to in-
dividual user preferences. While LLMs excel at
generating content that caters to a broad audience,
they struggle to produce outputs that resonate with
the unique stylistic and contextual needs of indi-
vidual users (Woźniak et al., 2024). This limitation
stems from the fact that LLMs are typically trained
on massive, generic datasets, promoting neutrality
and hindering their capacity to learn and adapt to
individual nuances (Berliner et al., 2016).

Existing personalization techniques, such as in-
context learning (ICL) (Brown et al., 2020) and
parameter-efficient fine-tuning (PEFT) (Hu et al.,
2021; Dettmers et al., 2023), have shown promise
in adapting LLMs to specific tasks. However, these
methods encounter significant challenges when ap-
plied to the domain of human preference learning.
ICL, while effective in providing general guidance,
struggles to capture the intricate and often contra-
dictory nature of human preferences, especially
when relying on limited in-context examples (Peng
et al., 2023). Similarly, PEFT methods, while effi-
cient in terms of compute and storage, face difficul-
ties in generalizing to new preferences, particularly
when users only possess small, personal datasets
(Balne et al., 2024). This raises a fundamental ques-
tion: how can we efficiently and effectively align
powerful LLMs to individual user preferences,
especially when personalized data is scarce?

To address this challenge, we propose a novel
approach based on the concept of preference agents.
These agents are small, locally trainable language
models designed to learn and encode individual
user preferences into concise natural language rules.
These agents act like a small "steering wheel," guid-
ing the output of a much larger, generic LLM to-
wards the desired personalized style and content.
This modular architecture decouples the task of
preference learning from the generic LLM, allow-
ing users to efficiently fine-tune a small agent on
their personal data without the need for modifying
the weights of the larger model.

Our approach represents a significant depar-
ture from conventional preference learning meth-
ods, offering a potential solution for unsuper-
vised human preference learning. We evaluate our
method across three diverse datasets encompass-
ing human-generated content: emails, news articles
and product reviews. Our results demonstrate that
preference-guided LLMs significantly outperform
both fine-tuning baselines and standard prompting
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Figure 1: Preference Rule Finetuning vs Naive Finetuning and Large Model Zero-Shot (Figure WIP)

techniques, based on automatic metrics, GPT-4o
evaluation, and human judgments.

Specifically, our contributions include:

• A novel fine-tuning objective that leverages
distilled preference information instead of tra-
ditional input-output pairs, promoting effi-
cient learning of user preferences.

• Empirical evidence that the use of preference
agents leads to significant performance im-
provements – up to 80% in some cases – over
existing personalization methods, particularly
when aligning LLMs to individual styles and
preferences.

• The release of three large, human intent an-
notated preference datasets to foster future
research in personalization. 1

2 Method

In this section, we detail our approach for align-
ing language models to personalized user prefer-
ences using small preference agents. Our method
involves two key components: generating natural
language rules that capture user preferences and
utilizing these rules to guide a larger, pre-trained
language model. This modular architecture allows
for efficient personalization without extensive re-
training.

2.1 Task Definition

Given a task T , we define the dataset D as consist-
ing of input-output pairs. Each input comprises a
user intent u and associated task metadata m, and
the output is the ideal task completion, denoted as

1https://huggingface.co/preference-agents

g, which we consider the ground truth. Thus, the
dataset can be formally expressed as:

D = {(x,g) | x = (u,m)}

2.2 Constraints and Assumptions
We seek to enable users to generate high qual-
ity, personalized responses as our goal, which are
bounded by some constraints and assumptions:

• Constraint 1: The size of the dataset D is not
large enough to permit effective full parameter
model fine-tuning. Given that individual users
typically possess small, personal datasets, it
is impractical to expect these datasets to be
sufficient for extensive fine-tuning of a large
language model.

• Constraint 2: The small model, denoted as
MS , must be lightweight enough to operate
(w.r.t both training and inference) on lower
power end-user devices. This requirement
ensures that users can generate and apply
their preferences without the need for high-
performance computing resources. This al-
lows for local inference, making the person-
alization process more accessible and conve-
nient.

• Constraint 3: The large model, referred to
as ML, is either too large to run inference
locally or is a closed-source API model. Con-
sequently, it is not feasible, or cost effective
to fine-tune or align ML by altering its model
weights.

2.3 Model Training
Given the dataset D, we first task ML with generat-
ing zero-shot responses to our training data. These
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initial responses are devoid of any user-specific
preference information:

Yz = ML(X) (1)

where Yz represents the set of zero-shot outputs
for all inputs X in the training dataset.

Next, we leverage ML’s capabilities to extract
the delta between the zero-shot completions (Yz)
and the ground truth outputs (G). This delta repre-
sents the preference rules that need to be learned
by the smaller model:

P = ML(Yz,G) (2)

Here, P represents the set of preference rules
derived for each training example. We hypothesize
that ML can effectively identify these rules without
prior knowledge of the specific user’s preferences,
just by observing the differences between the zero
shot completion and the ground truth.

Finally, we train the smaller model, MS , to learn
to generate these preference rules. The training
data for MS consists of input-preference rule pairs:

MS
(X,P)−−−−→ MA (3)

Through this training process, MS learns to map
user intents and task metadata to natural language
preference rules, effectively becoming a personal-
ized preference agent (MA).

2.4 Model Alignment

Once the preference agent MA is trained, we can
use it to align the larger model’s outputs to unseen
user data. For a new input x, we first generate
preference rules using the trained agent:

p = MA(x) (4)

These rules, expressed in natural language, are
then provided as additional context to the large
language model ML alongside the original input:

ya = ML(x,p) (5)

The output ya is considered to be preference-
aligned as it is generated by ML while consider-
ing the user’s preferences encoded in p. This ap-
proach allows us to leverage the vast knowledge of
ML while tailoring the output to individual prefer-
ences without directly modifying the large model’s
weights.

2.5 Quantifying Alignment
We utilize an evaluation function Eval(ya, yz|x) on
an unseen test set T . For each example in T , the
function compares the preference-aligned output
ya with the zero-shot output yz generated by ML

without preference rules. The evaluation function
assigns a score indicating the preference between
ya and yz , given the input x. A positive score
indicates a preference for the aligned output ya,
suggesting better alignment with the user’s likely
preference, while a negative score favors the zero-
shot output. We aggregate these scores across all
examples in T to obtain an overall alignment score:

Score(T ) =

|T |∑

i=1

Eval(y(i)a , y(i)z |x(i)) (6)

where |T | represents the number of examples in
the test set and y

(i)
a and y

(i)
z represent the aligned

and zero-shot outputs, respectively, for the i-th ex-
ample.

A positive Score(T ) indicates that the prefer-
ence agent successfully guides the LLM to gen-
erate outputs better aligned with user preferences
compared to the baseline zero-shot outputs.

3 Experimental Setup

3.1 Model Choice
We employ Llama-3-8B-Instruct as our smaller,
locally inferrable model (MS) due to its strong ca-
pabilities and suitability for QLoRA fine-tuning on
consumer hardware (Dettmers et al., 2023). For our
larger reasoning model (ML), we utilize Llama-3-
70B-Instruct (AI@Meta, 2024), Claude 3.5 Son-
net (Anthropic, 2024), and Gemini 1.5 Pro (Team
et al., 2024). This diverse selection allows us to
evaluate our approach with both a strong open-
source model (Llama-3-70B-Instruct) and power-
ful closed-source API models (Claude 3.5, Gemini
1.5), to demonstrate generalizability.

3.2 Datasets
Our evaluation spans three datasets encompassing
single and multi-user preference information:

Enron Email Corpus. For evaluating short-
form writing personalization, we utilize the Enron
email corpus (Klimt and Yang, 2004), comprising
emails from approximately 150 users, primarily
senior management at Enron. We sample 15 users
to analyze the reproducibility of individual writing
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styles. Each user’s subset is split into an 80-20
train-test split.

New Yorker. To assess performance on long-
form creative writing, we employ a subset of the
All the News 2.0 dataset (Thompson, 2020), specifi-
cally articles from The New Yorker magazine. This
subset, containing approximately 3,500 articles,
provides a rich source of author preference infor-
mation. We investigate whether our preference
agents can reproduce the unique style of The New
Yorker using natural language rules. We split this
dataset into a 50-50 train-test split.

Amazon Review Subset (LAMP 3U). To fur-
ther assess the generalizability of our framework
beyond long-form content, we incorporate the
LAMP 3U dataset (Salemi et al., 2024), which
consists of Amazon product reviews grouped by
user. We sampled 15 random users from LAMP
3U and then generated review intents and rules for
each user following the same process employed for
the Enron dataset.

Refer to Appendix A for details regarding dataset
preparation and sampling.

Metric Value

Enron-42K (Short Form)

Number of Data Points 40,240
Number of Unique Senders 191
Avg. Token Count (Email Content) 58.83
Avg. Token Count (Previous Context) 261.48

LAMP 3U (Medium Form)

Number of Data Points 22,500
Number of Unique Users 15
Avg. Token Count (Review) 144.32

New Yorker (Long Form)

Number of Data Points 1,525
Number of Unique Article Authors 401
Avg. Token Count (Article) 846.60

Table 1: Dataset Statistics - Enron, New Yorker, and
LAMP 3U Amazon Reviews

3.3 Dataset Augmentation
3.3.1 Synthetic Intent Generation
We aimed to develop a fully unsupervised approach
that avoids manual collection of human intents,
which can be time-consuming and costly. To
achieve this, we leveraged the large language model
(ML) to automatically extract the core content of
each email or article into bullet points, emulating
user input or intent. To ensure the quality of these
synthetic intents, we randomly sampled a subset

and subjected them to manual human evaluation.
Our findings indicated a high degree of fidelity,
with over 95% of the synthetic intents rated highly
by humans. To introduce variance and simulate
different user styles, we generated three intent vari-
ants for each data point at temperatures of 0.7,
1.0, and 1.2. These intents were then randomly
sampled to create intent-annotated versions of our
datasets. Examples of generated intents can be
found in Appendix B.3.

3.3.2 Rule Generation
To capture the nuanced stylistic preferences inher-
ent in our datasets, we employed the large rea-
soning model (ML) to generate natural language
preference rules. These rules distill the essence of
the desired style by highlighting the discrepancies
between a zero-shot baseline generated by ML and
the ground truth email or article.

We investigated three distinct strategies for gen-
erating these preference rules:

• Distillation-Based Rule Generation: This
approach leverages a distillation process. ML

first generates a zero-shot baseline response
for the given input. By analyzing the differ-
ences between this baseline and the ground
truth, the model identifies missing stylistic and
preference elements and generates targeted
rules to bridge the gap.

• Direct Rule Generation: We also explore di-
rectly prompting ML to generate rules based
solely on the ground truth email or article.
This approach, while simpler, lacks the tar-
geted feedback mechanism inherent in the
distillation-based method.

• Rule Generation with Thinking Tokens:
To further enhance the rule generation pro-
cess, we incorporate "thinking tokens" into the
prompts. These tokens encourage the model
to engage in more deliberate reasoning before
generating rules, potentially leading to more
insightful and effective guidance.

Examples of generated rules for each strategy are
provided in Appendix B.1. A detailed discussion of
the relative merits and limitations of these strategies
is presented in Appendix C.

3.4 Preference Agent Training
The preference agents, based on Llama-3-8B-
Instruct, are trained using Quantized Low-Rank
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Adaptation (QLoRA) (Dettmers et al., 2023), a
parameter-efficient fine-tuning (PeFT) method. We
choose QLoRA over full fine-tuning due to its
scalability and feasibility for local deployment on
user devices. All model training procedures are
designed to be accommodated within 16GB of
VRAM, making our approach accessible to stan-
dard consumer-grade devices.

We employ a consistent set of hyperparameters
across all experiments. This simplified configura-
tion, while not optimal, serves to demonstrate the
effectiveness of our method even with straightfor-
ward hyperparameter choices. A detailed analysis
of our fine-tuning procedure, including further ex-
ploration of hyperparameter search and impact on
performance, can be found in Appendix D.

To establish a performance baseline, we also nai-
ve finetune a model (MF ) using the same setup.
This model is trained directly on input-output pairs
(user intent and task metadata as input, ground truth
text as output). This ensures a fair comparison by
isolating the impact of our proposed rule-based
fine-tuning approach from potential differences in
model architecture or training configurations.

3.5 Evaluation Methodology

To rigorously assess the efficacy of our preference
alignment approach, we employ two complemen-
tary evaluation methodologies: automated evalua-
tion using GPT-4 Omni (GPT-4o) and human eval-
uation.

Baselines. We compare our proposed preference
agent models against several strong baselines, such
as

• Zero-shot generations from both the small
model (Llama-3-8B, MS) and the large model
(Llama-3-70B, ML),

• Few-shot generations using ML, providing a
limited number of examples in the prompt,

• Naive fine-tuned agent (MF ), where MS is
directly fine-tuned on input-output pairs using
QLoRA with the same hyperparameters as our
preference agent training.

Automated Evaluation. We leverage GPT-4o
as our automated evaluator due to its demonstrated
capabilities in assessing human-written text and
capturing stylistic nuances (Naismith et al., 2023;
Zheng et al., 2023; Shashidhar et al., 2023). Our
primary automated metric is the win percentage,

which quantifies how often a method’s output is
selected by GPT-4o as the best match to the ground
truth. GPT-4o’s evaluations are based on crite-
ria such as similarity in style, tone, characteris-
tic phrases, and overall resemblance to the ground
truth content.

Human Evaluation: We complement the auto-
mated evaluation with a human evaluation study on
a subset of each dataset. Participants are presented
with the original input, the ground truth output, and
the outputs generated by each method. They are
then asked to select the response that they believe
best aligns with the ground truth, using the same
criteria as the GPT-4o evaluation. This human eval-
uation provides valuable insights into the alignment
of model outputs with human preferences. Detailed
information on the human evaluation protocol can
be found in Appendix I.

Choice of Metrics. We have deliberately chosen
not to rely on traditional similarity metrics such as
BLEU (Papineni et al., 2002) and ROUGE (Lin,
2004). While these metrics are valuable for assess-
ing lexical overlap, they are less effective in captur-
ing the nuanced aspects of stylistic similarity that
are central to our evaluation. For example, consider
two emails from the Enron dataset with similar con-
tent but distinct styles. One email might be writ-
ten in a formal, professional tone, while the other
adopts a more casual, conversational style. BLEU
and ROUGE, focusing primarily on the presence
or absence of specific words and phrases, might as-
sign similar scores to both emails despite the clear
difference in style perceived by a human reader.
This discrepancy arises because these metrics do
not adequately account for the semantic meaning
and contextual usage of words, which are crucial
for evaluating stylistic resemblance. This decision
is further elaborated upon in Appendix E.

4 Results

We evaluated the performance of our fine-tuned
preference agents against several baselines using
GPT-4o and human evaluation. We report the
win rates – the percentage of instances where our
method outperforms the baseline – in Table 2. Our
baselines include zero-shot generations from both
MS and ML, few-shot generations using ML, and
a naive fine-tuned agent (MF ). We compare these
baselines against our preference agent, trained with
zero-shot baseline rules, and a no-baseline agent
trained without using zero-shot information.
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Preference
Agents New Yorker Enron LAMP 3U Aggregated

ML →
vs ↓

Llama3 70B
Instruct

Claude 3.5
Sonnet

Gemini
1.5 Pro

Llama3 70B
Instruct

Claude 3.5
Sonnet

Gemini
1.5 Pro

Llama3 70B
Instruct

Claude 3.5
Sonnet

Gemini
1.5 Pro

LLM
Evaluation

Human
Evaluation

Small
Baseline

77.4 91.5 80.0 88.4 96.1 89.8 74.6 84.0 75.3 84.1 91.0

Large
Baseline

67.7 75.2 66.9 85.6 83.7 88.2 66.5 69.5 63.8 74.1 84.5

Few
Shot

68.3 62.0 66.7 61.1 68.0 57.4 58.3 57.4 59.4 62.0 73.4

Naive
Finetune

80.3 82.4 81.8 75.3 87.8 81.3 85.0 92.7 89.0 83.9 92.2

No Baseline
Agent

65.1 68.8 63.8 58.4 61.3 62.5 63.8 67.2 60.4 63.4 52.0

Table 2: Win Rates of Llama3 8B Ms combined with various ML, evaluated by GPT4o and human evaluation.

Small Model Baseline. Both GPT-4o and hu-
man evaluations agree that the small model baseline
(MS) performs significantly worse than our prefer-
ence agent. This highlights the limitations of using
small language models alone for tasks requiring a
deep understanding of user preferences. Human
evaluations show an even larger performance gap
compared to GPT-4o, as humans are more adept at
detecting subtle differences in style and content.

Large Model Baseline. While the baseline pro-
duced by the large model improves, the improve-
ment is most noticeable in domains with lower
degrees of available personalization (such as arti-
cles and product reviews), and less noticeable when
direct preferences are involved (such as email writ-
ing)

Few Shot. While our method consistently out-
performs the few-shot baseline across all datasets,
the performance gap is more pronounced in the
New Yorker dataset, compared to the LAMP3U or
Enron datasets. We hypothesize that this difference
stems from the nature of the tasks. Few-shot exam-
ples are likely more effective for email writing or
product review writing, a relatively structured and
concise format, than for long-form article writing,
where capturing stylistic nuances requires more
than a few examples.

Naive Finetune. Human evaluators exhibited
a stronger preference for preference agent out-
puts over naive fine-tuning compared to GPT-4o.
Post-annotation interviews revealed that naive fine-
tuning often resulted in hallucinations of crucial
information, a phenomenon not effectively penal-
ized by automated metrics but disliked by humans.

No Baseline Agent. The preference agent
trained without access to zero-shot baseline infor-
mation exhibits competitive performance, particu-
larly when considering the marginal reduction in in-

ference cost it offers. This makes it a viable alterna-
tive in scenarios where minimizing inference cost is
a priority, even if it comes with a slight compromise
in performance compared to the distillation-based
approach.

Both automated and human evaluations confirm
that our preference agent significantly improves
the alignment of LLM outputs with individual user
styles and preferences, as discussed in Section 5.1.
The strong and consistent performance across di-
verse datasets and LLMs highlights the general-
izability utilizing preference agents. Qualitative
examples and human annotation samples of the
results are provided in Appendix J.

5 Discussion

5.1 Enhanced Fine-Tuning through
Preference Rules

Our experiments (Figure 2) reveal that fine-tuning
the preference agent on natural language rules, as
opposed to directly on input-output pairs, leads to
a more effective learning process. This result indi-
cates that structured rules provide a more efficient
learning signal for the preference agent.

We hypothesize that this difference stems from
the inherent complexity and diversity of the tar-
get data versus the clear structure of the prefer-
ence rules. When learning from raw input-output
pairs, the model must adapt to the nuances of the
target task, which can be challenging given the
diversity of writing styles and content. Specifi-
cally, instruction-finetuned language models often
exhibit a "chatbot" style, characterized by conver-
sational and explanatory responses (Ouyang et al.,
2022). This style can be significantly different from
the desired output style for specific tasks like email
writing, which often requires a more direct and
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concise approach. Adapting the model to such spe-
cific styles directly through fine-tuning can be chal-
lenging, especially under the constraints of PeFT
methods. In contrast, the structured format of the
rules enables the model to discern patterns more
easily, facilitating faster and more effective learn-
ing. This translates to improved sample efficiency,
as the model requires fewer examples to grasp the
underlying preference information.

Furthermore, this approach promotes a smaller
distribution shift during fine-tuning. Naive fine-
tuning necessitates a substantial adaptation to the
new task’s distribution, which can involve shifting
the model’s overall output style from a conversa-
tional "chatbot" approach to a more task-specific
style. PEFT methods, while effective in adapt-
ing models to new tasks or domains, may be less
effective in inducing such significant changes in
the model’s fundamental language generation style
(Balne et al., 2024). On the other hand, rule-based
fine-tuning focuses on learning a more specific
mapping – from input to preference rules – lever-
aging the pre-trained language model’s existing
capabilities for task completion. Crucially, natural
language rules, are closer to the LM’s existing out-
put distribution compared to the diverse and poten-
tially drastically different output styles of diverse,
specific tasks. This makes them more suitable for
PEFT adaptation, as the model can learn to gener-
ate rules without having to undergo a substantial
shift in its underlying parameters.

his decoupling of preference learning from the
core task allows for more efficient adaptation, espe-
cially in multi-task settings where the model might
need to switch between different domains and writ-
ing styles. By focusing on learning user prefer-
ences, we can leverage the larger model’s general-
izability and extensive knowledge base for superior
performance across diverse tasks.

5.2 Model-Specific Semantic Understanding
Our findings suggest that models within the same
family (e.g., Llama) exhibit a higher degree of se-
mantic alignment compared to models from dif-
ferent families (e.g., GPT-4). Specifically, we
observed that Llama-3 70B demonstrates a bet-
ter understanding of rules generated by itself or
the smaller Llama-3 8B model, compared to rules
generated by GPT-4. While GPT-4 generated well-
structured and seemingly comprehensive rules, they
were less effective in guiding the Llama models.
This indicates that semantic understanding, even

Figure 2: On the New Yorker dataset, naive fine-tuning
plateaus at a loss above 1.5, whereas fine-tuning with
structured preference rules reduces the loss below 1.0
with identical hyperparameters.

when expressed through seemingly universal natu-
ral language, can be model-specific.

This observation is further supported by exper-
iments with human-written rules. Despite being
crafted by expert annotators to be as clear and
specific as possible, human-generated rules led
to a 16.8% performance degradation compared to
model-generated rules. This suggests that subtle
differences in the way models and humans interpret
language can significantly impact the effectiveness
of rule-based guidance. For instance, models might
interpret terms like "precise," "concise," and "infor-
mal" differently than humans, leading to discrepan-
cies between intended and actual outcomes.

These findings highlight the potential impor-
tance of model-specific semantic understanding
in aligning LLMs with human preferences. Au-
tomated rule generation, leveraging the model’s
own internal representations and semantic under-
standing, is a more effective approach than relying
on human-generated rules or prompts. However,
further research is needed to fully understand the
nature of these semantic differences and develop
strategies for mitigating their impact.

5.3 Enhancing Rule Generation through
Deliberative Prompts

Humans often engage in a process of deliberation
before formulating responses, particularly when
faced with complex or nuanced tasks. This internal
dialogue, where we weigh different options and
consider various perspectives, contributes to more
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thoughtful and well-reasoned answers. Drawing
inspiration from this human cognitive process, we
explored the use of "deliberation" during rule gen-
eration inference by the preference agent. We in-
clude specially designed "thinking tokens," which
encourage the model to engage in a similar form
of internal reasoning before generating the natu-
ral language rules that guide the larger LLM. This
encourages the model to decompose the task of
preference extraction into smaller, more manage-
able steps. Our empirical results demonstrate that
incorporating these deliberative prompts leads to
a notable improvement in the quality of generated
rules, resulting in better alignment between the
large LLM’s outputs and individual user prefer-
ences.

We hypothesize that these thinking tokens func-
tion as a form of cognitive scaffolding, providing
the model with a structured space to isolate and pro-
cess critical preference information. By explicitly
prompting the model to "think" before generating
rules, we aim to enhance its ability to identify sub-
tle patterns in user preferences and translate them
into effective guidance for the larger model. This
approach aligns with findings from previous re-
search, which demonstrates that prompting LLMs
to engage in step-by-step reasoning can signifi-
cantly improve their performance on various tasks
(Kojima et al., 2023; Zelikman et al., 2024; Goyal
et al., 2024).

5.4 Evidence of Personalization
A key objective of our approach is to learn indi-
vidual writing styles rather than merely improving
general task performance (e.g., email writing). To
investigate this, we conducted a permutation analy-
sis using preference agents trained on distinct email
senders from the Enron dataset. We trained five
agents on data from five different senders and then
applied each agent to the test data of all five senders,
generating emails for every agent-sender combina-
tion. This allowed us to assess whether an agent
trained on a specific sender’s style is more effec-
tive at generating emails resembling that sender’s
writing compared to other senders.

We quantified the similarity between the gener-
ated emails and the ground truth using the normal-
ized BERT Score (Reimers and Gurevych, 2019),
which provides a measure of semantic similarity
suitable for analyzing large text corpora like emails.
Our analysis, depicted in Figure 3, reveals a strong
trend along the diagonal. This indicates that the

Figure 3: Permutation of Models and Senders

agent trained on a particular sender’s data performs
best when generating emails for that same sender,
strongly suggesting that our approach successfully
captures individual writing styles and preferences.

This observation is further supported by ran-
domly sampled human evaluations, which corrobo-
rate the BERT Score findings (see Appendix F for
details).

5.5 Cost Effectiveness

While our approach necessitates an inference step
with ML during rule generation and at inference
time, the cost, Ci(ML), is relatively small due to
the concise nature of the rule sequences. For in-
stance, most rule sequences generated range from
100 - 150 extra tokens. This results in a combined
cost of Cf (MS) + Ci(ML). Although this com-
bined cost is marginally higher than the cost of
naive fine-tuning (Cf (MF )), the significant perfor-
mance gains offered by our method, as evidenced
by our experimental findings, justify this trade-off.
Moreover, the inference cost associated with rule
generation is a one-time expense during training
data preparation, further diminishing its impact.

Our decision to avoid fine-tuning ML provides
significant flexibility as we avoid the sunk cost
associated with fine-tuning a large model, en-
abling seamless integration of newer, more power-
ful LLMs as they become available.

6 Related Work

Traditional Methods of Alignment. Aligning lan-
guage models to human preferences often employs
techniques like Reinforcement Learning from Hu-
man Feedback (RLHF) (Ouyang et al., 2022) and
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its variant, Reinforcement Learning from AI Feed-
back (RLAIF) (Bai et al., 2022), which leverages
fine-tuned LLMs as annotators. While effective,
RLHF requires substantial human annotation and
complex distributed training. Direct Preference
Optimization (DPO) (Rafailov et al., 2023) offers
an alternative by using preference pairs, reduc-
ing computational complexity. However, DPO’s
reliance on contrasting pairs may not fully cap-
ture the nuances of overlapping human preferences.
In-context learning methods (Kojima et al., 2022;
Woźniak et al., 2024), while showing promise, are
limited by context length restrictions, hindering
their ability to generalize effectively.

Agent-based Alignment. To address the com-
putational demands of training large models, agent-
based architectures have emerged as a promising
avenue for compute-constrained environments. For
instance, Li et al. (2023) utilize a fine-tuned T5
policy model to guide large models via stimulus
prompting. However, this approach necessitates
full-parameter Supervised Fine-Tuning (SFT) and
RL optimization, introducing computational over-
head and yielding limited performance gains in
tasks like dialogue generation. Similarly, Aligner
(Ji et al., 2024) employs full-parameter SFT and
relies on a substantial custom dataset for preference
learning, posing challenges in terms of data require-
ments and VRAM usage. Tan et al. (2024) propose
Parameter-Efficient Fine-Tuning (PEFT) methods
to personalize agents based on user history and
preference retrieval. While computationally effi-
cient, this approach is constrained by the reasoning
capabilities of the smaller fine-tuned agent. These
approaches often rely on automatic metrics like
BLEU and ROUGE, which predominantly capture
lexical similarity without fully encapsulating the
nuances of human preferences. Gao et al. (2024)
introduce an agent trained on human edits to align
zero-shot outputs. However, this approach requires
multiple inference rounds for each query, increas-
ing latency and computational costs. Moreover,
human edit history may not consistently reflect
genuine preferences, and relying solely on edit dis-
tance as a measure of alignment can be unreliable.
Yang et al. (2024) propose a framework for align-
ing LLMs through Multi-perspective User Pref-
erence Ranking-based Feedback. This approach,
however, involves an initial SFT phase, along with
Multi-Perspective Ranking Aggregation (MPRA)
and Reward Imitation Learning (RIL), leading to
significant training overhead and the use of metrics

like BLEU that may not accurately capture human
preferences.

Comparison with Aligner. While both Aligner
(Ji et al., 2024) and our method utilize a small
model trained with full-parameter SFT, our ap-
proaches differ significantly. Aligner focuses on
correcting model outputs post-generation, while
our preference agent proactively generates rules to
steer the large model’s initial output. This allows
us to leverage the large model’s reasoning capabili-
ties by providing preference information upfront,
rather than correcting its output afterwards. While
Aligner demonstrates strong performance on tasks
like text summarization and dialogue generation,
its design is geared towards making smaller ad-
justments to large model outputs. Our task, on the
other hand, often requires more substantial changes
to align with user preferences, potentially necessi-
tating complete rewrites of emails or articles. An
Aligner-style approach or naive fine-tuning would
face challenges in our setting, as a small model
might struggle to accurately make drastic changes
while preserving the large model’s knowledge and
coherence. This would also complicate the fine-
tuning objective, as the patterns to be learned would
be less well-defined and vary significantly across
examples.

7 Conclusion

This work introduces a novel paradigm for aligning
large language models (LLMs) with individual user
preferences using limited data. We leverage small,
locally trainable "preference agents" to efficiently
guide larger LLMs without resource-intensive fine-
tuning. Our approach generates natural language
rules that encapsulate user preferences, acting as a
"steering wheel" to direct the larger model’s output
towards desired styles and content.

This framework introduces a new preference
fine-tuning objective: learning from implicit prefer-
ence information found in the differences between
a baseline LLM output and the user’s desired out-
put. This allows the agent to distill user preferences
into actionable rules, enabling efficient personaliza-
tion without modifying the larger model’s weights.

Our empirical findings across diverse datasets
demonstrate that preference agents significantly im-
prove alignment with user preferences compared
to existing methods in a compute-efficient man-
ner, highlighting the potential for building highly
personalized LLM applications at scale.
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Limitations

While our proposed method demonstrates signif-
icant improvements, there are a few areas for po-
tential refinement. One consideration is the time
required for the large model to process the prefer-
ence agent’s output before the first token can be
generated. This could lead to a slightly higher Time
to First Token (TTFT) at inference time. However,
we believe the substantial performance gains of-
fered by our approach outweigh this trade-off.

As discussed in §C, our most performant rule
generation strategy incurs an additional computa-
tional cost compared to the alternative methods due
to an extra zero-shot inference step. This cost is off-
set by the superior performance it enables. We also
provide a highly competitive "no-baseline" rule
generation method which offers good performance
at a lower inference cost.

Furthermore, our rule generation strategy lever-
ages thinking tokens, which can lead to slightly
longer outputs. If output length is a strict constraint,
this step can be omitted with minimal impact on
the framework’s effectiveness. Importantly, the
inference cost associated with rule generation is
a one-time expense incurred during training data
preparation.

Finally, as noted in §5.5, using ML for prefer-
ence agent rule generation introduces an additional
inference iteration compared to naive fine-tuning.

While our current research focuses on text-based
preferences, future work could explore extending
this approach to other modalities, such as image or
audio generation. Additionally, investigating the in-
tegration of multimodal preferences and the devel-
opment of more sophisticated rule generation strate-
gies could further enhance the capabilities of pref-
erence agents. We believe that this research opens
exciting new avenues for personalized LLM appli-
cations, paving the way for a future where powerful
language models can be seamlessly tailored to indi-
vidual needs and preferences, ultimately enhancing
user experience and fostering more engaging and
human-centric interactions.

Ethical Considerations

In this work, we have taken several steps to ensure
that our research adheres to ethical principles and
respects the rights of all parties involved. We are
committed to the responsible and ethical use of
AI technology and have implemented measures to
prevent potential misuse of our work.

Dataset Licensing and Attribution. Both
datasets used in this research will be re-
leased under the Creative Commons Attribution-
NonCommercial 4.0 International (CC BY-NC 4.0)
license.

The Enron email dataset (Klimt and Yang, 2004)
is available for educational and research purposes
under the principles of fair use. We have credited
the original dataset creators and adhered to the
terms of its usage.

The New Yorker dataset is based on the ’All the
News 2.0’ dataset by Andrew Thompson (Thomp-
son, 2020), which is licensed for non-commercial,
research purposes only. We have made modifica-
tions and enhancements to the dataset, and these
changes are also licensed under the CC BY-NC 4.0
license. We have properly attributed the original
dataset and its creator.

Model Release. In compliance with the terms of
the ’All the News 2.0’ dataset license, we will not
be releasing the fine-tuned agents trained on the
New Yorker dataset. The license explicitly states
that the dataset is to be used for research purposes
only and not for the release of commercial genera-
tive models.

Similarly, we will not release the agent fine-
tuned on the Enron email corpus. This decision
was made to ensure that our models are not used to
impersonate the senders in the Enron email corpus
without their explicit permission. We believe that
releasing such a model could potentially infringe
upon the privacy rights of the individuals involved.

However, for research purposes only, we will
make the models available upon request.

Citation and Acknowledgment. We have taken
extensive care to ensure that we comply with all
licenses and have appropriately cited any of our
work that is a derivative of another project. We
acknowledge the original creators and their contri-
butions to the field.

Potential Misuse. We acknowledge that our
datasets, though open-source, can potentially be
used to train AI assistants or models for malicious
purposes. We strongly condemn any misuse of
our work and explicitly support the safe and re-
sponsible use of AI technology. Our intention is to
advance the field of AI research while adhering to
ethical principles and preventing harm.
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Aviral Kumar, Stephanie Winkler, Jonathan Caton,
Andrew Brock, Sid Dalmia, Hannah Sheahan, Iain
Barr, Yingjie Miao, Paul Natsev, Jacob Devlin, Fer-
yal Behbahani, Flavien Prost, Yanhua Sun, Artiom
Myaskovsky, Thanumalayan Sankaranarayana Pillai,
Dan Hurt, Angeliki Lazaridou, Xi Xiong, Ce Zheng,
Fabio Pardo, Xiaowei Li, Dan Horgan, Joe Stanton,
Moran Ambar, Fei Xia, Alejandro Lince, Mingqiu
Wang, Basil Mustafa, Albert Webson, Hyo Lee, Ro-
han Anil, Martin Wicke, Timothy Dozat, Abhishek
Sinha, Enrique Piqueras, Elahe Dabir, Shyam Upad-
hyay, Anudhyan Boral, Lisa Anne Hendricks, Corey
Fry, Josip Djolonga, Yi Su, Jake Walker, Jane La-
banowski, Ronny Huang, Vedant Misra, Jeremy
Chen, RJ Skerry-Ryan, Avi Singh, Shruti Rijh-
wani, Dian Yu, Alex Castro-Ros, Beer Changpinyo,
Romina Datta, Sumit Bagri, Arnar Mar Hrafnkels-
son, Marcello Maggioni, Daniel Zheng, Yury Sul-
sky, Shaobo Hou, Tom Le Paine, Antoine Yang,
Jason Riesa, Dominika Rogozinska, Dror Marcus,
Dalia El Badawy, Qiao Zhang, Luyu Wang, Helen
Miller, Jeremy Greer, Lars Lowe Sjos, Azade Nova,
Heiga Zen, Rahma Chaabouni, Mihaela Rosca, Jiepu
Jiang, Charlie Chen, Ruibo Liu, Tara Sainath, Maxim
Krikun, Alex Polozov, Jean-Baptiste Lespiau, Josh
Newlan, Zeyncep Cankara, Soo Kwak, Yunhan Xu,
Phil Chen, Andy Coenen, Clemens Meyer, Katerina
Tsihlas, Ada Ma, Juraj Gottweis, Jinwei Xing, Chen-
jie Gu, Jin Miao, Christian Frank, Zeynep Cankara,
Sanjay Ganapathy, Ishita Dasgupta, Steph Hughes-
Fitt, Heng Chen, David Reid, Keran Rong, Hongmin
Fan, Joost van Amersfoort, Vincent Zhuang, Aaron
Cohen, Shixiang Shane Gu, Anhad Mohananey,
Anastasija Ilic, Taylor Tobin, John Wieting, Anna
Bortsova, Phoebe Thacker, Emma Wang, Emily
Caveness, Justin Chiu, Eren Sezener, Alex Kaskasoli,
Steven Baker, Katie Millican, Mohamed Elhawaty,
Kostas Aisopos, Carl Lebsack, Nathan Byrd, Hanjun
Dai, Wenhao Jia, Matthew Wiethoff, Elnaz Davoodi,
Albert Weston, Lakshman Yagati, Arun Ahuja, Isabel
Gao, Golan Pundak, Susan Zhang, Michael Azzam,
Khe Chai Sim, Sergi Caelles, James Keeling, Ab-
hanshu Sharma, Andy Swing, YaGuang Li, Chenxi
Liu, Carrie Grimes Bostock, Yamini Bansal, Zachary
Nado, Ankesh Anand, Josh Lipschultz, Abhijit Kar-
markar, Lev Proleev, Abe Ittycheriah, Soheil Has-
sas Yeganeh, George Polovets, Aleksandra Faust,
Jiao Sun, Alban Rrustemi, Pen Li, Rakesh Shivanna,
Jeremiah Liu, Chris Welty, Federico Lebron, Anirudh
Baddepudi, Sebastian Krause, Emilio Parisotto, Radu
Soricut, Zheng Xu, Dawn Bloxwich, Melvin John-
son, Behnam Neyshabur, Justin Mao-Jones, Ren-
shen Wang, Vinay Ramasesh, Zaheer Abbas, Arthur
Guez, Constant Segal, Duc Dung Nguyen, James
Svensson, Le Hou, Sarah York, Kieran Milan, So-
phie Bridgers, Wiktor Gworek, Marco Tagliasacchi,
James Lee-Thorp, Michael Chang, Alexey Guseynov,
Ale Jakse Hartman, Michael Kwong, Ruizhe Zhao,
Sheleem Kashem, Elizabeth Cole, Antoine Miech,
Richard Tanburn, Mary Phuong, Filip Pavetic, Se-
bastien Cevey, Ramona Comanescu, Richard Ives,

Sherry Yang, Cosmo Du, Bo Li, Zizhao Zhang,
Mariko Iinuma, Clara Huiyi Hu, Aurko Roy, Shaan
Bijwadia, Zhenkai Zhu, Danilo Martins, Rachel
Saputro, Anita Gergely, Steven Zheng, Dawei Jia,
Ioannis Antonoglou, Adam Sadovsky, Shane Gu,
Yingying Bi, Alek Andreev, Sina Samangooei, Mina
Khan, Tomas Kocisky, Angelos Filos, Chintu Ku-
mar, Colton Bishop, Adams Yu, Sarah Hodkin-
son, Sid Mittal, Premal Shah, Alexandre Moufarek,
Yong Cheng, Adam Bloniarz, Jaehoon Lee, Pedram
Pejman, Paul Michel, Stephen Spencer, Vladimir
Feinberg, Xuehan Xiong, Nikolay Savinov, Char-
lotte Smith, Siamak Shakeri, Dustin Tran, Mary
Chesus, Bernd Bohnet, George Tucker, Tamara von
Glehn, Carrie Muir, Yiran Mao, Hideto Kazawa,
Ambrose Slone, Kedar Soparkar, Disha Shrivastava,
James Cobon-Kerr, Michael Sharman, Jay Pavagadhi,
Carlos Araya, Karolis Misiunas, Nimesh Ghelani,
Michael Laskin, David Barker, Qiujia Li, Anton
Briukhov, Neil Houlsby, Mia Glaese, Balaji Laksh-
minarayanan, Nathan Schucher, Yunhao Tang, Eli
Collins, Hyeontaek Lim, Fangxiaoyu Feng, Adria
Recasens, Guangda Lai, Alberto Magni, Nicola De
Cao, Aditya Siddhant, Zoe Ashwood, Jordi Orbay,
Mostafa Dehghani, Jenny Brennan, Yifan He, Kelvin
Xu, Yang Gao, Carl Saroufim, James Molloy, Xinyi
Wu, Seb Arnold, Solomon Chang, Julian Schrit-
twieser, Elena Buchatskaya, Soroush Radpour, Mar-
tin Polacek, Skye Giordano, Ankur Bapna, Simon
Tokumine, Vincent Hellendoorn, Thibault Sottiaux,
Sarah Cogan, Aliaksei Severyn, Mohammad Saleh,
Shantanu Thakoor, Laurent Shefey, Siyuan Qiao,
Meenu Gaba, Shuo yiin Chang, Craig Swanson, Biao
Zhang, Benjamin Lee, Paul Kishan Rubenstein, Gan
Song, Tom Kwiatkowski, Anna Koop, Ajay Kan-
nan, David Kao, Parker Schuh, Axel Stjerngren, Gol-
naz Ghiasi, Gena Gibson, Luke Vilnis, Ye Yuan, Fe-
lipe Tiengo Ferreira, Aishwarya Kamath, Ted Kli-
menko, Ken Franko, Kefan Xiao, Indro Bhattacharya,
Miteyan Patel, Rui Wang, Alex Morris, Robin
Strudel, Vivek Sharma, Peter Choy, Sayed Hadi
Hashemi, Jessica Landon, Mara Finkelstein, Priya
Jhakra, Justin Frye, Megan Barnes, Matthew Mauger,
Dennis Daun, Khuslen Baatarsukh, Matthew Tung,
Wael Farhan, Henryk Michalewski, Fabio Viola, Fe-
lix de Chaumont Quitry, Charline Le Lan, Tom Hud-
son, Qingze Wang, Felix Fischer, Ivy Zheng, Elspeth
White, Anca Dragan, Jean baptiste Alayrac, Eric Ni,
Alexander Pritzel, Adam Iwanicki, Michael Isard,
Anna Bulanova, Lukas Zilka, Ethan Dyer, Deven-
dra Sachan, Srivatsan Srinivasan, Hannah Mucken-
hirn, Honglong Cai, Amol Mandhane, Mukarram
Tariq, Jack W. Rae, Gary Wang, Kareem Ayoub,
Nicholas FitzGerald, Yao Zhao, Woohyun Han, Chris
Alberti, Dan Garrette, Kashyap Krishnakumar, Mai
Gimenez, Anselm Levskaya, Daniel Sohn, Josip
Matak, Inaki Iturrate, Michael B. Chang, Jackie Xi-
ang, Yuan Cao, Nishant Ranka, Geoff Brown, Adrian
Hutter, Vahab Mirrokni, Nanxin Chen, Kaisheng
Yao, Zoltan Egyed, Francois Galilee, Tyler Liechty,
Praveen Kallakuri, Evan Palmer, Sanjay Ghemawat,
Jasmine Liu, David Tao, Chloe Thornton, Tim Green,
Mimi Jasarevic, Sharon Lin, Victor Cotruta, Yi-Xuan
Tan, Noah Fiedel, Hongkun Yu, Ed Chi, Alexan-

3424



der Neitz, Jens Heitkaemper, Anu Sinha, Denny
Zhou, Yi Sun, Charbel Kaed, Brice Hulse, Swa-
roop Mishra, Maria Georgaki, Sneha Kudugunta,
Clement Farabet, Izhak Shafran, Daniel Vlasic, An-
ton Tsitsulin, Rajagopal Ananthanarayanan, Alen
Carin, Guolong Su, Pei Sun, Shashank V, Gabriel
Carvajal, Josef Broder, Iulia Comsa, Alena Repina,
William Wong, Warren Weilun Chen, Peter Hawkins,
Egor Filonov, Lucia Loher, Christoph Hirnschall,
Weiyi Wang, Jingchen Ye, Andrea Burns, Hardie
Cate, Diana Gage Wright, Federico Piccinini, Lei
Zhang, Chu-Cheng Lin, Ionel Gog, Yana Kulizh-
skaya, Ashwin Sreevatsa, Shuang Song, Luis C.
Cobo, Anand Iyer, Chetan Tekur, Guillermo Gar-
rido, Zhuyun Xiao, Rupert Kemp, Huaixiu Steven
Zheng, Hui Li, Ananth Agarwal, Christel Ngani,
Kati Goshvadi, Rebeca Santamaria-Fernandez, Woj-
ciech Fica, Xinyun Chen, Chris Gorgolewski, Sean
Sun, Roopal Garg, Xinyu Ye, S. M. Ali Eslami,
Nan Hua, Jon Simon, Pratik Joshi, Yelin Kim, Ian
Tenney, Sahitya Potluri, Lam Nguyen Thiet, Quan
Yuan, Florian Luisier, Alexandra Chronopoulou, Sal-
vatore Scellato, Praveen Srinivasan, Minmin Chen,
Vinod Koverkathu, Valentin Dalibard, Yaming Xu,
Brennan Saeta, Keith Anderson, Thibault Sellam,
Nick Fernando, Fantine Huot, Junehyuk Jung, Mani
Varadarajan, Michael Quinn, Amit Raul, Maigo Le,
Ruslan Habalov, Jon Clark, Komal Jalan, Kalesha
Bullard, Achintya Singhal, Thang Luong, Boyu
Wang, Sujeevan Rajayogam, Julian Eisenschlos,
Johnson Jia, Daniel Finchelstein, Alex Yakubovich,
Daniel Balle, Michael Fink, Sameer Agarwal, Jing
Li, Dj Dvijotham, Shalini Pal, Kai Kang, Jaclyn
Konzelmann, Jennifer Beattie, Olivier Dousse, Diane
Wu, Remi Crocker, Chen Elkind, Siddhartha Reddy
Jonnalagadda, Jong Lee, Dan Holtmann-Rice, Krys-
tal Kallarackal, Rosanne Liu, Denis Vnukov, Neera
Vats, Luca Invernizzi, Mohsen Jafari, Huanjie Zhou,
Lilly Taylor, Jennifer Prendki, Marcus Wu, Tom
Eccles, Tianqi Liu, Kavya Kopparapu, Francoise
Beaufays, Christof Angermueller, Andreea Marzoca,
Shourya Sarcar, Hilal Dib, Jeff Stanway, Frank Per-
bet, Nejc Trdin, Rachel Sterneck, Andrey Khor-
lin, Dinghua Li, Xihui Wu, Sonam Goenka, David
Madras, Sasha Goldshtein, Willi Gierke, Tong Zhou,
Yaxin Liu, Yannie Liang, Anais White, Yunjie Li,
Shreya Singh, Sanaz Bahargam, Mark Epstein, Su-
joy Basu, Li Lao, Adnan Ozturel, Carl Crous, Alex
Zhai, Han Lu, Zora Tung, Neeraj Gaur, Alanna
Walton, Lucas Dixon, Ming Zhang, Amir Glober-
son, Grant Uy, Andrew Bolt, Olivia Wiles, Milad
Nasr, Ilia Shumailov, Marco Selvi, Francesco Pic-
cinno, Ricardo Aguilar, Sara McCarthy, Misha Khal-
man, Mrinal Shukla, Vlado Galic, John Carpen-
ter, Kevin Villela, Haibin Zhang, Harry Richard-
son, James Martens, Matko Bosnjak, Shreyas Ram-
mohan Belle, Jeff Seibert, Mahmoud Alnahlawi,
Brian McWilliams, Sankalp Singh, Annie Louis,
Wen Ding, Dan Popovici, Lenin Simicich, Laura
Knight, Pulkit Mehta, Nishesh Gupta, Chongyang
Shi, Saaber Fatehi, Jovana Mitrovic, Alex Grills,
Joseph Pagadora, Dessie Petrova, Danielle Eisenbud,
Zhishuai Zhang, Damion Yates, Bhavishya Mittal,
Nilesh Tripuraneni, Yannis Assael, Thomas Brovelli,

Prateek Jain, Mihajlo Velimirovic, Canfer Akbulut,
Jiaqi Mu, Wolfgang Macherey, Ravin Kumar, Jun
Xu, Haroon Qureshi, Gheorghe Comanici, Jeremy
Wiesner, Zhitao Gong, Anton Ruddock, Matthias
Bauer, Nick Felt, Anirudh GP, Anurag Arnab, Dustin
Zelle, Jonas Rothfuss, Bill Rosgen, Ashish Shenoy,
Bryan Seybold, Xinjian Li, Jayaram Mudigonda,
Goker Erdogan, Jiawei Xia, Jiri Simsa, Andrea Michi,
Yi Yao, Christopher Yew, Steven Kan, Isaac Caswell,
Carey Radebaugh, Andre Elisseeff, Pedro Valen-
zuela, Kay McKinney, Kim Paterson, Albert Cui, Eri
Latorre-Chimoto, Solomon Kim, William Zeng, Ken
Durden, Priya Ponnapalli, Tiberiu Sosea, Christo-
pher A. Choquette-Choo, James Manyika, Brona
Robenek, Harsha Vashisht, Sebastien Pereira, Hoi
Lam, Marko Velic, Denese Owusu-Afriyie, Kather-
ine Lee, Tolga Bolukbasi, Alicia Parrish, Shawn Lu,
Jane Park, Balaji Venkatraman, Alice Talbert, Lam-
bert Rosique, Yuchung Cheng, Andrei Sozanschi,
Adam Paszke, Praveen Kumar, Jessica Austin, Lu Li,
Khalid Salama, Wooyeol Kim, Nandita Dukkipati,
Anthony Baryshnikov, Christos Kaplanis, Xiang-
Hai Sheng, Yuri Chervonyi, Caglar Unlu, Diego
de Las Casas, Harry Askham, Kathryn Tunyasuvu-
nakool, Felix Gimeno, Siim Poder, Chester Kwak,
Matt Miecnikowski, Vahab Mirrokni, Alek Dimitriev,
Aaron Parisi, Dangyi Liu, Tomy Tsai, Toby Shevlane,
Christina Kouridi, Drew Garmon, Adrian Goedeck-
emeyer, Adam R. Brown, Anitha Vijayakumar, Ali
Elqursh, Sadegh Jazayeri, Jin Huang, Sara Mc Carthy,
Jay Hoover, Lucy Kim, Sandeep Kumar, Wei Chen,
Courtney Biles, Garrett Bingham, Evan Rosen, Lisa
Wang, Qijun Tan, David Engel, Francesco Pongetti,
Dario de Cesare, Dongseong Hwang, Lily Yu, Jen-
nifer Pullman, Srini Narayanan, Kyle Levin, Sid-
dharth Gopal, Megan Li, Asaf Aharoni, Trieu Trinh,
Jessica Lo, Norman Casagrande, Roopali Vij, Loic
Matthey, Bramandia Ramadhana, Austin Matthews,
CJ Carey, Matthew Johnson, Kremena Goranova, Ro-
hin Shah, Shereen Ashraf, Kingshuk Dasgupta, Ras-
mus Larsen, Yicheng Wang, Manish Reddy Vuyyuru,
Chong Jiang, Joana Ijazi, Kazuki Osawa, Celine
Smith, Ramya Sree Boppana, Taylan Bilal, Yuma
Koizumi, Ying Xu, Yasemin Altun, Nir Shabat,
Ben Bariach, Alex Korchemniy, Kiam Choo, Olaf
Ronneberger, Chimezie Iwuanyanwu, Shubin Zhao,
David Soergel, Cho-Jui Hsieh, Irene Cai, Shariq
Iqbal, Martin Sundermeyer, Zhe Chen, Elie Bursztein,
Chaitanya Malaviya, Fadi Biadsy, Prakash Shroff, In-
derjit Dhillon, Tejasi Latkar, Chris Dyer, Hannah
Forbes, Massimo Nicosia, Vitaly Nikolaev, Somer
Greene, Marin Georgiev, Pidong Wang, Nina Mar-
tin, Hanie Sedghi, John Zhang, Praseem Banzal,
Doug Fritz, Vikram Rao, Xuezhi Wang, Jiageng
Zhang, Viorica Patraucean, Dayou Du, Igor Mor-
datch, Ivan Jurin, Lewis Liu, Ayush Dubey, Abhi
Mohan, Janek Nowakowski, Vlad-Doru Ion, Nan
Wei, Reiko Tojo, Maria Abi Raad, Drew A. Hud-
son, Vaishakh Keshava, Shubham Agrawal, Kevin
Ramirez, Zhichun Wu, Hoang Nguyen, Ji Liu, Mad-
havi Sewak, Bryce Petrini, DongHyun Choi, Ivan
Philips, Ziyue Wang, Ioana Bica, Ankush Garg,
Jarek Wilkiewicz, Priyanka Agrawal, Xiaowei Li,
Danhao Guo, Emily Xue, Naseer Shaik, Andrew

3425



Leach, Sadh MNM Khan, Julia Wiesinger, Sammy
Jerome, Abhishek Chakladar, Alek Wenjiao Wang,
Tina Ornduff, Folake Abu, Alireza Ghaffarkhah, Mar-
cus Wainwright, Mario Cortes, Frederick Liu, Joshua
Maynez, Andreas Terzis, Pouya Samangouei, Ri-
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A Datasets Overview

For the Enron dataset, we began with the origi-
nal Enron email corpus. To focus on original con-
tent creation, emails containing only forwarded
content like email threads, blog posts, and articles
were removed. We then dissected the remaining
emails into two distinct parts: previous_context
encompassing any preceding email chain or reply
content, and content representing the original mes-
sage drafted by the sender. This careful separation,
achieved through a specifically designed heuristic,
ensured that only self-written content was consid-
ered during analysis. After these steps, we release
our dataset - Enron-42k.

Conversely, the New Yorker dataset required
minimal pre-processing. This dataset, compris-
ing articles from the New Yorker publishing house,
was already cleaned, pre-processed, and structured
with the necessary features for our study. As such,
we utilized the New Yorker dataset in its original
form.

The LAMP 3U Amazon reviews dataset consists
of customer reviews for a specific product. We
selected this dataset to explore the application of
our methods in a product review domain. Similar
to the Enron and New Yorker datasets, the goal
was to leverage user-generated content to under-
stand preferences and generate tailored responses.
We extracted user intents from the reviews and
used these intents to create baselines and rules for
fine-tuning our preference agents. This approach
mirrors the methodology applied to the other two
datasets, allowing for a consistent evaluation frame-
work across different domains.

Figure 4: Top 10 senders for the Enron-42k Dataset

Figure 5: Top 10 receivers for the Enron-42k Dataset

Figure 6: Distribution of token lengths for emails in the
Enron Dataset

Figure 7: Top 10 authors in the New Yorker Dataset

Figure 8: Distribution of token lengths for articles in the
New Yorker Dataset
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Figure 9: Distribution of token lengths for reviews in
the LAMP 3U Dataset

B Generations

B.1 Generated Rules
The rules were generated using preference agents
for the following ground truth email:

Paul, Here is an updated version of the
agreement I sent to Steve on Friday. Sorry
I didn't cc you to start with. It's pretty
much exactly as we discussed. Let me know
if you have any questions. Thanks, Bill

Are:

1. **Tone**: Use a conversational tone
and language throughout the email. 2.
**Length**: Keep the email concise,
aiming for a total of around 50-60
words. 3. **Introduction**: Begin the
email with a brief introduction that
sets the context, using a phrase like
"Here is an updated version of the
agreement". 4. **Specific details**:
If applicable, mention any relevant
background information, such as who
else the agreement was sent to and
when. 5. **Apology phrasing**: Use a
concise apology phrase like "Sorry I
didn't cc you to start with" instead
of a longer, more formal apology. 6.
**Request for feedback**: Use a brief,
informal phrase like "Let me know if you
have any questions" to request feedback
or questions from the recipient. 7.
**Closing sentence**: End the email with
a concise, informal phrase like "Thanks"
instead of a more formal closing like
"Best". 8. **Signature**: Use a simple,
formal signature with the sender's name.
9. **Sentence structure**: Use short,
simple sentences throughout the email
to maintain a conversational tone. 10.
**Language**: Avoid using overly formal

or technical language, opting instead for
a more conversational, everyday tone.

B.2 Thinking Tokens

<thinking>
The ground truth email is a concise
and informative response to the previous
context, discussing market trends and
trading activities. Key observations
include:
1. **Length and Structure**: The email
is relatively short, consisting of 8
sentences. It uses a straightforward
structure, jumping directly into the
observations and insights without any
formal greetings or sign-offs.
2. **Tone and Style**: The tone is
informal and conversational, with a focus
on market terminology and shorthand that
would be understood by someone familiar
with the trading environment. There are
contractions (e.g., "saw", "taking off"),
colloquial phrases (e.g., "get whacked"),
and specific market terms (e.g., "VAR",
"h/j spread").
3. **Common Phrases and Terminology**:
Specific terms like "bulls", "summer
against length", "mitigate margins",
"absolute position limits", "VAR",
"Access", and "bearish to neutral trade"
are used. These reflect the insider
knowledge and jargon of the trading
community.
4. **Observational Detail**: The email
provides specific details about market
activities and price changes. Mention key
players (e.g., El Paso) and their actions
in the market.
5. **Consistency with Intent**: The
content matches the intent closely,
summarizing market movements, trading
strategies, and potential future
movements. Reflect the key points
mentioned in the intent, such as bulls'
behavior, El Paso's buying, and the
change in the H 20 call price.
6. **Grammar and Punctuation**:
The email uses casual grammar and
minimal punctuation. Avoid unnecessary
capitalization and formal sentence
structures.
</thinking>
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<rules>
1. **Length and Structure**: The email
should be concise, consisting of
approximately 8 sentences. Avoid adding
formal greetings or sign-offs.
2. **Tone and Style**: Use an informal and
conversational tone. Include contractions
and colloquial phrases to reflect the
casual nature of the communication.
3. **Market Terminology**: Incorporate
specific market-related terms and
shorthand (e.g., "VAR", "h/j spread",
"Access", "bearish to neutral trade").
Ensure the language reflects insider
knowledge and jargon of the trading
community.
4. **Observational Detail**: Provide
specific details about market activities
and price changes. Mention key players
(e.g., El Paso) and their actions in the
market.
5. **Consistency with Intent**: Ensure
the content matches the intent closely,
summarizing market movements, trading
strategies, and potential future
movements.
6. **Grammar and Punctuation**: Use
casual grammar and minimal punctuation.
Avoid unnecessary capitalization and
formal sentence structures.
7. **Specific Phrases**: Use phrases like
"saw a lot of the bulls", "mitigate
margins/absolute position limits/var",
"taking off spreads", "trading equivalent
of 180 on access", "get whacked", "if h
settles \$20", "H 20 call was trading
for 55 on monday", "market's view of
probability of h going crazy".
8. **Flow and Coherence**: Ensure the
email flows logically from one point
to the next, maintaining coherence
while jumping between observations and
insights.
</rules>

B.3 Generated Intents

Here is an example generated intent of a casual
work conversation:

Original Email and Metadata:
---
From: jeff.dasovich@enron.com

To: michael.etringer@enron.com
Date: Mon, 29 Oct 2001 13:28:55 -0800
(PST)
Subject: [None]

Previous Context:
[None]

Email:
You won't believe this.

Jerry Bloom left me a message. Wants to
talk, though I wouldn't get my hopes up.

I'll let you know what he says.

Best,
Jeff
---

Generated Intents:
---
Variant 1:
<thinking>
1. Identify the main event mentioned in
the email.
2. Note the person involved and their
action.
3. Mention Jeff's skepticism about the
conversation.
4. Highlight the intention to keep Michael
informed.
5. Ensure the bullet points are concise
and focused on the key information.
</thinking>
<bullet_points>
- Received a message from Jerry Bloom
wanting to talk
- Skeptical about the conversation
- Will update Michael on what Jerry says
- Will keep Michael informed
</bullet_points>
---
Variant 2:
<thinking>
1. Identify the main surprise or
unexpected event mentioned in the email.
2. Note who initiated the contact and what
they want to do.
3. Capture Jeff's skepticism and
uncertainty about the outcome.
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4. Mention Jeff's intention to follow up
with Michael.
</thinking>
<bullet_points>
- Jerry Bloom left a message for me, wants
to talk
- I'm skeptical and wouldn't get hopes up
- Will let Michael know what Jerry says
- Uncertainty about the outcome
</bullet_points>
---

C Rule Generation Strategies and Their
Implications

We explored three distinct strategies for rule gener-
ation, each offering insights into how best to cap-
ture and leverage user preferences for guiding large
language models.
R1 involved prompting the large language model
(ML) to generate rules based on user intent and
task metadata. While this approach provides a ba-
sic framework for rule generation, it lacks the depth
of analysis needed to accurately distill user prefer-
ences.
R2 extended R1 by incorporating "thinking to-
kens," (see §5.3), prompting ML to engage in
a more deliberate reasoning process before gen-
erating rules. This resulted in modest improve-
ments, highlighting the benefits of encouraging
more thoughtful rule generation.
R3, based on a distillation process, proved most
effective. This strategy leverages ML’s zero-shot
output as a starting point, prompting it to identify
discrepancies between its initial response and the
ground truth. By explicitly focusing on these differ-
ences, ML generates rules specifically designed to
address the missing preference information. This
targeted approach led to significant performance
gains, with R3 outperforming both R2 and R1 by
65% on the Enron dataset and 69.7% on the New
Yorker dataset.

By explicitly identifying the gaps in preference
alignment, the distillation process enables the gen-
eration of highly targeted and effective rules.

While R3 offers the best performance, it is worth
noting that it incurs an additional inference cost
compared to R1 and R2 due to the extra zero-shot
generation step. In scenarios where computational
resources are limited, R2, which leverages think-
ing tokens for improved rule generation without
the added inference cost, provides a compelling

Figure 10: Rule Generator Hyperparameter Search

alternative.

D Finetuning Hyperparameter Search
For Rule Generators

To identify the optimal configuration, we train four
rule generators on our gold-standard rules, vary-
ing the ranks in each case. We implement a 1:1
mapping between the LoRA rank and Alpha.

As anticipated, our results indicate that higher
Alpha values and corresponding ranks lead to im-
proved training losses. This trend is illustrated in
Figure 10, which shows the relationship between in-
creasing Alpha/rank values and the resulting train-
ing performance. These findings underscore the
importance of selecting appropriate parameter set-
tings to optimize the rule generator’s effectiveness.

E Similarity Metrics

This work evaluates the similarity between re-
sponses generated by different methods and the
ground truth for a given task. Our primary goal
is to assess how effectively each method captures
the user’s preferences in terms of style, tone, and
word choice. While metrics like BLEU, ROUGE,
and TFIDF Cosine similarity are commonly used to
evaluate the lexical overlap between texts, they fall
short of capturing the nuanced aspects of stylistic
similarity crucial to our evaluation.

Consider the example in Figure 11, which shows
the TF-IDF cosine similarity scores for different
methods on the New Yorker dataset. While there
are slight variations in the median scores, the over-
all distributions largely overlap. This suggests that
TF-IDF, which primarily relies on term frequency
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and inverse document frequency, struggles to differ-
entiate between outputs that exhibit clear stylistic
differences to human readers or as evaluated by
GPT-4o. Similarly, in the Enron dataset, an email
using formal language like "Dear Mr. Smith" and
"Sincerely" might receive a similar BLEU score to
an email using informal greetings like "Hey John"
and "Cheers" despite the contrasting styles. This
highlights the limitations of BLEU in capturing the
subtle variations in word choice that contribute to
a specific writing style.

Several alternative metrics have been proposed
to address the shortcomings of traditional lex-
ical overlap measures. BERT Score (Reimers
and Gurevych, 2019), for instance, leverages pre-
trained BERT embeddings to compute semantic
similarity between sentences, potentially captur-
ing stylistic nuances better than BLEU or ROUGE.
Similarly, BLEURT (Sellam et al., 2020) is a
learned metric that utilizes a large pre-trained lan-
guage model to predict human judgments of transla-
tion quality, which can be adapted to assess stylistic
similarity. However, even these advanced metrics
might not fully capture the complexities of human
preferences for style and tone, which can be sub-
jective and context-dependent (Peng et al., 2017).

Given these limitations, we prioritized GPT-4o
evaluation and human evaluation for our analysis.
Human judgment remains the gold standard for
evaluating stylistic similarity, as it reflects the in-
herent subjectivity of human preferences. GPT-4o,
with its advanced language understanding capabili-
ties, can serve as a reliable proxy for human judg-
ment, particularly in capturing stylistic nuances
(Naismith et al., 2023). By combining GPT-4o

Figure 11: New Yorker TF-IDF Similarity Scores

evaluation with a focused human evaluation study,
we aim to provide a comprehensive and nuanced
assessment of the alignment of model outputs with
individual user preferences.

F Personalization Test

While the diagonal trend generally holds, there are
instances where an agent trained on one sender per-
forms well across multiple senders. For example,
the agent trained on Benjamin Rogers’ emails ex-
hibits high BERT Scores across all senders. We
hypothesize that this may be due to the diversity of
Rogers’ email interactions and the larger size of his
training set, which allows the model to learn the
underlying task exceptionally well. Consequently,
this agent demonstrates strong performance even
when generating emails for other senders, high-
lighting the model’s ability to generalize beyond
individual preferences when trained on sufficiently
diverse data.

Here are the un-normalized BERT Score values
for the personalization test (for 5 Enron employees).
Though these aren’t a perfect metric, they provide
a generalized view of the large evaluation space
that we have:

Benjamin Rogers Bill Williams Debra Perlingiere Dutch Quigley Gerald Nemec

Benjamin Rogers 0.907984 0.883311 0.867720 0.856703 0.876808

Bill Williams 0.857471 0.858338 0.848238 0.849415 0.848370

Debra Perlingiere 0.818253 0.821676 0.847782 0.818117 0.812488

Dutch Quigley 0.809500 0.804509 0.806001 0.811901 0.804933

Gerald Nemec 0.858304 0.852070 0.847807 0.838231 0.854120

Table 3: Bert Score Values for different individuals
(unnormalized)

Figure 12: Train Loss For Preference Agents
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G Compute Infrastructure

Experiments were run on NVIDIA 8xH100 nodes,
for Llama 70B inference and generations. Finetun-
ing was tested on both NVIDIA A5000 (to simu-
late consumer infrastructure) and NVIDIA A100
GPUs.

H Prompts

H.1 Intent Generation
H.1.1 Enron Intent Generation
You will be given an email and some
surrounding context. Your task is to
extract the core content of the email,
omitting any stylistic or extraneous
elements.

First, carefully read through the entire
email and context. Then, reflect on the
main purpose and key points of the email
in a <scratchpad>. Consider what the
sender is trying to communicate and what
information is most essential.

<scratchpad>
<!-- Use this space to reflect on the main
purpose and key points of the email. -->
</scratchpad>

Finally, extract the core content of
the email in bullet point form. Omit
any stylistic elements like greetings,
sign-offs, pleasantries, etc. Focus
solely on the key information and action
items. Provide your extraction inside
<core_content> tags. The core content,
should be in first person format (for
the email sender). Think and reflect
extensively, to make sure you get the
details right.

<core_content>
<!-- Extract the core content of the email
here in bullet point form. -->
</core_content>

H.1.2 New Yorker Intent Generation
You will be given a news article and
some surrounding context. Your task is to
extract the core content of the article,
omitting any stylistic or extraneous
elements.

First, carefully read through the entire
article and context. Then, reflect on
the main purpose and key points of the
article in a <scratchpad>. Consider what
the writer is trying to communicate and
what information is most essential.

<scratchpad>
<!-- Use this space to reflect on the main
purpose and key points of the article -->
</scratchpad>

Finally, extract the core content of
the article in bullet point form.
Omit any stylistic elements like tone,
style, sign-offs, etc. Focus solely
on the key information and action
items. Provide your extraction inside
<core_content> tags. Please include any
direct quotes from the article in the core
content. Write the core points from the
writers perspective. Think and reflect
extensively, to make sure you get all the
details right.

<core_content>
<!-- Extract the core content of the
article here in bullet point form. -->
</core_content>

H.1.3 Lamp3U Review Intent Generation
You will be given a review and some
surrounding context. Your task is to
extract the core content of the review,
omitting any stylistic or extraneous
elements.
First, carefully read through the entire
review and context. Then, reflect on the
main purpose and key points of the review
in a <scratchpad>. Consider what the
reviewer is trying to communicate, what
aspects of the item they're reviewing,
and what information is most essential.

<scratchpad>
<!-- Use this space to reflect on the main
purpose and key points of the review. -->
</scratchpad>

Finally, extract the core content of
the review in bullet point form.
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Omit any stylistic elements like
flowery language, personal anecdotes,
or repetitive praise/criticism. Focus
solely on the key information, opinions,
and specific details about the reviewed
item. Provide your extraction inside
<core_content> tags. The core content
should be in first person format. Include
any notable quotes or specific examples
given in the review. Think and reflect
extensively to ensure you capture the
essence of the review accurately.

<core_content>
<!-- Extract the core content of the
review here in bullet point form. -->
</core_content>

H.2 Rule Generation

H.2.1 Enron Email Dataset
No Baseline Email Rule Generator

You are an expert rule generator whose
task is to generate a detailed set of
rules given the metadata of an email,
previous context, user intent, and the
ground truth email. First you must go
through the metadata carefully, analyzing
who the sender and receiver is, the
subject of the email, and the user intent.
After analyzing this information, please
generate a set of extremely detailed and
granular set of rules that would help a
model generate an email that is exactly
how the user would intent to write it.
Make sure the rules are specific to
the given user and receiver pair and
pay close attention to the user intent.
Please generate these extremely detailed,
specific, and granular set of rules.

With Baseline Email Rule Generator

You are an expert rule generator whose
task is to ensure that a base email can be
transformed into the ground truth email.
You are provided with the following:
The intents that were used to generate
the base email, the base email and the
ground truth email. You must analyze the
differences between the base email and
the ground truth email in great detail
analyzing every difference. You must
focus on the following while generating

these rules: the difference in the length
of the emails, the tone, style, structure,
common phrases, nicknames, signature,
and anything else that you think is
very important. All these factors must
be closely analyzed to generate these
extremely granular set of rules. Please
also mention exactly how long the email
should be and generate an extremely
detailed and granular set of rules that
should be able to transform the base
email exactly into the ground truth email.
To do this please first think deeply
and analyze these differences within
<thinking></thinking> tags where you can
enlist every possible difference between
the base and the ground truth email. Once
this is done please generate an extremely
detailed and granular set of rules that
can be used to transform the base email.
Do not mention the ground truth email
in your set of rules whatsoever and
do not talk about removing things from
the base email. The rules should be an
extremely detailed guideline to transform
the base to ground truth email. The
rules should not reference the ground
truth or base email, and should be a
standalone list of detailed rules. Please
include these detailed set of rules within
<rules></rules> tags.

H.2.2 New Yorker Dataset
No Baseline Rule Generation
You are an expert rule generator whose
task is to help a model generate articles
that are close to the ground truth article
given user intent. You are given some
metadata and the user intent which is
the input to generate an article, and
the ground truth article. Your task is
to deeply analyze the intents and ground
truth very carefully and generate a set
of rules that you think are very important
to fully capture the nuances of the
ground truth article. While analyzing
the article please consider the following
factors: the exact length of the article,
the tone, writing style, structure,
important phrases, direct quotes, and
anything else that you think is very
important. First start by analyzing the
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ground truth article extremely carefully
accounting for all the important factors
within <thinking></thinking> tokens. Once
you have done that list a set of
extremely detailed and granular rules
to ensure that all nuances of the
ground truth article are captured to
ensure that the generated article is
exactly the ground truth article. Include
everything including phrases that are
important and all stylistic information
that needs to be captured in extreme
detail. Please enclose these extremely
detailed, specific, and granular set of
rules within <rules></rules>

With Baseline Rule Generations

You are an expert rule generator whose
task is to ensure that a base article
can be transformed into the ground
truth article. You are provided with
the following: The intents that were
used to generate the base article,
the base article and the ground truth
article. You must analyze the differences
between the base and the ground truth in
great detail analyzing every difference.
You must focus on the following while
generating these rules: the difference
in the length of the articles, the
tone, style, structure, common phrases,
nicknames, signature, and anything else
that you think is very important. All
these factors must be closely analyzed
to generate these extremely granular set
of rules. Please also mention exactly how
long the article should be and generate
an extremely detailed and granular set of
rules that should be able to transform the
base article exactly into the ground truth
article. To do this please first think
deeply and analyze these differences
within <thinking></thinking> tags where
you can enlist every possible difference
between the base and the ground truth
article. Once this is done please generate
an extremely detailed and granular set of
rules that can be used to transform the
base article. Do not mention the ground
truth or base article in your set of
rules whatsoever. The rules should be an
extremely detailed guideline to transform

the base to ground truth article. Please
include these detailed set of rules within
<rules></rules> tags.

H.2.3 Lamp3U Review Dataset
No Baseline Rule Generation

You are an expert rule generator whose
task is to help a model generate reviews
that are close to the ground truth review
given user intent. You are given some
metadata and the user intent which is the
input to generate a review, and the ground
truth review. Your task is to deeply
analyze the intents and ground truth very
carefully and generate a set of rules
that you think are very important to fully
capture the nuances of the ground truth
review. While analyzing the review please
consider the following factors: the exact
length of the review, the tone, writing
style, structure, important phrases,
specific product details, ratings (if
any), personal anecdotes, comparisons,
and anything else that you think is very
important. First start by analyzing the
ground truth review extremely carefully
accounting for all the important factors
within <thinking></thinking> tokens. Once
you have done that list a set of
extremely detailed and granular rules
to ensure that all nuances of the
ground truth review are captured to
ensure that the generated review is
exactly the ground truth review. Include
everything including phrases that are
important and all stylistic information
that needs to be captured in extreme
detail. Please enclose these extremely
detailed, specific, and granular set of
rules within <rules></rules> tags.

With Baseline Rule Generation

You are an expert rule generator whose
task is to ensure that a base review can be
transformed into the ground truth review.
You are provided with the following: The
intents that were used to generate the
base review, the base review and the
ground truth review. You must analyze
the differences between the base and the
ground truth in great detail analyzing
every difference. You must focus on the
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following while generating these rules:
the difference in the length of the
reviews, the tone, style, structure,
common phrases, specific product details,
ratings (if any), personal anecdotes,
comparisons, and anything else that you
think is very important. All these factors
must be closely analyzed to generate
these extremely granular set of rules.
Please also mention exactly how long the
review should be and generate an extremely
detailed and granular set of rules that
should be able to transform the base
review exactly into the ground truth
review. To do this please first think
deeply and analyze these differences
within <thinking></thinking> tags where
you can enlist every possible difference
between the base and the ground truth
review. Once this is done please generate
an extremely detailed and granular set of
rules that can be used to transform the
base review. Do not mention the ground
truth or base review in your set of
rules whatsoever. The rules should be an
extremely detailed guideline to transform
the base to ground truth review. Please
include these detailed set of rules within
<rules></rules> tags.

H.3 System Prompt: Evaluate Winner

H.3.1 Enron Email Dataset

You are an expert email evaluator. Given
a number of candidate emails and the
ground truth email, your task is to pick
which one of the candidate emails is
closest to the ground truth email. During
your evaluation, please focus mainly on
elements of the email like style, tone,
common phrases used, length of the emails,
factual accuracy, etc. YOU MUST ALWAYS
PICK A WINNER.

Here is how your evaluation should look
like:
<evaluation>
<!-- Use this to evaluate each candidate
email and compare it with the ground truth
-->
</evaluation>
<winner>

<!-- Use this pick the winning candidate
email. Display the option that is closest
to the ground truth. ONLY DISPLAY THE
OPTION NUMBER HERE. For example if email_x
is the winner, display only x -->
</winner>

H.3.2 New Yorker Dataset
You are an expert article evaluator.
Given a number of candidate articles
and the ground truth article, your task
is to pick which one of the candidate
articles is closest to the ground truth
article. During your evaluation, please
focus mainly on elements of the article
like style, tone, common phrases used,
length of the articles, factual accuracy,
etc. YOU MUST ALWAYS PICK A WINNER.

Here is how your evaluation should look
like:
<evaluation>
<!-- Use this to evaluate each candidate
article and compare it with the ground
truth -->
</evaluation>
<winner>
<!-- Use this pick the winning candidate
article. Display the option that is
closest to the ground truth. ONLY DISPLAY
THE OPTION NUMBER HERE. For example if
article_x is the winner, display only x
-->
</winner>

H.3.3 Lamp3U Review Dataset
You are an expert review evaluator. Given
a number of candidate reviews and the
ground truth review, your task is to
pick which one of the candidate reviews
is closest to the ground truth review.
During your evaluation, please focus
mainly on elements of the review like
style, tone, common phrases used, length
of the reviews, factual accuracy, product
details, personal experiences, ratings
(if any), comparisons, and overall
sentiment. YOU MUST ALWAYS PICK A WINNER.

Here is how your evaluation should look
like:
<evaluation>
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Figure 13: Human Evaluator View: The evaluation screen - including instructions - provided to our human
evaluators

<!-- Use this to evaluate each candidate
review and compare it with the ground
truth -->
</evaluation>
<winner>
<!-- Use this pick the winning candidate
review. Display the option that is
closest to the ground truth. ONLY DISPLAY
THE OPTION NUMBER HERE. For example if
review_x is the winner, display only x
-->
</winner>

I Human Evaluation

I.1 Human Study Details

To validate our usage of GPT-4o as an evaluator,
we collect human preference data for the same
matchups presented to GPT-4o. As seen in Fig
13, every human evaluator is provided with clear
and specific instructions alongside the ground truth.
Evaluators are asked to select which of the two
options best matches the ground truth. To mitigate
biases, all evaluators receive the prompts in the
same order and are allowed to review and make
changes if needed. We randomly sample 200 com-
parison examples of our work vs naive finetuning

and our work vs no baseline rules alongside 100
comparison examples of our work vs small and
large baselines. The same set of human evaluators
reviewed and made choices for each subset. We
remove missing judgments (which amount to < 1%
of collected data) and measure the raw agreement
percentage between humans on the same subset
followed by the agreement between each human
and GPT-4o.

I.2 Human Evaluation: Demographics
We enlisted 50 volunteer human raters, all of whom
are pursuing or have obtained degrees in either
STEM or business-adjacent fields. The demo-
graphic breakdown of our participants is as follows:

• Gender: 68% (34) of our participants are men,
while 32% (16) are women.

• Age: The age range of the participants spans
from 22 to 50 years, with a median age of 28
years.

• Education Level:

– 70% (35 participants) hold a Bachelor’s
degree

– 20% (10 participants) have obtained a
Master’s degree
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– 10% (5 participants) have completed or
are currently pursuing a Ph.D.

• Fields of Study:

– 30% (15 participants) are from Computer
Science or Computer Engineering

– 20% (10 participants) have backgrounds
in Engineering (Mechanical, Electrical,
Civil, etc.)

– 20% (10 participants) are from Business
or Management

– 15% (7 participants) have studied Mathe-
matics or Statistics

– 15% (8 participants) come from various
other STEM fields, including Biology,
Chemistry, and Physics

All volunteers were thoroughly briefed on the
goals of this work and provided informed con-
sent for data collection and its subsequent pub-
lication. The diversity in their educational and
professional backgrounds ensures a comprehensive
and balanced evaluation of our research.

We confirm that our study has received IRB ap-
proval from our institution for conducting annota-
tions and evaluations of this nature. Our lab has an
existing IRB review that covers this type of annota-
tion work for evaluation of this form. All annota-
tors were fully briefed on the study’s purpose and
provided informed consent for anonymized data
release. We do not collect or release any personally
identifiable information (PII). For all datasets, we
plan to release only anonymized, binary preference
information to support future research efforts. This
study did not receive federal funding.

We believe that these safeguards ensure the eth-
ical conduct of our research and the responsible
handling of data. We are committed to uphold-
ing the highest standards of research integrity and
protecting the privacy and rights of all individuals
involved in our study.

I.3 Human Evaluation: Instruction Set

1. Read the email content in the "Response
Email" text area .

2. Compare the two emails displayed below.
3. Choose the email that most closely

matches the "Response Email".
4. Click "Next" to move to the next email .
5. Click "Check Missing Responses" to see

which ids are missing responses .

J Qualitative Examples with GPT-4o &
Human Judgements

In this section, we present some qualitative exam-
ples of GPT-4o evaluation on preference agents,
and some examples of personalization per user,
alongside the aggregated human verdict.
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Input Given the metadata of the email, previous context,
and the intent of the user, please generate an
email.
Metadata: From: benjamin.rogers@enron.com
To: berney.aucoin@enron.com Date: Wed, 2 Feb
2000
User Intent:

• I can offer assistance or information about St.
Cecilia’s kindergarten class regarding your
daughter through my wife, Megan, who is a
second-grade teacher at the School.

• She can talk to someone or answer any
questions you may have.

Ground Truth Email In reference to your daughter and St. Cecilia’s
kindergarten class, let me know if my wife,
Megan, who is a second grade teacher at the
School, can talk to someone or answer any
questions for you.. Ben

Naive Finetune Bernie: Megan is a 2nd Grade teacher at St.
Cecilia’s and she teaches the Kindergarten class at
that school. She could talk with someone in the
school office or answer any questions you may
have. Megan can give you the information you
need. Please call her to see if she can help with
any of these. Megan is Mrs. M. Rogers @
776-4853. If you happen to talk to her - let her
know that Ben Rogers is her husband. Talk to you
later. Ben

Preference Agent Hey Berney, Megan, my wife who teaches second
grade at St. Cecilia’s, is more than happy to chat
with someone or answer any questions you may
have about the kindergarten class your daughter is
in. Let me know if that’s something you’d be
interested in. Ben

GPT-4o Judgement Email 1: The tone here is informal but introduces
a formal element by providing a phone number
and specific instructions on contacting Megan,
which adds complexity not present in the ground
truth and misclassifies Megan as a kindergarten
teacher. The additional details about identifying
Ben as Megan’s husband further diverge from the
simplicity of the ground truth.
Email 2: This email maintains a similar informal
and personal tone. It correctly and concisely
mentions Megan’s role and how she can assist,
aligning well with the ground truth.
Winner: 2

Table 4: Preference Agents vs Naive Finetune (Hallucinating Factual Information)
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Input Given the metadata of the email, the previous
context, and the intent of the user, please generate
an email.
Metadata: From: benjamin.rogers@enron.com
To: bryan.kimzey@csfb.com Date: Thu, 9 Nov
2000
Previous Context: From:
bryan.kimzey@csfb.com To: Benjamin
Rogers/HOU/ECT@ECT cc: Subject: Hey - Any
luck with the Mid-Columbia last summer prices.
Thanks Ben
Intent:

• providing the Mid-Columbia last summer
prices as requested.

Ground Truth Email Here you go! Let me know if you need anything
else. Ben

Preference Agent Here are the Mid-Columbia last summer prices!
Let me know if you need anything else. Ben

Large Model baseline Dear Bryan, I wanted to follow up on your
request for the Mid-Columbia last summer prices.
I’ve managed to obtain the information you were
looking for. Below are the prices you requested.
Let me know if you need anything else. Please
don’t hesitate to reach out if you have further
questions or require additional information. Best
regards, Benjamin

GPT-4o Judgement Email 1: Simple and to the point, directly stating
what was provided and offering further assistance,
similar to the ground truth’s direct offer of help
without additional fluff. Email 1 is also very
concise, directly aligns with the ground truth’s
approach by quickly addressing the request and
offering further help.
Email 2: Contains formal phrases such as "Dear
Bryan", "I wanted to follow up" and "Please don’t
hesitate to reach out," which add a level of
formality not present in the ground truth. It also
introduces a follow-up on a specific request,
which, while similar in helping nature, is
structured more formally.
Winner: 1

Table 5: Preference Agents vs Large Model Baseline (Generic Formatting)
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Input Given the metadata of the email, the previous
context, and the intent of the user, please generate
an email.
Metadata: From: benjamin.rogers@enron.com
To: mike.miller@enron.com Date: Wed, 14 Jun
2000
Intent:

• I have worked on the following deals in the
first half of 2000.

Ground Truth Email Mike: Here is a list of deals I have worked on for
the first half of 2000. Please let me know if you
need any other information. Thanks! Ben

Preference Agent Hi Mike! Here’s a list of deals I’ve worked on for
the first half of 2000 - let me know if you need
anything else! Regards, Ben

Small Model baseline Hey Mike, As you know, the first half of 2000 has
been a busy time for me, with several deals in the
works. I wanted to touch base with you to let you
know about the ones I’ve been involved with so
far. Those include... [Insert list of deals here, if
specified] Please let me know if you need any
other information. Best, Benjamin

GPT-4o Judgement Email 1: Closely matches the ground truth in
content, directly presenting the list of deals and
offering further assistance without additional
context or preamble.
Email 2: This email has a more conversational
and slightly formal tone, starting with a friendly
greeting, adding unnecessary details and an
elaborate introduction before mentioning the
deals. It adds the phrase "Those include... [Insert
list of deals here, if specified]" which is not
present in the ground truth. These elements
introduce a formal note, making it diverge from
the ground truth’s straightforward tone.
Winner: 1

Table 6: Preference Agents vs Small Model Baseline (Unnecessary Details)
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Input Given the metadata of the email, the previous
context, and the intent of the user, please generate
an email.
Metadata: From: debra.perlingiere@enron.com
To: s..pollan@enron.com Date: Wed, 22 Aug
2001 Subject: RE:
Previous Context: From: Pollan, Sylvia S. Sent:
Wednesday, August 22, 2001 4:31 PM To:
Perlingiere, Debra Subject: What is the status on
getting NG Energy’s Contract ready? Sylvia
Intent:

• The contract is finished, I just need an
attorney to review it.

• It should be ready in the morning.

Ground Truth (Debra’s Email) It is finished, I just need an attorney to review it.
It should be ready in the morning.

Preference Agent (Bill Variant) Hey Sylvia, Thanks for asking. NG Energy’s
Contract is finished. I just need an attorney to
review it. It should be ready in the morning.
Thanks, Debra Perlingiere

Preference Agent (Gerald Variant) What’s the holdup on attorney review?? Can you
please let me know which attorney is responsible
for reviewing this contract? Debra

Preference Agent (Debra Variant) Contract’s finished, just waiting on an attorney to
review it - should be ready first thing in the
morning.

Human Annotator Judgement Bill Variant: Overtly polite, mentions the
contract even though it isn’t present in user intents
or the ground truth, ends email with signoff
Gerald Variant: Takes an angry and urgent tone
which isn’t present in ground truth email. Doesn’t
inform the recipient when the contract will be
ready.
Debra Variant: Maintains a consistent and direct
tone while getting the main intent across, Aligns
closest with ground truth.

Table 7: Preference Agent For Debra vs Preference Agents For Others
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Input Given the metadata of the email, the previous
context, and the intent of the user, please generate
an email.
Metadata: From: gerald.nemec@enron.com To:
ned.higgins@enron.com Date: Thu, 6 Sep 2001
14:07:59 -0700 (PDT) Subject: Illinois Power CA
Previous Context:
Intent:

• I am fine with Illinois Power CA’s changes.

• I have attached a clean version of the
document reflecting their changes.

• Ask Illinois Power CA to print out two
copies and execute them.

Ground Truth (Gerald’s Email) Ned, I am fine with all of their changes. Attached
is a clean version reflects their changes. Ask them
to print out two copies and execute.

Preference Agent (Bill Variant) Hi Ned, We agree with the changes. I have
attached a clean version that reflects their changes.
We would appreciate you sending them an email
requesting that they print out two copies and
execute them. Thanks, Gerald Nemec

Preference Agent (Gerald Variant) Fine with the changes. attached a clean version of
the Illinois Power CA that reflects their changes.
Ask them to print out two copies and execute
them.

Preference Agent (Benjamin Variant) I am fine with all of their changes. , Gerald,
713-345-4169

Human Annotator Judgement Bill Variant: This email utilizes "we" while the
ground truth and intent specify "I". The tone is
also overtly polite. All these changes make it very
different - in style and tone - to the ground truth.
Gerald Variant: Short, concise and doesn’t add
unnecessary fluff, aligning with the ground truth.
Benjamin Variant: While this is concise, it
misses out on 2/3 rds of the intents and adds an
uneccesary number.

Table 8: Preference Agent For Bill vs Preference Agents For Others
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Input Given the metadata of the email, the previous
context, and the intent of the user, please generate
an email.
Metadata: From: bill.williams@enron.com To:
kathryn.sheppard@enron.com Date: Fri, 19 Oct
2001 Subject: RE: Meeting with Britt Whitman
Previous Context: From: Sheppard, Kathryn
Sent: Friday, October 19, 2001 10:02 AM To:
Williams III, Bill Subject: Meeting with Britt
Whitman Bill, Would you be available to meet
with Britt Whitman, Houston Competitive
Analysis, at 11:00 a.m. on Tuesday, 10/23?
Thanks, Kathy
Intent:

• I will be available on Tuesday.

• I could meet with Britt at 3 PM or at 9 AM.

• What is the purpose of this meeting?

Ground Truth (Bill’s Email) Kathy, I will be available on Tuesday but it would
have to be either earlier or later on in the day. I
could meet with Britt at 3PM or at 9 AM. Any
idea what this is regarding? Thanks, Bill

Preference Agent (Bill Variant) Hi Kathy, should be available earlier or later in
the day on Tuesday - how about 9am or 3pm?
What’s this meeting about? Thanks, Bill

Preference Agent (Gerald Variant) Kathy, I will be available on Tuesday, but it would
have to be either earlier in the day or later in the
day. I could meet with you at 1. 9 AM or 2. 3 PM.

Preference Agent (Dutch Variant) hey kathy, tuesday works for me, but not at 11am.
my schedule is pretty open, so how about 9am or
3pm instead? not that i need to know too much
about what we’re discussing, but do you have any
idea what britt wants to chat about? let me know
when works for you, bill

Human Annotator Judgement Bill Variant: concise - even reorders the
proposed reschedule timings to be AM then PM.
Gerald Variant: concise and clear but doesn’t
include the intent which asks for the purpose of
this call.
Dutch Variant: The tone is friendlier, chattier,
and longer than the ground truth. Diverges
because of additional details.

Table 9: Preference Agent For Bill vs Preference Agents For Others
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Input Given the metadata of the email, the previous
context, and the intent of the user, please generate
an email.
Metadata: Date: 2016-03-28 Author: None Title:
The Fantasies of China’s Generation X
Intent:

• Cao Fei’s art exhibition at MOMA PS1
explores the fantasies and entertainments of
China’s Generation X.

• The exhibition includes Cao Fei’s 2000 work
"Plant Contest", a traditional Chinese
performance.

• Cao Fei has also videotaped cosplayers in
her native Guangzhou as part of the
exhibition.

• In addition, she has built a virtual city in the
online world Second Life, where her avatar,
China Tracy, serves as a philosopher-guide.

• Cao Fei was born in 1978 and is based in
Beijing.

• The exhibition opens on April 3 at MOMA
PS1.

Ground Truth Article You may know the ancient Chinese game Go, but
the traditional “Plant Contest” (above), which
Cao Fei staged in 2000, is probably less familiar.
The picture is one of the earliest works in the
Beijing-based artist’s show at MOMA PS1,
opening on April 3. Cao, who was born in 1978,
delves into the fantasies and entertainments of her
generation, videotaping cosplayers in her native
Guangzhou and building a virtual city in the
online world Second Life, where her avatar,
China Tracy, has served as a philosopher-guide.

Preference Agent The Fantasies of China’s Generation X Cao Fei is
set to unveil an immersive and thought-provoking
exhibition at MOMA PS1, which delves into the
fantasies and entertainments of China’s
Generation X. The exhibition, opening on April 3,
promises to be a fascinating exploration of the
cultural landscape of a generation that grew up in
a changing China. One of the highlights of the
exhibition is Cao Fei’s 2000 work, "Plant
Contest", a traditional Chinese performance that
offers a glimpse into the country’s rich cultural
heritage. This work is complemented by Cao
Fei’s videotapes of cosplayers in her native
Guangzhou, which provide a window into the
lives of young Chinese people and their
fascination with fantasy and role-playing. Cao Fei
has also created a virtual city in the online world
Second Life, where her avatar, China Tracy,
serves as a philosopher-guide.

Table 10: Preference Agents vs Naive Finetune (Page 1 of 2)
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Naive Finetune In China, it’s often said that each generation is a
socialist addendum. The Millennials are called the
HelloKittyState Generation. Cao Fei was born in
1978, smack in the middle of China’s Generation
X. Her “Triple Artist” show at MOMA PS1 (April
3-June 5) includes a work she made in 2000, a
sort of Fluxus performance in a Guangzhou
barber shop, in which participants award her
eggplants for proper beards. Last year she was
videotaping her own local cosplayers. Cao Fei
(based in Beijing) has also spent time building her
own virtual city in the online world of Second
Life: China Tracy serves as a philosopher-guide.

GPT-4o Judgement Article 1 is a clear winner due to its similarities
in style, tone, and factual accuracy with the
ground truth article. The structure and
organization of the articles are also similar,
starting with an introduction to the artist and the
exhibition, followed by a description of the
various works featured. <...>.
Article 2 has a more informal tone and uses
colloquial language, which differs from the
ground truth article. The structure of the article is
also less cohesive, jumping between different
topics and ideas without a clear flow. It also
mentions the exhibit ending on June 5th which
isn’t present in the ground truth. While it does
mention some of the same works as the ground
truth article, the descriptions are brief and lack the
detail and context provided in Candidate Article
1.
Winner: 1

Human Choice: 1
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