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Abstract

We propose CLASP, a lightweight model
which performs recommendations for cold-start
users for which only textual user description
is provided and no previous interactions are
observed. Our architecture learns lightweight
latent alignment functions that project textual
preference representations into a pretrained
collaborative filtering latent space. The CF
component can be pretrained on a large set
of dense interactions from warm-start users,
whilst the alignment may be trained on a dis-
tinct set of users for which textual descrip-
tions are present, allowing an efficient use of
heterogeneous information. Extensive exper-
iments on Steam, MovieLens-1M, and Net-
flix demonstrate that CLASP consistently out-
performs retrieval-oriented and encoder-only
semantic recommendation baselines while re-
maining substantially more computationally ef-
ficient than LLM-based recommendation meth-
ods. Remarkably, this happens despite the
fact that some of the baselines have access to
item text descriptions, whilst CLASP doesn’t.
Lastly, we also provide a dataset which allows
a granular study of the variability in user profile
generation from small subsets of interactions.

1 Introduction

Deep learning has become a dominant paradigm
in recommender systems, enabling models to cap-
ture complex user-item interaction patterns beyond
traditional matrix factorization techniques (Koren
et al., 2009; Xue et al., 2017). More recently, large
language models (LLMs) have motivated exten-
sive research on integrating semantic textual under-
standing into recommendation pipelines. Existing
LLM-based recommender systems generally fol-
low two directions: (1) using LLMs as auxiliary
encoders to enhance collaborative filtering (CF)
with textual information such as reviews and meta-
data (Ren et al., 2024; Liu et al., 2024; Li et al.,
2025), and (2) reformulating recommendation as

an autoregressive language generation task condi-
tioned on textual interaction histories (Kim et al.,
2024; Zhang et al., 2025).

Despite their effectiveness, existing LLM-based
recommendation methods exhibit several limita-
tions. Autoregressive approaches require long tex-
tual prompts, leading to increased computational
cost and context-length constraints. Moreover, gen-
erative recommendation models are susceptible to
hallucination, where generated outputs may not cor-
respond to valid catalogue items (Wu et al., 2024).
In addition, many hybrid architectures continue to
rely heavily on interaction histories and identifier-
based representations, limiting their applicability
in pure cold-start scenarios.

At the same time, lightweight collaborative
filtering architectures such as matrix factoriza-
tion (Koren et al., 2009), autoencoder-based recom-
menders (Liang et al., 2018; Truong et al., 2021),
and simplified graph collaborative filtering mod-
els (He et al., 2020; Cai et al., 2023) remain highly
competitive despite their relatively small param-
eter counts (Steck, 2019; Vančura et al., 2022).
Motivated by these observations, we investigate
whether lightweight architectures can directly trans-
form textual user preferences into recommendation-
oriented latent representations (Sheng et al., 2024).

We introduce CLASP, a lightweight text-based
recommendation framework for cold-start recom-
mendation. Unlike prior approaches that utilize
text as auxiliary side information, CLASP relies
solely on semantic user preference descriptions dur-
ing inference. Furthermore, instead of generating
recommendations auto-regressively, the model di-
rectly predicts recommendation scores over a fixed
candidate item set through alignment with a pre-
trained collaborative filtering latent space.

This formulation is particularly relevant for pure
cold-start settings where users possess no prior in-
teractions. While text-based representations may
not fully capture long-term interaction behaviour in
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warm-start scenarios, they provide a practical mech-
anism for users to express preferences before suf-
ficient interaction data becomes available (Sheng
et al., 2024). Our experiments further confirm this
distinction: collaborative filtering models remain
stronger in dense warm-start conditions, whereas
semantic preference modeling becomes increas-
ingly beneficial under sparse/cold-start regimes.

To systematically evaluate this setting, we con-
struct custom textual user-profile datasets derived
from standard recommendation benchmarks, en-
abling controlled analysis under varying interaction
sparsity levels. Experiments on Steam, MovieLens-
1M, and Netflix demonstrate that CLASP consis-
tently outperforms retrieval-oriented and encoder-
only semantic baselines while remaining substan-
tially more computationally efficient than autore-
gressive LLM-based recommendation frameworks.
Our main contributions are as follows.

• We propose CLASP, a lightweight latent align-
ment model that maps user preference texts
into a pretrained collaborative filtering latent
space without autoregressive generation.

• We demonstrate experimentally that CLASP
significantly outperforms semantic retrieval
and encoder-only recommendation baselines
in cold-start recommendation settings.

• We provide extensive ablation studies analyz-
ing the impact of latent alignment, token-level
scoring, pooling strategies, and training data
availability on recommendation performance.

• We construct and release two custom textual
user-profile datasets derived from standard
recommendation benchmarks to support fine-
grained evaluation of text-driven recommen-
dation under varying sparsity conditions.

2 Related Work

Recent research on integrating large language mod-
els (LLMs) into recommender systems broadly fol-
lows two paradigms: (i) using LLMs as auxiliary
encoders to enhance collaborative filtering (CF)
representations, and (ii) employing LLMs as the
primary recommendation mechanism.

In the first paradigm, LLMs encode textual infor-
mation such as reviews, descriptions, and metadata
to enrich user and item representations within tra-
ditional CF pipelines (Ren et al., 2024; Liu et al.,
2024; Zhou et al., 2023; Alves et al., 2026). These

approaches combine semantic textual embeddings
with interaction-based signals during training and
inference. Although effective, they remain fun-
damentally dependent on historical user–item in-
teractions, limiting their applicability in sparse or
cold-start settings.

The second paradigm formulates recommenda-
tion as a language generation task, where recom-
mendations are produced autoregressively from tex-
tual prompts describing user preferences or interac-
tion histories (Kim et al., 2024; Zhang et al., 2025;
Li et al., 2025; Sun et al., 2024). These methods
leverage prompting, instruction tuning, retrieval-
augmented generation, and fine-tuning strategies
to adapt pretrained LLMs for recommendation ob-
jectives (Santhanam et al., 2022; Xu et al., 2026).
While such approaches provide flexible seman-
tic modeling, they introduce challenges related to
computational cost, hallucination, controllability,
and alignment with fixed recommendation cata-
logues (Fan et al., 2023; Guan et al., 2025).

Empirical evidence further suggests that purely
LLM-based recommendation models often under-
perform interaction-based collaborative filtering
approaches in warm-start settings, where abun-
dant interaction data is available. However, in
cold-start scenarios, textual preference descrip-
tions provide a practical alternative for modeling
users or items with limited interaction history (Kim
et al., 2024; Sanner et al., 2023). This is partic-
ularly relevant for user cold-start recommenda-
tion, where conventional systems typically rely
on popularity-based recommendations or simple
onboarding strategies (Wu et al., 2023; Ganhör
et al., 2024). In contrast, LLM-based approaches
allow users to express preferences directly through
natural language, enabling more personalized rec-
ommendations during the early stages of interac-
tion (Lee et al., 2019; Dong et al., 2020).

3 Methodology

In this section, we describe our main contributions:
subsection 3.1 describes our dataset construction
and qualitative experimental observations, whilst
subsection 3.2 describes our CLASP model.

3.1 Exploratory Analysis/ Dataset Generation

Existing recommendation datasets often construct
a single user profile from the complete interaction
history of a user (Ren and Huang, 2025). While
such profiles provide rich semantic information,
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Figure 1: Overall architecture of our simplified CLASP model. The explicit interaction used to pretrain the CF
model is assumed to be available for a large corpus of previous users, whilst text data may be available either for all
users or a subset of them. For test users, only the text data is available.
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Figure 2: Similarity comparison between item titles across different conditions. The figure on left considers a case
with shows with lexically similar titles yet different content while figure on right consider a case of semantically
similar content based on Twin Movies: each consecutive pair of movies is semantically similar whilst other movies
are unrelated.

they make it difficult to isolate whether recommen-
dation models learn meaningful preference repre-
sentations or implicitly exploit full interaction data.
Moreover, they do not support controlled analysis
of the variability introduced by LLM-based profile
generation.

To address this limitation, we construct con-
trolled textual user-profile datasets by generating
multiple preference descriptions from randomly
sampled subsets of user interactions. For each
user, we sample multiple interaction subsets with
varying sparsity levels and generate corresponding
textual preference profiles using an Llama - 3.2B

Instruct model, resulting in r × k profiles per user
where r defines the number of subsets of interac-
tions sampled from a given user interaction set and
k defines the number of preference profile texts
generated per selected subset. Importantly, all in-
teraction subsets are specifically annotated along
with the preference profiles such that they can be
suppressed during evaluation processes to avoid
data leakage issues. We set r = 3 and k = 3,
resulting in nine textual profiles per user. We anal-
yse the consistency of our user embeddings with
respect to the variation in the profile generation
procedure. As shown in Figure 3, profiles from the
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same user exhibit higher similarity, indicating that
textual preferences capture meaningful semantic
signals.

As a point of comparison to illustrate that our co-
sine similarity variation is within normal ranges for
similar methods, we also analyse item embeddings
generated from movie titles, which form a key
component of the success of various LLM based
recommender systems such as (Ren and Huang,
2025; Hou et al., 2024; Ren et al., 2024). The
item title representations are obtained from Mistral-
7B (Wang et al., 2023, 2022). Figure 2 shows that
LLM-based embeddings can successfully distin-
guish both semantic and lexical variations between
item titles, explaining their strong retrieval capa-
bilities. However, the predictive signal of lexical
similarity remains stronger than semantic similarity
and both are within a similar range to our own user
embeddings. This is in line with the observation
that CF methods still perform best in the warm-start
setting, and shows that our generation strategy is
sufficient to generate meaningful embeddings even
from a relatively small number of interactions.
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Figure 3: Similarity comparison between user profiles
generated across 2 cases. The figure on the left shows
the similarity between preference texts for a single user
and figure on right depicts the similarity between the
representations obtained for 9 distinct user profiles.

3.2 The CLASP Model

We design CLASP under two primary considera-
tions. First, the model relies exclusively on textual
user preferences, enabling direct applicability in
pure cold-start settings where interaction histories
are unavailable. Second, instead of generating rec-
ommendations autoregressively, the model predicts
recommendation scores over a fixed item set, sim-
ilar to autoencoder-based recommender systems.
This formulation avoids hallucination issues and
guarantees that all predictions belong to the known
item catalogue. To isolate the effect of textual user
preferences, the proposed framework intentionally

minimizes dependence on item-side features and
identifier-based representations.

3.2.1 Model Formulation
The proposed architecture learns a mapping be-
tween semantic textual representations and a pre-
trained CF latent space through two complementary
pathways: (i) a Text-to-CF pathway that projects
user preference text into the CF embedding space,
and (ii) a Token-level scoring pathway that aligns
token representations with CF item representations
for ranking.

Let L denote the sequence length, N the number
of items, and dt the dimensionality of the textual
embedding space. Given token-level representa-
tions extracted from a pretrained language model,
the input representation is defined as X ∈ RL×dt ,
where X represents the semantic preference em-
beddings of a user. Furthermore, dcf , dllm, and dr
denote the latent dimensions of the collaborative
filtering model, text encoder, and proposed archi-
tecture, respectively.

Text-to-CF Pathway. Our proposed CLASP
model leverages a collaborative filtering autoen-
coder model, specifically MultDAE. This pre-
trained CF encoder has been trained on a full
dataset of explicit interactions, is frozen during
optimization, used as a target for our alignment
loss guiding our text-to-CF pathway (cf. eq. (13)).
Thus, our model is able to map preference texts to
CF representations to leverage rich domain-specific
knowledge of user space which cannot be inferred
from limited text data alone.

First, to reduce dimensionality and adapt the
textual embeddings to the recommendation space,
the input representations are projected through a
lightweight feed-forward transformation:

X̄ = RMSNorm
(
XW1 + b⊤

1

)
, (1)

H0 = GELU
(
X̄W2 + b⊤

2

)
, (2)

where W1 ∈ Rdt×4dr ,W2 ∈ R4dr×dr ,b1 ∈
R4dr ,b2 ∈ Rdr , and dr denotes the reduced latent
dimensionality and the biases b1,b2 are broadcast
throughout each row during the sum operation. The
RMS normalization operation denotes a stabilized
row-wise normalization with component-wise train-
able weights as described in (Zhang and Sennrich,
2019) and in Appendix A.
The motivation behind this projection component
is to reduce the parameter complexity of the model
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while preserving semantically informative struc-
tures from the pretrained language representations.
The projected token representations are subse-
quently processed through a stack of self-attention
blocks (Vaswani et al., 2017):

Hk+1 = AttentionBlockk(Hk), (3)

for k = 1, . . . , Na, where Na denotes the number
of attention layers.

These attention modules enable the model to
capture higher-order semantic dependencies across
the preference text sequence, thereby improving the
expressiveness of the learned user representation.

The transformed token representations XNa ∈
RL×dr are then aggregated into a fixed-dimensional
user embedding using a learnable weight-based
pooling mechanism (Ennadir et al., 2026). For
each token representation hi, an importance score
is computed as

s = LeakyReLU(XNawp), (4)

where wp ∈ Rdr is a learnable parameter vector.
The normalized token weights are obtained through

αi =
exp(si)∑L
j=1 exp(sj)

. (5)

The pooled representation is then defined as token-
wise weighted summation.

ẑ =

L∑

i=1

αiXNa i. (6)

This pooling strategy enables the model to em-
phasize semantically informative tokens while sup-
pressing less relevant contextual information. Alter-
native aggregation strategies, such as CLS pooling,
mean pooling, or max pooling, may also be em-
ployed though empirically we noticed that token-
weighted poolings provide better results in general.

The pooled user preference representation ẑ ∈
Rdr is subsequently projected into the latent space
expected by the collaborative filtering decoder:

z = Tanh (W4Tanh (W3RMSNorm(ẑ))) (7)

, where W3 ∈ Rdr×4dr and W4 ∈ R4dr×dcf . The
resulting vector z ∈ Rdcf represents the inferred
user embedding aligned with the collaborative fil-
tering latent space. Recommendation scores are
then obtained through the pretrained CF decoder:

Pcf = Decoder(z). (8)

We use the pretrained MultDAE (Liang et al., 2018)
as a decoder, parametrized as a shallow MLP.

Token-Level Scoring Pathway. In addition to
the latent alignment pathway, the architecture in-
cludes a secondary token-level scoring mechanism
designed to align textual token representations
directly with item representations derived from
the collaborative filtering model inspired by Col-
BERT (Santhanam et al., 2022).

The textual embeddings are first transformed as

C0 = GELU (W6RMSNorm (XW5)) , (9)

where W5 ∈ Rdt×4dr , W6 ∈ R4dr×dl1cf and dl1cf
denotes the dimensionality of the first layer of the
CF autoencoder.

The transformed representations are processed
through additional attention blocks:

Ci = AttentionBlock(Ci−1). (10)

Recommendation scores are computed by match-
ing the transformed token representations against
item representations from the frozen CF encoder:

Pc =
1

L

L∑

i=1

CiW
⊤
cf , (11)

where Wcf ∈ RN×dl1cf denotes the weight matrix
of the first layer of the frozen CF encoder.

This component is particularly useful in highly
sparse datasets where collaborative filtering sig-
nals become weak. In such settings, the token-
level pathway acts similarly to a content-based
recommendation mechanism by directly associat-
ing semantic textual features with item representa-
tions (Ostendorff, 2020; Grootendorst, 2022).

The final predictions for a user are obtained by

P = Pcf + µPc (12)

where µ is a hyperparameter affecting the weigh-
tage from the token scoring path to the prediction.
Training Objective: Our training objective is
comprised of 2 components: (1) An alignment ob-
jective, which guides the text-to-CF branch’s from
the user text to usable CF representations and (2) A
ranking objective, trains the model to perform the
ranking task directly from the available text.

We use the mean squared error between the
pooled text user preference and corresponding CF-
model based user representation. Formally,

Lalignment = ∥z − ucf∥2 =
dcf∑

i=1

[z − ucf ]
2
i (13)
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where ucf ∈ Rdcf denotes the user representation
obtained via the CF encoder model.
The ranking loss is defined as multinomial loss
between the final prediction of the user and their
corresponding true interaction. Formally, writing
yi = 1 to indicate that the user has interacted with
item i and z ∈ RN for the set of prediction scores
output by the model,

ỹi =
yi∑N

k=1 yk
, pi =

ezi
∑N

k=1 e
zk

(14)

Lranking(user) = −
N∑

j=1

ỹj log pj . (15)

Thus, final loss is defined as,

L = λLalignment + Lranking. (16)

where λ ∈ R is a hyper-parameter adjusting the
weight from each of the alignment related compo-
nents (CF pathway).

4 Experimental Evaluation

To evaluate the effectiveness of the proposed archi-
tecture, we conduct experiments on three widely
used recommendation benchmarks: Steam (Ren
et al., 2024), MovieLens-1M (ML-1M) (Harper and
Konstan, 2015), and Netflix (Community, 2025).
These datasets were selected due to their varying
sparsity characteristics, interaction distributions,
and domain diversity, enabling evaluation under
both relatively dense and highly sparse recommen-
dation settings. Our dataset preparation follows the
standard Autoencoder literature (Liang et al., 2018)
which consider user-level splits. This decision nat-
urally models the validation and test set users as
cold start users during evaluation phases as these
users will not be involved during training phase
thus avoiding data leakage.

Table 1 summarizes the dataset statistics com-
puted from the training splits. Among the evalu-
ated datasets, Steam represents the sparsest setting,
with substantially fewer interactions per user and
item compared to ML-1M and Netflix. In contrast,
Netflix exhibits significantly denser interaction pat-
terns, with a large number of users and high inter-
action counts.

Training splits and hyperparameter config-
urations: Following standard recommendation
evaluation protocols within Autoencoder paradigm
where the data splits were done based on user level
which helps to mimic the cold start user cases

Steam ML-1M Netflix
Num. Users 13986 32598 277891
Num. Items 5237 3452 17766
Min interactions / item 1 9 1
Max interactions / item 2379 15498 91919
Mean inter. / item 60 907.73 1921.62
Min interactions / user 9 9 5
Max interactions / user 202 536 2142
Mean inter. / user 22.67 96.13 122.85

Table 1: Dataset statistics (training split).

with validation/test sets, we report Recall@K and
NDCG@K metrics. Recall measures the propor-
tion of relevant items successfully retrieved within
the top-K predictions, while NDCG evaluates rank-
ing quality by accounting for the positional order-
ing of relevant recommendations. In all cases,
we used single attention block in each pathway.
For hyperparameters we use (µ = 1, λ = 1),
(µ = 0.01, λ = 1), and (µ = 1, λ = 0.001) for
Netflix, MovieLens-1M and Steam datasets respec-
tively. Further details regarding the experimental
setup is included in the appendix.

Base model and item information: For all ex-
periments involving CLASP, we used the BERT-
based all-MiniLM-L6-v2 (Reimers and Gurevych,
2020) model provided by Hugging Face to gener-
ate the token embeddings. For baselines that rank
items via similarity scores between user and item
representations, we relied on item titles to construct
item representations. These representations consti-
tute auxiliary information available to those base-
lines during prediction, which is not incorporated
into our proposed model. Nevertheless, as demon-
strated in the experiments below, our model consis-
tently achieves superior performance despite both
the absence of such additional information and
a significantly lower parameter count compared
to the best baseline available, namely EASYRec
(~120M vs. ~10M trainable parameters).

Computational Efficiency: In addition, we note
that training the second best method, EASYRec,
requires individually processing all the (user text,
item text) combinations through a trainable LLM,
which dramatically increases the compute time in
the case of large datasets such as MovieLens and
Netflix. In contrast, our CLASP model only pro-
cesses text through a frozen LLM once for each
user, resulting in much faster training. In our exper-
iments on MovieLens, our model converges in 10
epochs with a training time of 30 minutes whilst
EASYRec takes around 3 hours to reach conver-
gence in 0.15 epochs.
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4.1 Baselines

We compare our model against a diverse set of
recommendation baselines spanning collaborative
filtering, retrieval-based, and encoder-only text rep-
resentation methods. The performance is reported
in Table 2. The considered baselines include:

• Popularity: a non-personalized recommen-
dation baseline that ranks items according to
training set interaction frequency of items.

• EasyRec: an LLM-based collaborative filter-
ing model showing strong performance with
text inputs (Ren and Huang, 2025).

• Blair, ColBERT, and SiBraR: retrieval-
oriented methods utilizing textual similar-
ity and token-level matching strategies (Hou
et al., 2024; Santhanam et al., 2022).

• Encoder-only baselines: models constructed
directly from pretrained text encoders without
collaborative alignment, including Mistral-7B,
BGE-Multilingual-Gemma2, RoBERTa vari-
ants, and Sentence-T5 models (Wang et al.,
2023, 2022; Xiao et al., 2023; Chen et al.,
2024; Ni et al., 2022).

For all the baselines, we utilised the code pro-
vided by the authors and followed their recom-
mended hyper-parameters. Similarly, for LLM
based models we used their provided checkpoints
to initialise the training wherever required.

4.2 Results

The results shown in table 2 demonstrate that the
proposed model consistently outperforms all base-
line methods across all datasets and evaluation met-
rics. The largest improvements are observed on the
MovieLens-1M and Netflix datasets, which exhibit
comparatively larger interaction variance.

Compared to encoder-only retrieval baselines,
the proposed architecture achieves substantially
higher Recall and NDCG scores. These results indi-
cate that directly utilizing pretrained semantic em-
beddings is insufficient for recommendation tasks
without alignment to recommendation-oriented la-
tent structures, especially when the item catalogue
is large. However, we observe that the number of
parameters of the model used to generate the text
representation seems to have a positive correlation
towards ranking performance as well. Although
EASYRec and Blair remain the strongest baselines

as Large Language based model trained for rec-
ommendation task, CLASP consistently surpasses
them across all datasets. This suggests that the
current LLM architectures are not entirely suitable
for ranking tasks directly and still require architec-
tural changes to embrace the unique properties that
arise in recommendation datasets such as sparsity,
overlapping preferences and many to one mapping
of text preference representation to collaborative
filtering representations. Similarly, retrieval-based
approaches such as ColBERT and SiBraR perform
considerably worse than the proposed framework
(and other baselines), indicating a lack of explicit
optimization toward recommendation objectives.

Overall, the results demonstrate that lightweight
latent alignment architectures can effectively
bridge textual preference representations with
collaborative recommendation spaces, achieving
strong recommendation performance without rely-
ing on autoregressive generation mechanisms or
large-scale end-to-end LLM fine-tuning.

4.3 Impact of Textual Training Data Size
To analyse the data efficiency of the proposed ar-
chitecture, we evaluate model performance under
varying fractions of the available training data, i.e.
the number of users where a profile text is avail-
able. Table 3 presents the results averaged across
three independent runs. Here, the frozen CF com-
ponent still has access to the full training data: thus,
these experiments showcase our model’s ability to
efficiently use heterogeneous information sources.

The results indicate that the proposed CLASP
remains strong even under moderate reductions in
training data. Reducing the training set to 50% re-
sults in only minor performance degradation across
all metrics, suggesting that the model can effec-
tively utilise semantic information encoded in tex-
tual preferences even under reduced supervision.
In addition, CLASP consistently outperforms the
strongest baseline EASYRec in all sparsity regimes.
For more extreme sparsity regimes, the degradation
remains gradual rather than catastrophic, indicat-
ing that textual representation can be meaningfully
exploited by our model even in extreme cold-start
scenarios where (1) no interactions are provided
for text users and (2) very few textual profiles are
provided during training.

4.4 Ablation Study
To understand the contribution of each architectural
component, we conduct an ablation study by selec-
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Model Steam ML-1M Netflix
N@100 R@20 R@50 N@100 R@20 R@50 N@100 R@20 R@50

Blair 0.1886 0.1091 0.1841 0.1605 0.0963 0.1916 0.0303 0.0154 0.0328
ColBERT 0.0939 0.0540 0.0788 0.0118 0.0042 0.0127 0.0009 0.0003 0.0009
EASYRec 0.2046 0.1205 0.1968 0.1513 0.0862 0.1824 0.1010 0.0659 0.1315
SiBraR 0.0531 0.0274 0.0527 0.1580 0.1037 0.1989 0.1404 0.0851 0.1683
Popularity 0.1643 0.0883 0.1627 0.1939 0.1306 0.2273 0.1462 0.0752 0.1585
CLASP 0.2963 0.1488 0.2387 0.2747 0.1594 0.2808 0.2255 0.1311 0.2426

Encoder-based Retrieval Baselines
Mistral-7B 0.0886 0.0504 0.0824 0.0800 0.0474 0.0971 0.0124 0.0046 0.0139
BGE-Multilingual-Gemma2 0.0367 0.0201 0.0335 0.1121 0.0681 0.1358 0.0110 0.0023 0.0109
RoBERTa-Large-v1 0.0393 0.0183 0.0358 0.0276 0.0137 0.0320 0.0087 0.0023 0.0081
RoBERTa-Base-v2 0.0417 0.0223 0.0412 0.0267 0.0134 0.0300 0.0034 0.0017 0.0035
Sentence-T5-Base 0.0476 0.0252 0.0443 0.0378 0.0214 0.0439 0.0122 0.0050 0.0135
Sentence-T5-XXL 0.0668 0.0376 0.0646 0.0532 0.0295 0.0621 0.0106 0.0041 0.0108

Table 2: Comparison of the proposed method against collaborative filtering, retrieval-based encoder-only baselines
across Steam, ML-1M, and Netflix datasets. Best results for each dataset are highlighted in bold.

Data ratio EASYRec CLASP
Recall@20 Recall@50 NDCG@100 Recall@20 Recall@50 NDCG@100

1.0 0.1205 0.1968 0.2046 0.1488 0.2387 0.2963
0.8 0.1183 0.1947 0.2040 0.1439 0.2328 0.2903
0.5 0.1145 0.1876 0.1990 0.1366 0.2252 0.2783
0.3 0.1147 0.1871 0.1986 0.1291 0.2164 0.2668
0.1 0.1081 0.1780 0.1886 0.1121 0.1974 0.2440

Table 3: Impact of textual training data size on recommendation performance based on Steam dataset compared to
EASYRec. Results are averaged across two runs.

MovieLens-1M Steam
Removed Component Recall@20 Recall@50 NDCG@100 Recall@20 Recall@50 NDCG@100
Content pathway 0.1585 0.2781 0.2737 0.1448 0.2357 0.2907
CF pathway (no align. loss) 0.1250 0.2262 0.2307 0.1056 0.1842 0.2291
Alignment objective 0.1565 0.2773 0.2711 0.1483 0.2391 0.2968
Recommendation loss 0.1441 0.2588 0.2620 0.1328 0.2225 0.2718
Token-weighted pooling 0.1519 0.2703 0.2667 0.1470 0.2370 0.2944
Proposed Model 0.1594 0.2808 0.2747 0.1488 0.2387 0.2963

Table 4: Ablation study on the architecture. Results are averaged across three runs. The second best method is
underlined in cases where the gap is smaller than 0.0005.

tively removing or modifying individual modules.
The results are reported in Table 4. The ablation re-
sults demonstrate that all of our model components
contribute non-trivially to the model performance.
In addition, the collaborative filtering alignment
pathway is the most critical component of the archi-
tecture. Removing the CF pathway component re-
sults in the largest performance degradation across
both datasets, confirming that compatibility with
the pretrained CF latent manifold is essential for
effective recommendation generation. Similarly,
removing the recommendation loss significantly
reduces performance, suggesting that the two ob-
jectives play complementary roles. On the Steam
dataset, we observed the alignment loss doesn’t sig-
nificantly improve performance, likely due to the
higher sparsity undermining the robustness of the
CF representations (due to underperforming CF en-

coder) which leads to lower reliance on alignment
objective for ranking performance.

5 Conclusion

We propose CLASP, a text-to-CF architecture
which performs recommendations for cold-start
users where only a self-descriptive user preference
text is available. The model relies on an align-
ment loss to leverage information from a large CF
model trained on warm-start users. Despite its rela-
tively simple architecture and the lack of reliance
on item textual descriptions, we show that CLASP
can significantly outperform pure LLM based non-
sequential ranking models. Finally we release two
new datasets based on the MovieLens-1M and Net-
flix datasets, where user descriptions were gener-
ated from explicitly logged subsets of items in the
training set. This allows a fair evaluation of user
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text-based methods and the study of the natural
variability in the LLM profile generation.

6 Limitations

Our model is primarily targeted at cold-start users
where only a textual description is available, and
we observe that CF methods still outperform
both our method and all the baselines on warm-
start users. We generate user profile texts from
small sets of interactions present only in the train-
ing set, in contrast to existing methods such as
EASYRec (Ren and Huang, 2025) which generate
the profile texts from the full interaction history, in-
troducing a risk of data leakage. Whilst this enables
a well-principled separation of the errors originat-
ing from model training and profile generation, it
also unmasks a key vulnerability in all text-based
recommendation methods: the variability inherent
in the text generation step is large and some infor-
mation must be lost. Next, we note that unlike (Ren
and Huang, 2025), our method doesn’t incorporate
item-side text. Incorporating item text into our
model is a natural extension for future works and
may help further improve performance on sparser
datasets. However, we find it noteworthy that on
the three datasets considered, we are able to out-
perform even the methods which do exploit item
text. Lastly, we acknowledge that we only perform
a comprehensive evaluation for a single prompting
strategy.
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A Additional Mathematical details

For the sake of completeness, we include defini-
tions for some of the functions used in the main
text which represent well-known operations.

Each attention block takes in an initial se-
quence Xk−1 ∈ RL×d and outputs Xk =
AttentionBlock(Xk−1) computed through the se-
quence of operations below.

Ak = MultiHeadAttention(Xk−1), (17)

Yk = RMSNorm (Ak +Ak−1) , (18)

H = YkWk1, (19)

F = GELU(H)Wk2, (20)

Xk = RMSNorm(F+Yk), (21)

where

Wk1 ∈ Rdr×4dr , Wk2 ∈ R4dr×dr . (22)

The MultiHeadAttention is calculated as

Qh
k = Xk−1W

h
Q, (23)

Kh
k = Xk−1W

h
K , (24)

Vh
k = Xk−1W

h
V , (25)

A
(h)
k = Softmax

(
Q

(h)
k K

(h)⊤
k√

dh

)
V

(h)
k (26)

Xk = Concat
(
A

(1)
k , . . . ,A

(H)
k

)
, (27)

where

Wh
Q,W

h
K ,Wh

V ∈ Rdr× dr
h , (28)

h ∈ [H] (29)

and H defines the number of attention heads.
The RMSNormalization function (Zhang and

Sennrich, 2019) is defined for each vector x ∈ Rd

by

RMSNorm(x)i = γi
xi√

1
d

∑d
j=1 x

2
j + ε

, (30)

where γ ∈ Rγ is a learnable scaling parameter and
ε is a small constant introduced for numerical sta-
bility. When taking a matrix/sequence argument
Z ∈ RL×d, the function is applied row by row to
return RMSNorm(Z) with a single set of γ ∈ Rd

being used for each row. Each separate applica-
tion of the RMSNorm function in the algorithm
introduces a new set of parameters γ.

B User Semantic Preference Profiles

Here, we give some example user profiles provided
both by our method and by the existing methods to
highlight some of the differences.

The following is an example user profile
from Ren and Huang (2025):

“This user is likely to enjoy puzzle games
with challenging gameplay and cooper-
ative elements, as well as games that of-
fer unique storytelling, intellectual ex-
periences, and explore historical events.
They may also enjoy platformer games
with creative puzzle-solving and fan-
tasy settings. Additionally, this user ap-
preciates immersive first-person shooter
games with engaging stories and atmo-
spheric environments.”

We note this profile mostly describes the items
interacted by the user through relatively typical
item labels such as “platformer game”, “fantasy”,
etc.

In contrast, our prompting strategy yields more
granular profiles such as the one below.

“I’m a bit of a cinematic connoisseur, with
a preference for films that explore the hu-
man condition through complex charac-
ters and thought-provoking themes. I en-
joy movies that delve into the darker as-
pects of life, often with a touch of drama
and romance. I’m drawn to films with
intricate plots, well-developed charac-
ters, and cinematography that captures
the mood and atmosphere of a particular
setting. I appreciate movies that push the
boundaries of storytelling, whether it’s
through unconventional narrative struc-
tures or unflinching depictions of the hu-
man experience. When it comes to actors
and actresses, I look for performances
that are nuanced and emotionally reso-
nant. I’m a fan of actors who can con-
vey depth and complexity, and actresses
who can bring a sense of vulnerability
and relatability to their characters. In
terms of genre, I’m open to a wide range
of films, but tend to lean towards dra-
mas, thrillers, and romantic movies that
explore mature themes. I’m not a fan of
overly simplistic or predictable films, pre-
ferring those that challenge me and keep
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me on the edge of my seat. Overall, I’m
looking for movies that are intelligent,
thought-provoking, and emotionally res-
onant – films that will stay with me long
after the credits roll.”

Such a text is able to draw connections between
the items enjoyed by the user at a deeper level than
traditional categories such as genre, extending to
more abstract descriptors such as “well-developed
characters” or “actors which convey depth”. This
is in line with our observation that our model per-
forms especially well compared to the baselines on
dense datasets such as MovieLens.

B.1 Profile Generation Details
In order to generate the user semantic preference
profiles, we utilised Llama - 3.2B Instruct model
provided by Huggingface. The related metadata
generation procedure was conducted as explained
in Section 3.1.

During the generation we set the LLM parame-
ters to below values to get diverse set of profiles.

Temperature : 2.5

Top-K : 100

Top-P : 0.8

Number of Beams : 6

We primarily utilised the huggingface library to
obtain and run the model for profile generation
task.

The used prompts are given below.

B.1.1 MovieLens-1M
System Prompt

Assume you are a person who is inter-
ested in movies. You have rated the fol-
lowing movies (tagged with their respec-
tive genres) on a scale of 1 to 5. Do
not explicitly mention the rating values
unless absolutely necessary. You may
describe your preferences using relative
comparisons based on these ratings.

item1 | 5 | Action, Adventure
item2 | 3 | Adventure
....

You may consider the following as-
pects when explaining your prefer-
ences: [Movie title, Genre, Movie length
(runtime), Director, Actors/Actresses,

Cinematography, Plot, Popularity, and
whether the movie is based on a book]
Note, you are in P percentile based on
your interactions with the system. Use
this information only to explain your be-
haviour and preferences. DO NOT MEN-
TION EXPLICITLY.

Explain your preferences informally, us-
ing as few sentences as possible. Keep
your response under 250 words.

User Prompt

“Write a short description of your movie
preferences.”

During the generation process, we randomly se-
lect the subset of items a particular user interaction
along with percentile details of that particular user
is provided to fill the relevant parts of the prompt.

B.1.2 Netflix
System Prompt

Assume you are a person who is inter-
ested in movies. You have rated the fol-
lowing movies on a scale of 1 to 5. Do
not explicitly mention the rating values
unless absolutely necessary. You may
describe your preferences using relative
comparisons based on these ratings.

item1 | 5 | Action, Adventure
item2 | 3 | Adventure
.....

You may consider the following as-
pects when explaining your prefer-
ences: [Movie title, Genre, Movie length
(runtime), Director, Actors/Actresses,
Cinematography, Plot, Popularity, and
whether the movie is based on a book]

Explain your preferences informally, us-
ing as few sentences as possible. Keep
your response under 250 words.

User Prompt

“Write a short description of your movie
preferences.”

Similar to previous case, the prompts are com-
pleted with randomly selected item interaction sub-
sets selected from the considered user’s past inter-
action as explained in Section 3.1.

41025

https://huggingface.co/meta-llama/Llama-3.2-1B


C Additional details of experimental
setup

For the all the experiments we used the same splits
across the datasets for fair comparison and pri-
marily utilised the preprocessing schemes used
in (Liang et al., 2018). the additional details of
the data splits as follows.

Since our primary focus is cold start user prob-
lem, we split the datasets based on the users. For
all the datasets, we chose 6:2:2 ratio splits based
on the users across training, validation and test
sets. And for each user within each split, we held-
out 20% of their true interactions for prediction as
usual under Autoencoder paradigm. One important
distinction is that, we explicitly avoid considering
the items which was used to generate the text pref-
erence descriptions of that particular user within
the validation and test splits, thus leading to exact
evaluation of ranking performance. In our datasets,
we explicitly mark the items which we used to
generate the profile texts of users and can be used
to evaluate retrieval models and ranking models
in more precise manner under different conditions
without having data leakage issues. Also, in experi-
ments we considered full item set as candidates and
suppress the items which was used as inputs dur-
ing forward pass as typically done in Autoencoder
literature (Liang et al., 2018).

During optimization, we used AdamW opti-
mizer (Loshchilov and Hutter, 2019) with learning
rate of 1e−4 in general. We used batch size of 128
for our own model training whereas for LLM based
baseline models we used the batch size accordingly
based on our available GPU capabilities at the time
of the experiments. All the baseline models are
initialised using the provided Huggingface check-
points and used the official code repositories pro-
vided by the corresponding authors to obtain the
necessary parameter whenever required.

All experiment results related to our model are
conducted for 3 random seeds for 10 epochs and
selected the best model based on the results on the
validation set. The results are provided as mean
values across such 3 runs.

For the baseline models which required training,
we ran the experiment until we observe a consis-
tent degradation of ranking metrics or 3 epochs.
Note, some of our baselines which utilise pairwise
training objectives took extremely long time ( 5
days+) under our prototype implementations for
dense datasets such as Netflix therefore, we have

only considered single run values in such cases.
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