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Abstract. Personalization with retrieval-augmented generation (RAG)
often fails to capture fine-grained features of authors, making it hard
to identify their unique traits. To enrich the RAG context, we propose
providing Large Language Models (LLMs) with author-specific features,
such as average sentiment polarity and frequently used words, in addition
to past samples from the author’s profile. We introduce a new feature
called Contrastive Examples: documents from other authors are retrieved
to help LLM identify what makes an author’s style unique in compari-
son to others. Our experiments show that adding a couple of sentences
about the named entities, dependency patterns, and words a person uses
frequently significantly improves personalized text generation. Combin-
ing features with contrastive examples boosts the performance further,
achieving a relative 15% improvement over baseline RAG while outper-
forming the benchmarks. Our results show the value of fine-grained fea-
tures for better personalization, while opening a new research dimen-
sion for including contrastive examples as a complement with RAG. We
release our code publicly (https://github.com/myazann/AP-Bots/tree/
main).

Keywords: Personalization · Retrieval Augmented Generation ·
Personalized Text Generation · Contrastive Examples

1 Introduction

Personalized text generation has many application areas, from recommendation
[25] to personalized content creation [1,15]. Its implementation with LLMs falls
into two groups: via fine-tuning [18,19,27], or via Retrieval-Augmented Gener-
ation (RAG) [13,15,24]. In fine-tuning-based approaches, the language model is
individually adapted for each user [19], which remains computationally costly
even with parameter-efficient fine-tuning (PEFT) [7]. RAG-based personaliza-
tion works by retrieving samples from the author profile, then instructing the
LLM to generate personalized content given the samples [15]. RAG eliminates
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the need to fine-tune for each author and outperforms PEFT-based methods
when the amount of user data is scarce [16,26].

The key challenge with RAG is to capture fine-grained author features:
retrieving separate, standalone samples from the author’s history is not enough
to recognize global patterns [18]. When presented with previous documents of
the author, LLMs tend to memorize certain words and n-grams that are fre-
quently used, instead of understanding the author’s style [26]. To address this
problem, we derive features from the author’s profile. Features enhance the tra-
ditional RAG approach by providing global context about the author, nudging
the LLM to do more than repeating words and n-grams. We experiment with
different types of features, such as the average sentiment polarity, or the words
and named entities the person uses the most. In addition, we introduce a new
feature called Contrastive Examples (CE) which retrieves samples from other
authors to better highlight the differences between individual styles. Figure 1
gives an overview of our framework.

Our results show that adding only a handful of author features alongside
samples from the author’s profile significantly improves personalization. Further-
more, retrieving contrastive examples helps LLM better understand an author’s
style. A combination of CE and a couple of author features improve the RAG
performance by up to 15%. Additionally, our approach does not add any compu-
tational overhead and can easily be implemented and deployed. We contribute to
the literature by showing that: (a) LLMs can personalize better when presented
with author features, (b) contrastive examples helps LLMs distinguish authors,
and (c) retrieving contrastive examples can be a tool to differentiate between
relevant and irrelevant contexts.

2 Background and Related Work

RAG for personalization is initially implemented by retrieving similar documents
from the user’s profile, and instructing the LLM to personalize given the docu-
ments [15]. Later work focuses on different parts of the RAG pipeline, such as
optimizing the retriever [13,14] or summarizing and synthesizing the documents
to improve the reading comprehension of the LLM [10]. Alhafni et al. [1] exper-
iment with fine-grained features, such as lexical and syntactic attributes. The
crucial difference with our method is that they train smaller models (≤1B) by
prepending the attribute vectors to the inputs, instead of RAG. In addition, they
do not include features such as the most commonly used words of the author.

Even though personalization by its nature is user-specific, finetuning with
multiple users before personalizing to one can aid in learning shared features
[18,27]. Tan et al. [18] introduce Personalized Pieces, where clusters of users share
PEFT parameters, and HYDRA framework proposes an approach to obtain the
shared general knowledge between all authors [27]. What makes our approach
unique is we focus on the differences between authors by retrieving contrastive
examples, whereas previous work focused on capturing the similarities.
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Fig. 1. An overview of our approach. The language model receives three inputs: (1)
most similar samples from the author profile, given the author’s input, (2) features
derived from the author profile, (3) contrastive examples gathered from other users.
Input (1) denotes the baseline RAG approach, while (2) and (3) are our additions to
enrich RAG context.

The novelty of our idea is not limited to personalized text generation, but
can be seen as a new paradigm for retrieval in RAG. Traditionally, RAG is based
on retrieving the most relevant documents, and how contrastive examples would
work is an open question. A contrastive chain-of-thought approach with both
valid and invalid demonstrations performs better than regular chain-of-thought
prompts [3] and shows that LLMs are capable of making use of contrastive
examples. In the context of RAG, retrieving random documents can help with
question-answering, while high-scored documents that are not directly relevant
hurts the performance [4]. Since contrastive examples do not fit into either of
these categories, their impact on RAG remains unclear. Contrastive learning
has previously been studied in Information Retrieval (IR) for training retrievers
to differentiate between relevant and irrelevant documents [9]. In contrast, our
method incorporates both types of documents directly into the LLM’s prompt,
without modifying the retriever.

3 Methodology

Data. We used 3 datasets offered by the LaMP (When Large Language Models
Meet Personalization) benchmark [15]: LaMP-4, LaMP-5, and LaMP-7. Since
we are focusing on text generation, we excluded the datasets with classification
tasks, as well as LaMP-6 because it wasn’t accessible. We chose the user-based
splits for evaluation. The task in LaMP-4 is to generate a title in the style of
the news editor based on a news article given as the input. The author profile
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consists of previous article-title pairs. The task in LaMP-5 is to generate a title,
given the abstract as the input, and the author profile consists of the previous
abstract-title pairs of the scholar. Finally, in LaMP-7, the input is a tweet and
the task is to paraphrase it given the author’s past tweets.

Models. Given its success in the LaMP benchmark [15,26], we used a pre-
trained Contriever [8] as the retriever. The average length of the samples differs
between datasets, where LaMP-5U has longer documents [15]. Therefore, we
retrieved 50 documents from author profiles for LaMP-4 and 7, and 7 documents
for LaMP-5. Previous research demonstrated that it is not necessary to use that
many documents [24,26], but we see that it is possible to maximize the RAG
performance by using more, allowing us to better understand the contribution
of our features.

We started our experiments with OpenChat [22], given its success on LaMP
[26]. Then we experimented with LLaMA-3.1 [5] and Gemma-2 [20]. We didn’t
find drastic variations between models, but Gemma-2 27B performed the best
overall. Because of space limitations, we only present its results in Sect. 4. We
didn’t change the default generation parameters on HuggingFace, except for the
temperature and max_new_tokens (maximum number of generation tokens).
Given the shortness of the expected generations, we set max_new_tokens to
128 tokens, and temperature is set to 0.7. We noticed negligible changes in the
final result with different generation parameters, so we decided to use the default
ones.

We constructed the prompts by first giving a role to the LLM (you are a news
editor), and explaining the types of inputs it will receive. We put similar doc-
uments from the author’s past as the first input. Then we include features and
contrastive examples (see Fig. 1). Similar past documents are always included as
input, since they form the baseline RAG. Finally, we instruct the model to gen-
erate the proper text (e.g. title) given the features it received. The prompt struc-
ture is consistent for each dataset, deviating only on the role and the instruction.
We didn’t see an improvement using Chain-of-Thought [23] or similar variants,
while noticing an exponential increase in inference times. Therefore, we didn’t
use such prompting methods. Prompts are available in our public repository.

Features. Our features can be categorized into two: (1) Author Features, derived
from the author’s profile and (2) Contrastive Examples, which are samples com-
ing from other authors.

Author Features: We define the following features:

– SP: Average sentiment polarity (SP ∈ [−1, 1])
– SUBJ: Average subjectivity (SUBJ ∈ [0, 1])
– SMOG: SMOG Index1

1 SMOG is a measure of readability and typically has a value between 1–12, estimating
the years of education needed to understand a piece of writing.
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– ADVU: Adverb usage percentage on average (ADV U ∈ [0, 100])
– ADJU: Adjective usage percentage on average (ADJU ∈ [0, 100])
– PU: Pronoun usage percentage on average (PU ∈ [0, 100])
– NEF: Most frequently used named entities ([ne0, ..., ne9])
– DPF: Most frequently used dependency patterns ([dp0, ..., dp9])
– WF: Most frequently used words ([w0, ..., w9])

We incorporated the features into the prompt by converting their definition
into the following sentence format: {feat_def} for the writer is {feat_value}.
We use TextBlob [11] to obtain the subjectivity and sentiment polarity scores,
and textstat [21] for the SMOG index. We use NLTK [2] for calculating ADVU,
ADJU, PU and WF. Finally, we use spaCy [6] to get named entities and depen-
dency patterns. The averages are calculated by taking the mean of the feature
values for all the samples in the author profile. We choose the top 10 most fre-
quent elements for frequency features, since our experiments showed that more
than 10 does not change the performance.

Contrastive Examples (CE): Contrastive examples can be considered hard neg-
atives, as we choose authors that are the least similar to the current author. We
calculate the distances between authors using the inputs (see the Data paragraph
for the inputs of each dataset) with Contriever. Alternatively, we tried looking
at the similarity between author profiles based on the average embeddings. We
didn’t find a significant difference, therefore we proceeded with using the inputs.
After the least similar authors are identified, samples from their profiles are cho-
sen randomly. The number of samples coming from other authors were fixed: 1
sample per each author for LaMP-5, and 3 samples for LaMP-4 and LaMP-7. We
use fewer samples compared to how many we retrieve from the current author’s
profile because of context window limitations and saturated performance with
fewer samples. In LaMP-5, using too many contrastive examples even hurts the
performance. We suspect the length of the samples in that dataset causes noise
and decreases the LLMs’ attention to the different parts of the context.

4 Results

Our baseline is a RAG experiment without any author features. Then, we test
each feature individually on validation sets to understand how much they con-
tribute to the baseline. Figure 2 shows that some features improve the baseline for
every dataset, while others hurt. CE emerges as a robust feature since it offers at
least a 1% increase regardless of the dataset. Retrieving samples from 5 different
authors performs worse than 3, possibly due to increased noise. LaMP-7 benefits
the most from the features, DPF itself can increase Rouge-L by more than 10%.
Since LaMP-7 is about tweets, which are highly personal and informal, depen-
dency patterns better highlight individual’s styles compared to others. Compared
to tweets, news articles are more formal and contain domain-specific keywords.
Therefore, WF becomes a more suitable feature for LaMP-4 instead of DPF.
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Fig. 2. The improvement each feature provides for Rouge-L on validation sets when
included on top of baseline RAG. In this case, features are not combined but used
individually. A negative change signifies the feature hurting the baseline. Values inside
parentheses show the number of contrastive users.

Performance gains in LaMP-5 are more limited. Authors in LaMP-5 represent
scholars, each working in a very distinct and highly specific academic domain.
Also, documents in LaMP-5 are much longer than other datasets. Therefore,
retrieved samples contain more information compared to other datasets, making
it hard for author features to contribute. In comparison, contrastive examples
highlight the vast differences between specialized academic domains, becoming
the best performing feature in LaMP-5.

Overall, features presented as numerical values (SP, SUBJ, ADVU, ADJU,
PU ) are less effective or even hurtful compared to ones presented as words
(CE, WF, NEF, DPF ). This may be due to the LLMs shortcoming of working
with numerical values [17]. In our qualitative analysis, we noticed LLMs overly
polarizing (e.g. too negative or too positive) their outputs in the presence of
numerical features. They especially have a hard time adjusting to subjectivity
and sentiment polarity, not being able to capture the nuances of scores that are
closer to the mean. In fairness, it is hard to conceptualize the difference between
a sentiment score of 0.29 and 0.4, especially given the personal differences in
expression.

Next, we evaluate the effect of combining features. We chose the best com-
binations from the validation set results, and Table 1 shows their performance
on test sets (for brevity, we present only the combinations that work best for
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Table 1. Our best feature combinations compared to the current leaderboard for user-
based test splits. ∗ The method [12] is based on finetuning a FlanT5-XXL with PEFT.

LaMP-4 LaMP-5 LaMP-7
Rouge-1 Rouge-L Rouge-1 Rouge-L Rouge-1 Rouge-L

Finetuned FlanT5-base [15] 0.186 0.171 0.450 0.409 0.528 0.475
Learning to Prompt∗ [12] 0.221 0.202 0.472 0.432 – –
RAG 0.214 0.196 0.475 0.425 0.437 0.380
RAG + (WF, CE(3)) 0.228 0.210 0.481 0.431 0.483 0.431
RAG + (DPF, CE(3)) 0.226 0.207 0.483 0.432 0.496 0.437
RAG + (WF, DPF, CE(3)) 0.221 0.202 0.481 0.430 0.501 0.441

each dataset). Combining features significantly2 improves the performance. CE
emerges as a great complementary feature, as it is present in all the best perform-
ing combinations. Compared with the leaderboard3, our approach surpasses the
top methods in LaMP-4 and LaMP-5. Since the other methods are finetuning-
based, we can say that RAG-based personalization combined with our features
can eliminate the need to finetune for each author. Contrarily, finetuning comes
out on top in LaMP-7. Still, our method reduces the gap between fine-tuning and
RAG by boosting the baseline RAG performance by 15% relatively (from 0.437
to 0.501). Since LaMP-7 benefitted the most from the features, we believe there
is still room for improvement to improve the performance with more features.

5 Conclusion

Our research pushes the boundaries of personalization by enhancing the retrieval
component of RAG with fine-grained author features and contrastive examples.
We show that a single sentence providing which words an author utilizes the
most combined with contrastive examples can improve the RAG performance by
15%. Our research offers a new paradigm for RAG, where contrastive examples
complement the retrieved samples and help LLM better identify the ground
truth. For future work, more suitable ways to present numerical features can
be explored. More advanced methods to mitigate the limitations of presenting
numerical features to LLMs might be a promising direction for exploration. How
to retrieve contrastive examples is an open question for the IR community, as
well as extending the contrastive retrieval approach with other IR tasks.

2 Paired t-tests between baseline RAG and the best performing methods with α = 0.05
confirmed the statistical significance: LaMP-4: (p = 2.7 × 10−11), LaMP-5: (p =
0.0014), LaMP-7: (p = 9.6 × 10−32). Since test set predictions are not accessible,
t-tests are conducted on the validation sets.

3 https://lamp-benchmark.github.io/leaderboard.

https://lamp-benchmark.github.io/leaderboard
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