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ABSTRACT

Preference elicitation algorithms have long relied on structured representations of
user preferences: rankings of items, ratings, or simple binary interactions (e.g.,
views). Over the years, we’ve slowly become aware of the limitations and biases
these representations entail. Users form preferences over items’ features rather
than items themselves. In this paper, we explore natural language as a first-class
preference representation, beyond a mere cold-start aid. We study three parallel
representations of user preferences: (i) a user-item interaction matrix, (ii) free-form
text profiles describing users’ preferences, and (iii) interpretable tabular features
derived by an LLM from these text profiles. Our findings unfold in three parts.
First, text-based predictors substantially outperform collaborative filtering in the
cold-start regime and remain competitive as interaction histories grow. Second,
most of the predictive signal in text can be retained in a compact, interpretable
tabular representation. Third, the three representations are complementary: simple
ensembles that combine them consistently achieve the strongest performance. *

1 INTRODUCTION

Human preferences play a central role in many decision-making systems, from allocating public
resources and matching students to schools, to recommending content. In all such settings, preferences
must be translated into a formal representation that can be stored, compared, and optimized. These
representations are rarely neutral: They are shaped by what can be easily elicited at scale and by the
algorithms available to process them.

Most large-scale systems rely on forced-choice signals: explicit ratings, binary likes, or implicit
interaction traces such as clicks and views. These signals are abundant and admit scalable, well-
studied algorithms such as collaborative filtering (Resnick et al., 1994; Linden et al., 2003; Hu et al.,
2008; Koren et al., 2009; Rendle et al., 2020). However, forced-choice signals are intrinsically lossy:
they encode what a user chose, but not why; they conflate preference with exposure; and they degrade
sharply in cold-start settings, where historical data is sparse (Chevaleyre et al., 2008; Robertson
& Salehi, 2020). By contrast, users routinely articulate preferences directly in natural language,
expressing attributes, trade-offs, and contextual explanations rather than judgments over isolated
items. Early ML researchers classified Iris flowers from tabular petal measurements (Fisher, 1936),
not because a table of four numbers described a flower better than a photograph, but because models
at the time could not process images. Forced-choice interactions occupy a similar role in preference
learning: They dominate not because a binary like or a five-star rating captures what users want better
than their own words, but because interaction signals are easy to collect and process at scale.

Historically, free-form text has been difficult to operationalize at scale. Earlier systems incorporated
language through bag-of-words features, topic models, or hand-engineered pipelines (Wang & Blei,
2011; Lops et al., 2011; McAuley & Leskovec, 2013; Zhang et al., 2014), but these approaches
were brittle and task-specific. Even with neural text models, text-only approaches generally failed
to outperform interaction-based methods (Rendle et al., 2020; Zangerle & Bauer, 2022). Recent
advances in large language models (LLMs) change this picture: Modern LLMs can abstract and
categorize user-authored text at scale, producing stable, semantically meaningful representations
without task-specific supervision (Gilardi et al., 2023; Ziems et al., 2024). This makes it possible to

*Preliminary work, prepared as a non-archival workshop abstract.
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Figure 1: Predictive performance (ROC AUC) on three Goodreads subsets. Free-form text (zero-shot
LLM) consistently outperforms or matches collaborative filtering trained on 2–4M domain-specific
interactions. Gains are largest for short histories (k < 10); long profiles correspond to k ≥ 40. Error
bars: 90% CI.

revisit a longstanding preference elicitation question: When text is available, how informative is it
relative to forced-choice interaction data?

1.1 OUR CONTRIBUTIONS

This paper studies natural language as a first-class source of preference information. We acknowledge
a persistent asymmetry: While text is inherently more expressive, interaction data is generated
passively at scale. Our experiments preserve this asymmetry: Interaction-based models train on
abundant historical data, while text-based representations use off-the-shelf LLMs without fine-tuning.

Our contributions can be summarized by three main findings, showcased by Figure 1:

• Free-form text is a competitive alternative to abundant interaction data. Text-based rep-
resentations outperform collaborative filtering in cold-start regimes and remain competitive
as interaction histories grow; CF reaches parity only around k≈60 observed interactions.

• LLM-derived tabular features recover interpretable preference structure. Categorical
features extracted from text reviews capture meaningful, human-interpretable dimensions of
preference and often achieve performance close to free-form text.

• Preference representations carry complementary signal. Interaction data, free-form text,
and tabular features encode distinct aspects of user preferences; simple score-averaging
ensembles achieve the strongest overall performance.

2 RELATED WORK

Preference elicitation and representation. The chosen preference language (rankings, cardinal
utilities, or restricted reports) is itself a design decision that determines which welfare-relevant trade-
offs can be communicated (Chevaleyre et al., 2008; Dütting et al., 2011). Many real preferences cannot
be faithfully captured by forced-choice primitives: Binary feedback cannot express conditional or
multi-attribute constraints (e.g., “I like political thrillers only when they are not graphic”) (Chevaleyre
et al., 2008), and elicitation interfaces can introduce systematic biases (Robertson & Salehi, 2020).
Interaction logs are typically treated as revealed preferences, but they are entangled with exposure
and platform dynamics, complicating inference about true user goals (Kleinberg & Sandler, 2004;
Kleinberg et al., 2022). Language-based profiles can be seen as a stated-preference channel that
additionally carries explanations and conditional constraints invisible in interaction traces (Robertson
& Salehi, 2020; Louviere et al., 2000; Varian, 2012).

Textual preference signals in recommender systems. Text has been used in recommender systems
for decades, but early NLP pipelines typically reduced language to sparse tabular signals via TF–
IDF (Salton & Buckley, 1988), topic models (e.g., Wang & Blei, 2011), or review-based latent factor
models (McAuley & Leskovec, 2013; Zhang et al., 2014). These approaches relied on brittle feature
extraction, so text was often most helpful as side information in cold-start scenarios (Lops et al., 2011;
Rendle et al., 2020; Zangerle & Bauer, 2022). Recent LLMs enable robust, zero-shot abstraction
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over user-authored text: Sanner et al. (2023) finds LLMs competitive near the cold-start regime, and
Zheng et al. (2024) shows that LLMs can leverage text-rich signals in sequential recommendation.
Still, most controlled studies use limited interaction training data and rely on experimentally elicited
preference text that is denser than organic free-form inputs.

Interpretable representations of text preference data. Within LLM alignment, a growing body of
work extracts structured, interpretable representations from free-form feedback. Preference datasets
often admit low-dimensional representations where a small number of features capture much of
the signal used by dense reward models (Movva et al., 2025; Laguna et al., 2025). Related work
frames alignment as a compression problem, distilling pairwise judgments into concise principles
or constitutions (Findeis et al., 2025; Bell et al., 2026), and operationalizes rubric-style evaluation
or editable textual profiles for transparency (He et al., 2025; Ramos et al., 2024; Zhou et al., 2024).
These directions establish that unconstrained textual feedback can be transformed into compact,
interpretable structures, motivating our study of whether similar tabularization preserves preference
signal at scale.

Gap and contribution. Prior evidence that text encodes useful preference information comes
largely from controlled settings with clean, purpose-collected text (Sanner et al., 2023; Kang et al.,
2024; Ramos et al., 2024; Movva et al., 2025; Findeis et al., 2025), and does not address the
asymmetry present in deployed systems: Abundant interaction logs versus scarce, noisy, organic
preference text. We provide the first head-to-head comparison under these realistic conditions, using
large-scale benchmark data from a real-world platform.

3 EXPERIMENTAL SETUP

We compare alternative preference representations derived from the same underlying users, items,
and observed behaviors, using simple modeling choices to minimize confounds.

3.1 DATA

We use a large-scale public dataset from Goodreads.com (Wan & McAuley, 2018), the world’s
largest book cataloging platform, where users track, rate, and review books. We conduct experiments
on three genre-specific subsets (“Fantasy & Paranormal”, “Mystery, Thriller & Crime”, and “History
& Biography”) with 2.2M–4.2M training interactions per genre. Throughout the paper, an interaction
corresponds to a book that was both read and rated by a user. Interactions and associated review text
form the common substrate from which all preference representations are derived (Figure A.1 in
Appendix A). Full split statistics and preprocessing details are in Appendix A.

3.2 PREFERENCE REPRESENTATIONS

The dataset has two preference information sources: User–item interactions and user-written reviews.

Interaction matrix. The standard representation is a sparse user–item matrix R where Ru,i

indicates whether user u interacted with item i. This formulation underlies much recommender-
system research (Resnick et al., 1994; Linden et al., 2003; Bennett & Lanning, 2007; Hu et al.,
2008; He et al., 2017) and provides abundant data for matrix-factorization models, but is not directly
interpretable and can reflect exposure effects rather than true preference.

Text preference descriptions. We use a pretrained LLM (GPT-5; Singh et al., 2025) as a zero-shot
summarizer to produce a concise description of each user’s reading preferences. For each user, we
construct a preference context aggregating book synopses and the user’s reviews, supplemented with
frequency statistics over their most-read authors and sub-genres. The model generates a compact
textual profile (at most three paragraphs) describing general preferences; the length constraint acts
as an information bottleneck, favoring stable cross-title themes over item-specific detail. Prompt
templates are in Appendix C.
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Tabular features. We also derive a structured, tabular representation from LLM-generated categori-
cal tags (e.g., slow-burn, female-lead, complex-world-building). Tags are generated
without a predefined ontology, then embedded using Qwen3-8B-Embedding (Zhang et al., 2025)
and clustered into K groups by cosine similarity (K selected on validation data). Each user is
represented by a vector over tag clusters; items are placed in the same space by embedding book
descriptions and assigning the top l=10 nearest tag clusters. Preference prediction reduces to the dot
product f(u, b) = u⊤ · b, which is fully interpretable, unsupervised, and model-agnostic.

3.3 MODELS

We pair each representation with a simple, well-established model that maps it to a scalar score for
ranking items; the goal is to isolate the predictive value of the underlying signal, not to optimize
model architecture.

Interaction-based models. We use collaborative filtering (CF) based on matrix factorization
for implicit feedback (Hu et al., 2008; Takács et al., 2011), implemented with the implicit
library (Frederickson, 2016). At evaluation time, we fold in each test user by solving a regularized
least-squares problem for that user’s latent vector, holding item factors fixed (He et al., 2016). We
also include a popularity baseline that ranks items by total training interactions (user-independent).

Text-based model. We use zero-shot prompting of GPT-5 (Singh et al., 2025). For each user-item
pair, the prompt includes the user’s text profile, the item description, and up to five community reviews
(from the train set). The model outputs a score from 0 to 10. Prompt details are in Appendix C.

Tabular model. The score for a user-item pair is the dot product between their respective feature
vectors, without any task-specific training.

3.4 EVALUATION

We evaluate how well each representation predicts held-out user–item interactions under a shared
ranking task; Figure A.2 (Appendix A) summarizes the data split.

Split in train, validation, and test. We split at the user level. Validation and test each contain
1 000 users sampled uniformly at random among users who (i) interacted with at least 15 items and
(ii) wrote at least 5 textual reviews. The training set contains all remaining users.

Profile vs. evaluation interactions. Each validation/test user’s interactions are split into a profile
set and an evaluation set. The evaluation set consists of 10 randomly selected interactions (prioritizing
those without reviews); the profile set contains the remaining interactions with an associated review.
We denote by k the number of profile interactions available for a user; k varies across users, enabling
evaluation from cold-start (small k) to information-rich (large k) regimes.

Candidate set and metric. For each user, we form 50 candidates: 10 held-out positives and 40
negatives sampled from unread items (weighted by popularity). Each model scores all 50, and we
report mean per-user ROC AUC (additional ranking metrics in Appendix B.1).

4 RESULTS

We now present results organized around our three findings. Throughout, each point on the x-axis
corresponds to a cohort of users with k profile interactions; Appendix B contains additional results.

4.1 TEXT VS. USER–ITEM INTERACTIONS

Figure 2 compares a text-based predictor (zero-shot GPT-5) to collaborative filtering (CF) as a
function of profile length k. Across all three datasets, the text-based model substantially outperforms
CF in the cold-start regime. This advantage narrows as k increases; only around k≈60 profile
interactions does CF reach parity with a zero-shot text model. This reflects how each approach
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Figure 2: ROC AUC as a function of user profile length (k); rolling window k ± 10. The text-based
model (red) outperforms collaborative filtering (teal) at cold start and remains competitive throughout,
reaching parity around k ≈ 60. Right-most plot: user density. Figure B.4 extends to k = 100 profiles.

incorporates new information: CF directly optimizes user representations via folding-in on each new
interaction, yielding predictable gains; the text-based predictor uses a fixed LLM, so increasing k
refines the profile but does not adapt the model itself.

Increasing k also corresponds to a harder prediction problem, as users with longer histories tend to
read less popular items (Figure A.3); despite this, the text-based model maintains stable absolute
performance, indicating that text profiles grow increasingly informative as more reviews are added.

Takeaway: User-authored text remains competitive with interaction-based models across the entire
profile-length spectrum, not just at cold start.

4.2 TABULAR FEATURES RECOVER INTERPRETABLE LATENT CATEGORIES
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Figure 3: ROC AUC vs. profile length k. Tabular representations closely match text-based profiles
(used as LLM inputs). Both are derived from the same user-authored reviews.

The previous comparison establishes text as a strong preference signal. However, the mechanism by
which an LLM maps text profiles to scores is not directly interpretable. To test whether text’s predic-
tive advantage can be recovered in an explicitly interpretable form, we derive discrete tabular features
from the same reviews (Section 3.2); performance peaks around K ≈ 30 clusters (Appendix B).

Figure 3 shows that the tabular model closely tracks LLM-on-text performance across datasets
and user cohorts: An explicitly interpretable, low-dimensional tabularization preserves most of the
predictive power of end-to-end text models.

Takeaway: Much of the signal in free-form text can be retained in a compact, interpretable tabular
representation.
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Figure 4: Score-averaging ensembles across preference representations. All pairwise combinations
outperform their constituents; the three-way ensemble performs best. The unlabeled left-most bar is
the Text-only baseline.

4.3 COMPLEMENTARY PREFERENCE SIGNALS

Having shown that text and tabular representations each carry strong individual signal, we now
test whether they capture complementary information. We construct simple ensembles that average
predicted scores; Figure 4 reports all two- or three-model combinations with 90% confidence intervals.

Ensembling text and tabular representations yields consistent gains despite both deriving from
users’ reviews, indicating that each preserves distinct aspects of the preference signal. Similar
improvements arise when combining text and interaction-based models. The three-way ensemble
achieves the strongest performance across all user cohorts; this pattern holds for Precision@10,
NDCG@10, and Recall@10 (Appendix B.1).

Takeaway: Text is the strongest single representation, but all three signals are complementary and
can be jointly exploited with simple ensembles.

5 DISCUSSION AND CONCLUSION

This paper revisits a foundational assumption in preference learning: That abundant interaction data
is sufficient to infer users’ preferences. Our comparison deliberately preserves the data advantage of
interaction-based methods: Collaborative filtering trains on millions of interactions, while text-based
representations use an off-the-shelf LLM without fine-tuning. Interaction data, though abundant, is
incidental: It reflects constrained interface choices rather than deliberate preference expression. Text,
by contrast, directly encodes users’ goals and trade-offs.

Our results suggest that free-form text is a first-class preference representation, not merely a cold-
start fallback. Text-based predictors match or outperform collaborative filtering, compress into
interpretable features with little loss of signal, and complement interaction data: Combining all three
representations consistently yields the best results.

However, several practical limitations warrant discussion. First, LLM-based scoring is orders of
magnitude more costly than dot-product matrix factorization. Second, our evaluation is static, leaving
open how richer preference representations interact with strategic behavior and incentive design.
Lastly, our evaluation is limited to a single platform (Goodreads), restricting to users who authored
reviews. On most platforms today, the volume of user-authored text is likely insufficient to replace
interaction-based methods at scale. Our results show, however, that user-authored text is more
predictive than interaction data alone. Given that this benefits both users (increased transparency
and control) and platforms (higher-quality preference signals), we expect a text-first approach to
representing user preferences can be promoted and broadened to a much wider user audience.

Taken in whole, these findings have broad implications for preference elicitation and mechanism
design. Rather than inferring intent indirectly from behavioral traces, platforms can elicit preferences
directly in natural language, giving users visibility and agency over how they are represented. Our
results support a simple design principle: When possible, ask users what they want, and let them
answer in their own words.
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A Goodreads.com DATASET

This appendix provides additional details on the Goodreads.com dataset (Wan & McAuley, 2018)
used throughout the paper. Its purpose is to document dataset composition, preprocessing, and
evaluation splits in sufficient detail to support reproducibility, while keeping the main text focused on
modeling and empirical comparisons. We also include exploratory analyses that help contextualize
the observed performance of different baselines.
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Figure A.1: Deriving parallel preference representations from a shared dataset. User–item interactions
form an interaction matrix. Users’ reviews and respective item descriptions are processed by an LLM
to produce, for each user, a condensed text profile and categorical features.
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Figure A.2: Diagram of evaluation data split. Interaction-based models are fitted on all train
interactions and users’ profile interactions from validation and test. For each user, text-based (or
tabular-based) models use their text profile (or tabular features), which are derived from the user’s
profile reviews.

A.1 DATASET STRUCTURE AND INTERACTION TYPES

The original Goodreads dataset contains multiple forms of user–item interactions, including reading
events, ratings, and free-form reviews. These interaction types differ in both coverage and semantic
meaning, and raw interaction counts therefore differ from the number of books that were explicitly
read or rated. Throughout the paper, we distinguish between raw interaction records and the cleaned
interactions used for modeling. Raw records include a read indicator (and, when present, start/end
dates), an explicit star rating, and an optional free-form review text. A record may contain any subset
of these fields, so review counts are lower than read/rating counts.

A.2 DATA PREPROCESSING AND FILTERING

We apply a set of conservative filtering steps to improve data quality and ensure a consistent interpre-
tation of user–item interactions. Specifically, we retain only records with a non-null, strictly positive
rating and a positive read indicator. To remove implausible or incomplete reading events, we require
both a recorded start date and completion date, with at least two calendar days elapsed between
them. For review text, we discard short reviews and retain only reviews exceeding a minimum
character-length threshold of 500 characters.
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Train Test Validation

Genre Users Interactions Users Profile / Eval Int. Users Profile / Eval Int.

Fantasy 333K 4.2M 1K 23K / 42K 1K 24K / 43K
Thriller 272K 2.2M 1K 21K / 35K 1K 20K / 36K
History 317K 2.3M 1K 20K / 31K 1K 19K / 29K

Table A.1: Summary of dataset statistics after data cleaning and train/test/validation split. For test and
validation users, profile interactions are used to construct preference representations, while evaluation
interactions are held out for performance evaluation.

After filtering, each remaining interaction corresponds to a book that was both read and explicitly
rated by the user. Unless otherwise stated, all reported interaction statistics and experimental results
are computed on this filtered dataset.

A.3 GENRE-SPECIFIC SUBSETS

Experiments are conducted on three genre-specific subsets: “Fantasy & Paranormal”, “Mystery,
Thriller & Crime”, and “History & Biography”. Each subset is constructed by restricting books to
the corresponding genre labels and retaining all associated filtered interactions and reviews. Table A.1
summarizes the resulting dataset sizes after filtering, as well as the user-level train/validation/test split
used in our experiments.

A.4 PREDICTIVE POWER OF ITEMS’ POPULARITY
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Figure A.3: [Goodreads-Fantasy, Train] Moving average popularity of books read by different
users, as a function of the number of books each user has read. Computed using a sliding window
of users with k ± 10 books read, where k is shown on the x-axis. Book popularity (log-scale) is
measured as the total number of ratings a book has received on the platform. Take-away: Users with
longer reading histories tend to read less popular books.

Figure A.3 shows that users with longer reading histories tend to read, on average, less popular books.
This observation helps explain why simple popularity-based baselines perform competitively for
users with very short profiles, but deteriorate rapidly as profile length increases. As users become
more data-rich, their reading behavior shifts toward the long tail of the catalog, where popularity
alone is a weaker predictor of preferences.

B ADDITIONAL RESULTS AND ABLATIONS

This section reports additional results and ablations used to set key modeling choices. Additional
results in §B.1 correspond to Test data. Ablation results in §B.2 correspond to validation data: we
select a single configuration per method based on these results before reporting final test performance
in the main paper.
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B.1 ADDITIONAL RESULTS

This subsection provides two robustness checks for the main results. First, we extend the ROC-AUC
analysis to very long user profiles (k > 60). Second, we report standard top-K ranking metrics
(Precision@10, NDCG@10, Recall@10) using the same short- and long-profile cohorts used in the
main text.
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Figure B.4: [Test] Performance of all three base models plus a three-way ensemble, up to very long
user profiles (k = 100). Lines are plotted using a rolling average within k± 15. The number of users
with such a long profile is minuscule, therefore the plotted lines are very unstable at high k. User
density per k is plotted on the right, with the last bin representing all users with k ≥ 100.

Figure B.4 complements Figure 2 in the main text by extending the horizon to k = 100 and by
including all base models plus the three-way ensemble. However, as k increases, the number of
users in each cohort drops sharply, so rolling averages become noisy and should be interpreted as
qualitative rather than precise estimates.
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Figure B.5: [Test] Performance results using the precision @ 10 metric.
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Figure B.6: [Test] Performance results using the NDCG@10 metric (Järvelin & Kekäläinen, 2002).

Figures B.5–B.7 report standard top-K ranking metrics that emphasize the quality of the highest-
ranked recommendations. These additional metrics serve as a check that conclusions drawn from
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Figure B.7: [Test] Performance results using the Recall@10 metric.

ROC AUC (a threshold-free ranking metric) are not an artifact of the particular evaluation measure.
As noted in the main text, the qualitative pattern is consistent across these metrics: combining
preference representations improves performance over any single channel, and text representations
remain strong relative to interaction-only baselines across user cohorts.

B.2 ABLATIONS
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Figure B.8: [Goodreads-Fantasy, Validation] The performance of tabular feature recommendations
does not increase monotonically with higher feature granularity (higher number of tag clusters). The
optimal number of clusters of tabular tags is approximately 30 throughout the dataset (for both short
and long profiles). This contrasts with Collaborative Filtering, where the optimal number of latent
factors is generally lower for users with shorter profiles and higher for users with longer profiles.

Figure B.8 illustrates a bias–variance trade-off in the induced tag-cluster feature space. With too few
clusters, semantically distinct preferences are merged, reducing the resolution of the representation.
With too many clusters, features become sparse and unstable: small lexical variations can split
otherwise similar tags into separate clusters, and users/books activate fewer shared dimensions,
which weakens similarity-based scoring. This would not be an issue if our tabular model were
fitted on domain data, but we score recommendations using a simple dot product between tabular
representations. This ensures these representations are easily and meaningfully interpretable. Across
profile-length cohorts, we observe a broad optimum around K ≈ 30, and use this value for tabular
baselines in subsequent experiments.

Figure B.9 highlights why a single global rank is a compromise in collaborative filtering. When
profile information is limited, higher-rank models overfit and degrade performance, whereas users
with richer histories benefit from additional capacity to represent finer-grained taste dimensions. In
practice, we therefore choose the CF configuration that performs best on validation overall, while
noting that adaptive-capacity variants (not studied here) could further reduce this cohort gap.

Figure B.10 complements this view by showing the joint effect of model capacity (number of latent
factors) and regularization, separately for short, medium, and long profiles. The heatmaps make clear
that optimal settings are cohort-dependent: for short profiles, stronger regularization and lower-rank
models are preferred, while longer profiles benefit from higher capacity and can support weaker
regularization.
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Figure B.9: [Goodreads-Fantasy, Validation] Collaborative filtering performance with different
number of latent factors, as a function of the number of user profile interactions. Using a higher
number of latent factors (higher capacity model) leads to better performance on users with longer
profiles, at a detriment to performance on users with shorter profiles.
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Figure B.10: [Goodreads-Fantasy, Validation] Hyperparameter search results for the collaborative
filtering model, across different subsections of users (short, medium, or long profiles).

Overall, these ablations show that (i) the tabular representation benefits from an intermediate clustering
granularity that is stable across profile lengths, while (ii) collaborative filtering exhibits a more
pronounced capacity–data interaction, with optimal rank and regularization shifting as user profiles
become longer. We use these validation sweeps to set K for the tag-cluster representation and to
select the collaborative filtering hyperparameters used in the main comparisons.

C LLM PROMPTING DETAILS

This section documents the literal prompt text used in our LLM-based pipelines. We follow a
two-message format (system + user) whenever the API supports it, mirroring the OpenAI-style
messages=[{role: system}, {role: user}] interface. To avoid repetition, prompts
may reference reusable sub-templates via placeholders such as {{book.description}} and
{{review.description}}. Unless otherwise stated, placeholders use double braces and dot
notation (e.g., {{user.top_authors}}).

Leakage controls. To prevent test/validation information from leaking into prompts, all community-
review blocks included in item descriptions are drawn from the training split only. In addition, we
explicitly exclude any review written by the evaluation user when constructing the candidate item’s
community-review block.
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Prompt 1: [Template] User Reading Profile Generation - System message

You are a book analysis expert who synthesizes a user’s reading
preferences based on their complete history of book reviews and
ratings.
- Carefully examine the user’s past reviews and ratings to identify
recurring themes in what they enjoy and dislike in books.
- Look for specific patterns in favored genres, writing styles,
narrative structures, themes, character types, pacing, or any other
distinctive elements.
- If the user predominantly reads a particular author, book series,
or subgenre, mention it explicitly.
- Write the response in a conversational style across three concise
paragraphs in the first person, as if the user themselves is
summarizing their tastes. Describe both what they like and what
they dislike (if any). Avoid starting sentences with phrases like
"Based on my reading history" - instead, use direct and natural
expressions such as "I like..." or "I prefer...".
- At the end, on a separate line, include overarching tags,
attributes, and key characteristics of the user’s reading
preferences in a comma-separated list within square brackets, as
in the following format: "[<tag1>, <tag2>, ...]".
The write-up should be clear and natural, capturing the user’s voice
while being informative. Avoid redundancy and focus on the most
defining aspects of their reading preferences. This write-up will
later be used to make personalized book recommendations.

Prompt 2: [Template] User Reading Profile Generation - User-role message

User reading history:
{{book_1_description}}
{{book_1_review}}

{{book_2_description}}
{{book_2_review}}

{{book_3_description}}
{{book_3_review}}
[...]

Most-read authors: {{user.top_authors}}
Most-read sub-genres: {{user.top_genres}}

Prompt 3: [Template] User-Book Interaction Prediction

User reading preferences:
{{user_reading_profile}}

Book description (includes summary, metadata, and up to five
community reviews from the training split):
{{book_description}}

How likely is it that the user will read this book next? Output
format: [[RECOMMENDATION_SCORE]]
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Prompt 4: [Template] Book Description

- Title: {{ book.title }};
- Author(s): {{ ", ".join(author for author in book.authors) }};
- Pages: {{ book.pages }};
- Genres: {{ ", ".join(genre for genre in book.genres) }};

- Summary:
{{ book.summary }};

- Community User Reviews:
{{ "\n\n".join(review for review in book.train_community_reviews) }}

Prompt 5: [Example] Book Description

- Title: Need (Need, #1);
- Author(s): Carrie Jones;
- Pages: 306;
- Genres: fantasy, young-adult;

- Summary:
Pain shoots through my head. Fireworks. Explosions. All inside my
brain. The white world goes dark and I know what’s about to happen.
Zara White suspects there’s a freaky guy semi-stalking her. She’s
also obsessed with phobias. And it’s true, she hasn’t exactly been
herself since her stepfather died. But exiling her to shivery Maine
to live with her grandmother? That seems a bit extreme. The move
is supposed to help her stay sane...but Zara’s pretty sure her mom
just can’t deal with her right now. She couldn’t be more wrong.
Turns out the semi-stalker is not a figment of Zara’s overactive
imagination. In fact, he’s still following her, leaving behind an
eerie trail of gold dust. There’s something not right - not human
- in this sleepy Maine town, and all signs point to Zara. In this
creepy, compelling breakout novel, Carrie Jones delivers romance,
suspense, and a creature you never thought you’d have to fear.;

- Community User Reviews:
1. {{ community_review_1_if_exists }}
2. {{ community_review_2_if_exists }}
3. {{ community_review_3_if_exists }}

Prompt 6: [Template] Tag Retrieval Query (Embedding Model)

Instruct: Given a book description and user reviews, retrieve
relevant tags that match the book. Book description:
{{book_description}}

Prompt 7: [Template] Book Review Description

Review: {{ review.text }} Review is also on: {{ review.source }} |
Likes: {{ review.likes }} | Comments: {{ review.comments }} | User
rating: {{ review.rating }} (out of 5).
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Prompt 8: [Example] Book Review Description

Review: "Need" is one of the first paranormal books I have read in
my life and I can tell you that I really enjoyed reading this book!
"Need" is a paranormal book written by Carrie Jones and it is about
how Zara White realizes that a mysterious stranger has followed her
from her hometown Charleston to her new home in Maine. "Need" is
a brilliant book that will be a huge hit for paranormal fans. What
can I say? Carrie Jones has really brought life to this paranormal
romantic story. Carrie Jones has made the book extremely intense
yet charming at the same time as Zara White is a truly wonderful
character in this book. Zara is not afraid to speak her mind as she
is genuinely interested in World Peace and she tells everyone her
desire to be a pacifist with such passion that it makes her a truly
admirable and courageous character. Another character who is truly
memorable in this book is Nick Colt as he seems like a mysterious
character, but as the story progresses, he becomes a close friend
to Zara as he is willing to protect her from any danger. Carrie
Jones brings creativity to this book as each chapter is named after
various types of phobias that Zara experiences in her adventures in
Maine such as one chapter being called "Didaskaleinophobia - fear
of going to school" and another chapter is called "Sitophobia -
fear of eating." For adults who do not like bad language in books,
this book has a couple of mild profanities, but the profanities in
this book are not as strong as some of the books and it might not
affect many adults who dislike bad language in books. "Need" is a
truly mesmerizing book full of mystery and romance that any hardcore
paranormal fan will for ages. Review is also on: Rabbit Ears Book
Blog | Likes: 12 | Comments: 2 | User rating: 5 (out of 5).

Prompt 9: System Message - User-Book Interaction Prediction

You are a book recommendation expert. Specifically, you analyze
a user’s explicit reading preferences to provide a recommendation
score for a given book. Your goal is to maximize user engagement.
First, carefully examine the user’s reading preferences, as provided
in their own words. Identify key themes, genres, writing styles,
and other elements that influence their enjoyment of books. Then,
analyze the given book based on its summary, genre, themes, style,
and other users’ written reviews. Compare its characteristics to
the user’s stated preferences. Use your own knowledge of the given
book and the book market to assess how well this book aligns with
what the user enjoys. Think step-by-step and reason through your
response. Finally, output a recommendation score for the given
book between 0 and 10. Your answer must strictly follow the format
"[[RECOMMENDATION_SCORE]]", where "[[0]]" means the user is unlikely
to read the book at all and "[[10]]" means the user is certain to
read the book.
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Prompt 10: [Example] User Reading Profile (generated by gpt-5)

I live for fantasy in all its flavors--especially when it
skews dark, propulsive, and cinematic. Urban fantasy with
a mystery/thriller backbone is my sweet spot (ghosts, mages,
angels/demons, shapeshifters, vampires), and I love stories that
read like high-octane TV: fast pacing, clean prose, big twists,
and memorable ensembles. I’m all in on myth-infused worlds and
clear magic systems, whether it’s Greek god mayhem, Maori cosmology,
Russian nesting-doll sorcery, or post-apocalyptic clans on the road.
YA or adult both work for me as long as the stakes are real and the
worldbuilding delivers.

I have a soft spot for strong, capable heroines and reluctant
leaders--queens, summoners, thieves-turned-saviors--who grow into
their power. Series and authors I keep returning to include Tonya
Coffey’s A New World (fae politics with heart), William Stadler’s
gritty supernatural action (Dark Connection and Confessions of a
Summoner), and J. Thorn’s apocalyptic adventures (Dustfall, plus the
mythic chaos of Risen Gods). I also enjoy genre-bending detours:
steampunk alt-history in samurai-era Japan, tarot-laced historical
mysteries, and thoughtful Christian/“religious paranormal” epics. I
don’t mind romance--including queer romance--when it supports the
story and keeps the momentum.

What turns me off is cheesy or lightweight tone, meandering plots,
or endings that fizzle after a strong start. I generally prefer
a grittier edge (I won’t shy away from gore in horror), and I get
impatient when books feel long without payoff or dodge the darker
implications of their worlds. Crisp editing, steady momentum, and a
sense that the story could leap onto a screen go a long way with me.

[dark fantasy, urban fantasy, supernatural mystery,
dystopian/ post-apocalyptic, myth and folklore, strong
female leads, fast-paced, twisty plots, cinematic feel,
shapeshifters/vampires/angels, YA and adult crossover, steampunk
alt-history, inclusive romance, gritty with some gore, clean prose,
international settings]
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