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Abstract

Feature engineering has long been central to
recommender systems, yet effectively lever-
aging textual item features remains challeng-
ing. Recent advances in large language mod-
els (LLMs) have enabled their use as semantic
encoders for recommendation, but their roles
and behaviors in this setting are still not well
understood. Prior studies often rely on general-
purpose embedding benchmarks (e.g., MTEB)
when selecting LLMs, overlooking the unique
characteristics of recommendation tasks. To ad-
dress this gap, we introduce BLAIR, a compre-
hensive benchmark for evaluating LLMs as se-
mantic encoders in recommendation scenarios.
We contribute (1) a new large-scale Amazon
Reviews 2023 dataset with over 570 million re-
views and 48 million items, (2) a unified bench-
mark covering sequential recommendation, col-
laborative filtering, and product search, and
(3) a new complex-query product search task
featuring both semi-synthetic and real-world
evaluation datasets. Experiments with 11 lead-
ing LLMs show that their rankings on BLAIR
show little correlation with MTEB, highlight-
ing the unique challenges of semantic encoding
in recommendation.

1 Introduction

Feature engineering has long been central to mod-
ern recommender systems (Rendle, 2010; Chen
et al., 2012; Cheng et al., 2016). However, ef-
fectively leveraging textual information (e.g., item
descriptions) has remained a challenge. While text
features are rich in semantics, they are often noisy,
unstructured, and difficult to integrate directly into
recommendation models. Early approaches relied
on keyword tagging (Mooney and Roy, 2000; Wang
and Blei, 2011; Tang et al., 2012), which were
largely heuristic and discarded substantial semantic
information. Moreover, textual features were typi-
cally modeled using shallow statistical techniques,

lacking the broader common-sense knowledge in-
herent in natural language.

With the rapid advancement of large language
models (LLMs) (Hoffmann et al., 2022; Rae et al.,
2021; Chowdhery et al., 2023; Touvron et al., 2023;
Zhao et al., 2023), researchers have begun to em-
ploy them as semantic encoders for recommenda-
tion. Pretrained on large-scale corpora, LLMs cap-
ture extensive world knowledge and demonstrate
strong capabilities in understanding and represent-
ing natural language. Consequently, an increas-
ing number of studies has explored using LL.M-
encoded text representations as inputs to train rec-
ommendation models, a direction referred to as
modality-based recommendation (Hou et al., 2022;
Yuan et al., 2023). This paradigm has shown
promising results across various tasks, including
sequential recommendation (Hou et al., 2022; Yuan
et al., 2023), collaborative filtering (Ren et al.,
2024; Sheng et al., 2024), and product search (Li
et al., 2021; Reddy et al., 2022).

Despite this progress, the role of LLMs as se-
mantic encoders in recommendation remains not
well understood. Existing studies typically adopt
popular or recently released LLMs, or rely on
general-purpose sentence embedding benchmarks
such as MTEB (Muennighoff et al., 2023; Enevold-
sen et al., 2025) for model selection. However,
the requirements of recommendation differ sub-
stantially from those of generic text embedding
tasks. (1) In recommendation, encoded represen-
tations are usually used as input features to train
downstream models such as Transformer decoders
for sequential recommendation, whereas in text
embedding tasks, representations are more often
consumed directly for similarity search or simple
classifiers. (2) In recommendation, text inputs are
often short and noisy (e.g., item titles), requiring
semantic encoders to provide strong disambigua-
tion based on world knowledge, while text embed-
ding benchmarks typically evaluate well-formed

3251

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 3251-3265

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://amazon-reviews-2023.github.io
https://github.com/hyp1231/BLaIR-Bench

LLMs as Semantic Encoders

Encoded Output Used to
Item Text By Semantic Encoder P Semantic Train _| Recommendation
Features (LLM) Representations Model &y
BLalR Benchmark

Sequential Recommendation

Collaborative Filtering

Product Search

Rty Items
: e SN, PR TN
Apaee 25725 B N
Short Query  Complex Query
Beauty, Games, Baby, Beauty, Games, Baby, ESCT Amazon-C4
ML-1IM, Yelp BX, ML-1M, Yelp Reddit-Movie

Figure 1: Overview of BLAIR benchmark. We evaluate LLMs as semantic encoders to convert item text features
into semantic representations, which then train downstream recommendation models. The benchmark covers
three scenarios: (i) sequential recommendation (e.g., UniSRec (Hou et al., 2022)); (ii) collaborative filtering (e.g.,
AlphaRec (Sheng et al., 2024)); and (iii) product search with short queries and complex queries.

sentences or paragraphs.

To address this gap, we present BLAIR, which
stands for Bridging Language and Items for
Retrieval and Recommendation, a comprehensive
benchmark designed to evaluate LLMs as semantic
encoders in recommendation scenarios (Figure 1).
Our contributions are as follows:
¢ A new large-scale e-commerce dataset: Ama-
zon Reviews 2023. Previous Amazon Reviews
datasets (McAuley et al., 2015; He and McAuley,
2016; Ni et al., 2019) are widely used for bench-
marking but were released several years ago (last
released in 2018) and contain noisy metadata. We
collect a new dataset with cleaned metadata, con-
taining over 570 million reviews and 48 million
items, with a cutoff date of September 2023.

e A comprehensive benchmark: BLAIR. We
evaluate three representative recommendation sce-
narios: sequential recommendation, collaborative
filtering, and product search. For each, we imple-
ment strong baselines and conduct extensive exper-
iments with 11 top-performing LLMs on MTEB.
¢ A new subtask: complex-query product search.
Existing product search datasets typically involve
short queries. To align with emerging applica-
tions that require understanding long, complex, and
ambiguous queries, we introduce a new subtask,
complex-query product search. We construct two
datasets: one semi-synthetic dataset derived from
real user reviews and another curated from real-
world forum posts.

Our results yield several notable insights: (1)
LLM rankings on BLAIR are not positively cor-
related with their rankings on MTEB, highlight-
ing that recommendation poses distinct challenges

compared to general embedding benchmarks. (2)
Even when downstream models have the same num-
ber of parameters, performance still scales with
the size of the semantic encoder, though the effect
weakens as task complexity grows. (3) We ob-
serve a strong correlation between results on semi-
synthetic and real-world datasets for complex query
product search tasks, implying that semi-synthetic
data can be a cost-effective proxy for evaluation.

2 Related Work

Semantic Encoders in Recommendation. Re-
searchers have long sought to better leverage se-
mantically rich textual features such as titles and
descriptions. Early works in content-based recom-
mendation (Mooney and Roy, 2000; Gopalan et al.,
2014) extracted keywords and learned their col-
laborative relations between users and items (Ren-
dle, 2010; Wang and Blei, 2011; Chen et al., 2012;
Wang et al., 2015). With advances in natural lan-
guage processing (NLP), later studies began di-
rectly encoding text features using pretrained mod-
els to better capture language semantics (Chen
et al., 2017; Hou et al., 2022; Yuan et al., 2023).
However, such models often suffer from domain
gaps between their pretraining data and recommen-
dation scenarios (Hou et al., 2023). Recently, the
emergence of LLMs with superior generalization
capabilities has inspired researchers to explore us-
ing LLMs as semantic encoders in recommenda-
tion (Wei et al., 2024; Ren et al., 2024; Ren and
Huang, 2024; Sheng et al., 2024). Nevertheless,
questions remain about how the choice of LLM
impacts the downstream performance.
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Table 1: Statistics of different versions of Amazon Re-
views datasets. #Tokens denotes the total number of text
tokens obtained using the c1100k_base tokenizer.

Table 2: Statistics of representative large-scale recom-
mendation datasets.

Dataset #Items #Users #Interactions

Version Amazon’13 Amazon’14 Amazon’18 Amazon’23
#Categories 28 24 29 33
Customer Reviews
#Reviews 34,686,771 82,456,877 233,055,327 571,544,897
#Users 6,643,669 21,128,805 43,531,850 54,514,264
#Items 2,441,053 9,857,241 15,167,257 48,185,153
#Tokens 5.9B 9.1B 15.7B 30.1B
Min Time Jun 1995 Jun 1996 Jun 1996 Jun 1996
Max Time Mar 2013 July 2014 Oct 2018 Sep 2023
Item Metadata
#Tokens - 4.1B 7.9B 30.7B
# Meta - 9,430,088 14,741,571 35,393,189
Benchmarking Text Embeddings. To compre-

hensively evaluate text embedding models across
domains and tasks, researchers have developed
benchmarks that aggregate multiple public datasets.
An early example is BEIR (Thakur et al., 2021),
which evaluates text embedding models on infor-
mation retrieval tasks. MTEB (Muennighoff et al.,
2023) and MMTEB (Enevoldsen et al., 2025) fur-
ther expand the evaluation scope beyond retrieval
to broader embedding applications such as classifi-
cation and clustering. Recently, BRIGHT (Su et al.,
2025) focuses on retrieval tasks that require reason-
ing to identify relevant documents. In this work,
we aim to benchmark text embedding models as
semantic encoders in recommendation scenarios.
This is not merely a domain-specific adaptation but
rather reflects that, as semantic encoders, LLMs
require different capabilities.

Benchmarking LLMs for Recommendation.
Existing efforts to benchmark LL.Ms for recom-
mendation can be grouped into three categories:
(1) benchmarking their real-world web interac-
tion capabilities as shopping agents (Yao et al.,
2022; Wang et al., 2025); (2) benchmarking their
shopping-related knowledge and understanding of
user intent (Jin et al., 2024); and (3) benchmarking
LLMs themselves as recommendation models (Liu
et al., 2023, 2024; Jiang et al., 2025; Liu et al.,
2025). In contrast, to the best of our knowledge,
we are the first to benchmark LLMs for encoding
textual features in recommendation scenarios.

3 A Large-Scale E-Commerce Dataset:
Amazon Reviews 2023

The Amazon Reviews datasets are among the most
representative publicly available resources for eval-
uating recommendation models (McAuley et al.,

Netflix (Bennett et al., 2007) 17,770 480,189 100,480,507
Amazon’18 (Ni et al., 2019) 15,167,257 43,531,850 233,055,327
Google Local (Yan et al., 2023) 4,963,111 113,643,107 666,324,103
Tenrec (Yuan et al., 2022) 3,753,436 5,022,750 142,321,193
MicroLens (Ni et al., 2023) 1,142,528 34,492,051 1,006,528,709
Amazon Reviews 2023 48,185,153 54,514,264 571,544,897

2015; He and McAuley, 2016; Ni et al., 2019), of-
fering rich item features. Given the wide use of the
Amazon Reviews datasets, we aim to include them
in our benchmark. However, existing versions of
the Amazon Reviews datasets are outdated. The

most recent one was last updated in 2018.

To enhance the quality of our proposed bench-
mark, we collect a new version of the dataset,
named Amazon Reviews 2023'. Table 1 presents
key statistics comparing Amazon Reviews 2023
with earlier versions, while Table 2 compares Ama-
zon Reviews 2023 with other representative large-
scale datasets. The new dataset offers several no-
table improvements:

* Larger scale: Amazon Reviews 2023 is substan-
tially larger than previous versions across all di-
mensions. Specifically, it contains 3.18x more
items and 2.58 X more text tokens in reviews and
item metadata than the 2018 version.

* More recent interactions: The dataset contains
more recent reviews from Amazon, extending the
previous version with new data ranging from Oct
2018 to Sep 2023.

* Richer and cleaner metadata: We re-parsed the
original HTML product pages into structured
JSON format, resulting in metadata with more
descriptive fields (e.g., item descriptions and fea-
tures) and multi-modal information (e.g., product
videos and images at multiple resolutions).

o Finer-grained timestamps: Previous datasets pro-
vided timestamps only at the day level, which can
introduce inaccuracies for time-sensitive tasks
such as sequential recommendation. In contrast,
Amazon Reviews 2023 offers timestamps with
millisecond precision.

4 BLAIR Benchmark

In this section, we present the structure of the pro-
posed benchmark, BLAIR. The benchmark com-
prises three recommendation-related scenarios: se-
quential recommendation, collaborative filtering,

"https://amazon-reviews-2023.github.io/
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Table 3: Data statistics of the BLAIR benchmark. Each row is a dataset. Cells that do not apply are marked n/a.
“Real” indicates real-world data, while “Sync” indicates semi-synthetic data. More details about data split strategies
(by timestamp, by ratio, or leave-last-out) can be found in Section C.1.

#Interactions
Dataset D/a;a ﬁ:)ull'(ce Type #Items Split A\I;g. #gtems M tAgg't It;glh Aviél?uery
ubtas| Train val Test er User etadata ars ars
S q il Ry. At
Beauty 43,978 82,800 14,268 7,698 By Timestamp 2.45 118.83
Games Amazon’23 115,813 2,127,563 189,268 215,809 (08/11/2021, 3.41 85.40
Baby Real 179,128 2,930,822 304,617 347,884 07/16/2022) 3.53 107.26 na
ML-1M ML-1M 3,043 983,412 6,040 6,040 Leave- 164.82 23.78
Yelp Yelp 20,033 255,492 30,431 30,431 Last-Out 10.01 604.60
Collaborative Filtering

Beauty 43,978 41,906 31,429 31,431 2.45 118.83
Games Amazon’23 115,813 1,013,056 759,792 759,792 341 85.40
Baby 179,128 1,433,329 1,074,996 1,074,998 By Ratio 3.53 107.26

Real 4:3:3 n/a
BX BX 5335 101183 75804 75862 (43I 4031 2757
ML-1M ML-1M 3,043 398,184 298,631 298,677 164.82 23.78
Yelp Yelp 20,033 126,542 94,906 94,906 10.01 604.60

Product Search

ESCI Short Real 1,367,729 27,643 96.57 22.46
Amazon-C4 Complex Sync 1,058,417 n/a n/a 21,223 n/a n/a 99.81 229.89
R-Movies  Complex Real 51,203 1,627 19.63 435.85

and product search. We first introduce the defini-
tions and used datasets of each task in Section 4.1.
Then, we describe in detail a newly introduced
subtask under the product search scenario, namely
complex-query product search, which contains
long and ambiguous user queries (Section 4.2).

4.1 Task Definitions and Datasets

Given an item v with textual features x, (such as
title), the first step in using LLMs as semantic en-
coders is to transform these text features into dense
representations: e, = LLM(x,). Here, LLM(-)
denotes a pretrained and frozen LLM, and e, € R?
is the resulting semantic representation for item
v. The encoded representations {e, } can then be
used as inputs to train downstream recommenda-
tion models or directly for retrieval tasks. We con-
sider three representative scenarios, each with its
own task definition and dataset. The statistics of all
datasets used in BLAIR are summarized in Table 3.

Sequential Recommendation. In the sequential
recommendation task, a user’s interaction history
is represented as a time-ordered sequence of items
Si—1 = [v1,v2,...,v-1]. The goal is to predict
the next item v; that the user will interact with. Fol-
lowing common practice (Hou et al., 2022; Yuan
etal., 2023; Sheng et al., 2024), we first add adapter
layers to align the semantic embedding space with
the recommendation space. Specifically, each item
embedding is projected as e;, = Proj,q(e,) € R,

where Proje,(-) denotes a learnable projection
layer. This design ensures that the downstream rec-
ommendation model maintains a consistent num-
ber of parameters, regardless of the dimensionality
of the underlying LLM. We then adopt the UniS-
Rec (Hou et al., 2022) architecture to implement
the sequential recommendation model. Formally,
the next-item probability is defined as:

P(v|S—1) x Trm(eijl,eim, ol e;t_l) e

!/

vt
where Trm(-) is a Transformer decoder (Vaswani
et al., 2017). The model is trained by maximiz-
ing the likelihood of the next items using a cross-
entropy loss.

For sequential recommendation tasks, we se-
lect three categories from the Amazon Reviews
2023 dataset: All Beauty (Beauty), Video Games
(Games), and Baby Products (Baby). These cate-
gories differ in both scale (0.7M, 4.5M, and 6.0M
interactions, respectively) and domain (fashion, en-
tertainment, and childcare). In addition, we in-
clude two widely used public datasets, Movielens-
IM (ML-IM) (Harper and Konstan, 2015) and
Yelp (Yelp Inc., 2020).

Collaborative Filtering. Given historical user-
item interactions, the goal of collaborative filtering
is to predict which item a user v is most likely to
interact with next. Similar to the sequential recom-
mendation setup, we add an adapter layer to obtain
projected item representations e, = Projs(e,) €
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RY. Following AlphaRec (Sheng et al., 2024), the
user representation e}, is computed as the average
of the projected representations of items that the
user has interacted with. The prediction probability
is then defined as:

P(v|u) oc cos(Wel,, Wel)/,

where W € R?" %4 s a linear layer, cos(-, ) de-
notes the cosine similarity function, and 7 is a
temperature hyperparameter. The model is trained
using the InfoNCE loss with in-batch negative sam-
pling (Chen et al., 2020).

For collaborative filtering tasks, we use the same
five datasets as in the sequential recommendation
scenario: Beauty, Games, and Baby from Ama-
zon Reviews 2023, along with ML-IM and Yelp.
Additionally, we include the widely used Book-
Crossing dataset (BX) (Ziegler et al., 2005). We
exclude Book-Crossing from the sequential recom-
mendation scenario because it does not provide
timestamps to order user interactions.

Product Search. In the product search task,
given a user query g, the goal is to retrieve the
most relevant items from a large corpus. The
query is encoded using the same LLM as for items:
e, = LLM(q) € R For this task, we do not
apply any adapter layers and directly use the raw
LLM-encoded representations for retrieval. The
relevance score between a query ¢ and an item v is
computed as e, - e, in a zero-shot manner.

We consider two subtasks under the product
search scenario: (1) short-query product search,
the conventional setting where user queries are
short and specific, typically containing concise
keywords; and (2) complex-query product search,
where user queries are longer, more descriptive,
and often ambiguous. For short-query product
search, we use the ESCI dataset (Reddy et al.,
2022). The latter subtask is newly introduced in
this work, with detailed task definitions and evalua-
tion datasets presented in Section 4.2.

4.2 New Subtask: Complex-Query Product
Search

As the natural language understanding capabilities
of large language models continue to grow, users
are no longer limited to issuing short, keyword-
based queries when searching for items. Instead,
they can describe their needs in more natural and
expressive ways, which can be long, ambiguous,
or require reasoning to identify relevant items (e.g.,

Table 4: Comparison of user queries for the same item
in the ESCI and Amazon-C4 datasets.

Item ASIN/ID BO7RJZNYS5C
Query (ESCI)

Query
(Amazon-C4)

salt gun

I want a gun that I can use while garden-
ing to get rid of stink bugs, ants, flies,
and spiders in my house. It needs to be
amazing and help me feel less scared.

Metadata BUG-A-SALT 3.0 Black Fly Edition.

Table 5: An example from the Reddit-Movie dataset.

IMDb ID 2582802

Query Movies with a character that is very deter-

(Reddit-Movie) mined and goes through a vigorous train-
ing to be very good/the best at something?
It doesn’t necessarily have to be a train-
ing, it could be the character learning by
trial and error, experience and doing the
thing himself. Pretty much any genre is
okay, action, sci fi, thriller, horror, ...

Movie Whiplash (2014)

Buy it in ChatGPT? and Amazon Rufus?). To re-
flect this emerging trend, we introduce this subtask
into our benchmark.

However, there are few public datasets that sup-
port evaluation in this setting. Collecting real
paired complex user queries and their correspond-
ing items is infeasible, as user chat histories are
and should remain private. Therefore, we construct
two datasets for this task: a semi-synthetic dataset
derived from real user reviews in the Amazon Re-
views 2023 (collected in Section 3), and a real-
world dataset curated from Reddit forum posts.

Semi-Synthetic Complex Queries: Amazon-C4.
The first dataset we introduce is Amazon-C4*, short
for Complex Contexts Created by ChatGPT. The
key idea is that user reviews often contain detailed
intentions and rich contextual information, which
can be repurposed into complex user queries. How-
ever, directly using reviews as queries is problem-
atic. Reviews are usually written in a reflective
tone, not in the style of a user query. In addition,
reviews may include information about the target
item that causes data leakage. To address this, we
use large language models to rephrase user reviews
into natural, query-like forms, creating the semi-

Zhttps://openai.com/index/buy-it-in-chatgpt/

3https://www.amazon.com/rufus/

4https://huggingface.co/datasets/McAuley—Lab/
Amazon-C4
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Table 6: Performance comparison of LLMs as semantic encoders across different recommendation scenarios. “Seq.
Rec.”, “Col. Fil.”, “Short”, and “Complex” stand for sequential recommendation (5 datasets), collaborative filtering
(6 datasets), short-query product search (1 dataset), and complex-query product search (2 datasets), respectively.

The best results in each column are highlighted in bold.

Product Search
Model Rank (Borda)* OAVg'H $ng; Seq. Rec. Col. Fil. —
(Overall) ~ (Task) Short Complex
Open-Source Models (< 1B parameters)
FacebookAI/roberta-large 11 (15.0) 0.0263 0.0190 0.0393  0.0269  0.0096 0.0001
Qwen/Qwen3-Embedding-0.6B 10 (35.5) 0.0507 0.0829 0.0415 0.0274  0.1876 0.0750
princeton-nlp/sup-simcse-roberta-large 9 (37.0) 0.0397 0.0536 0.0426  0.0265 0.1063 0.0389
sentence-transformers/sentence-t5-1large 8 (42.5) 0.0513 0.0801 0.0418 0.0304  0.1691 0.0790
Open-Source Models (> 1B parameters)
Qwen/Qwen3-Embedding-4B 7 (69.5) 0.0620 0.1036 0.0416  0.0350  0.2258 0.1120
Qwen/Qwen3-Embedding-8B 6 (54.0) 0.0637 0.1069 0.0415 0.0362  0.2328 0.1172
Salesforce/SFR-Embedding-Mistral 4(98) 0.0679 0.1160 0.0433  0.0372  0.2560 0.1273
intfloat/e5-mistral-7b-instruct 3(101) 0.0666 0.1120 0.0434  0.0377  0.2437 0.1232
GritLM/GritLM-7B 2 (105) 0.0685 0.1161 0.0434  0.0385  0.2537 0.1290
Proprietary Models
gemini-embedding-001 (Google) 5(96.5) 0.0629 0.1040 0.0434  0.0355  0.2233 0.1140
text-embedding-3-large (OpenAl) 1 (116) 0.0665 0.1112 0.0440 0.0366  0.2366 0.1278

* Rank () is determined by the Borda Count score. For the Borda score and all other metrics, higher values are better (1).

synthetic dataset.
Prompt for complex query synthesizing in Amazon-C4.

Given a review from Amazon, can you rephrase
it with a first-person tone as if you are the
customer looking for a product? Give me the
rephrased output without saying anything else.
Note that the name of the product must not
show in the output since you are looking for
it. You should ignore irrelevant information
that doesn’t help with the rewriting.

Specifically, we uniformly sample more than
20,000 5-star reviews from the Amazon Reviews
2023 dataset with at least 100 characters per re-
view to ensure sufficient detail. We use Chat-
GPT to rephrase each review into a first-person
query expressing the intent to find a suitable item
(see Prompt 1 for the prompt). We then filter out
cases where ChatGPT fails to perform the con-
version. A comparison between a user query in
Amazon-C4 and ESCI for the same target item is
shown in Table 4.

Real-World Complex Queries: Reddit-Movies.
The second dataset, Reddit-Movies (R-Movies), is
curated from real forum discussions. As Amazon-
C4 is semi-synthetic, one may question whether the
generated queries are realistic enough for model
evaluation. To complement it, we build Reddit-
Movies based on the reddit_movie_large_v1
dataset (He et al., 2023), which collects real Red-
dit discussions about movies and links each movie

to its IMDD ID. Specifically, we keep only posts
where users explicitly ask for movie suggestions
(with the label is_seeker=True) that have at least
one valid response with more than 20 upvotes,
which indicates a believable answer. For item meta-
data, we use the movie title and release year. The
final dataset contains more than 20,000 query-item
pairs, split into training, validation, and test sets
following the original data split (He et al., 2023).
Note that only the test split is used for evaluation
in our benchmark.

S Experiments

5.1 Experimental Setup

We evaluate 11 top-performing LLMs from the
widely used general text embedding benchmark
MTEB (Muennighoff et al., 2023; Enevoldsen et al.,
2025): (1) open-source LLMs with < 1B param-
eters (RoBERTa (Liu et al., 2019), SimCSE (Gao
et al.,, 2021), Sentence-T5 (Ni et al., 2022));
(2) open-source LLLMs with > 1B parameters
(E5 (Wang et al., 2024), SFT-Embedding (Meng
et al., 2024), GritLM (Muennighoff et al., 2025));
and (3) proprietary text embedding models from
Google (gemini-embedding-001) and OpenAl
(text-embedding-3-large). Among these, we
further benchmark Qwen3-Embedding models of
varying sizes (0.6B, 4B, and 8B) (Zhang et al.,
2025) to better understand the scaling behavior of
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Figure 2: Performance correlation between MTEB (eng,
v2) and BLalR (avg. per task).

LLM-based semantic encoders. Please refer to Sec-
tion C for more implementation details.

5.2 Main Results

We present the benchmarking results in Table 6,
with detailed per-dataset results in Section D. Sev-
eral key observations emerge:

(1) The ranking on BLAIR shows little cor-
relation with MTEB. By analyzing the Spearman
correlation between the per-task average scores on
BLAIR and MTEB (eng, v2) (Enevoldsen et al.,
2025), we observe a correlation coefficient of
—0.476 with p = 0.233 (see Figure 2). This indi-
cates that the performance of LLMs on general text
embedding benchmarks does not necessarily reflect
their effectiveness as semantic encoders for recom-
mendation tasks. We attribute this to three possible
factors. First, MTEB includes tasks such as cluster-
ing and summarization that are not directly aligned
with the objectives of recommendation systems.
Second, representations in recommendation tasks
are expected to be highly discriminative (Hou et al.,
2022; Sheng et al., 2024), a property not empha-
sized in MTEB. Third, as competition on MTEB
intensifies, models may become overfitted to its
specific tasks, resulting in reduced generalization
to other domains.

(2) The scaling behavior of semantic encoders
weakens when downstream tasks become com-
plex. According to scaling laws, larger models
typically achieve better performance (Kaplan et al.,
2020), yet this trend is not consistently observed
in our benchmark. We ensure a fair comparison
by controlling the downstream model parameters
across different LLM-based semantic encoders, us-
ing adaptors before feeding the representations into

the downstream models. In tasks with simple down-
stream architectures, such as collaborative filtering
(a single linear layer; see Section 4.1), larger LLMs
generally yield higher performance. However, in
more complex settings like sequential recommenda-
tion, where the downstream model involves a Trans-
former decoder, the scaling trend becomes less
pronounced. For instance, models in the Qwen3-
Embedding family show comparable performance
across different sizes on the sequential recommen-
dation task. A discussion on this counterintuitive
observation is provided in Section E.

(3) The semi-synthetic dataset Amazon-C4
exhibits a strong linear correlation with the real-
world dataset Reddit-Movie on the complex-
query product search task. By computing
the Pearson correlation coefficient between the
NDCG@100 scores of all evaluated models on
Amazon-C4 and Reddit-Movie (Table 10), we
find a strong linearly positive correlation of 0.94
(p < 0.01). This indicates that Amazon-C4, de-
spite being semi-synthetic and covering domains
different from that in real-world complex queries,
effectively captures essential characteristics of such
queries. These results demonstrate that Amazon-
C4 serves as a reliable proxy for evaluating (and
potentially training) LLMs on complex-query prod-
uct search tasks.

(4) text-emb-3-large demonstrates unex-
pectedly strong generalization on BLAIR. Devel-
oped by a leading company, text-emb-3-large is
one of the most widely used text embedding mod-
els. Despite ranking only 42nd (as of Oct 6, AoE)
on MTEB (English, v2), which is relatively low
compared to other models evaluated in this study,
raising doubts about its overall capability, it ex-
hibits remarkably good performance across diverse
datasets and tasks in BLAIR. Although its average
performance is not the highest, its Borda Count
ranking reveals consistently strong results across
different scenarios. These observations suggest
that text-emb-3-large possesses notable gener-
alization ability and further indicate that evaluat-
ing LLM generalization remains an open and non-
trivial challenge.

5.3 Performance w.r.t. Item Metadata

Although numerous item metadata attributes are
available for use as item features in the collected
Amazon Reviews 2023 dataset, in BLAIR we in-
clude only the item title, as it is the most univer-
sally available attribute, providing high informa-
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Figure 3: Comparison of performance when using dif-
ferent item metadata. Each point represents a model on
a specific dataset.

Table 7: Comparison between adaptors using ma-
tryoshka representation learning (MRL) and principal
component analysis (PCA).

Model Adaptor Seq. Rec. Col. Fil.
T
gemini-embedding-001 1}\)4%?“ gggg: gggﬁ
text-embedding-3-large 15[%[; ggggg 88;?3

tion density in a concise and easily identifiable
form. In this section, we investigate whether incor-
porating additional metadata can further enhance
the performance of LLM-based semantic encoders.
Specifically, we conduct experiments using both
the item title and description as input features,
and compare the results with those obtained us-
ing the title alone. We evaluate three representative
models (text-emb-3-1large, Qwen3-Emb-8B, and
SimCSE) across four datasets: Games (sequential
recommendation), Games (collaborative filtering),
Amazon-C4, and ESCI.

The results in Figure 3 show that incorporating
both the title and description does not consistently
improve performance relative to using only the title.
We attribute this to two factors. First, longer text
inputs may introduce additional noise, making it
harder for the model to extract relevant informa-
tion. Second, LLM world knowledge may already
capture some of the information provided in item
descriptions. These observations suggest that ef-
fectively leveraging rich, heterogeneous, and noisy
item metadata in semantic encoders remains a chal-
lenging open problem.

5.4 Performance w.r.t. Adaptor Design

In our experiments, to ensure fair comparisons
across different LLM-based semantic encoders,
we employ adaptors to align their representation
dimensions. We use principal component anal-
ysis (PCA) with whitening as the default adap-
tor due to its simplicity and efficiency (Huang
et al., 2021; Su et al., 2021). Meanwhile, sev-
eral LLMs are capable of directly producing low-
dimensional representations through matryoshka
representation learning (MRL) (Kusupati et al.,
2022). In this section, we compare the performance
of PCA and MRL on three representative models
(Qwen3-Embedding-8B, gemini-embedding-001,
and text-embedding-3-large) across all recom-
mendation datasets that require an adaptor.

As shown in Table 7, for tasks involving com-
plex downstream models such as sequential rec-
ommendation, PCA outperforms MRL, likely be-
cause whitening encourages more distinguishable
representations. In contrast, for tasks with sim-
pler architectures like collaborative filtering, MRL
tends to achieve better results, possibly due to its
ability to preserve task-relevant information in low-
dimensional spaces. These findings suggest that the
choice of adaptor should be guided by the complex-
ity of the downstream task and model architecture.

6 Conclusion

In this work, we introduced BLAIR, a comprehen-
sive benchmark for evaluating LLMs as semantic
encoders in recommendation scenarios. We con-
tributed (1) a new large-scale Amazon Reviews
2023 dataset, (2) a unified benchmark spanning
sequential recommendation, collaborative filtering,
and product search, and (3) a novel complex-query
product search task with both semi-synthetic and
real-world evaluation datasets. Our experiments
with 11 leading LLMs revealed several key insights:
(1) LLM rankings on BLAIR show little corre-
lation with general text embedding benchmarks
like MTEB, indicating that the role of semantic
encoders poses unique challenges. (2) Scaling laws
apply to semantic encoders even when downstream
models are parameter-controlled, though the effect
weakens with task complexity increases. (3) Our
semi-synthetic Amazon-C4 dataset shows strong
correlation with real-world complex queries, in-
dicating that it can serve as a reliable evaluation
proxy and may also benefit the training of LLMs
for complex-query tasks.
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Limitations

While BLAIR provides a comprehensive evalua-
tion framework for LLMs as semantic encoders in
recommendation, several limitations should be ac-
knowledged. First, our current benchmark focuses
exclusively on English-language data. Given the
global nature of e-commerce and recommender sys-
tems, multilingual evaluation would be valuable for
assessing the cross-lingual capabilities of seman-
tic encoders. Second, due to computational bud-
get constraints, our experiments are limited to 11
LLMs and a subset of categories from the Amazon
Reviews 2023 dataset. A more extensive evaluation
covering additional state-of-the-art models and a
broader range of categories would provide deeper
insights into the generalizability of our findings.

Ethical Considerations

Our work prioritizes user privacy and data ethics
in several ways. For the Amazon Reviews 2023
dataset, we exclusively collect publicly available
information that users have explicitly chosen to
share. We do not include any content that users
have opted to keep private or restricted. Impor-
tantly, our dataset does not contain user metadata
to prevent potential misuse for user profiling or
privacy violations. The dataset focuses solely on
publicly visible product reviews and item metadata,
which are essential for recommendation research
while minimizing privacy risks.

Regarding the BLAIR benchmark, all evalua-
tion tasks are constructed using publicly released
datasets that have been widely adopted by the re-
search community. We ensure that our bench-
mark adheres to the original data collection and
usage policies of these datasets. While recom-
mender systems can potentially reinforce biases
or create filter bubbles, our benchmark is designed
to evaluate semantic encoding capabilities rather
than deployment-ready recommendation systems.
We encourage researchers using BLAIR to con-
sider fairness, transparency, and potential societal
impacts when developing real-world applications
based on insights from this benchmark.
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Appendices

A Benchmarking Toolkit

To facilitate reproducibility and simplify the inte-
gration of new models and datasets, we have devel-
oped a benchmarking toolkit available at https://
github.com/hyp1231/BLaIR-Bench. The toolkit
includes implementations of all datasets, tasks, and
evaluation metrics used in this study, along with
scripts for model training and evaluation. We wel-
come community contributions to further extend
the benchmark.

B Dataset Collection Details

The Amazon Reviews 2023 dataset is collected us-
ing a large-scale, user-centric pipeline. We first
sample user identifiers from public Amazon pages
and then iteratively collect all review pages associ-
ated with each user. This user-level design ensures
completeness of individual review histories, which
is particularly beneficial for recommendation and
user modeling research.

However, the review coverage for a given item
may be incomplete if some users are not included
in our user pool. Additionally, due to the tempo-
ral span of the collecting process, recently posted
reviews might be missing even before the dataset
cut-off date.

C Experimental Setup

C.1 Data Split and Preprocessing

Sequential Recommendation. We group all
user-item interactions by user ID and sort them
by timestamp. For each user, we truncate their in-
teraction history to the most recent 50 items (200
for ML-1M). Dataset-specific preprocessing steps
are as follows:

* Amazon Reviews 2023. To preserve the nat-
ural distribution, we do not filter out any
users or items based on interaction counts.
Since sequential recommendation is time-
sensitive, we split the dataset by time. To
be specific, we determined two cut-off times-
tamps 1628643414042 and 1658002729837
that split all the reviews in Amazon Reviews
2023 in a ratio of 8 : 1 : 1. These times-
tamps are shared across the three categories:
All Beauty, Video Games, and Baby Products.

* Movielens-1M. We iteratively remove users
and items with fewer than 20 interactions un-
til convergence, then apply the leave-last-out
strategy: the last two interactions per user are
used for validation and testing, while all pre-
vious interactions are used for training.

* Yelp. We iteratively remove users and items
with fewer than 5 interactions until conver-
gence and apply the same leave-last-out strat-
egy as ML-1M. Using the 2020 competition
dataset, we keep only interactions from 2019.

Collaborative Filtering. Following Sheng et al.
(2024), we discard timestamps and split user-item
interactions into training, validation, and test sets
with a 4:3:3 ratio. For ML-1M and Book-Crossing,
users and items with fewer than 20 interactions are
iteratively removed. For Yelp, the threshold is 5.
No filtering is applied to the three Amazon Reviews
2023 categories.

Short-Query Product Search (ESCI). We use
the ESCI dataset (Reddy et al., 2022) and retain
only <query, item> pairs with the label “Exact”.
We adopt the small version due to its higher-quality
queries, filter out non-English queries, and keep
only those whose timestamps fall within our pre-
defined test period (after 1658002729837). Each
item ID (ASIN) is linked to its metadata in Amazon
Reviews 2023. We construct a large multi-category
candidate pool by sampling 50 in-domain items
(from the same category) for each ground-truth pair.
Ranking is then performed over all multi-domain
candidates for each query.

Complex-Query Product Search.

* Amazon-C4. The data synthesizing process is
described in Section 4.2. After that, we follow
the same multi-category candidate sampling
strategy as ESCI, sampling 50 in-domain
items for each ground-truth pair. Ranking
is computed over both in-domain and cross-
domain candidates.

* Reddit-Movie. We use the
reddit_movie_large_v1 dataset (He
et al.,, 2023), which contains multi-turn
conversations where users seek movie recom-
mendations. We retain only conversations
with the label is_seeker=True (indicating
the user is seeking movie recommendations)
and apply several filtering steps: (1) contexts
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Table 8: Sequential Recommendation (NDCG@10) detailed results. Best per column in bold, second best
underlined.

Model / Datasets All_Beauty Video_Games Baby_Products MLIM Yelp

Open-Source Models (< 1B par ters)

FacebookAI/roberta-large 0.0177 0.0113 0.0070  0.1215 0.0391
Qwen/Qwen3-Embedding-0.6B 0.0224 0.0126 0.0072  0.1266  0.0385
princeton-nlp/sup-simcse-roberta-large 0.0232 0.0114 0.0069  0.1312  0.0404
sentence-transformers/sentence-t5-large 0.0212 0.0125 0.0075  0.1275 0.0405

Open-Source Models (> 1B par ters)

Qwen/Qwen3-Embedding-4B 0.0212 0.0127 0.0075  0.1276  0.0392
Qwen/Qwen3-Embedding-8B 0.0216 0.0138 0.0072  0.1248  0.0400
Salesforce/SFR-Embedding-Mistral 0.0231 0.0131 0.0076  0.1311 0.0416
intfloat/e5-mistral-7b-instruct 0.0238 0.0136 0.0072  0.1324 0.0398
GritLM/GritLM-7B 0.0216 0.0133 0.0074  0.1321  0.0426
Proprietary Models
gemini-embedding-001 (Google) 0.0241 0.0136 0.0073  0.1297 0.0421
text-embedding-3-large (OpenAl) 0.0237 0.0135 0.0078  0.1330 0.0418

Table 9: Collaborative Filtering (NDCG@20) detailed results. Best per column in bold, second best underlined.

Model / Datasets All_Beauty Video_Games Baby_Products Book_Crossing MLIM Yelp

Open-Source Models (< 1B parameters)

FacebookAI/roberta-large 0.0183 0.0087 0.0037 0.0338  0.0658 0.0310
Qwen/Qwen3-Embedding-0.6B 0.0220 0.0090 0.0047 0.0296  0.0713  0.0280
princeton-nlp/sup-simcse-roberta-large 0.0205 0.0091 0.0040 0.0285 0.0676  0.0295
sentence-transformers/sentence-t5-large 0.0202 0.0101 0.0043 0.0329 0.0869 0.0280

Open-Source Models (> 1B parameters)

Qwen/Qwen3-Embedding-4B 0.0219 0.0099 0.0041 0.0406  0.1047 0.0285
Qwen/Qwen3-Embedding-8B 0.0226 0.0098 0.0042 0.0427  0.1097 0.0284
Salesforce/SFR-Embedding-Mistral 0.0236 0.0107 0.0049 0.0416  0.1142 0.0284
intfloat/e5-mistral-7b-instruct 0.0232 0.0110 0.0049 0.0421  0.1162  0.0287
GritLM/GritLM-7B 0.0226 0.0110 0.0046 0.0425  0.1216 0.0287
Proprietary Models
gemini-embedding-001 (Google) 0.0242 0.0108 0.0051 0.0371  0.1054 0.0304
text-embedding-3-1arge (OpenAl) 0.0238 0.0115 0.0050 0.0436  0.1071  0.0286

Table 10: Product Search (NDCG@ 100) detailed results. Best per column in bold, second best underlined.

Model / Datasets Amazon-C4 ESCI  Reddit-Movies

Open-Source Models (< 1B par ters)

FacebookAI/roberta-large 0.0001  0.0096 0.0000
Qwen/Qwen3-Embedding-0.6B 0.1288 0.1876 0.0211
princeton-nlp/sup-simcse-roberta-large 0.0700  0.1063 0.0078
sentence-transformers/sentence-t5-large 0.1219  0.1691 0.0360

Open-Source Models (> 1B par ters)

Qwen/Qwen3-Embedding-4B 0.1663  0.2258 0.0576
Qwen/Qwen3-Embedding-8B 0.1752  0.2328 0.0591
Salesforce/SFR-Embedding-Mistral 0.1836  0.2560 0.0710
intfloat/e5-mistral-7b-instruct 0.1759  0.2437 0.0705
GritLM/GritLM-7B 0.1845 0.2537 0.0734
Proprietary Models
gemini-embedding-001 (Google) 0.1701  0.2233 0.0578
text-embedding-3-large (OpenAl) 0.1856 0.2366 0.0699
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User query

“Over the Top Bonkers Action Movies?. I recently saw the new Suicide Squad movie and loved
it. It had all the qualities I like in an action movie: violence, shock factor, comedy, and overall
bizarreness. What are some other action movies with these qualities? Deadpool, Kick-Ass, Turbo
Kid, Tropic Thunder, and Drive Angry are some of my other favorites.”

Relevant items

Nobody (2021), Hardcore Henry (2015), Slow Moe (2010), Dredd (2012)

Top-3 retrieved by
GritLM-7B

Ninjas vs. Zombies (2008), Cowboys vs. Zombies (2014), Cowboys vs. Vampires (2010)

Analysis

The retrieved movies appear to match the query only at a superficial level. For example, they
contain unusual or fantastical entities such as zombies, ninjas, and vampires, which may loosely
correlate with “bizarreness.” However, they fail to capture the core intent of the query, namely
over-the-top action movies that combine stylized violence, dark humor, and mainstream appeal.
This example suggests that current semantic encoders still struggle to model complex intent

beyond shallow lexical or thematic similarity.

Table 11: A failure case of the top-performing semantic encoder GritLM-7B on complex-query product search in

the Reddit-Movies dataset.

must include at least one valid seeker turn;
(2) recommendations must have at least 20
upvotes; (3) duplicate entries are removed
using MDS5 hashes of concatenated text and
context; (4) samples must contain valid movie
IDs matched with metadata. The dataset is
split following the original partition, and
each <query, item> pair represents a complex
query and a recommended movie.

C.2

* Amazon Reviews 2023. For all Amazon-
related datasets (Beauty, Games, Baby,
Amazon-C4, and ESCI), we use product ti-
tles as item metadata. Although we conducted
a small-scale experiment using concatenated
titles and descriptions (Section 5.3), the in-
clusion of descriptions did not consistently
improve performance. Therefore, we use only
titles for simplicity and consistency.

Item Metadata Processing

* Movielens-1M. Movie titles and release years
are used as metadata.

* Yelp. We concatenate each business’s ‘name’,
‘categories’, ‘stars’, ‘review_count’, ‘city’,
‘state’, ‘attributes’, and ‘hours’ fields.

* Book-Crossing. We use book titles as meta-
data.

¢ Reddit-Movie. We use movie titles and re-
lease years as metadata.
C.3 Evaluation Metrics

For each dataset, we use the normalized discounted
cumulative gain (NDCG) as the primary metric,

with task-specific cutoffs: NDCG@ 10 for sequen-
tial recommendation, NDCG @20 for collaborative
filtering, and NDCG @ 100 for product search.

To summarize results across datasets, we report
three aggregated metrics in Table 6. First, to alle-
viate the bias in the number of datasets per task
and the differences in metric scales, we follow
MMTEB (Enevoldsen et al., 2025) and adopt the
Borda Count (Colombo et al., 2022) as the primary
ranking criterion. Second, for intuitive comparison,
we also report the average across all datasets (Avg.
Overall) and the average after first averaging within
each (sub)task (Avg. per Task).

C.4 Evaluation Pipeline

For tasks requiring model training (sequential
recommendation and collaborative filtering), we
search over three learning rates ({1 x 1073, 3 x
1074, 1 x 107*}) and select the checkpoint with
the best validation performance for final testing.

For product search, evaluation is conducted in
a zero-shot manner without training, following
each LLM’s recommended encoding procedure;
for models that suggest a prompt when encoding
queries, we use “Given a user query describing a
need, retrieve relevant entities (such as products,
services, or media items) that satisfy the intent and
constraints.”.

D Detailed Benchmarking Results

The results for each task are summarized in Table 6.
Below, we provide detailed results for all evaluated
LLMs across individual datasets. The results for
sequential recommendation, collaborative filtering,
and product search are presented in Table 8, Table 9,
and Table 10, respectively.
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E Discussion

Why is the correlation between BLaIR and
MTEB results weak? We hypothesize that build-
ing a strong semantic encoder requires three key
capabilities that may not be simultaneously empha-
sized in existing embedding benchmarks:

* The ability to accurately model semantic similar-
ity, which is essential for tasks such as collabo-
rative filtering and short-query product search.

* The ability to produce distinguishable and infor-
mative feature representations, which is impor-
tant for tasks like sequential recommendation.

* Strong instruction-following and reasoning abil-
ities, which are crucial for handling complex-
query product search.

Why scaling semantic encoders yields limited
gains on complex tasks? As observed in Sec-
tion 5.2, in tasks with complex downstream ar-
chitectures, such as sequential recommendation (a
Transformer decoder), the scaling trend becomes
less pronounced than tasks with simple downstream
model architectures like collaborative filtering (a
simple linear layer). Our current hypotheses are:

* Differences in the nature of the tasks: The repre-
sentational capabilities required differ between
tasks. Collaborative filtering is primarily about
encoding similarity. A stronger semantic en-
coder can represent item similarities in a richer
and more accurate manner, which directly trans-
lates into performance gains in collaborative fil-
tering tasks as the encoder scales up. For ex-
ample, Sheng et al. (2024) found that stronger
semantic encoders yield representations whose
distribution is more closely aligned with those
learned from pure interaction data. Sequential
recommendation is essentially a sequence mod-
eling problem that requires memorizing and re-
producing behavior patterns. To achieve this,
item representations may require strong discrim-
inative capability (akin to functioning as unique
indices). Representations produced by even a
smaller semantic encoder might already be suf-
ficiently distinguishable for a complex down-
stream Transformer model. Consequently, scal-
ing the semantic encoder does not significantly
enhance discriminability from the perspective of
the downstream model, leading to smaller gains
compared to collaborative filtering. A similar

observation was reported by Hou et al. (2022),
who showed that treatments such as whitening
enhance the discriminative power of item repre-
sentations and improve sequential recommenda-
tion performance.

» Sequentially dependent neural network systems
and scaling behaviors: Our setup functions as a
two-stage system: a first-stage semantic encoder
whose output is consumed by a second-stage
model (a linear layer for collaborative filtering,
or a Transformer decoder for sequential recom-
mendation). We hypothesize that in such multi-
stage systems, scaling the later-stage modules
may diminish the impact of scaling earlier-stage
modules. While there is limited systematic work
on scaling laws in sequentially dependent sys-
tems, our findings may suggest that where we al-
locate additional parameters may matter as much
as how many parameters we add.

F Case Study: Failure on Complex-Query
Product Search

Table 11 presents a failure case from the Reddit-
Movies dataset, which requires understanding a
complex user query with multiple implicit pref-
erences. This example highlights headroom for
improvement in complex-query product search. In
particular, even the best-performing semantic en-
coder on this dataset, GritLM-7B, only achieves
an NDCG @100 of 0.0734 over a candidate set of
50k movies, suggesting that surface-level semantic
matching is far from sufficient. Future improve-
ments may require stronger intent modeling, ex-
plicit reasoning, or the incorporation of additional
ranking signals such as popularity.

3265



