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Abstract
Large Language Models (LLMs) excel at capturing latent semantics and contextual relationships across diverse
modalities. However, in modeling user behavior from sequential interaction data, performance often suffers when
such semantic context is limited or absent. We introduce LaMAR, a LLM-driven semantic enrichment framework
designed to enrich such sequences automatically. LaMAR leverages LLMs in a few-shot setting to generate auxiliary
contextual signals by inferring latent semantic aspects of a user’s intent and item relationships from existing metadata.
These generated signals, such as inferred usage scenarios, item intents, or thematic summaries, augment the
original sequences with greater contextual depth. We demonstrate the utility of this generated resource by integrating
it into benchmark sequential modeling tasks, where it consistently improves performance. Further analysis shows
that LLM-generated signals exhibit high semantic novelty and diversity, enhancing the representational capacity
of the downstream models. This work represents a new data-centric paradigm where LLMs serve as intelligent
context generators, contributing a new method for the semi-automatic creation of training data and language resources.

Keywords: Large Language Models (LLMs), Semantic Augmentation, Sequential Behavior Modeling

1. Introduction

Capturing users’ dynamic preferences through their
historical behaviors has been a central focus of se-
quential recommender systems (Chen et al., 2018;
Xie et al., 2022; Liu et al., 2024a; Lin et al., 2024).
A persistent limitation is that these interaction histo-
ries are often represented as sparse sequences of
item identifiers with minimal contextual information,
making it difficult for models to infer nuanced user
preferences, especially in cold-start scenarios or
long-tail items. Meanwhile, large language mod-
els (LLMs) like ChatGPT and Gemini have demon-
strated remarkable capabilities in capturing seman-
tic relationships and generating coherent text based
on minimal input (Achiam et al., 2023). Their ability
to reason about real-world concepts and infer latent
intent makes them promising tools for enhancing
recommendation systems with richer semantic con-
text.

In this work, we propose LaMAR (Language
Model-Augmented Recommendation), which lever-
ages the reasoning capabilities of LLMs to enrich
item representations through automatically gener-
ated semantic features (see Figure 1). Instead of
traditional feature engineering, LaMAR uses an
LLM to generate auxiliary descriptions and latent
signals that provide context to a user’s interaction
history. Concretely, given a user’s past sequence
of items, we prompt a large language model (with
a carefully designed prompt and a few illustrative
examples) to produce additional information, such
as categorical tags or topics that summarize the
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user’s interests, or an explanation of the possible
intent or scenario underlying the sequence. These
generated signals are then incorporated into the
training of the sequential recommender (e.g., by en-
coding them into the model’s input representations).
By enriching each user’s history with LLM-inferred
context, the model gains a deeper understanding
of preferences that would not be evident from the
raw data alone. For instance, based on a user’s
last five product interactions, the LLM may infer an
underlying intent (e.g., “planning a camping trip”) or
suggest a latent thematic category (e.g., “outdoor
adventure gear”).

We conduct extensive experiments to evalu-
ate the effectiveness of our framework on multi-
ple public sequential recommendation datasets,
comparing against state-of-the-art sequential rec-
ommendation baselines. Our results show that
adding LLM-generated signals to user-item se-
quences leads to consistent performance gains
across all key ranking metrics. To understand
the contributions of the generated signals, we per-
form a thorough analysis of their diversity and
uniqueness, and demonstrate their semantic rich-
ness. We find that the LLM is capable of contribut-
ing a wide range of complementary information
rather than simply echoing a user’s existing his-
tory, which expands the knowledge base of the rec-
ommender. Furthermore, we explore fine-tuning
the LLM using the augmented sequences and ob-
serve additional improvements. Our code and
data are available here: https://github.com/
mahsavalizadeh/LaMAR/.

In summary, our contributions are as follows:

https://github.com/mahsavalizadeh/LaMAR/
https://github.com/mahsavalizadeh/LaMAR/
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Figure 1: Overview of the LaMAR framework. It consists of two stages: (1) semantic signal generation
using a prompted large language model, and (2) integration of the generated signals into a sequential
recommendation model via full fine-tuning, or into the LLM through parameter-efficient LoRA tuning.

• We introduce a semantic augmentation frame-
work that uses LLMs to generate informative
and semantically diverse contextual signals
for sequential recommendation. These signals
are designed to capture semantic relationships
and enhance the richness of the dataset, pro-
viding additional context that sequential mod-
els can leverage.

• We conduct a deeper analysis to assess the
extent of feature redundancy and representa-
tion diversity. Specifically, we investigate how
similar or distinct the generated features are,
identifying potential overlaps and unique con-
tributions.

• We show that incorporating these signals into
existing sequential recommendation models
yields significant improvements across multi-
ple datasets.

• We explore the impact of data augmentation on
sequential recommendation tasks while fine-
tuning LLMs on both the enriched and original
datasets.

2. Related Work

LLMs have recently transformed how we under-
stand and represent semantics across a wide range
of AI tasks, including recommendation. Their ca-
pacity for language understanding, content gener-
ation, and contextual reasoning has inspired many
efforts to incorporate LLMs into recommender sys-
tems.

Early studies primarily leveraged LLMs for se-
mantic augmentation, enriching item or user repre-
sentations and generating additional training data
in recommender systems (Lin et al., 2023; Liu
et al., 2024b). For example, Brinkmann et al.
(2023) use ChatGPT to extract attribute–value pairs
from product descriptions, while KAR (Xi et al.,

2024) and LLM-Rec (Lyu et al., 2023) leverage
LLMs to produce auxiliary knowledge or enriched
item descriptions. Other work explores broader
content-enrichment strategies, including content
summarization (Liu et al., 2024c), category de-
scriptions (Yada and Yamana, 2024), taxonomy-
guided augmentation (Liang et al., 2024), fac-
tual property extraction (Luo et al., 2024), and
description-based augmentation for ID-based rec-
ommenders (Ren et al., 2024). Beyond feature
enrichment, several approaches employ LLMs to
produce synthetic interactions or simulate user be-
haviors (Wang et al., 2024a; Huang et al., 2025),
construct structured semantic representations like
knowledge graphs (Wang et al., 2024b; Liu et al.,
2025) or provide reasoning paths (Bismay et al.,
2025).

Before the emergence of LLM-based methods,
architectures such as SASRec (Kang and McAuley,
2018) and BERT4Rec (Sun et al., 2019) demon-
strated strong performance through attention-
based modeling of user-item interaction sequences.
These and other methods – e.g., (Chen et al., 2018;
Xie et al., 2022) – have typically modeled items sim-
ply by an ID, ignoring the rich semantic information
contained in item content (e.g., text, images, or
videos). Recent works have thus sought to bridge
this gap by infusing item representations into se-
quential recommenders. Some explore semantic
IDs (Singh et al., 2024), replacing simple item IDs
with semantically-meaningful embeddings. Others
leverage LLMs to directly model item content, e.g.,
RecFormer (Li et al., 2023) textualizes an item by
flattening item characteristics (like title and descrip-
tion) into a language-based representation, while
Rella (Lin et al., 2024) applies zero-/few-shot LLM
reasoning for recommendation.

In contrast, our work departs from these con-
strained enrichment methods. Rather than limiting
the LLM to predefined augmentation tasks, we ask
it to identify and generate unconstrained seman-
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Dataset Category Description

Office Products

Title Ballet 2012 Square 12X12 Wall Calendar (Multilingual Edi-
tion)

Brand Browntrout Publishers (COR)
Category Office Products, Office & School Supplies, Calendars, Plan-

ners & Personal Organizers
Product Function Stylishly showcases beautiful ballet imagery while helping

to organize dates and events throughout the year with its
easy-to-read monthly grids.

Musical Instruments

Title DW Drums 7000 Series Double Bass Drum Pedal
Brand Drum Workshop, Inc.

Category Musical Instruments Instrument Accessories Drum & Per-
cussion Accessories Drum Set Accessories Drum Acces-
sories Bass Drum Pedals

Music Genre Ideal for rock, metal, and jazz drumming styles, this pedal
offers precision and responsiveness for both live perfor-
mances and studio recordings, enhancing rhythmic expres-
sion.

Video Games

Title America’s Greatest Solitaire Games
Brand Wizardware Group

Category Video Games Mac Games
Gameplay Experience Focus Engaging solitaire gameplay featuring a variety of classic

card games, strategic challenges, and customizable set-
tings, perfect for casual gamers on Mac.

Industrial and Scientific

Title Arctic Silver 5 AS5-3.5G Thermal Paste
Brand Arctic Silver

Category Industrial & Scientific Industrial Electrical Thermal Manage-
ment Products Computer Heatsinks

Primary Use Case Thermal paste designed for computer heatsinks to improve
heat transfer and cooling efficiency for optimal performance
and longevity of electronic devices.

Arts, Crafts and Sewing

Title Electric Laser Guided Scissors Stainless Steel Blades
Brand Salco

Category Arts, Crafts & Sewing Crafting Craft Supplies Cutting Tools
Scissors

Primary Craft Purpose These laser-guided scissors provide precision cutting for
various materials, enhancing crafting projects with clean
and accurate results. Perfect for detailed and intricate
designs.

Pet Supplies

Title Hikari Usa Inc AHK01389 Staple 22lb, Medium
Brand Hikari Usa Inc.

Category Pet Supplies Fish & Aquatic Pets Food
Pet’s Specific Need A balanced and nutritious staple food to support the health

and growth of medium-sized fish in aquatic environments.

Table 1: Examples of LLM-generated semantic augmentations (highlighted in blue), including category
and its specific value, for subsets of the Amazon Review Data (Ni et al., 2019): Office Products, Musical
Instruments, Video Games, Industrial and Scientific, Arts, Crafts and Sewing, and Pet Supplies.

tic signals—from nuanced gameplay experiences
to product-specific usage contexts—that may not
be present in the original metadata. Further, these
signals are integrated directly into the recommenda-
tion model in a flexible, end-to-end fashion, instead
of being used merely as auxiliary text features. This
design enables the recommender to dynamically
leverage diverse, new semantic cues, offering a
complementary and more adaptive framework for
improving recommendation quality, especially for
items with limited interactions.

3. Methodology of LaMAR

Our proposed framework, LaMAR (Language
Model-Augmented Recommendation), consists of
two primary stages: (1) a semantic signal gener-
ation pipeline that uses LLMs to enrich user-item
sequences with contextual cues, and (2) a signal in-
tegration stage that incorporates these signals into
a sequential recommender system through fine-
tuning to align LLM behavior with recommendation
objectives.
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3.1. Semantic Signal Generation via
LLMs

In the first stage, we utilize the reasoning capa-
bilities of LLMs to infer semantic signals that are
not explicitly present in the dataset but can be de-
rived from item metadata such as titles, brands,
and categories. This new information captures la-
tent contextual information about user intent and
item semantics. To generate contextually infor-
mative signals that enrich user-item sequences,
we leverage the reasoning capabilities of LLMs
through a prompting-based generation framework.
Specifically, we adopt the “Let’s think step by step”
prompting strategy (Kojima et al., 2022), which has
proven effective in eliciting structured reasoning
from language models. Our approach is aligned
with the Automatic Chain-of-Thought (Auto-CoT)
paradigm (Zhang et al., 2022), wherein we first
construct four examples using Zero-Shot-CoT, and
then use them to guide the model in a few-shot
setting to propose a new auxiliary signal.

Let U be the set of users, I the set of items.
For a user u ∈ U , their interaction sequence is
su = [i1, i2, . . . , it], where ik ∈ I. Each item i is
associated with a set of structured attributes xi =
[titlei, brandi, categoryi, · · · ]. To infer a semantic
signal zi for item i, we prompt a language model
with its structured attributes:

zi = LLMθ(Prompt(xi)), (1)

where LLMθ is a large language model with pa-
rameters θ, and Prompt(·) denotes the few-shot
prompting function that formats xi into textual input.
The output zi ∈ Z is a natural language phrase or
sentence that captures a latent aspect of the item,
such as use case or thematic intent.

The LLM (e.g., GPT-3.5) outputs a new semantic
signal tailored to the item’s profile and its probable
user interaction context. These outputs are filtered
for quality and stored as an additional item attribute
to be later used during model training. The goal of
this stage is to automatically derive features that
encapsulate implicit semantics. While generating
additional semantic signals through our framework,
the human annotators performed a quality check
to ensure that any signal inconsistent with existing
metadata was discarded and not used as a new se-
mantic feature. For example, for the “Pet Supplies”
domain, the model infers a “Pet’s Specific Need” sig-
nal that highlights the intended style of use. For the
“Video Games” domain, the model suggests “Game-
play Experience Focus” as an augmented signal.
These inferred signals extend beyond raw meta-
data, adding interpretability and domain-relevant
nuance.

Metric GPT Gemini
Usefulness (Avg) 13.67 13.29
Usefulness (%) 91.13% 88.60%
Relevancy (Avg) 14.63 14.08
Relevancy (%) 97.53% 93.87%

Table 2: Human evaluation of semantic signals
generated by GPT and Gemini. Average useful-
ness and relevancy scores over 15 samples per
dataset–model pair (0, 0.5, 1).

3.2. Signal Integration and Model
Alignment

In the second stage, we use the generated seman-
tic signals to enhance sequential recommendation
through two mechanisms to improve representation
capacity and downstream recommendation quality:
(a) input-level integration into the user-item inter-
action history, and (b) alignment of the sequential
recommendation models or LLM’s generation be-
havior with the recommendation objective.
Signal Integration. LLM-generated signals are in-
corporated into the input representation of sequen-
tial recommendation models. We first augment the
item representation to include the semantic signal:

x̃i = xi ∪ {zi}. (2)

As illustrated in Table 1, we see an example for
one specific product’s “Pet’s Specific Need” as A
balanced and nutritious staple food to support the
health and growth of medium-sized fish in aquatic
environments.

We then format each item as a text-based key-
value pair and construct chronological user inter-
action sequences that include these enriched item
representations. Thus, each user’s enriched inter-
action sequence becomes:

s̃u = [x̃i1 , x̃i2 , . . . , x̃it ] (3)

This approach allows the model to consider both
explicit metadata and LLM-inferred semantics
when learning patterns from user history.
Model Alignment. Furthermore, the sequential
recommenders or LLM can be fine-tuned using
these augmented interaction sequences to better
align its generative behavior with the needs of rec-
ommendation. To align the LM’s generation behav-
ior with recommendation utility, we fine-tune LMθ

on sequences enriched with zi, training it to predict
the next item description. The fine-tuning objective
encourages the model to improve its understanding
of useful semantics:

Lgen(θ) = −
∑
u∈U

logPθ(it+1 | s̃u). (4)

By training the model on sequences that include
both structured metadata and generated semantic



10471

Dataset Metric ID-Text Text-based Methods

S3Rec∗ ZESRec∗ UniSRec∗ Recformer LaMAR
(GPT-4o)

LaMAR
(Gemini-1.5)

Industrial and Scientific

N@10 0.0451 0.0843 0.0862 0.1052 0.1114 (+5.89%) 0.1056 (+0.38%)
R@10 0.0804 0.1260 0.1255 0.1479 0.1524 (+3.04%) 0.1504 (+1.69%)
N@50 – – – 0.1229 0.1286 (+4.64%) 0.1238 (+0.73%)
R@50 – – – 0.2288 0.2313 (+1.09%) 0.2338 (+2.19%)
MRR 0.0392 0.0745 0.0786 0.0977 0.1044 (+6.86%) 0.0976 (-0.10%)
AUC – – – 0.7657 0.7658 (+0.01%) 0.7723 (+0.86%)

Musical Instruments

N@10 0.0797 0.0694 0.0785 0.0814 0.0838 (+2.95%) 0.0826 (+1.47%)
R@10 0.1110 0.1078 0.1119 0.1031 0.1076 (+4.36%) 0.1064 (+3.20%)
N@50 – – – 0.0952 0.0983 (+3.26%) 0.0968 (+1.68%)
R@50 – – – 0.1664 0.1747 (+4.99%) 0.1722 (+3.49%)
MRR 0.0755 0.0633 0.0740 0.0794 0.0813 (+2.39%) 0.0800 (+0.75%)
AUC – – – 0.7912 0.8058 (+1.84%) 0.7972 (+0.76%)

Arts, Crafts and Sewing

N@10 0.1026 0.0970 0.0894 0.1269 0.1282 (+1.02%) 0.1283 (+1.10%)
R@10 0.1399 0.1349 0.1333 0.1579 0.1638 (+3.74%) 0.1646 (+4.24%)
N@50 – – – 0.1415 0.1443 (+1.98%) 0.1447 (+2.26%)
R@50 – – – 0.2255 0.2377 (+5.41%) 0.2399 (+6.39%)
MRR 0.1057 0.0870 0.0798 0.1218 0.1220 (+0.16%) 0.1220 (+0.16%)
AUC – – – 0.8275 0.8361 (+1.04%) 0.8413 (+1.67%)

Office Products

N@10 0.0911 0.0865 0.0919 0.1138 0.1163 (+2.20%) 0.1173 (+3.07%)
R@10 0.1186 0.1199 0.1262 0.1408 0.1434 (+1.85%) 0.1456 (+3.41%)
N@50 – – – 0.1235 0.1262 (+2.17%) 0.1274 (+3.16%)
R@50 – – – 0.1854 0.1888 (+1.83%) 0.1914 (+3.24%)
MRR 0.0957 0.0797 0.0848 0.1084 0.1109 (+2.31%) 0.1116 (+2.95%)
AUC – – – 0.7586 0.7593 (+0.09%) 0.7618 (+0.42%)

Video Games

N@10 0.0532 0.0530 0.0580 0.0680 0.0715 (+5.15%) 0.0710 (+4.41%)
R@10 0.0879 0.0844 0.0923 0.1039 0.1102 (+6.06%) 0.1092 (+5.10%)
N@50 – – – 0.0913 0.0950 (+4.05%) 0.0948 (+3.83%)
R@50 – – – 0.2120 0.2185 (+3.07%) 0.2190 (+3.30%)
MRR 0.0500 0.0505 0.0552 0.0643 0.0669 (+4.04%) 0.0667 (+3.73%)
AUC – – – 0.8912 0.8881 (-0.35%) 0.8903 (-0.10%)

Pet Supplies

N@10 0.0742 0.0754 0.0702 0.0968 0.0992 (+2.48%) 0.0978 (+1.03%)
R@10 0.1039 0.1018 0.0933 0.1155 0.1213 (+5.02%) 0.1212 (+4.94%)
N@50 – – – 0.1049 0.1081 (+3.05%) 0.1073 (+2.29%)
R@50 – – – 0.1528 0.1620 (+6.02%) 0.1648 (+7.85%)
MRR 0.0710 0.0706 0.0650 0.0936 0.0952 (+1.71%) 0.0934 (-0.21%)
AUC – – – 0.7888 0.7959 (+0.90%) 0.7996 (+1.37%)

Table 3: Comparative analysis of LaMAR performance on semantic signals generated by GPT-4o-mini
and Gemini-1.5-flash across subsets of the Amazon Review Data (Ni et al., 2019): Industrial and
Scientific, Musical Instruments, Arts, Crafts and Sewing, Office Products, Video Games, and Pet Supplies.
The text-based baselines refer to item representations using three features: Title, Brand, and Category. ∗:
results are reported from Li et al. (2023). N: NDCG; R: Recall.

signals, the LLM learns to produce more relevant,
context-aware outputs for future signal generation.

4. Experiments

In this section, we describe the experimental setup
and aim to answer the following research question:
Can integrating LLM-generated semantic signals
(1) improve the performance of existing sequential
recommenders and (2) enhance the recommenda-
tion capabilities of large language models?

4.1. Setup
Models. To assess the impact of the LLM-
generated semantic signals, we employ Rec-
Former (Li et al., 2023), a state-of-the-art frame-
work for learning language representations in se-
quential recommendation. RecFormer models user
behavior by processing a sequence of historical
items as textual input and predicting the next item

based on contextual understanding. It represents
items as key-value attribute pairs and encodes their
sequences using a bi-directional Transformer archi-
tecture. Inspired by Longformer, this model lever-
ages specialized embeddings for item text to effec-
tively capture sequential patterns. We also evaluate
the performance of Llama-3.2-3B-Instruct
model (Touvron et al., 2023) and Qwen2.5-1.5B-
Instruct model (Team, 2024) with LoRA fine-
tuning.

Metrics. We use standard evaluation met-
rics, including NDCG@10 (Järvelin and Kekäläi-
nen, 2002), Recall@10 (Schütze et al., 2008),
NDCG@50, Recall@50, MRR (Voorhees et al.,
1999), and AUC (Hanley and McNeil, 1982), and
compare these values with those reported in (Li
et al., 2023), which uses the RecFormer model
without LLM-generated semantic signals. These
metrics collectively measure both the ranking qual-
ity and retrieval accuracy of recommended items
within the top positions.
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Dataset Metric Llama Qwen

Original LaMAR (%) Original LaMAR (%)

Industrial and
Scientific

R@10 0.7230 0.8810 (+21.85%) 0.7680 0.8560 (+11.45%)
N@10 0.6836 0.8773 (+28.48%) 0.6996 0.8052 (+15.09%)
MRR 0.6710 0.8761 (+30.57%) 0.6777 0.7891 (+16.44%)

Arts, Crafts
and Sewing

R@10 0.7350 0.8550 (+16.33%) 0.8250 0.8530 (+3.39%)
N@10 0.6947 0.8341 (+20.07%) 0.7696 0.8047 (+4.56%)
MRR 0.6818 0.8273 (+21.34%) 0.7514 0.7893 (+5.05%)

Video Games
R@10 0.8080 0.9560 (+18.32%) 0.9690 0.9750 (+0.62%)
N@10 0.8056 0.9545 (+18.48%) 0.9525 0.9666 (+1.48%)
MRR 0.8048 0.9540 (+18.54%) 0.9472 0.9639 (+1.76%)

Pet Supplies
R@10 0.9580 0.9660 (+0.83%) 0.9180 0.9750 (+6.21%)
N@10 0.9501 0.9608 (+1.13%) 0.8878 0.9647 (+8.66%)
MRR 0.9475 0.9591 (+1.22%) 0.8780 0.9613 (+9.49%)

Musical
Instruments

R@10 0.9370 0.9600 (+2.45%) 0.9100 0.9410 (+3.41%)
N@10 0.9294 0.9572 (+2.99%) 0.8631 0.9149 (+6.00%)
MRR 0.9269 0.9563 (+3.17%) 0.8481 0.9064 (+6.88%)

Office Products
R@10 0.7210 0.8990 (+24.69%) 0.6890 0.9160 (+32.98%)
N@10 0.6912 0.8924 (+29.11%) 0.6319 0.8943 (+41.54%)
MRR 0.6816 0.8902 (+30.60%) 0.6135 0.8873 (+44.63%)

Table 4: Comparative analysis of LoRA fine-tuned Llama and Qwen performance on the original (Title,
Brand, and Category) versus LaMAR, which includes additional semantic signals generated by GPT-4o-
mini. N: NDCG; R: Recall.

Implementation Details. To fine-tune Recformer
with generated features, we set batch size to
12, learning rate to 2 × 10−5, and weight de-
cay to 0.01. We set max_item_embeddings =
81, max_token_num = 256, and max_attr_num
= 4. For fine-tuning with the original feature,
we keep the default configuration of Recformer
and only modify max_token_num to 256. Fine-
tuning was conducted on 4× NVIDIA A5000 GPU
(24GB memory). We fine-tune the Llama-3.2-
3B-Instruct model using a lightweight adapter-
based approach, LoRA (Low-Rank Adaptation) (Hu
et al., 2022), which introduces trainable low-
rank decomposition matrices into the model’s lay-
ers while keeping the original weight matrices
frozen. The LoRA configuration included a rank
of r = 16, α = 32, and a dropout rate of 0.1.
The target modules for adaptation are q_proj,
k_proj, and v_proj. The learning rate is set to
2 × 10−4 and fine-tuning was conducted on 2×
NVIDIA A5000 GPU (24GB memory). We con-
figure per_device_train_batch_size to 2 and gradi-
ent_accumulation_steps to 20, resulting in an ef-
fective batch size of 80. The same experimental
configuration was applied to the Qwen2.5-1.5B-
Instruct model, while using one GPU and a
learning rate of 10−4.

4.2. Semantic Signal Generation
In this work, we apply the signal generation frame-
work across six categories from the Amazon review
dataset (Ni et al., 2019): Industrial and Scientific,
Musical Instruments, Arts, Crafts and Sewing, Of-
fice Products, Video Games, and Pet Supplies.

For each dataset, we apply the signal genera-
tion pipeline using GPT-4o-mini (OpenAI, 2024)
and Gemini-1.5-flash-002 (Team et al., 2024)
with a consistent 3-shot prompting configuration.
Table 1 outlines the semantic signal generated for
each domain and detailed description of the gen-
erated signals. Specifically, it summarizes the na-
ture of the semantic signal introduced per category,
such as “Primary Use Case” for Industrial prod-
ucts or “Gameplay Experience Focus” for Video
Games, all automatically generated by the LLM
during the prompting stage. It also provides con-
crete instances where these signals are added to
the item profile, showing how they complement the
existing metadata. These enriched sequences are
used to train and evaluate the RecFormer model.

These newly generated signals are integrated as
a fourth attribute in addition to the standard triplet of
Title, Brand, and Category. In our ablation studies,
we also ablate the prompt and number of gener-
ated semantic signals in Section 5.1. To evaluate
the quality of LLM-generated semantic signals, we
conduct a small-scale human study. The annota-
tors, all graduate students with prior experience in
recommender systems, rated 180 samples (15 per
dataset per model) on two criteria (scored as 0, 0.5,
or 1): (1) Relevancy: factual or contextual align-
ment with the input, and (2) Usefulness: added
informative value beyond basic fields. The results
in Table 2 indicate that the majority of generated
signals were both relevant and informative, sug-
gesting that the LLM-generated semantic signals
generally provide useful and contextually appropri-
ate information for the task.
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Metric Original LaMAR Improv. LaMAR
(prompt variant) Improv. LaMAR

(signal variant) Improv.

N@10 0.1052 0.1114 +5.89% 0.1080 +2.66% 0.1086 +3.23%
R@10 0.1479 0.1524 +3.04% 0.1520 +2.77% 0.1477 -0.14%
N@50 0.1229 0.1286 +4.64% 0.1255 +2.12% 0.1263 +2.77%
R@50 0.2288 0.2313 +1.09% 0.2324 +1.57% 0.2290 +0.09%
MRR 0.0977 0.1044 +6.86% 0.1000 +2.35% 0.1022 +4.61%
AUC 0.7657 0.7658 +0.01% 0.7637 -0.26% 0.7624 -0.43%

Table 5: Comparison of LaMAR variants on the Scientific dataset. We report performance using the
original features (Title, Brand, Category), the standard LaMAR signal, and two variants: prompt-based
(different prompting method) and signal-based (multiple signals). All semantic signals are generated
using GPT-4o-mini.

4.3. Can Semantic Signal Integration
Enhance Sequential
Recommenders?

As the results show in Table 3, we observe an im-
provement in performance across all domains us-
ing both language models, highlighting the effec-
tiveness of our proposed framework in enhancing
sequential recommendation performance.

For instance, for the Video Games dataset, the
original model achieved an NDCG@10 of 0.0680
and a Recall@10 of 0.1039. After incorporating
new signals through our framework, the model’s
performance improved: with GPT-generated sig-
nals, NDCG@10 increased to 0.0715 and Re-
call@10 to 0.1102, representing improvements
of 5.15% and 6.06%, respectively; with Gemini-
generated signals, NDCG@10 increased to 0.0710
and Recall@10 to 0.1092, corresponding to im-
provements of 4.41% and 5.10%, respectively.
These results show that LaMAR enables the model
to rank more relevant items higher and find more
relevant items overall, improving performance re-
gardless of whether GPT or Gemini is used.

4.4. Can Semantic Signal Integration
Improve LLM-Based
Recommendation?

To evaluate the effectiveness of data augmenta-
tion, we utilize two datasets: one with augmented
data generated by GPT-4o-mini and another con-
taining only the original data (where an item is rep-
resented with three features: Title, Brand, and Cat-
egory), and compare their performance on a se-
quential recommendation task. For this purpose,
we construct prompts consisting of five chrono-
logical user interactions, followed by a candidate
pool of 20 randomly selected items along with the
ground truth item. The order of all candidate items
in each prompt was randomized to avoid positional
bias during recommendation. We then prompt the
model to recommend the next item from this pool.
For our experiments, we adopt the Llama-3.2-
3B-Instruct model (Touvron et al., 2023) and

Qwen2.5-1.5B-Instruct model (Team, 2024)
as the base LLMs and used 5,000 prompts for fine-
tuning. The results are presented in Table 4. The
results confirm the effectiveness of our proposed
framework; however, we observe that for datasets
where the generated features are highly similar,
the model shows only slight or no improvement.
This indicates when using LLMs for recommenda-
tion systems, similar items can limit the benefit of
data augmentation. Adding highly similar informa-
tion can even lower the performance of the model,
as it is shown in Table 4 for “Pet Supplies” and
“Musical Instruments” datasets, where the perfor-
mance gains were minimal when similar features
were added. A detailed analysis of signal diversity
is provided in Section 5.2. To assess stability, we re-
peated each experiment three times and report the
mean and standard deviation in Appendix A.6. The
results show consistent gains across all domains,
suggesting that the improvements result from the
added semantic signals rather than random initial-
ization.

5. Additional Results and Analysis

5.1. Ablation on Prompts and Signal
Numbers

We further evaluate LaMAR’s robustness on the
Scientific dataset by examining two variants: an al-
ternative prompting strategy and an expanded multi-
signal setup. Specifically, we investigate whether
modifying the prompt design or generating addi-
tional semantic signals improves recommendation
performance. In the prompt variant, we modify
the input format by including the dataset name,
available features, and several random examples,
prompting GPT-4o-mini to generate a new semantic
signal. In the signal variant, we apply the standard
LaMAR prompting strategy iteratively, generating
and integrating a second signal.

As shown in Table 5, both variants improve
over the original feature set (Title, Brand, Cate-
gory). However, the standard LaMAR configuration



10474

(a) Semantic similarity analysis for GPT-4o-mini. (b) Semantic similarity analysis for Gemini-1.5-
Flash.

Figure 2: Semantic similarity analysis across thresholds for signals generated by GPT-4o-mini and
Gemini-1.5-Flash, using multi-qa-mpnet-base-cos-v1.

(a) Semantic similarity analysis for GPT-4o-mini. (b) Semantic similarity analysis for Gemini-1.5-
Flash.

Figure 3: Semantic similarity analysis across thresholds for signals generated by GPT-4o-mini and
Gemini-1.5-Flash, using all-MiniLM-L6-v2.

yields the highest overall performance, with the
largest gains in NDCG@10 (+5.89%), Recall@10
(+3.04%), and MRR (+6.86%). The prompt vari-
ant shows slightly lower effectiveness, with per-
formance drops of 2.66%, 2.77%, and 2.35% in
those same metrics, respectively, compared to
LaMAR. The signal variant, while introducing a sec-
ond semantic signal, does not lead to further gains
and even slightly underperforms in Recall@10 and
AUC, suggesting potential redundancy. These find-
ings highlight that careful prompt design is critical,
and that adding more semantic signals does not
always translate to better recommendation perfor-
mance.

5.2. Signal Diversity Analysis
To explore the novelty of the generated features
for each dataset, we compare the semantic sim-
ilarity, focusing on meaning and context rather
than surface-level word overlap. We embed each
sentence into a high-dimensional vector space,
and compute the cosine similarity between pairs
of vectors. We use two embedding models:
a general-purpose model, all-MiniLM-L6-v2,

and a semantically focused model, multi-qa-
mpnet-base-cos-v1. To identify similar texts,
we apply five cosine similarity thresholds: 0.6, 0.7,
0.75, 0.8, and 0.9. We categorize a text as “highly
similar” in a given threshold when it is similar to
more than 0.1× the length of the dataset.

Figures 2 and 3 represent the number of highly
similar rows in each dataset for a feature gener-
ated by GPT-4o-mini and Gemini-1.5-Flash.
The plot reveals that for features generated by both
models, the semantic model detects a high number
of similar rows at lower thresholds (0.6 – 0.7) espe-
cially for categories like Pet Supplies and Musical In-
struments, indicating that the LLM may have reused
similar phrasing or templates in these domains –
for example, recurring patterns involving common
pet types or limited music genres. This suggests
that during generation, certain categories are more
prone to semantic repetition. In addition, features
generated by Gemini-1.5-Flash show higher
similarity compared to those generated by GPT-
4o-mini when comparing general and semantic
similarity. Importantly, when we look beyond the
0.7 threshold and exclude the Pet Supplies and Mu-
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Metric Recformer LaMAR
(GPT-4o)

Improv.
(%)

NDCG@10 0.0384 0.0453 +17.97%
Recall@10 0.0774 0.0926 +19.64%
NDCG@50 0.0710 0.0782 +10.14%
Recall@50 0.2288 0.2444 +6.82%
MRR 0.0367 0.0409 +11.44%
AUC 0.8264 0.8241 -0.27%

Table 6: Comparing Recformer and LaMAR.

sical Instruments categories, the number of highly
similar rows drops dramatically. This means that
in most other domains, each generated feature is
semantically distinct from over 90% of the dataset,
demonstrating strong content diversity. This pro-
vides confidence that LLMs can generate varied
and original outputs in less templated categories.

5.3. Generalization to a Different Domain
To assess the generalizability of our approach be-
yond Amazon product categories, we conducted ad-
ditional experiments on the MovieLens-1M dataset.
In this setting, we used the movie title and genre as
base features. Since the dataset does not include
storyline information, we enriched it by incorporat-
ing storyline data obtained through web scraping.
Furthermore, we introduced a new semantic sig-
nal, “how the movie ends”, generated by prompting
GPT-4o-mini via LaMAR to enrich item represen-
tations. Table 6 summarizes the results, showing
consistent improvements across multiple metrics.
These results demonstrate that LaMAR general-
izes effectively across domains, and the proposed
semantic signal contributes meaningful improve-
ments even outside the e-commerce setting.

6. Conclusion

We propose LaMAR, a framework that uses LLMs
to generate semantic signals for augmenting se-
quential recommendation via few-shot prompting,
eliminating the need for manual feature engineer-
ing. Experiments across domains show consistent
performance gains, demonstrating the effective-
ness of LLMs as scalable, data-centric semantic
augmenters.

7. Limitation

We note that in real-world scenarios, the ground-
truth item may not always be present in the candi-
date pool. Consequently, reported metrics such as
Recall and NDCG should be interpreted as an up-
per bound, though the setup still allows a controlled
comparison between augmented and original item
representations. Additionally, due to computational

constraints, we limited the candidate pool to 21
items. However, in real-world scenarios, the num-
ber of available items is typically much larger.

Also, we note that the results were obtained using
a proprietary LLM (e.g., GPT-4o-mini), whose archi-
tecture and training data may evolve over time, and
the exact reproducibility of these results may be af-
fected. However, our experiments demonstrate the
effectiveness of the approach in leveraging LLM-
generated semantic signals, and the methodology
is generalizable to other LLMs or future versions.
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A. More Implementation Details

A.1. Prompts
An example of prompt employed for proposing new
semantic signal and for generating the detailed
description of LLM-generated semantic signals are
shown in Figures 4 and 5 respectfully. The prompts
used to generate the fifth feature described in 5.1
are also shown in 6, 7, and 8.

A.2. Metrics
We evaluate the effectiveness of our framework
using standard metrics commonly adopted
in recommendation research, including
NDCG@10 (Järvelin and Kekäläinen, 2002),
Recall@10 (Schütze et al., 2008), NDCG@50,
Recall@50, MRR (Voorhees et al., 1999), and
AUC (Hanley and McNeil, 1982; He et al., 2017).
These metrics collectively measure both the rank-
ing quality and retrieval accuracy of recommended
items within the top positions. NDCG (Normalized
Discounted Cumulative Gain) assesses the
position-weighted relevance of recommended
items, while Recall@K evaluates the proportion
of relevant items retrieved among the top-K. MRR
(Mean Reciprocal Rank) emphasizes the rank of
the first correct item, and AUC (Area Under the
ROC Curve) captures the overall discriminative
ability of the model across all thresholds. We
report these values for all experimental configura-
tions and directly compare them to the baseline
results reported in (Li et al., 2023), which uses
the RecFormer model without LLM-generated
features. This comparison allows us to quantify
the contribution of our semantic augmentation
framework across diverse datasets and evaluation
dimensions.

A.3. Models
Table 7 shows the models and their licenses.

Model Link License
Llama-3.2-3B-Instruct https://huggingface.

co/meta-llama/Llama-3.
2-3B-Instruct

llama3.2

GPT-4o-mini https://platform.
openai.com/docs/models/
gpt-4o-mini

OpenAI

Gemini-1.5-flash https://cloud.google.
com/vertex-ai/
generative-ai/docs/
models/gemini/1-5-flash

Google

Qwen2.5-1.5B-Instruct https://huggingface.
co/Qwen/Qwen2.5-1.
5B-Instruct

Apache License 2.0

Table 7: Models.

A.4. Data Statistics
Table 8 shows the statistics of the dataset.

Category Users Items Interactions
Industrial and Scientific 11,041 5,327 76,896
Musical Instruments 27,530 10,611 231,312
Arts, Crafts and Sewing 56,210 22,855 492,492
Office Products 101,501 27,932 798,914
Video Games 11,036 15,402 100,255
Pet Supplies 47,569 37,970 420,662

Table 8: Data statistics.

A.5. Data Preprocessing
For RecFormer, we follow the data processing pro-
cedure described in (Li et al., 2023). Specifically,
we use the datasets provided by the original data
sources and filter out items with missing titles. User
interactions are grouped by user and sorted in as-
cending order by timestamp to form sequential in-
put. For each item, we extract key attributes—such
as title, categories, and brand—and represent them
as key-value pairs. For fine-tuning LLaMA, each
training example is constructed from five chrono-
logically ordered items from a user’s interaction
history, enriched with their corresponding semantic
features, with the next item in the sequence used
as the ground-truth target.

A.6. Stability Analysis
To assess robustness, we repeated experiments
three times with different random seeds using the
Qwen2.5-1.5B-Instruct model (Team, 2024),
fine-tuned with LoRA, and report the mean ± stan-
dard deviation in Table 9. The results show consis-
tently low variance across runs, indicating stable
optimization behavior. Moreover, LaMAR consis-
tently outperforms the 3-feature baseline across all
domains, suggesting that the improvements arise
from the added semantic signals rather than ran-
dom initialization.

A.7. Baseline Analysis
We employ three types of methods as our baseline
similar to (Li et al., 2023), including approaches that
use item IDs as primary inputs while incorporating
item text as auxiliary information (S3 − Rec); and
approaches have exclusively item texts as input
(ZESRec, UniSRec, Recformer). S3 −Rec (Zhou
et al., 2020) improves sequential recommendation
by leveraging data correlations for self-supervision
signals generation and data representations im-
provement. ZESRec (Ding et al., 2021) is trained
on an old dataset and generalizes to a new one with
no overlapping users or items. UniSRec (Hou et al.,
2022) utilizes a lightweight MoE-based module to
integrate textual item representations.

We also compare our framework against
TAXREC (Liang et al., 2024), a state-of-the-art
taxonomy-guided augmentation approach. The re-

https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o-mini
https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/1-5-flash
https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/1-5-flash
https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/1-5-flash
https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/1-5-flash
https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
https://huggingface.co/Qwen/Qwen2.5-1.5B-Instruct
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Model Metric Industrial
and Scientific

Musical
Instruments

Arts, Crafts
and Sewing Office Products Video Games Pet Supplies

Original
Recall@10 0.7900±0.0161 0.9017±0.0065 0.8260±0.0014 0.6250±0.0453 0.8753±0.0663 0.9370±0.0134

NDCG@10 0.7359±0.0258 0.8560±0.0052 0.7679±0.0021 0.5540±0.0551 0.8292±0.0872 0.9087±0.0150

MRR 0.7186±0.0291 0.8413±0.0049 0.7489±0.0031 0.5313±0.0581 0.8143±0.0940 0.8994±0.0155

LaMAR
Recall@10 0.8597±0.0026 0.9423±0.0019 0.8547±0.0017 0.9173±0.0009 0.9737±0.0012 0.9763±0.0012

NDCG@10 0.8036±0.0012 0.9161±0.0027 0.8035±0.0014 0.8955±0.0009 0.9661±0.0007 0.9635±0.0008

MRR 0.7857±0.0024 0.9076±0.0031 0.7871±0.0019 0.8885±0.0010 0.9636±0.0010 0.9593±0.0014

Table 9: Robustness comparison between the original (Title, Brand, and Category) and LaMAR, which in-
cludes additional semantic signals generated by GPT-4o-mini. Results are obtained using the Qwen2.5-
1.5B-Instruct model fine-tuned with LoRA. N: NDCG; R: Recall.

Method Metric Industrial
and Scientific Musical Instruments Arts, Crafts

and Sewing Office Products Video Games Pet Supplies

TAXREC
(GPT-4o mini)

N@10 0.0021 0.0009 0.0007 0.0001 0.0034 0.0003
R@10 0.0046 0.0016 0.0017 0.0004 0.0061 0.0004
N@50 0.0050 0.0026 0.0019 0.0005 0.0081 0.0006
R@50 0.0182 0.0099 0.0074 0.0020 0.0285 0.0017
MRR 0.0029 0.0017 0.0011 0.0004 0.0048 0.0005
AUC 0.5341 0.5831 0.5919 0.5085 0.6219 0.5519

LaMAR
(GPT-4o mini)

N@10 0.1114 0.0838 0.1282 0.1163 0.0715 0.0992
R@10 0.1524 0.1076 0.1638 0.1434 0.1102 0.1213
N@50 0.1286 0.0983 0.1443 0.1262 0.0950 0.1081
R@50 0.2313 0.1747 0.2377 0.1888 0.2185 0.1620
MRR 0.1044 0.0813 0.1220 0.1109 0.0669 0.0952
AUC 0.7658 0.8058 0.8361 0.7593 0.8881 0.7959

Table 10: Performance comparison between TAXREC (Liang et al., 2024) and LaMAR (GPT-4o mini)
across six Amazon domains. The LaMAR results are reproduced from Table 3. N: NDCG; R: Recall.

sults are reported in Table 10. To ensure a fair
comparison, we implement TAXREC using a five-
feature taxonomy, aligning it closely with the origi-
nal setting and keeping the feature dimensionality
comparable to our framework (which operates with
four semantic signals). This ensures that perfor-
mance differences are not driven by feature count
discrepancies. In addition, we consider the en-
tire user interaction history when constructing user
representations, whereas the original TAXREC im-
plementation focused on the 10 most recent in-
teractions. TAXREC yields lower performance on
the Amazon product domains compared to both its
originally reported results on MovieLens and Book-
Crossing, as well as to LaMAR. We attribute this
performance gap to several structural differences
in the evaluation settings.

First, the scale of the candidate pool differs sig-
nificantly across these benchmarks. TAXREC was
originally evaluated on MovieLens-100K (Harper
and Konstan, 2015), which contains 1,682 movies,
and Book-Crossing (Ziegler et al., 2005), which
includes 4,389 items. In contrast, the Amazon do-
mains considered in our experiments are substan-
tially larger, ranging from 5,000 to 38,000 unique
items (Table 8). Since TAXREC ranks items by
counting feature-value overlaps within a fixed five-
feature taxonomy, the maximum possible score is
five. In larger catalogs, this naturally leads to many
items sharing identical scores. As the candidate set
grows, distinguishing the target item among these

tied candidates becomes increasingly challenging,
which in turn affects Recall@k and NDCG@k.

Second, the nature of the taxonomy varies by
domain. Movie taxonomies are inherently more
discriminative than product taxonomies. The orig-
inal TAXREC movie taxonomy includes features
such as genre, IMDb rating, and Rotten Toma-
toes score; attributes that are highly structured,
semantically meaningful, and well-represented in
LLM pretraining data. In contrast, product domains
lack similarly standardized and universally recog-
nized attributes, reducing the discriminative power
of taxonomy-based matching. Moreover, product
titles are typically noisier and less semantically in-
formative than movie titles, which may limit the
effectiveness of categorical feature overlap.

These results suggest that while taxonomy-
based approaches are effective in structured,
moderate-scale settings, high-cardinality and di-
verse product catalogs benefit from more scal-
able semantic representations. By leveraging
richer LLM-generated signals, LaMAR enables
finer-grained differentiation across items even in
high-cardinality domains. As shown in Table 10,
LaMAR consistently achieves strong improvements
across all tested domains, demonstrating the effec-
tiveness of integrating LLM-derived semantic infor-
mation for large-scale recommendation settings.
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Your task is introducing a new feature that can improve sequential recommendation task in a given dataset. 
The number of words must be between 30 and 50 words.  
 
Input:  
task type: Next movie recommendation to user based on pervious interaction.  
Dataset: MovieLens 1M  
Available feature: Title, Rating, Genre, Storyline.  
Output:  
Let’s think step by step. A user is lean toward seeing movie based on the feeling experiences at the end of 
movie. Therefore, how the movie ends can have impact on next movie the user selects to watch.  
Recommended feature: How movie ends.  
 
Input:  
task type: Next beauty product recommendation to user based on pervious purchase history.  
Dataset: Amazon All Beauty  
Available feature: Title, User_Rating, Average_Rating, Description. 
Output:  
Let’s think step by step. A user’s preference for beauty products may depend on the product's key benefits 
or unique selling points. Therefore, highlighting the main benefit can influence the next purchase decision.  
Recommended feature: Key Benefit.  
 
Input:  
task type: Next video game recommended to user based on pervious game history.  
Dataset: Amazon Video Games  
Available feature: Title, Brand, Rating, Summary of review.  
Output:  
Let’s think step by step. A user’s choice for the next game may depend on the gameplay experience, such 
as its genre or game mechanics. Therefore, a new impactful feature is the game style or genre. 
Recommended feature: Game Style.  
 
Input:  
task type: Next book recommended to user based on interaction.  
Dataset: Amazon Books  
Available feature: Title, Description, Author, Summary of review  
Output:  
Let’s think step by step. A user’s next book choice may depend on the central theme or primary emotion 
evoked by the book. Therefore, a new impactful feature is the main theme or emotional tone of the book.  
Recommended feature: Main Theme/Emotion.  
 
Input:  
task type: Next musical instruments recommended to user based on interaction.  
Dataset: Amazon Musical Instruments  
Available feature: Title, Brand, Category  
Output:  
Let’s think step by step. 
 
 
A user’s choice for the next musical instrument may depend on the intended music genre or playing skill 
level, as these factors shape usability and appeal. Therefore, a new impactful feature is the primary music 
genre or skill suitability.  
Recommended feature: Music Genre/Skill Suitability. 

Figure 4: An example of prompt used for proposing a new relevant signal.
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You are given the information of an office product including its title, brand, and category as input. The 
output must be the Product Function and should have between 10 to 30 words. Do not include "Product 
Function:" in your answer.  
 
Input: 
Title: Alligator Leather-Look Organizer Black XL Book and Bible Cover 
Brand: Visit Amazon's Zondervan Page 
Category: Office Products Office &amp; School Supplies Binders &amp; Binding Systems 
 
Output:  
Product Function: Keeps books, Bibles, and documents securely organized and protected with a stylish, 
durable alligator leather-look exterior, offering a professional and functional storage solution. 
 
Input: 
Title: LIFEPAC 2nd Grade Language Arts Set of 10 LIFEPACs 
Brand: Alpha Omega Publications 
Category: Office Products Office &amp; School Supplies Education &amp; Crafts Special Education 
Supplies 
 
Output: 
Product Function: Provides structured language arts curriculum for 2nd grade, supporting reading, writing, 
and comprehension skills through a series of engaging and comprehensive workbooks. 
 
Input: 
Title: Big Judy Clock Bulletin Board Set 
Brand: Carson-Dellosa 
Category: Office Products Office &amp; School Supplies Education &amp; Crafts Arts &amp; Crafts 
Supplies Classroom Decorations 
 
Output: 
Product Function: Combines a functional clock with a bulletin board for organizing schedules, 
announcements, and classroom materials, enhancing classroom management and timekeeping. 
 
 
Input: 
Title: Lucie Summers Eco Writer's Notebook 
Brand: Galison 
Category: Office Products Office &amp; School Supplies Paper 
 
Output: 
Product Function: 
 
 
Encourages creativity and note-taking with environmentally friendly materials, offering ample space for 
writing, journaling, and brainstorming ideas in a stylish notebook design. 

Figure 5: An example of prompt used for generating the proposed signal.
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You are a trusted assistant. Your task is introducing a new feature that can improve sequential 
recommendation task in a given dataset. The number of words must be between 30 and 50 words.  
 
Dataset: Amazon Industrial and Scientific  
Available feature: Title, Brand, Category 
 
Here is some items in the dataset:  
Mastech MS5900 3 Motor Phase Rotation Indicator Meter Sequence Tester LED Field 
5429076 PT# -35053 Bib-Eze Disposable Bib Holders 250/Pk by, DUX Dental VanR Cadco Clive 
-5429076 
Crest 3d Tp Vivid Wht Min Size 4.1z Crest 3d White Advanced Vivid Glamorous White Tooth 
Paste Vibrant Mint 4.1 
Hub City PB250URX1/2 Pillow Block Mounted Bearing, Normal Duty, Low Shaft Height, 
Relube, Setscrew Locking Collar, Narrow Inner Race, Cast Iron Housing, 1/2&quot; Bore, 
1.32&quot; Length Through Bore, 1.063&quot; Base To Height 
Accuform MCHL224VA Aluminum Safety Sign, Legend &quot;DANGER DIESEL 
FUEL&quot;, 7&quot; Length x 10&quot; Width, Red/Black on White 
&quot;Visitor Parking&quot; Sign with Right Arrow By SmartSign | 12&quot; x 18&quot; 3M 
Engineer Grade Reflective Aluminum 
Accuform SBMEXT566VP Plastic Spanish Bilingual Sign, Legend &quot;EMERGENCY EXIT 
ONLY SECURITY ALARM WILL SOUND IF DOOR IS OPENED/SALIDA DE 
EMERGENCIA SOLAMENTE LA ALARMA DE SEGURIDAD SONARA AL ABRIRSE LA 
PUERTA&quot;, 14&quot; Length x 10&quot; Width x 0.055&quot; Thickness, Red on White 
Online Plastic Supply White PVC Expanded Sheet 5/32&quot; (4mm) x 12&quot; x 12&quot; (8 
Pack) 
2 Pole Blade Relay Base Fits RH2B Relays Refrigeration Machine Accessories kits 
Monroe 555031 Gas-Magnum 65 Shock Absorber 
 
Now, introduce another feature for the given dataset. 
Let’s think step by step. 
 
Let’s think step by step. In industrial and scientific products, users often rely on specific product 
characteristics to make informed decisions. One key aspect is Product Dimensions/Size, which 
helps users assess the fit and suitability of the product for their intended use. 

Recommended feature: Product Dimensions/Size. 
 

Figure 6: An example of the prompt used for generating through prompt variant.
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Your task is introducing a new feature that can improve sequential recommendation task in a given dataset. 
The number of words must be between 30 and 50 words. 
 
Input: 
task type: Next movie recommendation to user based on pervious interaction. 
Dataset: MovieLens 1M 
Available feature: Title, Rating, Genre, Storyline. 
Output: 
Let’s think step by step. A user is lean toward seeing movie based on the feeling experiences at the end of 
movie. Therefore, how the movie ends can have impact on next movie the user selects to watch. 
Recommended feature: How movie ends. 
 
Input: 
task type: Next beauty product recommendation to user based on pervious purchase history. 
Dataset: Amazon All Beauty 
Available feature: Title, User_Rating, Average_Rating, Description. 
Output: 
Let’s think step by step. A user’s preference for beauty products may depend on the product's key benefits 
or unique selling points. Therefore, highlighting the main benefit can influence the next purchase decision. 
Recommended feature: Key Benefit. 
 
Input: 
task type: Next video game recommended to user based on pervious game history. 
Dataset: Amazon Video Games 
Available feature: Title, Brand, Rating, Summary of review. 
Output: 
Let’s think step by step. A user’s choice for the next game may depend on the gameplay experience, such 
as its genre or game mechanics. Therefore, a new impactful feature is the game style or genre. 
Recommended feature: Game Style. 
 
Input: 
task type: Next book recommended to user based on interaction. 
Dataset: Amazon Books 
Available feature: Title, Description, Author, Summary of review 
Output: 
Let’s think step by step. A user’s next book choice may depend on the central theme or primary emotion 
evoked by the book. Therefore, a new impactful feature is the main theme or emotional tone of the book. 
Recommended feature: Main Theme/Emotion. 
 
Input: 
task type: Next industrial and scientific product recommended to user based on interaction. 
Dataset: Amazon Industrial and Scientific 
Available feature: Title, Brand, Category 
Output: 
Let’s think step by step. 
 
A user’s next choice of industrial and scientific product may depend on its specific functionality or 
technical specification, which fulfills a precise need. Therefore, a new impactful feature is the product’s 
key functionality or technical specification.                                              
Recommended feature: Key Functionality/Technical Specification. 
 

Figure 7: Example prompt used for proposing the fifth semantic signal – first part.



10484

Thank you for your suggestions. You have suggested following features for the next feature: 
1- Key Functionality 
2- Technical Specification 
3- Application/use case 
4- Compatibility 
 
Compatibility means a state in which two things are able to exist or occur together without problems or 
conflict. 
Application means practical use or relevance. 
Functionality means the purpose that something is designed or expected to fulfill. 
Technical Specification means a detailed document that outlines the requirements and features needed for 
a product or system to work properly. 
 
Here is some items in the dataset: 
Mastech MS5900 3 Motor Phase Rotation Indicator Meter Sequence Tester LED Field 
5429076 PT# -35053 Bib-Eze Disposable Bib Holders 250/Pk by, DUX Dental VanR Cadco Clive -
5429076 
Crest 3d Tp Vivid Wht Min Size 4.1z Crest 3d White Advanced Vivid Glamorous White Tooth Paste Vibrant 
Mint 4.1 
Hub City PB250URX1/2 Pillow Block Mounted Bearing, Normal Duty, Low Shaft Height, Relube, 
Setscrew Locking Collar, Narrow Inner Race, Cast Iron Housing, 1/2" Bore, 1.32" Length Through Bore, 
1.063" Base To Height 
Accuform MCHL224VA Aluminum Safety Sign, Legend "DANGER DIESEL FUEL", 7" Length x 10" 
Width, Red/Black on White 
"Visitor Parking" Sign with Right Arrow By SmartSign | 12" x 18" 3M Engineer Grade Reflective 
Aluminum 
Accuform SBMEXT566VP Plastic Spanish Bilingual Sign, Legend "EMERGENCY EXIT ONLY 
SECURITY ALARM WILL SOUND IF DOOR IS OPENED/SALIDA DE EMERGENCIA SOLAMENTE 
LA ALARMA DE SEGURIDAD SONARA AL ABRIRSE LA PUERTA", 14" Length x 10" Width x 0.055" 
Thickness, Red on White 
Online Plastic Supply White PVC Expanded Sheet 5/32" (4mm) x 12" x 12" (8 Pack) 
2 Pole Blade Relay Base Fits RH2B Relays Refrigeration Machine Accessories kits 
Monroe 555031 Gas-Magnum 65 Shock Absorber 
 
We decided to have Primary Use Case as the fourth feature.  
Now, introduce another feature for the given dataset. 
 

Given the dataset, an additional useful feature could be Brand Reputation. The brand’s reputation often 
influences purchasing decisions, especially for industrial and scientific products. Users may prefer products 
from well-known, trusted brands due to their reliability, durability, and performance standards. 

Recommended feature: Brand Reputation. 
 

Figure 8: Example prompt used for proposing the fifth semantic signal – second part.
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