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Abstract

User behavior in the real world is diverse, cross-
domain, and spans long time horizons. Exist-
ing user modeling benchmarks however remain
narrow, focusing mainly on short sessions and
next-item prediction within a single domain.
Such limitations hinder progress toward robust
and generalizable user models. We present
HORIZON a new benchmark that reformulates
user modeling along three axes i.e. dataset, task,
and evaluation. Built from a large-scale, cross-
domain reformulation of Amazon Reviews,
HORIZON covers 54M users and 35M items, en-
abling both pretraining and realistic evaluation
of models in heterogeneous environments. Un-
like prior benchmarks, it challenges models
to generalize across domains, users, and time,
moving beyond standard missing-positive pre-
diction in the same domain. We propose new
tasks and evaluation setups that better reflect
real-world deployment scenarios. These in-
clude temporal generalization, sequence-length
variation, and modeling unseen users, with met-
rics designed to assess general user behavior
understanding rather than isolated next-item
prediction. We benchmark popular sequen-
tial recommendation architectures alongside
LLM-based baselines that leverage long-term
interaction histories. Our results highlight the
gap between current methods and the demands
of real-world user modeling, while establish-
ing HORIZON as a foundation for research on
temporally robust, cross-domain, and general-
purpose user models.

1 Introduction

Personalization is at the core of modern digital
platforms, driving user engagement in domains
such as e-commerce, streaming, and social net-
works by tailoring content and services to individ-
ual preferences. Early personalization methods
relied mainly on static user representations and

“Work done while at Microsoft Research India
Corresponding author

focused on prediction of next-item within single-
domain datasets such as MovieLens (Harper and
Konstan, 2015a) and Amazon Reviews (Ni et al.,
2019). However, contemporary user behavior is
inherently multi-faceted, spanning diverse con-
tent types and multiple platforms, and reflecting
complex, evolving preferences and latent interests
that are not adequately captured by static models
(Zhou et al., 2024; Treves et al., 2025; Hou et al.,
2022b; Lin et al., 2019). To address these chal-
lenges, recent work has increasingly framed person-
alization as a sequential recommendation problem,
aiming to model long-term dependencies and dy-
namic user intent from interaction histories (Kang
and McAuley, 2018; Sun et al., 2019; Hou et al.,
2022b).

Despite significant advances in modeling world
knowledge (Yue et al., 2023; Wang et al., 2024;
Goel et al., 2023) and semantic reasoning driven by
transformers and pretrained large language mod-
els (LLMs) (Anand et al., 2023; Kapuriya et al.,
2025; Li et al., 2025), prior work in personalization
largely remains constrained to single-domain rec-
ommendation settings. Such formulations fail to
leverage cross-domain signals and instead learn
fragmented, domain-specific representations of
users, capturing only a partial view of their pref-
erences (Kang and McAuley, 2018; Sun et al.,
2019; Hou et al., 2022b, 2024). Even when re-
cent datasets, such as Amazon-Reviews 2023 (Hou
et al., 2024), incorporate interactions across mul-
tiple domains, evaluation protocols and task for-
mulations continue to treat each domain indepen-
dently. This disconnect highlights a critical gap be-
tween real-world user behavior and existing bench-
marking practices, motivating the need for a uni-
fied framework that can evaluate and advance truly
cross-domain personalization.

Existing benchmarks predominantly focus on
single-domain, next-item prediction, inadvertently
encouraging models to exploit item—item similar-
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Attribute PF Amz-M2 MIND Amz-Reviews HORIZON
No. of users N/A N/A M 54.51M 54.51M
Avg User History Length  N/A 4.2 N/A 3.86 9.07
No. of items N/A 1.42M 0.16M 34.52M 34.52M
No. of interactions N/A 16.78M  24.15M 485.89M 485.89M
Cross-domain v v X X v
Diversity v X X X v
Interaction Timestamps - X X v v
Open-Source X v v v v

Table 1: Comparison of existing Sequential Recommendation Benchmarks with HORIZON. (PF refers to PinnerFormer,
Amz-M2 refers to Amazon M2, Amz-Reviews is the Amazon Reviews dataset.)

ities rather than develop a holistic understanding
of user preferences (Rendle et al., 2020). While
recent efforts such as PinnerFormer (Pancha et al.,
2022) and USE (Zhou et al., 2024) highlight the im-
portance of richer user modeling, they rely on pri-
vate datasets, limiting reproducibility and leaving a
critical gap in open benchmarking standards. More-
over, real-world recommendation scenarios often
unfold over extended time horizons. For instance,
user behaviors in e-commerce require models to
reason over multi-year interaction histories and an-
ticipate long-term intent. Such capabilities are es-
sential for applications like proactive recommen-
dation and inventory planning. However, current
benchmarks, constrained to short-term next-item
prediction within limited temporal windows, fail
to evaluate whether models can capture long-range
dependencies and evolving user preferences across
extended time spans.

Taken together, these limitations point to a funda-
mental gap in current evaluation practices: existing
benchmarks do not adequately measure whether
models can generalize across domains, reason over
long temporal horizons, or capture deeper seman-
tic structure in user behavior. In particular, three
key challenges remain underexplored: (i) cross-
domain generalization, where models must trans-
fer knowledge across diverse content domains and
platforms; (ii) long-range temporal generaliza-
tion, requiring anticipation of user intent far be-
yond the immediate training window; and (iii) se-
mantic understanding, involving the ability to
uncover latent, non-obvious relationships within
user interaction histories.

To address these challenges, we introduce
HORIZON, a fully open-source, large-scale bench-
mark for evaluating sequential recommendation
models under realistic cross-domain and long-
horizon settings. Unlike prior benchmarks that
rely on ratio-based temporal splits and short-term

evaluation, HORIZON disentangles key generaliza-
tion axes by explicitly distinguishing between seen
and unseen users, as well as temporally close ver-
sus distant scenarios relative to the training dis-
tribution. This structured evaluation reveals in-
sights obscured by existing paradigms: we observe
substantial variation in model performance across
temporal and user generalization regimes, showing
that strong in-distribution results do not reliably
translate to real-world robustness. For instance,
BERT4Rec (Sun et al., 2019), while state-of-the-
art in standard settings, degrades significantly for
out-of-distribution users yet remains competitive
in long-range temporal extrapolation (e.g., Re-
call@50 and Recall@100). Moreover, we find that
LLMs do not consistently outperform specialized
architectures on user behavior modeling tasks.

In summary, our contributions are as follows:

1. We introduce HORIZON, the first fully open-
source benchmark for evaluating sequential
recommendation models across cross-domain
and long-horizon personalization settings.

2. We propose a unified evaluation framework
that disentangles key generalization axes
i.e. seen vs. unseen users and seen vs. un-
seen timeframes, enabling more faithful and
fine-grained assessment of real-world perfor-
mance.

3. We provide a comprehensive empirical study
revealing previously unobserved trade-offs
in modern recommendation models, includ-
ing discrepancies between in-distribution ac-
curacy, temporal generalization, and out-of-
distribution user adaptation, as well as the
limitations of LLMs for user modeling.

2 Related Work

Sequential Recommendation Datasets: Se-
quential recommendation research has primarily re-
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lied on a small number of established benchmarks
that, while influential, offer limited coverage of
realistic user behavior. MovieLens (Harper and
Konstan, 2015b) remains one of the most widely
used datasets, providing temporally ordered movie
ratings; however, it is relatively small in scale and
strictly single-domain. Even its largest variant,
MovieLens-25M, contains only 25 million inter-
actions and reflects a narrow media-focused item
space, limiting its suitability for evaluating large-
scale or cross-domain user modeling.

Several other commonly used datasets share sim-
ilar constraints. Yelp, which contains approxi-
mately 1.2 million users and 5 million reviews of
local businesses,! and Gowalla (Cho et al., 2011),
a location-based dataset with 197K users and 6.4M
check-ins collected between 2009-2012, are both
single-domain and exhibit weak sequential struc-
ture. Recent analysis shows that shuffling test-time
sequences in such datasets has minimal impact on
the performance, suggesting limited temporal de-
pendency (Klenitskiy et al., 2024). Similarly, the
Steam dataset (Sobkowicz and Stokowiec, 2016),
while capturing richer behavioral signals such as
purchases and playtime, remains confined to the
gaming domain and is modest in scale, with fewer
than 8 million interactions.

The Amazon Reviews dataset (Ni et al., 2019;
Hou et al., 2024) provides substantially larger
coverage across many product categories, but is
typically evaluated by partitioning categories into
isolated recommendation tasks. This segmenta-
tion prevents models from capturing cross-category
transitions that naturally arise in real user behavior
and often leads to severe sparsity within individual
categories. As a result, existing benchmarks fall
short of supporting large-scale, cross-domain, and
temporally grounded evaluation of sequential user
modeling.

Towards Large-scale and Long Horizon User
Modeling: To address the limitations of tradi-
tional benchmarks, several datasets have sought to
capture richer and broader user behaviors. MIND
(Wu et al., 2020a) provides large-scale news con-
sumption logs with approximately one million
users and rich textual features, but is restricted to
a single domain and short user histories spanning
only two weeks, limiting its suitability for long-
horizon or cross-domain evaluation. Amazon-M2

1https://business.yelp.com/data/resources/
open-dataset/

(Jin et al., 2023a) extends coverage to multilingual
and cross-locale e-commerce interactions across
six regions, but is primarily designed for session-
based recommendation rather than modeling long-
term user behavior over extended time spans.

More recent efforts approach the required scale
and temporal depth but remain inaccessible. The
Pinterest dataset used in PinnerFormer (Pancha
et al., 2022) contains billions of multimodal in-
teractions across multiple years, and USE (Zhou
et al., 2024) includes diverse behavioral sequences
from Snapchat users. However, both datasets are
proprietary, limiting reproducibility and preventing
their adoption as public benchmarks for large-scale,
long-horizon user modeling.

3 HORIZON Benchmark

Benchmark Description: User modeling and se-
quential recommendation aim to predict a user’s
future interactions based on their past behavior.
Formally, for a user u, we observe a sequence of
interactions over time H,, = [i1, 42, . . ., %], where
i; denotes the item interacted with at time ¢. The
objective is to estimate the likelihood of the next in-
teraction 7441 or future next interactions over some
time period T i.e. %t+1,“7T = (b1, 5442, ---07)s
given the user’s historical context:

iry1 = argmax Pr(i | ),
1€

where Z denotes the candidate item set. This for-
mulation underpins several established benchmarks
such as MIND, M2, and Amazon Reviews (Wu
et al., 2020b; Jin et al., 2023b; Hou et al., 2024).
As noted in Section 2, the Amazon Reviews dataset
has become a widely used resource for training and
evaluating sequential recommenders. However, it
segregates user interactions by product categories,
making it domain-specific and thus limiting its abil-
ity to capture holistic user preferences. In the real
world, users engage with a variety of domains, and
isolating interactions to a single domain introduces
artificial boundaries, resulting in incomplete mod-
eling of cross-domain behaviors and potentially
spurious patterns causing incorrect user modeling.

To address this limitation, we introduce
HORIZON, a large-scale benchmark designed to sup-
port cross-domain user modeling and sequential
recommendation. HORIZON is constructed by refac-
toring and consolidating the Amazon Reviews 2023
dataset (Hou et al., 2024), merging interactions
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across all available categories to create unified, re-
alistic user histories. The resulting benchmark com-
prises of 53.5 million users and 34.5 million unique
items, enabling rigorous evaluation of models un-
der settings that better reflect real-world recommen-
dation scenarios.

3.1 Comparison with Existing Benchmarks

Table Section 1 provides a comparative analysis
of our dataset against existing sequential recom-
mendation benchmarks. While proprietary datasets
like PinnerFormer (Pancha et al., 2022) offer
scale and diversity, they remain inaccessible to the
broader research community. Public datasets such
as Amazon-M2 (Jin et al., 2023a) provide cross-
domain capabilities but lack temporal depth due to
these being restricted to session-based interactions
rather than long-term user modeling. The MIND
dataset (Wu et al., 2020a), despite its million-
user scale, covers only two weeks of user history,
severely limiting its utility for long-horizon recom-
mendation research (Klenitskiy et al., 2024). Simi-
larly, the Amazon Reviews dataset (Ni et al., 2019;
Hou et al., 2024) provides timestamps, but artifi-
cially segments interactions into isolated domains.
In contrast, HORIZON uniquely combines cross-
domain coverage, interaction diversity, and com-
prehensive temporal information, enabling more
realistic evaluation of sequential recommendation
systems across extended time horizons.

4 Task Formulations

4.1 Traditional Evaluation Setups

Drawbacks of Traditional Evaluation Setups
Traditional evaluation methodologies in recom-
mendation systems have primarily focused on in-
distribution settings, where the training, valida-
tion, and test splits are derived from the same user
interaction trace. This leads to substantial overlap
in distributional characteristics across splits, lim-
iting the capacity to evaluate generalization or ro-
bustness in real-world scenarios (McElfresh et al.,
2022). Two widely adopted paradigms for this eval-
uation are Leave-One-Out and Ratio-Based evalua-
tions.

Leave-One-Out. For a user history sequence with
n events, the (n—1)" interaction is held out for
validation, the n'" for testing, and the preceding

Detailed plots and stats for the benchmark are added to
the appendix A
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Figure 1: Proposed evaluation splits on the HORIZON
benchmark for Task 1.

(n—2) interactions form the training set. This ap-
proach has been widely deployed for evaluating
user modeling architectures in recent years (Sun,
2023) but can often leak future interactions into
training data, violating the temporal order of real-
world scenarios. This leads to inflated performance
metrics that don’t reflect practical deployment con-
ditions (Meng et al., 2020; Ji et al., 2023).
Ratio-Based. Here, the user sequence is split into
training, validation, and test segments based on
interaction timestamps, such that the resulting par-
tition approximately adheres to a predefined ra-
tio—typically 8:1:1. While this method introduces
some variability in sequence lengths and improves
over the deterministic nature of Leave-One-Out, it
fails to evaluate out-of-distribution generalization
to unseen users. Moreover, it can result in temporal
leakage, where interactions in the training set of
one user may overlap in time with test interactions
of another (Meng et al., 2020).

To conclude, both paradigms fail to evaluate gen-
eralization under distribution shift, as validation
and test sets largely resemble the training distri-
bution. This undermines the assessment of model
robustness and overlooks the temporal evolution of
user preferences, which central to real-world user
behavior modeling. To address these shortcom-
ings, we propose a temporally grounded evaluation
protocol that enforces a fixed time-based cutoff
and includes held-out users to explicitly test for
extrapolation and out-of-distribution generalization
to unseen users.

4.2 Proposed Task Formulations on HORIZON

To address the aforementioned limitations, we in-
troduce a multi-axis evaluation protocol on the
HORIZON benchmark that disentangles generaliza-
tion across time and user identity. This design en-
ables a controlled analysis of each factor’s impact.
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We instantiate this framework through three tasks,
beginning with traditional next-item recommenda-
tion, followed by two LLM-based user modeling
tasks motivated by their growing industrial rele-
vance.

Task 1 — Next Item Recommendation. In
the traditional next-item recommendation setting,
given a user history H,, = [i1, i2, ..., 4], the goal
is to recommend the next likely item i;41. To
move beyond static evaluation protocols, we adopt
a global temporal cut-off T, using interactions be-
fore 7 for training and those after for evaluation.
This preserves temporal order and induces realis-
tic distribution shifts, following prior work that
advocates temporally grounded evaluation in rec-
ommender systems (Meng et al., 2020).

Crucially, rather than treating temporal general-
ization in isolation, we explicitly factor evaluation
along two orthogonal dimensions: temporal posi-
tion (before vs. after 7) and user visibility (users
seen vs. unseen during training). This yields four
complementary evaluation settings that systemati-
cally disentangle in-distribution performance, tem-
poral extrapolation, user-level generalization, and
their combination (illustrated in Figure 1). To-
gether, these settings provide a fine-grained view
of model behavior under progressively harder and
more realistic distribution shifts, while using a sin-
gle, fixed training protocol®:

(1a) In-Distribution, Temporally Aligned Evalu-
ation (Leave-One-Out). For users included
in training, we hold out their final interaction
before the global cut-off 7 for testing, using
the preceding interactions for training. This
mirrors the standard Leave-One-Out setup,
but restricted to a temporally consistent sub-
set. It evaluates short-context prediction under
a distribution closely matched with training,
and constitutes the only training setup we
propose.

(1b) In-Distribution, Temporal Extrapolation
Evaluation (All-Post-7). Using the model
trained in 1a, we evaluate on the full sequence
of interactions occurring after the temporal
cut-off 7 for the same users. Ground-truth
items are incrementally revealed during evalu-
ation, enabling assessment of temporal gener-
alization and user preference evolution.

3 Analysis of Distribution Shifts in Appendix B, C

(1c) OOD-User, Temporally Aligned Evaluation
(Leave-One-Out). For held-out users unseen
during training, we perform Leave-One-Out
evaluation on interactions before the temporal
cut-off 7. This setting assesses generaliza-
tion to new users under temporal conditions
aligned with the training distribution.

(1d) OOD-User, Temporal Extrapolation Eval-
uation (All-Post-7). In this most challeng-
ing setting, the model predicts all interactions
following the temporal cut-off 7 for held-out
users unseen during training. With short, tem-
porally recent histories as input, this task eval-
uates generalization across both user identity
and time.

Task 2 - LLM-Based Next Item Recommen-
dation: Large language models (LLMs), exten-
sively pre-trained on web-scale corpora, are well-
suited to model semantic patterns in text. As
demonstrated in Figure 2, in this task, we treat
the LLM as a user behavior encoder that reformu-
lates a given user history into a diverse set of ten
search queries @ = {q1, ..., q10}. intended to cap-
ture various aspects of user intent and preference.*
These queries are mapped, along with catalog items
tj € Z, into a shared embedding space using a pre-
trained item encoder.

An approximate nearest neighbor (ANN) index
is constructed over catalog item embeddings {i;},
and top- K candidates are retrieved for each query
embedding qi. These are merged to form a final
set of K recommendations /. We evaluate retrieval
quality using Precision@K and Recall @K, based
on cosine similarity with the ground truth item.

Beyond ranking metrics, this task uniquely
probes the LLM’s ability to generate high-quality,
interpretable queries that reflect the underlying user
behavior—serving as a semantic bridge between
user history and candidate retrieval.

Task 3 - LLM-Based Long-Horizon User Model-
ing. Traditional sequential recommendation typi-
cally focuses on predicting the immediate next item
in a user’s interaction sequence. However, user
modeling requires capturing longer-term behavior
patterns that unfold over extended time windows
(Zhou et al., 2024; Pancha et al., 2022). Motivated
by this, we propose the long-horizon modeling task
on the HORIZON benchmark, leveraging the avail-
ability of longer and cross-domain user histories.

*Prompts in Appendix F

30064



User history events:
G Gy coon Gy

Task 2: Generate Query
Reformulations
LLM
User history events:
@rp B oo Gk,

Task 3:Long Horizon
Prediction

Ground truth next ‘w’

€115 Cpigs o0 € £
1410 G425 o0 Cran 72
events/documents al

Q&

queries: [
94
92
BLAIR
Ao

]

[ €'tr1s €11z 001 €ty ]'— A

Ground truth

task?
next event

€41 X al

events/documents

Predicted ‘w’

ANNS Index over BLAIR embeddings
for Amazon catalog documents

Figure 2: Pipeline Detailing the LLM Generation, Retrieval and Evaluation Process Proposed for Tasks 2 and 3.

Given a user’s interaction history prior to a tem-
poral cut-off, the LLM is tasked with generating
natural language descriptions of the next 10 items
the user is likely to engage with. These descriptions
represent a high-level summary of future behavior
across a wider horizon. Using the same retrieval
pipeline as Task 2, each generated description is
embedded and used to retrieve matching items from
the catalog.

Evaluation is performed using standard retrieval
metrics (e.g., Recall@K, Precision@K) by com-
paring the retrieved items with ground truth future
interactions. This task assesses the LLM’s ability
to model long-term user intent and will be an essen-
tial evaluation for assessing their ability to model
user behaviors.

5 Experimental Setup

Task 1 Setup: We adopt a temporal cut-off of
7 = 2020 to define the training window. From the
full dataset of ~54M users, we randomly sample
IM users who have any post-7 interactions as our
out-of-distribution (OOD) user set, and treat the
remaining 53M as the in-distribution (IND) pool.
From this IND pool, 1M users are sampled to con-
struct the test set for sub-task (1c¢). Due to compu-
tational constraints, we train all models on a 100K
user subset of the IND set, and evaluate on 25K
users each for sub-task (1d) (IND extrapolation)
and sub-task (1c) (OOD prediction). > For all base-

SDetailed stats highlighting difference between the splits
is added to the Appendix.

lines, we use the RECBOLE framework (Zhao et al.,
2021, 2022), which offers standardized implemen-
tations and reproducible pipelines for recommenda-
tion models. The following popular item-ID-based
baselines are included:

GRU4REC (Hidasi et al., 2016) employs a re-
current architecture with gated recurrent units to
capture sequential dependencies in user histories.
SASREC (Kang and McAuley, 2018) adopts a
transformer-based architecture with self-attention
mechanisms to model user behavior sequences.
BERT4REC (Sun et al., 2019) utilizes a bidirec-
tional transformer encoder trained with a Cloze-
style objective to leverage full-sequence context.
CORE (Hou et al., 2022a) formulates session rep-
resentations as weighted linear combinations of
item embeddings, aligning both session and item
vectors in a shared latent space.

While these methods are typically evaluated us-
ing either ratio-based or leave-one-out strategies,
we retrain and evaluate them under the temporally
grounded evaluation protocol described in the pre-
vious section. All models are trained with standard-
ized hyperparameters and evaluated on our four
evaluation settings using MRR, Recall @K, and
NDCG@K for K = {10, 50, 100}.

Task 2 and 3 Setup: For Tasks 2 and 3, we use
the held-out out-of-distribution (OOD) test set com-
prising 1M users as our evaluation benchmark. We
primarily focus on evaluating the zero-shot capa-
bilities of LLMs for modeling user behavior, as
effective training paradigms for LLMs in recom-
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Table 2: In-Distribution User - Temporally Aligned
Evaluation (N=NDCG, M=MRR, R=Recall)

Baseline N M R

10 50 100 10 50 100 10 50 100

CORE 85 87 87 725 730 730 12.1 13.0 134
SASRec 252 27.4 279 225 229 23.0 34.1 43.8 46.6
BERT4Rec 26.4 27.8 28.2 23.9 24.2 24.3 339 404 429
GRU4Rec 0.08 0.12 0.14 0.07 0.07 0.08 0.14 0.31 0.43

Table 4: In-Distribution User - Temporal Extrapolation
Evaluation (N=NDCG, M=MRR, R=Recall)

Baseline N M R

10 50 100 10 50 100 10 50 100

CORE 0.09 0.47 0.75 0.04 0.11 0.13 0.26 2.10 3.78
SASRec 29 36 39 1.88 203 2.05 62 94 11.0
BERT4Rec 1.1 32 4.0 056 099 1.10 2.8 12.8 17.8
GRU4Rec 0.01 0.01 0.02 0.004 0.005 0.01 0.01 0.03 0.08

mendation settings remain an open research prob-
lem and present unique challenges in our context
given the extremely long-tailed item distribution.
Nevertheless, we include standard fine-tuning base-
lines (PEFT and full fine-tuning) for completeness.

To ensure the integrity of comparisons, we avoid
merging the in-distribution (IND) test set used in
Task 1 with this OOD evaluation pool, as we use
the same set for over fine-tuning baselines. We eval-
uate three recent and publicly available language
models up to 9B parameter scale: LLAMA-3.1-
8B (Grattafiori et al., 2024), QWEN3-8B (Yang
et al., 2025), and GEMMA2-9B (Team et al., 2024).
All models are queried in a zero-shot manner using
a standardized prompt for each task.

For encoding the items and queries, we use
the pre-trained BLAIR item encoder (Hou et al.,
2024) as it is pre-trained on the Amazon-Reviews
items and the FAISS library (Douze et al., 2024)
for creating the ANN-based vector databases to
perform retrieval. As we do not perform rank-
ing across queries, we compute standard retrieval
metrics i.e. RECALL @K and PRECISION@K for
K =10, 50,100 to assess the effectiveness of the
generated outputs in retrieving relevant items. ©

6 Results & Discussion

6.1 Benchmarking traditional ID-based
baselines

Tables 2 to 5 demonstrate the performance of
traditional ID-based baselines across both In-
Distribution as well as of OOD user settings across

®Detailed hyperparameter settings, prompts and implemen-
tation details are provided in the Appendix.

Table 3: OOD User - Temporally Aligned Evaluation
(N=NDCG, M=MRR, R=Recall)

Baseline N M R

10 50 100 10 50 100 10 50 100

CORE 59 68 72 419 439 443 11.1 154 179
SASRec 17.8 19.2 19.6 152 155 155 26.2 32.2 34.6
BERT4Rec 11.8 144 152 9.96 10.50 10.58 17.8 29.5 34.7
GRU4Rec 0.01 0.01 0.02 0.004 0.004 0.005 0.01 0.03 0.08

Table 5: OOD User - Temporal Extrapolation Evalua-
tion (N=NDCG, M=MRR, R=Recall)

Baseline N M R

10 50 100 10 50 100 10 50 100

CORE 0.10 0.53 0.82 0.04 0.12 0.15 0.32 2.33 4.13
SASRec 31 39 41 201 217 219 67 99 116
BERT4Rec 1.1 34 43 055 1.02 1.10 28 13.7 189
GRU4Rec 0.01 0.01 0.02 0.004 0.004 0.005 0.01 0.04 0.07

both temporal setups.

Challenging Nature of the Task  Our task formu-
lation is substantially more challenging than prior
work such as (Hou et al., 2024). Unlike settings
that train and evaluate on narrow category-wise do-
mains and subsets (eg: Beauty), we train on the full
distribution of user activity spanning diverse prod-
uct categories, aiming to predict the next plausible
item in a multi-domain environment. While non-
attention-based models like GRU4REC (Hidasi
etal., 2016) have shown strong results in simpler se-
tups (Betello et al., 2025), we find that they struggle
in our broader and more complex setting. In con-
trast, attention-based models such as BERT4REC,
SASREC perform markedly better, underscoring
the importance of flexible context modeling.

Is traditional in-distribution leave-one-out eval-
uation sufficient? Standard evaluation proto-
cols in recommendation typically adopt an in-
distribution leave-one-out setting, where a user’s
next interaction—already seen during training—is
held out as the target. As shown in Table 2, mod-
els achieve strong performance under this setup.
However, in our more realistic out-of-distribution
(OOD) evaluation, where test users are entirely
unseen during training, we observe a significant
performance drop across all methods. This high-
lights that in-distribution protocols may overes-
timate generalization and motivates the need for
OOD-based evaluation to better assess true model
robustness.

Is model performance stable on OOD users?
Despite the degradation observed in OOD evalu-
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Table 6: LLM-based Query Reformulation

Recall Precision

Model

@10 @50 @100 @10 @50 @100

LLAMA-3.1-8B 1.62 2.37 2.84 0.20 0.23 0.22
Qwen3-8B 2.06 2.95 3.50 0.25 0.28 0.28
Gemma2-9B 1.45 226 2.66 0.16 0.21 0.19

ation (Table 3), attention-based models retain rel-
atively high accuracy. This indicates that shared
behavioral patterns across users; especially within
the same temporal window can still be leveraged,
consistent with collaborative filtering principles.
While OOD evaluation poses a harder challenge,
these results suggest that robust sequence modeling
can partially bridge the generalization gap.

Impact of temporal distributional shifts As
shown in Tables 4 and 5, temporal shifts result
in significant performance degradation across all
models, irrespective of whether the user was seen
during training. Notably, models generalize better
to unseen users from the same time period than to
the same users across different time periods. We
attribute this to the reliance on ID-based represen-
tations, which lack semantic grounding. Conse-
quently, models struggle to adapt to new items,
such as those from emerging brands, due to an ab-
sence of similarity encoding with previously seen
items. This highlights the need for incorporating
textual or semantic features to enhance robustness.

6.2 Benchmarking LL.M-based Query
Reformulation for Recommendation

Table 6 summarizes the evaluation of three promi-
nent LLMs i.e. LLAMA-3.1-8B, Qwen3-8B, and
Gemma2-9B on their ability to reformulate user
queries for item retrieval. The results indicate mod-
est performance in both Recall and Precision, with
improvements as the number of recommendations
increases from 10 to 100. This trend suggests that
LLMs capture some relevant items within larger
candidate sets, reflecting a partial understanding of
broader user intent. Nonetheless, absolute Recall
values remain relatively low, indicating challenges
in consistently retrieving a substantial portion of
truly relevant items. Among the models, Qwen3-
8B consistently outperforms LLAMA-3.1-8B and
Gemma2-9B.

To further evaluate query quality, we measured
semantic similarity between reformulated queries
and ground-truth items using BLAIR embeddings.
The average cosine similarity scores are approxi-

Table 7: Long-Horizon User Modeling

Recall Precision

Model

@10 @50 @100 @Il0 @50 @100

LLAMA-3.1-8B 1.26 6.52 13.25 0.51 0.52 0.53
Qwen3-8B 1.51 7.78 15.75 0.63 0.65 0.66
Gemma2-9B 0.98 5.07 10.39 0.42 0.43 0.44

mately 0.73 for Qwen3-8B, 0.72 for Gemma2-9B,
and 0.71 for LLAMA-3.1-8B. These moderate sim-
ilarities indicate that, while the queries capture rea-
sonable semantic relatedness, there remains scope
to generate better quality reformulations.

We also evaluate reasoning models like Qwen3-
235B in both reasoning and non-reasoning modes
to understand if Large Reasoning Models can be
an effective solution. We observe a Recall@100 of
2.96 in Reasoning mode and 3.4 (Non-Reasoning
mode), which is comparable in performance with
the Qwen3-8B model, suggesting model scaling or
reasoning may not be very effective currently.

Lastly, we conducted LLM fine-tuning ex-
periments using parameter-efficient (LoRA) (Hu
et al., 2022) and full fine-tuning approaches with
LLaMA-3.1-8B and Qwen3-8B models. Fine-
tuned models are comparable to the zero-shot set-
ting on next-item recommendation (best of 10 per-
formance) (see Tables 6 and 10), with the zero-shot
approach being more scalable for growing catalogs.
We elaborate on these results in Appendix E.

6.3 Benchmarking Results on Long-Horizon
settings

Table 7 shows how LLMs perform on the challeng-
ing task of long-horizon user modeling, where mod-
els generate high-level summaries of future inter-
ests that are mapped to catalog items. While Recall
improves with higher k, indicating some relevance
capture over long sequences, Precision remains
low, reflecting a high rate of irrelevant predictions.
Among the models, Qwen3-8B consistently out-
performs LLAMA-3.1-8B and Gemma2-9B. When
comparing with the Query Reformulation task (Ta-
ble 6), it’s important to note that long-horizon eval-
uation benefits from multiple ground-truth targets,
unlike the single-reference setup in query refor-
mulation. This may overstate long-horizon perfor-
mance, even though it requires modeling deeper
preference evolution. Furthermore, prior work of-
ten relaxes strict ordering in long-horizon evalua-
tion (Pancha et al., 2022; Zhou et al., 2024), fur-
ther complicating direct metric comparisons. Thus,
evaluations across these tasks should be interpreted
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with care, given their differing objectives.

7 Conclusion

User behavior modeling is central to modern per-
sonalized systems, yet existing benchmarks and
evaluation protocols fall short of capturing the gen-
eralization challenges faced in real-world deploy-
ments. In this work, we introduced HORIZON,
a benchmark designed to evaluate sequential rec-
ommendation models under realistic long-horizon,
temporal, and user-level distribution shifts.

HORIZON defines five evaluation settings that
systematically disentangle in-distribution perfor-
mance, temporal extrapolation, and generalization
to unseen users. Through extensive experiments
across multiple model families, we demonstrate
that model performance varies substantially across
these settings, exposing limitations that are ob-
scured by conventional evaluation practices.

Our findings highlight the need for evaluation
frameworks that move beyond short-horizon next-
item accuracy and explicitly measure robustness
under realistic generalization scenarios. By provid-
ing a large-scale, cross-domain benchmark and a
principled evaluation protocol, HORIZON aims to
support the development of more robust user mod-
eling methods for modern personalized platforms.

8 Limitations

Despite the comprehensive nature of our bench-
mark, we acknowledge several limitations in our
current work. Our benchmark is currently restricted
to English-only data, representing an important op-
portunity for future extension to multilingual con-
texts. Additionally, the dataset is limited to textual
modalities, though expanding to multimodal data
would significantly enhance its applicability for
multimodal user modeling tasks that integrate vi-
sual / auditory information. For our experiments
using the RecBole framework, we were limited to
using only a subset of the complete dataset for train-
ing and evaluation due to computational resource
constraints. Lastly, the scope of our experimenta-
tion is restricted to the e-commerce setting. How-
ever, our evaluation framework is extensible to any
arbitrary domain.
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A HORIZON Statistics and Plots
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Figure 3: Histogram Depicting the Frequency Distribu-
tion of User History Lengths in HORIZON. The presence
of ultra-long user histories highlights the need for ar-
chitectures capable of modeling long-range sequential
dependencies.

The HORIZON benchmark is curated by refor-
mulating the widely-used Amazon Reviews 2023
dataset (Hou et al., 2024), merging all 33 cate-
gories into unified user histories to enable robust
long-term, cross-domain user modeling. This sec-
tion provides an in-depth statistical analysis of the
dataset through visualizations and derived insights.
Scale and Diversity: The benchmark comprises
approximately 53.5M users and 34.5M unique
items, amounting to nearly 486M interaction
records. This scale is significantly larger than prior
public benchmarks and captures highly diverse be-
havioral patterns. With the unified formulation,
user histories naturally span multiple product cat-
egories—introducing heterogeneous context that
is both semantically diverse and temporally rich.
This setting reflects real-world personalization chal-
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lenges more faithfully than isolated category-based
modeling.

User History Lengths: Figure 3 illustrates a
long-tailed distribution of user history lengths
in HORIZON. While a large portion of users ex-
hibit short interaction sequences, there exists a
substantial number with extremely long histo-
ries—extending beyond 1,000 timestamps for tens
of thousands of users. This highlights the need for
models capable of handling long-range dependen-
cies and memory-efficient representations. Tradi-
tional sequence models struggle in this regime due
to vanishing gradients and computational bottle-
necks, motivating the exploration of transformer-
based or memory-augmented architectures for this
benchmark.

o S o o o o
S § S & g
P P 3 » P

Year

Figure 4: Line Plot Depicting the Temporal Distribution
of User Histories in HORIZON. The balanced volume
before and after 2020 makes it suitable for temporal
extrapolation tasks.

Temporal Structure and Generalization: The
temporal distribution of interactions (Figure 4) re-
veals a sharp rise in user activity post-2010, peak-
ing around 2020. Crucially, nearly half the interac-
tions occur after the 2020 temporal cut-off used in
our evaluation framework. Specifically, the average
number of timestamps before 2020 is 4.99, while
it remains comparable after 2020 at 4.09. This
temporal balance ensures that both training and
test splits are adequately rich, setting up a robust
testbed for extrapolative evaluation and temporal
generalization. As models are evaluated on unseen
user interactions post-2020, they are challenged to
infer future behavior patterns from past, potentially
outdated, preferences—mirroring real-world drift
in user intent.

Product Distribution: Figure 5 plots the fre-
quency distribution of product IDs, which exhibits
a pronounced long-tail trend. A small fraction of
items dominate interactions, while the majority are
sparsely interacted with. This reflects typical e-
commerce dynamics but poses unique challenges
for recommender systems: most prior models are

biased toward frequent items. The high item car-
dinality (34M) and sparse tail necessitate models
that generalize well to rarely seen or previously
unseen products. Incorporating textual features or
content-based augmentations could be beneficial in
this context, especially under cold-start settings.
Benchmark Design Implications: The three key
observations from these plots underscore the diffi-
culty of the HORIZON benchmark:

1. Long Histories: Users with thousands of
interaction points require models that cap-
ture dependencies over extended horizons and
adapt across evolving interests.

2. Temporal Drift: A significant portion of test
data lies beyond the training horizon (post-
2020), enforcing extrapolation beyond the
training distribution and testing robustness to
temporal shifts.

3. Item Sparsity: The skewed product fre-
quency implies that many test items are low-
frequency or unseen, further intensifying the
generalization challenge.

Taken together, HORIZON enables a comprehen-
sive stress test of user behavior models across mul-
tiple axes—scale, history length, temporal gener-
alization, and sparsity. Its unified multi-category
formulation fosters the development of general-
purpose, temporally robust, and cross-domain rec-
ommendation architectures.

B Task 1 Splits and Out-of-Distribution
Analysis

In our proposed Task 1 setup, the user population is
explicitly partitioned into two cohorts to rigorously
test generalization: in-distribution (IND) users
observed during training, and out-of-distribution
(OOD) users who are entirely held out. The fixed
temporal cutoff at 7 = 2020 allows us to decouple
user generalization from temporal extrapolation.
Below, we elaborate on the statistical and structural
distinctions between these cohorts, which under-
line the difficulty of the proposed evaluation.

Temporal Shift and Behavioral Drift: As visual-
ized in Figure 4, a significant volume of user activ-
ity in the dataset occurs post-2020. By construction,
OOD users are sampled from this post-2020 pool,
whereas IND users have interactions both before
and after the temporal boundary. This creates a
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Figure 5: Frequency Distribution of Products in the HORIZON Benchmark. The power-law structure reflects extreme
item sparsity, with most items having very few interactions.

natural distributional shift: the OOD cohort is in-
herently more recent and behaviorally different, re-
flecting newer products, evolving user preferences,
and potentially different session structures. Hence,
even under temporally aligned evaluation (Subtask
1c), the OOD test set exhibits non-trivial variance
from the training distribution.

Semantic Divergence via Topic Modeling. To
investigate the semantic distinctiveness between in-
distribution (IND) and out-of-distribution (OOD)
user groups, we apply Latent Dirichlet Allocation
(LDA) to model topics from user review histories,
treating each user as a document composed of con-
catenated item descriptions and metadata. The
resulting topic distributions uncover meaningful
divergence in user interests.

Both groups engage with broad product themes
(e.g., books, electronics, fashion), yet OOD users
demonstrate stronger focus on niche and emergent
categories. For example, OOD-specific topics in-
clude terms like “telescope,” “kite,” “bjj,” “freema-
son,” and musical instruments such as “guitar”
“ukulele,” “pedal”, suggesting a shift toward spe-
cialized or subcultural interests.

In contrast, IND topics reflect more mainstream
and diversified engagement, including wellness
supplements (e.g., “nootropic,” “creatine,” “argi-
nine”) and general home goods. To quantify these
patterns, we compute entropy and dominance over
user topic distributions. OOD users show signifi-
cantly lower entropy (mean = 1.18 vs. 1.28) and
higher topic dominance (mean = 0.51 vs. 0.48),

» o«

indicating more focused topical preferences. A t-
SNE projection of user topic vectors reveals clear
separation between IND and OOD clusters.

Additionally, the average KL divergence from
IND to OOD topic distributions exceeds 0.8, rein-
forcing the semantic shift. These findings suggest
that OOD generalization reflects not just tempo-
ral drift but substantive thematic changes in user
behavior and product engagement.

C Cross-domain Statistics and
Distribution Shifts

Unified cross-domain user histories. Unlike
category-segmented or short-timespan variants of
Amazon Reviews, HORIZON constructs fully uni-
fied user interaction sequences spanning all 35M
items across diverse product domains. This design
removes artificial boundaries between categories,
allowing models to observe and learn from natu-
rally interleaved behaviors (Section 3.1, Table 1).
In practice, real-world users frequently transition
between domains—e.g., electronics, books, and
household items—within a single behavioral tra-
jectory. By preserving this structure, HORIZON
enables the study of cross-domain preference trans-
fer, long-range dependencies, and heterogeneous
context modeling at unprecedented scale. Such
evaluation is fundamentally infeasible in existing
benchmarks such as MovieLens, MIND, or session-
based datasets, which are either restricted to a sin-
gle domain or limited to short temporal windows
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Figure 6: t-SNE depicting the distinct user topic distributions in the in-distribution and OOD users.

that truncate long-term behavioral signals.

Cross-domain user behavior under distribution
shift. A defining characteristic of HORIZON is
the prevalence of multi-domain user activity. On
average, users interact with approximately six dis-
tinct domains, and over 90% of users exhibit cross-
domain behavior. This diversity becomes even
more pronounced in the out-of-distribution (OOD)
split, which is explicitly constructed to reflect more
complex and heterogeneous user patterns. In par-
ticular, only 1% of users in the OOD split remain
single-domain, compared to 11% in the training
set. This shift indicates that models must gener-
alize from relatively simpler, less diverse training
trajectories to significantly richer and more entan-
gled behavioral patterns at test time. As a result,
HORIZON naturally induces a distribution shift not
only in item space but also in user behavior com-
plexity, requiring models to capture transferable
representations across domains rather than relying
on narrow, domain-specific signals.

Item novelty, sparsity, and temporal dynamics.
The benchmark further introduces realistic chal-
lenges through a combination of item sparsity, tem-
poral spread, and catalog evolution. OOD users
tend to have sparse yet long-horizon interaction
histories, with 63% exhibiting between 6 and 20

interactions distributed across multiple years. This
creates a setting where models must reason over
temporally distant signals while operating under
limited per-user data. Additionally, item expo-
sure in the OOD split reflects significant novelty:
33% of test interactions involve rare or tail items,
nearly doubling the 19% observed during train-
ing. Only 60% of candidate items overlap with
the training catalog, indicating substantial item
turnover and the presence of previously unseen
or underrepresented items at inference time. To-
gether, these factors simulate realistic recommen-
dation environments where user preferences evolve,
item distributions shift, and long-tail discovery be-
comes critical—conditions that are largely absent
in prior benchmarks such as MIND, Amazon-M2,
and category-partitioned Amazon Reviews.

D Hyperparameters and Implementation
Details

D.1 RecBole Experiments - Task 1

All models in Task 1 were trained using the
RecBole framework (Zhao et al., 2021, 2022) with
a consistent configuration to ensure a fair compari-
son. The common training hyperparameters were
selected based on prior literature and empirical tun-
ing on a held-out validation set. These include a
small learning rate of 2x 107 to stabilize optimiza-
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Table 8: Model-specific hyperparameter configurations

Parameter BERT4Rec | GRU4Rec | SASRec | CORE
Hidden/Embedding size 256 256 256 256
Number of layers 3 3 3 3
Attention heads 4 - 4 4
Dropout probability 0.15 0.15 0.15 0.15
Batch size 8192 8192 4096 4096
Loss function BPR BPR CE CE
Mask ratio 0.2 - - -

tion over long sequences, a maximum of 10 epochs
for training, and early stopping with a patience of
10 epochs to prevent overfitting. To ensure repro-
ducibility across all experimental runs, we fixed
the random seed to 2025.

Training Hyperparameters. All models were
trained with the following consistent configuration

* Learning rate: 2 x 107°

* Maximum epochs: 10

» Early stopping patience: 10

* Random seed: 2025

¢ Maximum sequence length: 100

* Validation metric: MRR@ 10

* Evaluation cutoffs: k& € {10, 20, 50,100}
* Test negative samples: 100

To support uniform evaluation across models, we
truncated all user interaction sequences to a maxi-
mum of 100 items and used mean reciprocal rank
at cutoff 10 (MRR @10) as the primary validation
metric. During testing, we sampled 100 negative
items for each user-item query to simulate realistic
top-k recommendation settings and report metrics
at various cutoffs (k).

Model-Specific Hyperparameters FEach model
was configured using a 256-dimensional embed-
ding and three layers to capture higher-order de-
pendencies. Attention-based models (BERT4Rec,
SASRec, and CORE) used 4 attention heads to
balance modeling capacity and memory cost. A
dropout rate of 0.15 was applied to all models for
regularization. Batch sizes were tuned based on
GPU memory availability and empirical training
stability: 8192 for BERT4Rec and GRU4Rec, and
4096 for SASRec and CORE due to their higher

per-batch memory footprint. These are further de-
tailed in Table 8.

Architecture Details: Given below are the archi-
tectural details about the RecBole baselines which
we have employed in our study on the HORIZON
benchmark:

* BERT4Rec: It leverages bidirectional Trans-
formers to model sequence-wide context and
predicts masked items using a masked lan-
guage modeling (MLM) objective, with a
mask ratio set to 0.2.

* GRU4Rec: GRU4Rec uses gated recurrent
units (GRUs) to model sequential dependen-
cies.

* SASRec: SASRec is built on unidirectional
self-attention layers, enabling it to capture
short- and long-term dependencies without
recurrence.

* CORE: CORE integrates self-attention with
collaborative filtering signals, enhancing per-
sonalization through a hybrid architecture

Loss Function Configuration. Given below are
the possible loss function configurations available
in RecBole for training sequential recommendation
models:

* BPR models (BERT4Rec, GRU4Rec, SAS-
Rec): Bayesian Personalized Ranking with
negative sampling during training

* CE models (CORE): Cross-entropy loss with-
out negative sampling during training

Models trained with BPR loss (BERT4Rec,
GRU4Rec, SASRec) rely on dynamic negative sam-
pling and optimize the ranking of positive over neg-
ative interactions. In contrast, CORE optimizes
a classification objective using cross-entropy loss
computed over the full softmax distribution.
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Table 9: Hyperparameters used for different models.

Hyperparameter LLAMA-3.1-8B  QWEN3-8B GEMMA2-9B
Batch Size 512 512 256
Temperature 0.7 0.7 0.7
Top-P 0.8 0.8 0.8
Top-K 20 20 20
Max-Tokens (Task 2) 220 220 220
Max-Tokens (Task 3) 350 350 350

Execution Details. All experiments were con-
ducted using a high-performance compute clus-
ter equipped with 4 NVIDIA A100 GPUs (80GB
VRAM each). We employed PyTorch’s automatic
mixed precision (AMP) to accelerate training and
reduce memory usage. Training time per epoch
varied with architectural complexity: GRU4Rec,
being lightweight, completed one epoch in approx-
imately 0.75 hours, while BERT4Rec, with its
attention-heavy encoder and MLM objective, re-
quired around 1.25 hours per epoch. Multi-GPU
training was implemented using the NCCL back-
end for synchronized distributed training. All hy-
perparameters and implementation choices were
fixed across all splits to ensure experimental con-
sistency and comparability.

D.2 Task 2 and 3 Experiments

LLM Inference Setup. We adopt a consistent in-
ference pipeline for both Task 2 (LLM-based Next
Product Recommendation via Query Reformula-
tion) and Task 3 (LLM-based Long-Horizon User
Modeling), as described in Section 5 and illustrated
in Figure 2. All models are prompted in a zero-shot
setting, without any fine-tuning or retrieval augmen-
tation, to evaluate their general-purpose reasoning
capabilities over long user histories and contexts.

We utilize three state-of-the-art, instruction-
tuned open-source LLMs: LLAMA-3.1-8B
(Grattafiori et al., 2024), QWEN3-8B (Yang et al.,
2025), and GEMMA2-9B (Team et al., 2024).
These models were selected for their strong
instruction-following capabilities and competitive
performance on public benchmarks.

Table Table 9 summarizes the decoding hyper-
parameters used. The temperature was fixed at 0.7
across all models to balance determinism and diver-
sity in outputs. We set Top-P and Top-K sampling
parameters based on model-specific best practices
to control generation randomness. The maximum
token limits were adjusted per task: 220 tokens

for Task 2 (shorter search queries), and 350 tokens
for Task 3 (longer next-item descriptions). Batch
sizes were selected based on each model’s memory
footprint and throughput on A100 GPUs, with the
larger GEMMA2-9B model using a smaller batch
size.

Execution Details. All inference was run using
the vLLM engine on a compute cluster with 4x
NVIDIA A100 40GB GPUs. The full test set con-
sists of 1 million users, with each user processed
independently in batched decoding mode. End-to-
end inference across all models required approxi-
mately 5 days due to the volume of input prompts
and the autoregressive nature of generation.

To support reproducibility and accessibility, we
will release all evaluation code, prompt templates,
and precomputed predictions on smaller held-out
test splits post-acceptance. These subsets will en-
able low-resource experimentation on the same
evaluation protocol without requiring access to
large-scale GPU compute.

Generating Query and Item Embeddings us-
ing BLAIR. To encode the item catalog and
predicted queries, we leverage the BLAIR item
encoder (Hou et al., 2024), a RoBERTa-based
model pretrained on Amazon review titles. We
use the hyp1231/blair-roberta-base check-
point via the HuggingFace Transformers library
7, and tokenize each product title with a maxi-
mum sequence length of 512 tokens. Embeddings
are obtained by extracting the [CLS] token rep-
resentation from the final hidden layer, followed
by ¢5 normalization to facilitate cosine similarity-
based retrieval. To scale embedding computa-
tion across a large number of titles, we utilize
the Accelerate library with mixed-precision in-
ference (fp16) and distributed processing across

7https://huggingface.co/hyp1231/
blair-roberta-base
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Table 10: Comparison of Fine-tuned LLMs for Next-Item Prediction

Setting | Recall@K (%) | Precision@K (%)
| FFT (LLaMA3) LoRA (LLaMA3) LoRA (Qwen3) | FFT (LLaMA3) LoRA (LLaMA3) LoRA (Qwen3)
In-Domain Temporal Extrapolation (Task 1c)
K=10 1.45 1.65 1.38 0.98 1.29 0.90
K=50 1.67 1.82 1.60 0.97 1.28 0.90
K=100 2.02 2.09 1.93 0.97 1.28 0.89
Out-of-Domain Temporal Extrapolation (Task 1d)

K=10 1.24 0.71 1.18 0.82 0.42 0.77
K=50 1.41 0.84 1.37 0.81 0.42 0.77
K=100 1.71 1.07 1.67 0.80 0.42 0.76

multiple GPUs, achieving efficient batch-wise en-
coding with a batch size of 4096. We shard the
workload across processes and later merge the out-
puts to form a single embedding matrix for the
catalog and prediction sets.

Retrieval and Indexing using FAISS. For ap-
proximate nearest neighbor (ANN) search, we
employ the FAISS library (Douze et al., 2024),
which implements the Hierarchical Navigable
Small World (HNSW) graph-based indexing al-
gorithm. We build a HNSW index on the catalog
embeddings using cosine similarity as the distance
metric. The key hyperparameters used during in-
dex construction include: M=64, which controls the
number of bi-directional links created for each new
node and influences index accuracy and memory
usage; and efConstruction=256, which sets the
dynamic list size for the graph during construction
and affects indexing time and final recall quality.
At query time, we use efSearch=256 to control the
breadth of the search and balance between latency
and retrieval performance. These values were se-
lected based on a grid search over the validation set
to optimize top-k recall, where k£ = 10, while en-
suring sub-millisecond retrieval latency per query
on a modern GPU setup.

This setup enables scalable, low-latency near-
est neighbor search over millions of product titles,
while maintaining semantic alignment between pre-
dicted queries and candidate items.

E LLM-Finetuning Results

What is the overall performance of fine-tuned
LLMs? Table 10 reports the performance of fine-
tuned LLMs for next-item prediction under tem-
poral extrapolation, evaluated on both in-domain
(Task 1c¢) and out-of-domain users (Task 1d).
Across all configurations, performance remains uni-

formly low. In the in-domain setting, Recall@10
ranges between 1.38% and 1.65%, increasing only
marginally to a maximum of 2.09% at Recall@100
for LoRA fine-tuned LLaMA-3.1-8B. Precision
follows a similarly flat trend, peaking at 1.29%.
Notably, increasing the cutoff from K = 10 to
K =100 yields only modest gains (e.g., 1.65% —
2.09% for LoRA LLaMA-3.1-8B), indicating that
relevant items are not substantially concentrated
even within larger candidate sets.

Across training strategies, parameter-efficient
fine-tuning (LoRA) provides slight but consis-
tent improvements over full fine-tuning (FFT) for
LLaMA-3.1-8B in the in-domain setting, though
the absolute gains remain small (e.g., +0.07 at Re-
call@100). Qwen3-8B exhibits comparable but
slightly weaker performance overall. These re-
sults suggest that neither scaling parameter updates
nor switching architectures meaningfully improves
next-item prediction under this formulation.

How does performance change under distribu-
tion shift? Performance degrades consistently in
the out-of-domain setting (Task 1d), where mod-
els must generalize to unseen users with more
diverse and complex interaction patterns. Re-
call@10 drops from 1.65% (LoRA LLaMA-3.1-
8B, in-domain) to 0.71% under OOD conditions,
and Recall @100 decreases from 2.09% to 1.07%.
A similar degradation is observed across all mod-
els, though the extent varies: FFT LLaMA-3.1-8B
retains relatively stronger performance (1.71% at
Recall@100), while LoRA-based adaptations ex-
hibit larger drops. Precision mirrors this behavior,
remaining below 0.82% across all configurations
and dropping sharply for LoORA LLaMA-3.1-8B
(0.42% across all K).

Another notable pattern is the reduced sensi-
tivity to K in the OOD setting. For example,
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LoRA LLaMA-3.1-8B increases only from 0.71%
to 1.07% when moving from Recall@10 to Re-
call@100, compared to a larger relative gain in-
domain. This suggests that under distribution shift,
relevant items are not only harder to rank highly
but also less likely to appear even in extended can-
didate lists. Overall, these results highlight the dif-
ficulty of extrapolating across both temporal shifts
and user distributions when models are trained to
generate a single next item from a large candidate
space.

Do fine-tuned LLMs outperform simple base-
lines? Despite the additional training, fine-tuned
models achieve performance comparable to our
zero-shot retrieval-based baseline (Table 6). The re-
trieval approach generates ten semantically diverse
queries per user without any task-specific optimiza-
tion, yet matches the effectiveness of fine-tuned
LLMs across both in-domain and OOD settings.
Given the extremely low absolute recall values ob-
served after fine-tuning, this parity is particularly
striking. It suggests that instruction fine-tuning,
when framed as single-item generation over ex-
tremely large and long-tailed item spaces, provides
limited practical benefit. The consistency of this
observation across architectures (LLaMA-3.1-8B
and Qwen3-8B) and adaptation strategies further
indicates that the limitation is not model-specific.

Why do fine-tuned LLMs struggle in this set-
ting? A key limitation lies in the training for-
mulation. Unlike discriminative sequential recom-
menders, which leverage contrastive supervision
and large-scale negative sampling to structure the
item space, instruction-tuned LL.Ms operate under
a purely generative objective. This provides no
explicit signal to distinguish among millions of
plausible candidates or to calibrate ranked outputs.
The weak scaling of recall with increasing K, to-
gether with uniformly low precision, indicates that
models fail to meaningfully organize the candidate
space, often producing semantically plausible but
misaligned predictions. Consequently, fine-tuning
does not fully exploit the semantic and representa-
tional strengths of LLMs in long-tailed recommen-
dation settings.

What directions could address these limita-
tions? These findings motivate alternative train-
ing paradigms that better align language modeling
with recommendation objectives. Promising direc-
tions include contrastive or hybrid objectives with

explicit negative sampling, as well as approaches
that align model vocabularies with item identi-
fiers for more direct reasoning over discrete item
spaces. Additionally, multi-candidate generation
or retrieval-augmented decoding may help bridge
generative modeling with ranking-based evaluation,
improving effectiveness under distribution shift.

F Prompts

F.1 Task 2: Query-Based Next-Item
Recommendation.

As outlined in Section 4.2, this task evaluates
an LLM’s ability to generate personalized search
queries from a user’s Amazon product history. The
prompt asks the model to produce 10 queries bal-
ancing relevance with serendipity. These queries
act as soft proxies for next-item prediction and re-
veal how well the model generalizes user intent.
The setup is zero-shot, requiring the model to func-
tion as a semantic encoder-decoder without fine-
tuning.

PROMPT FOR TASK 2 - LLM-Based Next Item Recommendation:

You are an expert at turning a user's Amazon product
history into personalized search queries.

History: I1 <SEP> I2 <SEP> ..... <In>
This was the users Amazon product history.

Your task is to generate a set of 1@ personalized search
queries that reflect the user's interests and
preferences.

Try to balance diversity and serendipity with relevancy
to the user history. These queries will be used to
recommend the next product to the user

Out of these 10 queries:

4 queries should be directly related to the user's
history;

3 queries should be tangentially related;

3 queries should be completely unrelated but interesting.

Process:

1. Think of a guideline explaining what intents or
aspects you observed in the user history which
helped you formulate these queries. You don't need
to specify which is which.

2. Then, generate exactly 10 search queries balancing
core interests with a bit of serendipity.

## Output Format
Provide the response only as a JSON object with one field
: (do not generate anything else)

{

"queries”: [

"query1”,
"query2",
aueryio”
]
}
F2 Task3

As described in Section 4.2, the following is the
prompt for Task 3: Long-Horizon User Model-
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ing using Large Language Models (LLMs). This
task is designed to evaluate a model’s ability to
understand and extrapolate from a user’s product
history over time. The prompt guides the LLM
to generate forward-looking, autoregressive item
descriptions based on prior purchases, simulating
realistic recommendation scenarios. Specifically, it
instructs the model to infer underlying user prefer-
ences and behavioral patterns, and to generate co-
herent, temporally ordered predictions that balance
relevance and serendipity. The prompt is framed
in a zero-shot setting, encouraging the LLM to rea-
son sequentially without access to explicit training
examples.

PROMPT for Task 3 - LLM-Based Long-Horizon User Modeling:

You are an expert at predicting the next products a user
may want based on their Amazon product history.

History: I1 <SEP> I2 <SEP> ..... <In>
This was the user's Amazon product history with exact
product titles (NOT descriptions).

Your task is to generate descriptions for the next 10
items the user is most likely to be interested in.
Provide concise, onesentence descriptions that
capture the essence of each potential item. These
will guide recommendation generation.

Try to model the sequences in the user history and
provide a mix of relevant and serendipitous items
trying to capture the user's interests, intents and

changes in behavior. Use the first item
description to guide your next timestep's item
description generation in an autoregressive manner

Process:

1. Think of a guideline explaining the patterns or
preferences you observed in the user history that
informed your item descriptions.

2. Provide exactly 10 next-item descriptions balancing
relevance and serendipity generated one after the
other in temporal order.

## Output Format
Provide the response only as a JSON object with one field
: (do not generate anything else)

"item_descriptions_timewise"”: [
"item_description_time_step1”,
"item_description_time_step2”,

" "
L)

"item_description_time_step10”
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