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Abstract

Modern recommender systems rely heavily on how users and items are represented. The rise
of foundation models has introduced large pretrained encoders that can generate representa-
tions directly from item content, but their integration into recommendation pipelines is difficult
to evaluate. Performance differences between encoders are often confounded by variations in
downstream models, training budgets, and other pipeline components, making it unclear which
backbone is truly better. We refer to this as the backbone isolation problem. This thesis addresses
the problem with three main contributions. First, we introduce the Recommender Embedding
Evaluation Framework (REEF), which fixes all components of the pipeline except the backbone,
allowing for fairer comparison. Second, we use REEF to evaluate existing pretrained text, vision,
and multimodal encoders. Third, we perform a fine-tuning study of multimodal backbones, to
examine how interaction data can be incorporated into pretrained item encoders. Part of this
analysis is also an examination of the embedding spaces of the fine-tuned encoders to understand
how adaptation to interaction data changes the structure of the learned representations.

Keywords recommender systems, foundation models, representation evaluation, multimodal
learning, transfer learning, benchmark

Abstrakt

Moderńı doporučovaćı systémy do značné mı́ry závisej́ı na tom, jak jsou reprezentováni uživatelé
a položky. Nástup velkých model̊u přinesl předtrénované enkodéry, které dokážou vytvářet
reprezentace př́ımo z obsahu položek. Jejich začleněńı do doporučovaćıch algoritmů je však
obt́ıžné spolehlivě vyhodnotit. Rozd́ıly ve výkonu jednotlivých enkodér̊u jsou často ovlivněny
rozd́ıly v navazuj́ıćıch modelech, trénovaćım rozpočtu a daľśıch částech algoritmu, a neńı tedy
zřejmé, který model je skutečně lepš́ı. Tento problém v práci označujeme jako problém izo-
lace modelu. Práce tento problém řeš́ı pomoćı tř́ı hlavńıch př́ıspěvk̊u. Nejprve představujeme
Recommender Embedding Evaluation Framework (REEF), který fixuje všechny části algoritmu
kromě modelu, a umožňuje tak objektivněǰśı srovnáńı. Dále pomoćı REEF vyhodnocujeme ex-
istuj́ıćı předtrénované textové, obrazové a multimodálńı enkodéry. Nakonec se zaměřujeme na
dotrénováńı multimodálńıch model̊u a zkoumáme, jak lze předtrénované enkodéry přizp̊usobit po-
moćı interakčńıch dat. Součást́ı této analýzy je také rozbor embeddingových prostor̊u dotrénovaných
enkodér̊u, který ukazuje, jak adaptace na interakčńı data měńı strukturu naučených reprezentaćı.

Kĺıčová slova doporučovaćı systémy, základńı modely, hodnoceńı reprezentaćı, multimodálńı
učeńı, učeńı přenosem, testovaćı aplikace
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Introduction

Recommender systems are one of the most largely deployed machine learning algorithms. Online
stores, streaming platforms, social networks, and news platforms all rely on them to help users
find relevant items in catalogs [1]. Historically, recommender systems learned representations
separately for each task, often from collaborative filtering signals derived from the user–item
interaction matrix [2]. Modern recommender systems depend strongly on how users and items
are represented, since these representations determine how preferences, item similarities, and
user–item relevance are modeled [3, 4].

The rise of foundation models has introduced a new paradigm for representation learning.
Large encoders pretrained on broad, heterogeneous data with self-supervised or weakly supervised
objectives are now publicly available for many modalities, like text [5, 6], vision [7], and aligned
text–image pairs [8, 9]. These encoders provide general backbones that can represent catalog
items through their textual and visual content without requiring specific supervision. They
are attractive for recommendation systems as they can easily encode previously unseen items
based on their characteristics, are interchangeable as drop-in feature extractors, and bring in
rich semantic structure learned from data far larger than any single recommendation catalog.

Integrating foundation backbones into recommender systems, however, brings several eval-
uation challenges. In production systems, foundation models are often used as representation
extractors for different downstream tasks. This raises the question of how the foundation model
part of the pipeline should be evaluated. An observed difference in performance may come
from the backbone itself, from its embedding dimensionality, from the downstream architecture
selected for each backbone, from the training budget, or from any number of confounded hyper-
parameters. Existing evaluation practice rarely separates these factors. Backbones are usually
assessed end-to-end, inside the recommendation pipeline. As a result, it is difficult to determine
which backbone is better suited for a given task. We refer to this as the backbone isolation
problem.

This thesis addresses the backbone isolation problem with three contributions. First, we
introduce Recommender Embedding Evaluation Framework (REEF), a protocol based bench-
marking framework for evaluating foundation model representations in recommendation, under
fixed downstream conditions. Within a single REEF run, multiple backbones are passed through
the same data loader, the same task, the same downstream ranker, and the same evaluator,
so that the only variable across configurations is the backbone itself. Second, we use REEF
to evaluate existing pretrained encoders spanning text, vision, and multimodal modalities on
three public datasets, across five recommendation scenarios. Third, we create a study on multi-
modal backbones fine-tuning, where we experiment with bringing interaction information to the
backbone. We evaluate fusion strategies, tuning methods, and training objectives, bringing inter-
action data to the model weights. We extend this study with an analysis of how the embedding
space changes with fine-tuning.
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Chapter 1

Theoretical Background

This chapter introduces the main concepts used later in the thesis. It first defines recommender
systems and standard offline ranking metrics. We then describe foundation encoder models,
common adaptation strategies, representation learning, and learning objectives used to adapt
representations from user–item interaction data. Lastly we cover common visualization algo-
rithms.

1.1 Recommender Systems
Recommender systems are machine learning algorithms that help users find relevant items in large
catalogs. They are used in online stores, streaming platforms, social networks, news platforms,
and other environments where the number of available items is much larger than what a user can
inspect manually. Their purpose is to estimate which items are likely to be useful, interesting,
or engaging for a given user and to rank candidate items accordingly. Figure 1.1 shows the
core idea: a recommender system acts as an intermediary between a user and a catalog of
candidate items. While recommendation can be formulated in several ways, including user-to-
user recommendation, this thesis focuses on the item-to-user setting [10, 11].

Figure 1.1 Conceptual illustration of a recommender system. A user is associated with a set of
candidate items, and the recommender system selects items that are likely to be relevant [1].

3



4 Theoretical Background

Although recommendation appears in many forms, the underlying problem is usually similar.
Given observed user behavior, such as clicks, purchases, ratings, or other interaction events, the
system predicts future preferences. This is challenging since recommendation data is usually
sparse, incomplete, and biased. Most users interact with only a small fraction of the catalog,
many items have little to no interaction history, and observed interactions reflect both user
preferences and what the system previously exposed to the user [12, 13].

From a machine learning perspective, recommendation is commonly formulated as a ranking
problem over users and items. Let U denote the set of users, I the set of items, and let R ∈
R|U|×|I| be the user–item interaction matrix, where rows represent users and columns represent
items. The entry Rui records an observed signal of preference, such as a rating or an implicit
interaction event. The goal is to learn a scoring function

fθ : U × I → R,

which assigns a relevance score to item i for user u. Items with higher scores are ranked higher
and are more likely to be recommended.

1.1.1 Content-Based and Collaborative Recommendation
Recommender systems are often described through two approaches: collaborative filtering and
content-based recommendation.

Collaborative filtering learns from user behavior. Its central assumption is that users who
behaved similarly in the past are likely to prefer similar items in the future, and that items
consumed by similar users are likely to be related. This approach does not require any knowledge
of item content. Matrix factorization is one of the best-known collaborative filtering methods
and represents users and items as latent vectors whose inner product predicts preference [14].

Content-based recommendation instead relies on item attributes, such as titles, descriptions,
categories, images, or structured metadata. The system recommends items whose content is
similar to items the user previously interacted with. This approach is useful when item content
is informative and when interaction history is limited [15].

In practice, many recommender systems are hybrid, they combine interaction signals with
item content. Collaborative signals are often strong when sufficient historical data are available,
while content signals help with new, rare, or sparsely observed items [10].

1.1.2 Evaluation of Recommender Systems
Evaluating recommender systems means measuring how well the model performs. Given a user
u, the system produces an ordered list of candidate items, and this ranking is compared against a
set of relevant items derived from held-out interactions. The goal is not only to retrieve relevant
items, but also to place them as high as possible in the recommendation list [16].

Formally, let πu denote the ranked list of items for user u, and let Gu denote the set of
relevant ground-truth items. Evaluation metrics quantify the agreement between πu and Gu,
typically focusing on the top-K positions, because users rarely inspect the full candidate list.
This is commonly written as Metric@K, meaning that performance is measured within the first
K ranked items. Different metrics emphasize different aspects of ranking quality.

1.1.2.1 Precision and Recall
Precision@K measures the proportion of the top-K recommended items that are relevant. For
example, if four out of ten recommended items are relevant, then Precision@10 is 0.4.

Recall@K measures the proportion of relevant items that appear in the top-K results. If a
user has five relevant held-out items and the recommender retrieves three of them in the top ten,
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then Recall@10 is 3/5. Formally,

Recall@K(u) = |Gu ∩ πKu |
|Gu|

.

Precision reflects the quality of the recommended list itself, whereas recall reflects how much of
the relevant set has been recovered. Precision is useful when avoiding irrelevant recommendations
is important, while recall is useful when covering as many relevant items as possible is the priority.

1.1.2.2 Hit Rate
HitRate@K measures whether at least one relevant item appears in the top-K recommendation
list:

HR@K(u) = I[Gu ∩ πKu ̸= ∅].

The metric is useful in scenarios where a single successful recommendation is sufficient, for
example often in session-based recommendation or first-click settings.

1.1.2.3 Mean Reciprocal Rank
Mean Reciprocal Rank (MRR) emphasizes how early the first relevant item appears in ranking.
For a user u, let ru be the rank of the first relevant item. Then

MRR(u) = 1
ru
,

it is therefore useful in settings where users are likely to interact with the first satisfactory result.

1.1.2.4 Discounted Cumulative Gain
Recommendation quality depends not only on whether relevant items are retrieved, but also
on where they appear in the ranking. Discounted Cumulative Gain (DCG) addresses this by
assigning higher value to relevant items that appear earlier in the list. For a ranking truncated
at position K, DCG is defined as

DCG@K(u) =
K∑
r=1

I[πu(r) ∈ Gu]
log2(r + 1) ,

where πu(r) denotes the item at rank r, and I[·] is an indicator function equal to 1 if the condition
inside the brackets is true and 0 otherwise.

The logarithmic discount reduces the contribution of relevant items that appear lower in the
ranking. As a result, DCG rewards systems that not only retrieve relevant items, but place them
near the top of the recommendation list.

Since the value of DCG depends on the number of relevant items available for a given user,
it is commonly normalized by the score of the ideal ranking. This yields Normalized Discounted
Cumulative Gain (NDCG):

NDCG@K(u) = DCG@K(u)
IDCG@K(u) ,

where IDCG@K(u) is the maximum possible DCG for user u, obtained by ranking all relevant
items as highly as possible.

NDCG is particularly useful in recommendation because it captures both relevance and rank
position [17].



6 Theoretical Background

1.1.3 Challenges in Recommendation
Several challenges appear repeatedly in recommendation settings. The most widely studied is
the cold-start problem, which occurs when the system must recommend a new item or serve a
new user with little or no historical interaction data. In such cases, purely interaction-based
methods struggle because the model has little behavioral evidence for that user/item. Figure 1.2
illustrates this problem.

Figure 1.2 Illustration of the cold-start problem in recommender systems, showing the new-user
problem and the new-item problem [18, Fig. 2].

A related issue is data sparsity. In most real systems, each user interacts with only a tiny
fraction of the available catalog. This makes it difficult to estimate preferences, especially for
infrequent users and long-tail items.

Recommendation data are also affected by bias. Popularity bias means that popular items
receive more interactions and are therefore recommended more frequently. Exposure bias means
that observed interactions depend not only on what a user likes, but also on what the system
previously chose to show. Thus, missing interactions cannot always be interpreted as negative
preference [13, 19].

Finally, recommendation models can face domain shift. A model trained in one domain
or dataset may not transfer well to another because users, items, interaction patterns, and
catalog structure differ. This issue is even more relevant when studying whether learned item
representations transfer across recommendation tasks [20].

1.2 Foundation Models
Foundation models are large models trained on broad and diverse datasets, typically using self-
supervised or weakly supervised objectives. Rather than being optimized for a single task,
they are designed to learn general representations that can be reused across many downstream
applications [21].

Formally, let x ∼ Dpretrain denote samples from a broad pretraining distribution. A founda-
tion model with parameters ϕ is trained by minimizing

ϕ⋆ = arg min
ϕ

Ex∼Dpretrain

[
Lpretrain(x;ϕ)

]
.

The exact form of Lpretrain depends on the model family.
We focus on encoder foundation models, which transform raw input data into fixed vector

representations. These models are trained on large-scale datasets and learn to encode semantic
properties of the input into a dense embedding space.
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Formally, an encoder h with parameters ϕ is a function

hϕ : X → Rd,

where x ∈ X is an input instance and hϕ(x) is its vector representation. The input space X
depends on the modality. Different encoder architectures are used for different modalities, but
the shared purpose is to produce representations that can be reused for different tasks.

1.2.1 Adapting Foundation Models
Foundation models are trained on broad datasets, so their representations are not directly op-
timized for any specific task. To make them suitable for a target task, the encoder can be
further adapted using task-specific data. This adaptation process is commonly referred to as
fine-tuning. The fine-tuning strategy determines how much of the pretrained model is updated
and how strongly the original representations are modified.

1.2.1.1 Full Fine-Tuning
In full fine-tuning, all parameters of the pretrained encoder are updated on the target task. Let
hϕ denote the encoder and gψ a task-specific prediction head. The objective is:

(ϕ⋆, ψ⋆) = arg min
ϕ,ψ

E(x,y)
[
Ltask(y, gψ(hϕ(x)))

]
.

This approach provides maximum flexibility because the entire encoder can adapt to the
target data distribution. It can be especially effective when the target dataset is sufficiently large
and the target task differs from the pretraining setting, since deeper layers of neural networks tend
to become more task-specific and may require adaptation when transferred to a new domain [22].

However, full fine-tuning is also the most expensive adaptation strategy. Since all encoder
parameters are updated, it requires substantial memory and computation, especially for large
foundation models [23]. It also increases the risk of overfitting when the target dataset is small
relative to the number of updated parameters [22]. In addition, updating the entire encoder can
lead to catastrophic forgetting, where useful information learned during pretraining is partially
overwritten during adaptation [24].

1.2.1.2 Low-Rank Adaptation
Low-Rank Adaptation (LoRA) modifies selected weight matrices using trainable low-rank up-
dates instead of updating the full pretrained weights. For a pretrained weight matrix W , the
adapted weights are given by:

W ′ = W +BA,

where A and B are trainable low-rank matrices, while W remains fixed.
This approach is based on the observation that task-specific updates can often be represented

with low-rank matrices [23]. Compared with full fine-tuning, LoRA is more parameter-efficient
because only the low-rank update matrices are trained, while the original pretrained weights
remain frozen. This reduces the number of trainable parameters and lowers memory requirements
during adaptation [23]. Since the pretrained weights are preserved, LoRA also reduces the risk
of overwriting pretrained knowledge and allows multiple task-specific adaptations to be stored
compactly as separate low-rank updates [23].

The main limitation of LoRA is that it restricts the form of the parameter update. Because
adaptation is constrained to a low-rank subspace, LoRA may be less expressive than full fine-
tuning when the target task requires substantial changes to the pretrained representation. Its
performance also depends on design choices such as the selected layers, the rank of the update
matrices, and the scaling of the low-rank update [23].
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1.2.1.3 Adapter-Based Tuning
Adapter-based tuning introduces small trainable modules into the pretrained network while keep-
ing the original backbone weights fixed. A typical adapter uses a bottleneck architecture: the
representation is projected to a lower-dimensional space, transformed, and then projected back
to the original dimensionality [25].

Unlike LoRA, which modifies existing weight matrices through low-rank updates, adapters
add new task-specific layers to the model. This makes adapter-based tuning parameter-efficient
while preserving the pretrained backbone [25]. Since only the adapter modules are trained, the
method reduces the number of trainable parameters and the amount of task-specific storage com-
pared with full fine-tuning. It also makes it possible to maintain several task-specific adaptations
for the same backbone by storing only the corresponding adapter modules [25].

1.2.2 Meta-Learning
A different way to adapt a model to new tasks is meta-learning, often described as “learning to
learn”. Instead of training a model on a single task, meta-learning trains across a distribution
of related tasks, with the goal of producing a model that can be quickly adapted to a new task
from a small number of examples. The model is exposed to many tasks during training, and at
evaluation time, it receives a small support set of examples from a previously unseen task and
must perform well on a separate query set from the same task.

Meta-learning methods fall into two broad families. Optimization-based methods, such as
Model-Agnostic Meta-Learning (MAML) [26], learn a model initialization from which a small
number of gradient steps on the support set yields a strong task-specific model. Metric-based
methods, such as Prototypical Networks [27], learn an embedding space in which simple distance
comparisons against the support set solve the new task without any inner-loop gradient updates.

In recommendation, meta-learning is most commonly used to address cold-start. Each user
or each item can be treated as a task, with the small set of available interactions serving as the
support set, and the meta-learner adapts the recommender to the new user or item from those
few examples.

1.3 Representation Learning for Recommendation

Encoder models produce general-purpose representations that are not by themselves aligned with
the ranking objectives. While these encoders effectively map raw inputs to feature spaces, items
in modern datasets are often multimodal, these inputs must somehow be combined into a single
item representation. That is the task of multimodal representation learning.

1.3.1 Multimodal Representation Learning
Products may include a title, description, image, category, and price, a movie may include a
poster, cast list, and a trailer. Text is well suited for expressing category, function, and abstract
semantics, whereas images capture visual properties such as appearance, style, and structure,
so the signals are largely complementary [28]. Because recommenders expect a single item
vector, the modality-specific embeddings produced by separate encoders must be fused into one
representation zi.

We simplify the discussion to two modality cases, these are text and images. Let ht(ti) ∈ Rdt

denote the text embedding and hv(vi) ∈ Rdv the image embedding. A fusion function F maps
the pair (ht(ti), hv(vi)) to a joint representation zi, optionally followed by a projection into the
embedding space used by the recommender.
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1.3.1.1 Averaging
A simple parameter-free strategy is averaging, which assumes that both modality encoders pro-
duce vectors of the same dimensionality dt = dv = d and combines them by an element-wise
mean:

zi = 1
2
(
ht(ti) + hv(vi)

)
.

Averaging introduces no trainable parameters and is particularly well suited to encoders like
CLIP, whose text and image branches are explicitly trained to produce embeddings in a shared
space [8]. Because the operation is linear, it preserves the geometric structure of the original
embedding space, so neighborhood relations from each modality are largely retained in the fused
representation.

1.3.1.2 Concatenation
Another simple approach is concatenation, which stacks the modality representations into a single
vector:

zi = [ht(ti); hv(vi) ],

where [ · ; · ] denotes the concatenation operation. This method preserves all modality-specific
information in its raw form, resulting in a joint representation zi ∈ Rdt+dv .

1.3.1.3 Weighted Sum with Learned Projections
The weighted sum strategy first projects both modalities into a shared space and then combines
them linearly:

zi = wt · Pt ht(ti) + wv · Pv hv(vi)

where Pt ∈ Rd×dt and Pv ∈ Rd×dv are modality-specific projections, wt and wv are scalar weights
satisfying wt + wv = 1. This approach enforces a shared representation space and introduces
direct interaction between modalities through a weighted combination.

This method assumes that the importance of text and image information is fixed across items.
For example, if wt is larger than wv, the fused representation will generally rely more on textual
information for every item.

1.3.1.4 Multi-Head Attention Fusion
The attention-based strategy provides a more flexible way to combine modalities. As in the
weighted-sum approach, both modality embeddings are first projected into a shared d-dimensional
space. The projected text and image embeddings are treated as a short sequence of two tokens:

s =
[
Pt ht(ti); Pv hv(vi)

]
∈ R2×d,

s′ = LayerNorm
(

s + MHA(s)
)
,

zi = 1
2

2∑
k=1

s′
k.

Here, the first token corresponds to the projected text embedding and the second token cor-
responds to the projected image embedding. The multi-head self-attention layer allows each
modality to attend to the other before the final item representation is computed. The residual
connection preserves the original projected representations, while layer normalization stabilizes
the transformed sequence.

Unlike the weighted sum, attention fusion can make the interaction between modalities de-
pend on the item itself. For one item, the model may rely more strongly on the visual token,
while for another item it may use the text token more heavily [29].
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1.3.1.5 Gated Fusion

The gated fusion strategy combines modalities using a learned sigmoid gate applied element-wise:

g = σ
(
Wg [Pt ht(ti); Pv hv(vi) ]

)
,

zi = P
(

g ⊙ Pt ht(ti) + (1 − g) ⊙ Pv hv(vi)
)
.

This makes gated fusion more flexible than a weighted sum. Instead of assigning one global
weight to text and one global weight to images, the model can decide that some dimensions
should rely more on textual information while others should rely more on visual information. At
the same time, gated fusion is usually lighter than attention-based fusion, because it does not
compute pairwise attention interactions between tokens. This makes it a practical compromise
between simplicity and adaptivity [30].

1.4 Learning Objectives from Interaction Data

To adapt a model for recommendation, we must define a learning objective. A learning objective
tells the model which predictions are encouraged, which are penalized, and how the model
should adapt its parameters to the recommendation task. In recommendation, this usually
means assigning higher scores to items a user interacted with than to items that are unobserved,
irrelevant or sampled as negatives.

Learning objectives in recommendation can be broadly categorized based on how they use
interaction signals. These include pointwise, pairwise, and listwise families [31].

Pointwise objectives treat each user–item interaction independently and predict a target value,
such as a binary relevance label or a rating. These methods are simple and easy to optimize, but
they do not directly model the relative order between items.

Pairwise objectives learn by comparing pairs of items for the same user. Given a positive
item and a sampled negative item, the objective encourages the model to assign a higher score to
the positive item than to the negative one. This makes the objective more closely aligned with
ranking, although each training step still considers only one positive–negative comparison.

Listwise objectives optimize over a set or list of candidate items for the same user. Instead
of comparing individual items independently or in pairs, they consider the relative ordering of
multiple items at once. This makes them more directly connected to ranking metrics, since the
model is trained to place relevant items higher within an entire candidate list. Below, we describe
several losses used in recommendation.

1.4.1 Bayesian Personalized Ranking
Bayesian Personalized Ranking (BPR) is a pairwise ranking objective designed for implicit-
feedback recommendation. For a user u, a positive item i, and a sampled negative item j, the
objective is

LBPR = − 1
|B|

∑
(u,i,j)∈B

log σ
(
e⊤
i ēu − e⊤

j ēu
)
.

The loss encourages the score of the observed item to exceed that of the unobserved one.
Compared to contrastive objectives, BPR focuses on local ranking consistency between sampled
item pairs rather than classification among a larger candidate set. Its simplicity and effectiveness
make it a standard objective for implicit-feedback recommendation [2].
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1.4.2 InfoNCE Loss
InfoNCE is a widely used contrastive objective introduced in contrastive predictive coding. It
compares one positive item against multiple negatives at the same time. For a user representation
ēu, a positive item embedding ei, and a set of negative items Nu, the loss is

LInfoNCE = − 1
|B|

∑
(u,i)∈B

log exp(e⊤
i ēu/τ)

exp(e⊤
i ēu/τ) +

∑
j∈Nu

exp(e⊤
j ēu/τ)

.

The objective encourages the model to assign higher similarity to the positive item than
to all sampled negatives. The temperature parameter τ controls how sharply similarities are
contrasted. In practice, InfoNCE can be interpreted as a classification problem in which the
model must identify the correct item among a set of candidates [32].

1.4.3 ELSA Loss
ELSA is an interaction-driven objective based on a linear shallow autoencoder defined over the
user–item interaction matrix. Rather than matching item embeddings to a separately constructed
target similarity matrix, ELSA uses the embeddings to parameterize a low-rank item–item op-
erator that reconstructs user interaction vectors. Let R ∈ R|U|×|I| be the user–item interaction
matrix, where Rui indicates the interaction between user u and item i. Let E ∈ R|I|×d denote
the item embedding matrix, where the i-th row ei ∈ Rd is the embedding of item i. ELSA defines
an item–item weight matrix by taking inner products of item embeddings and zeroing out the
diagonal:

W = EE⊤ − diagMat(EE⊤),

where diagMat(·) returns a matrix containing only the diagonal entries of its argument, with all
off-diagonal entries set to zero. Removing the diagonal ensures that each item is reconstructed
only from other items rather than from itself, which would otherwise admit a trivial identity
solution. The predicted interaction matrix is then computed as:

Rpred = RW.

The loss compares normalized original and reconstructed interaction vectors:

LELSA = ∥norm(R) − norm(Rpred)∥2
F .

This objective encourages item embeddings to encode collaborative relationships that allow user
interaction histories to be reconstructed through similar items. In beeFormer, the item embed-
ding matrix is not optimized directly. Instead, it is produced by an encoder:

E = g(T ; θ),

where T denotes item text inputs and θ are the encoder parameters. The ELSA loss is then
backpropagated through the encoder, allowing pretrained semantic representations to adapt to
the collaborative structure present in the interaction data [33, 34].

1.4.4 Interaction-Derived Similarity Matching
The reconstruction view of ELSA can be interpreted as implicitly learning an item–item similarity
structure induced by user interactions. This motivates a broader class of objectives that operate
directly on item–item similarity matrices, which we refer to as interaction-derived similarity
matching.
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In this formulation, the item embedding matrix E ∈ Rn×d induces a predicted similarity
matrix

Ŝ = EE⊤, Ŝij = ⟨ei, ej⟩.
The model is trained to align this predicted similarity with a target similarity matrix constructed
from interaction data:

Lsim = D(ŜB , Starget
B ),

where B denotes a subset of items, and D(·, ·) is a matrix discrepancy measure such as mean
squared error or a divergence between normalized rows.

This formulation can be viewed as a direct relaxation of ELSA. While ELSA learns a similarity
operator implicitly through reconstruction of interaction vectors, similarity matching objectives
supervise the similarity structure explicitly by comparing predicted and target item–item re-
lationships. Both approaches rely on the same underlying signal: item co-occurrence patterns
derived from the interaction matrix R.

The target similarity matrix Starget is constructed from the same user–item interaction matrix
R. Let R:,i ∈ R|U| denote the interaction vector of item i.

One option is Jaccard similarity:

Sjac
ij = |Ui ∩ Uj |

|Ui ∪ Uj |
, Ui = {u | Rui > 0},

which considers only the overlap of user sets and ignores interaction counts.
Pointwise mutual information (PMI) compares observed co-occurrence against what would

be expected under independence:

Spmi
ij = log P (i, j)

P (i)P (j) .

In practice, PMI is often clipped at zero to suppress weak or noisy associations.
These constructions define different notions of item relatedness. Jaccard focuses on binary

overlap, PMI highlights unexpectedly strong associations.

1.5 Representation Analysis Methods
Since we also include analyses of the learned representations, we need to briefly introduce several
algorithms used to understand the structure of the embedding space.

1.5.1 Cosine Similarity
The cosine similarity between two vectors u,v ∈ Rd is the inner product of their L2-normalised
forms:

cos(u,v) = u⊤v
∥u∥2 ∥v∥2

.

Because it depends only on the angle between the vectors, cosine similarity is unaffected by their
magnitudes. This makes it a standard choice for comparing high-dimensional representations.

1.5.2 Vision Transformer Attention
A Vision Transformer (ViT) splits an input image into a regular grid of patches, embeds each
patch into a token, and processes the resulting sequence with a stack of L transformer layers,
each containing H self-attention heads [29, 35]. At every layer the model produces row-stochastic
attention matrices A(l)

h ∈ RN×N , where N is the number of patch tokens (excluding the [CLS]
token used for sequence-level pooling). Entry [A(l)

h ]ij records how much patch i attends to patch
j in head h of layer l.
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1.5.3 Uniform Manifold Approximation and Projection
Uniform Manifold Approximation and Projection (UMAP) is a non-linear dimensionality reduc-
tion method used to project high-dimensional data into a low-dimensional space [36]. UMAP
provides a way to visualize high-dimensional embeddings, keeping local neighbourhoods relation-
ships as much as possible.

UMAP first builds a neighbourhood graph in the original embedding space, where each point
is connected to its nearest neighbours. It then finds a low-dimensional projection that preserves
this neighbourhood structure. Points that are close in the original space should therefore also
appear close in the projection, while groups of related points may form visible clusters.

1.5.4 K-Means Clustering
K-means is a clustering algorithm used to partition data points into k groups based on their
similarity [37]. Given a set of inputs, the algorithm assigns each input to the nearest cluster
centroid and then updates each centroid as the mean of the assigned points. This process is
repeated until the assignments converges. The objective minimized by k-means is the within-
cluster sum of squared distances:

k∑
c=1

∑
xi∈Cc

∥xi − µc∥2
2,

where Cc is the set of points assigned to cluster c and µc is the corresponding centroid.
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Chapter 2

Related Work

This chapter reviews existing work on representation learning and foundation models for recom-
mender systems. It focuses on how the literature has moved from ID-based collaborative filtering
toward content-aware, multimodal, transferable, and generative recommendation. The chapter
first discusses foundation models for item representation learning. For completeness, we also
review graph-based recommendation, language-model and generative approaches to recommen-
dation. The chapter concludes with datasets and evaluation frameworks, with emphasis on how
well existing benchmarks support representation evaluation.

2.1 Foundation-Model Encoders for Recommendation

Traditional collaborative filtering learns embeddings from interaction data and treats users and
items as identifiers. Content-based recommendation instead derives representations from item
attributes such as text, images, audio, or metadata. Modern industrial systems often combine
both views, they learn representations from behavioral sequences, catalog structure, item content,
context, and downstream task feedback.

This is visible in large-scale production systems. Netflix describes recommendation as a col-
lection of specialized deep learning models for different personalization tasks, where learned user
and item representations are reused across applications [38]. More recently, Netflix introduced
a personalization foundation model that produces user and item embeddings from behavioral
sequences and passes these embeddings to downstream models, such as ranking, search, and
homepage personalization [39]. Spotify follows a similar representation centric direction in music
recommendation, they learn user and session embeddings from listening sequences and contextual
information [40].

This shows that text and image encoders are only one part of a larger representation-learning
landscape. The focus of this thesis is narrower, we study foundation item encoders, specifically
text, vision, and multimodal backbones. These encoders are convenient as they can represent
new items directly from attributes, without requiring interaction history.

2.1.1 Text Encoders
Recent advances in natural language processing have produced embedding models designed for
semantic similarity and dense retrieval. Sentence-BERT introduced a siamese sentence-encoder
architecture that made BERT-style models practical for similarity search [41]. Dense Passage
Retrieval then showed that dual encoders trained contrastively can support large-scale neural

15
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retrieval [42]. Later models such as Contriever, E5, BGE, BGE-M3, and GTE improved training
data, objectives, multilinguality, and retrieval robustness [43, 44, 6, 45, 46].

In recommendation text-based item encoders first became prominent in news settings. News
articles are short lived, frequently published, and often have little interaction history, which
makes cold-start the central problem [47]. Early neural news recommenders therefore focused
on learning stronger article representations from titles, categories, and entities. DKN introduced
a knowledge-aware CNN architecture that enriches news titles with entity information from a
knowledge graph [48]. NAML represented news through multiple textual and categorical views,
using attention to combine titles, bodies, and metadata [49]. NRMS moved from convolutional
encoders to multi-head self-attention, reflecting the broader shift from local text features toward
contextual representations [50].

The next step was to replace recommendation-specific text encoders with pretrained language
models. This follows the same motivation as in other NLP applications. Models pretrained
on large corpora contain linguistic and semantic knowledge that task specific encoders trained
on recommendation may not learn. In news recommendation, PLM-based models showed that
pretrained language encoders can improve article understanding, but they also exposed a practical
problem. Repeatedly encoding the same articles during training and serving is computationally
expensive [51]. This pushed later work toward efficient training, caching, distillation, and domain
adaptation.

More recent work treats text as a transferable item representation rather than a content
feature. ZESRec uses item descriptions as continuous item indices for zero-shot sequential rec-
ommendation, addressing the fact that item IDs do not transfer across domains [52]. UniSRec
extends this idea with multi-domain contrastive pretraining, aiming to learn universal sequence
representations from item descriptions [53]. VQ-Rec adds vector quantization between textual
descriptions and item representations, reducing direct dependence on textual similarity and im-
proving robustness under domain shift [54]. Recformer similarly textualizes item attributes and
models user histories as sequences of item descriptions [55].

This line of work also reveals a limitation of directly importing semantic encoders into recom-
mendation. General purpose sentence encoders are usually trained to capture semantic similarity,
but semantic similarity and interaction similarity are not identical. Two products may be tex-
tually similar but appeal to different users, or textually different but frequently co-consumed.
BeeFormer addresses this by training item encoders with interaction supervision, explicitly align-
ing semantic item representations with collaborative similarity [34].

2.1.2 Vision, Audio, and Multimodal Encoders
Some domains require representations beyond text. Fashion recommendation depends heavily
on item appearance, music recommendation can use audio signals, and video recommendation
may combine visual, textual, and audio information.

Early visual recommenders used image features to complement collaborative filtering. VBPR
integrated CNN-derived image features into Bayesian Personalized Ranking, showing that ap-
pearance is useful in domains like fashion where user preferences are strongly visual [56]. DVBPR
later trained image representations directly for recommendation, instead of relying on fixed CNN
features extracted from image classification models [57].

Modern multimodal recommendation pipelines increasingly use large pretrained encoders.
CLIP learns aligned image and text representations from natural language, making it possible to
compare visual and textual content in a shared embedding space [8]. SigLIP modifies contrastive
image-text pretraining with a sigmoid loss, while DINOv2 provides strong self-supervised vi-
sual representations trained without language supervision [9, 7]. The paper Large Multi-modal
Encoders for Recommendation studies CLIP-like and VLM-style backbones in recommendation
settings and finds that stronger multimodal encoders and end-to-end adaptation can improve
recommendation performance over shallow modality-specific feature extraction [58]. LIRDRec
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pushes further toward identifier free multimodal recommendation by learning item representa-
tions directly from multimodal features rather than relying on learned item ID embeddings [59].

2.1.3 Cold-Start and Cross-Domain Adaptation
Cold-start recommendation is one of the main motivations to use content encoders. If an item
has no interactions, a collaborative model cannot learn a reliable ID embedding. Content-based
representations can still be computed from text, images, or metadata. DropoutNet simulates
cold-start during training by removing collaborative inputs and forcing the model to rely on
content features [60]. Heater aligns content-based and collaborative representations through a
transfer procedure designed for cold-start recommendation [61]. CLCRec formulates cold-start
recommendation as contrastive learning between collaborative and content views [62].

Transfer learning is a related but broader problem. Item IDs are specific to a catalog, so
ID embeddings learned in one domain cannot be directly reused in another. Modality-based
representations, by contrast, can transfer if item content is comparable across domains. ZESRec
and UniSRec demonstrate this idea for text-based sequential recommendation, while multimodal
approaches such as TransRec and PMMRec explore transfer through raw modality features and
cross-modal alignment [63, 64].

2.1.4 Meta-Learning for Recommendation
Meta-learning has been applied to recommendation primarily as a way to handle user and item
cold-start, framing each user or item as a task and learning how to adapt a recommender from
a small number of interactions. MeLU treats each user as a task and uses MAML [26] to
learn a recommender initialization that can be adapted to a new user from a handful of in-
teractions through a few gradient steps [65]. MAMO extends this with a memory-augmented
meta-optimizer to better handle users with diverging preferences [66]. Item-side cold-start has
been addressed by similar techniques, where the meta-learner produces an item representation
that can be refined from a few observed interactions.

A second line of work treats domains as meta-learning tasks for cross-domain recommenda-
tion. PTUPCDR [67] learns a meta-network that produces personalized user-preference trans-
forms from a small number of source-domain interactions, conceptually close to the dataset and
domain transfer scenarios studied in this thesis.

Most of the methods above are optimization-based and require an explicit inner gradient
loop at evaluation time. Amortized alternatives like the Conditional Neural Processes [68] have
received less attention in recommendation, although attention- and gating-based modules that
produce task-conditioned representations from a support set fall into this category and are com-
putationally much cheaper, since adaptation reduces to a forward pass.

2.2 Graph-Based Recommendation
Graph recommendation can be understood as a structural extension of collaborative filtering, rep-
resenting interactions as a user–item bipartite graph and propagate information through edges.

PinSage showed that graph convolutions could scale to web-scale recommendation by combin-
ing random walk sampling with efficient graph convolution over item neighborhoods [69]. NGCF
then made collaborative signal explicit by propagating embeddings over the user–item graph [70].
LightGCN simplified this architecture by removing feature transformations and nonlinearities,
showing that much of the benefit comes from neighborhood aggregation itself rather than heavy
neural layers [71].

Later work introduced self-supervised objectives for graph recommendation. SGL applies
graph contrastive learning by creating augmented views of the user–item graph, improving ro-
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bustness under sparse interactions [72]. SimGCL further simplifies this idea by perturbing em-
beddings directly rather than relying on graph augmentations [73].

Multimodal graph recommendation incorporates content features into graph collaborative
learning. MMGCN propagates modality-specific representations over user–item graphs, allowing
visual, textual, and other modality signals to interact with collaborative structure [74]. FREE-
DOM argues that item–item graphs built from content features can be useful when kept fixed,
while training focuses on denoising the user–item graph [75]. MENTOR adds multi-level cross-
modal alignment, aiming to preserve modality-specific information while still learning a unified
recommendation representation [76].

2.3 LLM-Based and Generative Recommendation

The advancements of NLP and Large language models (LLMs) introduced a new way to think
about recommendation. Instead of producing dense item vectors, LLM-based systems can express
user histories, item attributes, explanations, and recommendations in natural language. This
makes them attractive for conversational and explainable recommendation, but it also creates new
challenges: item grounding, hallucination, ranking quality, and the mismatch between language
modeling and personalized preference prediction.

P5 reformulated several recommendation tasks as text-to-text problems, using prompts to
unify rating prediction, sequential recommendation, explanation, and review-related tasks [77].
This work argues, that recommendation data can be converted into natural language instructions
and solved with an encoder–decoder language model.

A second line of work adapts large language models through instruction tuning. TALLRec
shows that tuning LLMs on recommendation-specific instructions can improve their ability to
interpret user preference and item relevance [78]. Recommendation as Instruction Following sim-
ilarly frames recommendation tasks as instruction-following problems, emphasizing that LLMs
need recommendation-specific supervision rather than generic prompting alone [79]. These ap-
proaches are useful when recommendation is interactive, but they do not by themselves solve the
problem of efficient retrieval over large item catalogs.

2.4 Datasets and Evaluation Frameworks
The development of large models for recommendation depends heavily on the available datasets.
A useful dataset for this area should contain user–item interactions, rich item content, sufficient
scale, and preferably multiple domains or categories. In practice, such datasets are limited, which
makes systematic comparison difficult.

2.4.1 Datasets for Foundation-Model Recommendation
The Amazon Reviews 2023 collection is one of the most important recent datasets for recommen-
dation. It contains large-scale user reviews, item metadata, product description, and product
images across many categories [80]. Because the same source provides interactions and rich
item information, Amazon Reviews 2023 is useful for evaluating multimodal, cross-category, and
retrieval-oriented recommendation. Its category structure also makes it suitable for transfer
experiments.

NineRec is a recent benchmark suite designed for transferable multimodal recommendation.
It contains a large-scale source domain and nine target domains, with items accompanied by
textual descriptions and high resolution cover images [81].

For fashion recommendation, the H&M Personalized Fashion Recommendations dataset pro-
vides a large retail setting with user transactions, article metadata, images and detailed product
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attributes [82]. Apparel recommendation depends strongly on visual and categorical properties
like product type, color, style, and garment group.

MovieLens 20M remains a standard collaborative filtering benchmark because it is stable,
widely used, and well understood [83]. By itself, it is primarily an explicit-feedback dataset with
limited item-side metadata, mainly movie titles, genres, tags, and external identifiers. However,
it can be enriched with external information using the MovieLens 20M Posters for Machine
Learning dataset from Kaggle, which provides poster images for MovieLens 20M movies [84].

For news recommendation, the Microsoft News Dataset (MIND) is one of the main public
benchmarks. It is built from anonymized behavior logs from Microsoft News and contains user
impression logs together with article information such as titles, abstracts, categories, and subcat-
egories [85]. MIND is especially relevant for text-based recommendation because news articles
are frequently new, short-lived, and described primarily through text.

Short video datasets provide settings where recommendation can be studied with richer be-
havioral signals than simple implicit feedback. KuaiRec was designed with a fully observed
user–item interaction matrix for a subset of users and videos [86]. KuaiSAR extends this direc-
tion by combining search and recommendation behavior within the same platform [87].

Other public datasets support narrower but still relevant evaluation scenarios. Yelp provides
business metadata, reviews, photos, and user feedback [88]. RetailRocket contains e-commerce
event logs and item properties, making it useful for session-based or event-based retail recom-
mendation [89]. Book Crossing and Goodbooks10k provide book interactions and metadata [90,
91]. LFM-1B provides large-scale music listening histories and can be paired with artist, tag, or
audio information, making it relevant for studying sequential and content-aware music recom-
mendation [92].

2.4.2 Evaluation Frameworks
Evaluation frameworks play an important role for reliable comparability of recommenders. An
evaluation framework usually standardizes data loading, train-validation-test splitting, negative
sampling, model implementation, hyperparameter search, and ranking metrics. This reduces
the amount of hidden experimental variation and makes results easier to reproduce. However,
different frameworks emphasize different paradigms, which affects what models and scenarios
they are suitable for.

Several frameworks target general recommender system experimentation. LensKit is one of
the older research oriented toolkits that focuses on flexible experimentation, algorithm compar-
ison, and education [93]. Surprise follows a scikit-learn interface and is mainly aimed at explicit
feedback rating prediction, making it useful for classical experiments rather than modern multi-
modal recommendation [94].

More recent libraries focus on neural recommendation and broader task coverage. RecBole
provides a unified PyTorch framework with implementations of many recommendation models,
common benchmark datasets, and standardized evaluation protocols [95]. RecBole 2.0 extends
this ecosystem with packages for meta-learning, data augmentation, debiasing, fairness, cross-
domain recommendation, transformers, and graph neural networks [96]. Elliot focuses on repro-
ducibility, it allows complete experimental pipelines to be specified through configuration files and
supports many splitting strategies, filtering methods, hyperparameter optimization procedures,
metrics, and statistical tests [97]. Microsoft Recommenders provides utilities, examples, note-
books, baseline implementations, dataset processing tools, and evaluation functions for practical
recommender-system development [msrecommenders]. TensorFlow Recommenders supports
the workflow of building retrieval and ranking models in TensorFlow, including data prepara-
tion, model definition, training, evaluation, and deployment [98]. TorchRec targets large-scale
production recommendation in PyTorch by providing primitives for sparse features, embedding
tables, sharding, and distributed training [99].

Other frameworks specialize in particular recommendation paradigms. Cornac focuses on
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multimodal and auxiliary information recommendation, where models can use text, images, so-
cial links, or other side information in addition to interactions [100]. MMRec is a more recent
multimodal recommendation framework that canonicalizes the implementation and comparison
of models using visual, textual, and structural signals [101]. OpenP5 provides an experimental
platform for LLM-based generative recommendation under the P5 paradigm, covering different
downstream tasks, datasets, and item indexing choices [102]. GRID focuses on generative rec-
ommendation with semantic identifiers and makes it possible to compare tokenization, codebook
construction, sequential modeling, and decoding strategies [103].

Overall, existing frameworks cover much of the recommender system landscape, including
classical collaborative filtering, neural recommendation, multimodal recommendation, production-
scale ranking, and generative recommendation. Their main focus, however, is the complete rec-
ommendation pipeline. They standardize models, datasets, training procedures, and metrics,
but they rarely separate the contribution of the representation model from the contribution of
the downstream recommender. As a result, it is difficult to determine whether a performance
difference comes from a stronger embedding backbone, a better ranking model, a different loss
function, or other pipeline choice. This limitation motivates REEF a new evaluation framework,
introduced in Chapter 3. This framework treats the representation model as an explicit and
interchangeable component. Instead of evaluating each backbone inside a different recommender
architecture, it evaluates different embeddings under the same offline recommendation protocol.
The datasets, splits, candidate construction, downstream rankers, and metrics are kept fixed
across backbones.



Chapter 3

Recommender Embedding
Evaluation Framework

This chapter introduces Recommender Embedding Evaluation Framework (REEF), a framework
designed to evaluate how much do representations produced by an embedding foundation model
contribute to downstream recommendation tasks. An overview of the REEF pipeline can be
seen in Figure 3.1. It supports direct comparison of multiple foundation models within a single
run, under identical data, task, and evaluation conditions, while supporting reproducible exper-
imental setups through controlled configuration, seeding, and artifact tracking. REEF does so
by training task-specific downstream recommenders on top of the embeddings generated by each
foundation model and measuring the performance of the resulting system. The foundation model
transforms item content, such as text or images, and where supported, structured metadata, into
embeddings. The downstream model then uses these representations to produce predictions for
a particular recommendation scenario. These scenarios may correspond to any recommendation
setting for which compatible task, downstream model, and evaluator components are provided.

REEF is not intended to replace existing recommender frameworks, its purpose is to provide
a focused and reproducible framework for evaluating foundation-model representations in rec-
ommendation. To achieve this, REEF defines a small set of protocols needed for an experiment.
These interfaces are intentionally minimal, so that components developed in other frameworks
can be incorporated with little additional work.

3.1 Pipeline Overview
A REEF experiment is specified through a YAML configuration file. The configuration describes
which dataset should be loaded, which recommendation tasks should be evaluated, which foun-
dation backbones should be compared, how these backbones should be fine-tuned, which down-
stream models should be fitted on top of the resulting embeddings, and which metrics should
be computed. In this way, the configuration file defines the full experimental setup without
requiring changes to the framework runtime.

At a high level, a REEF run proceeds through a fixed sequence of stages. First, the configured
data loader reads the raw dataset files and converts them into a common internal representa-
tion. Then, each configured task declares what data it needs and which interactions must be
excluded from backbone training in order to preserve the validity of the evaluation scenario.
After these exclusions are resolved, each task constructs a task-specific view of the data used
later for downstream training and evaluation.

The framework then evaluates each configured foundation-model backbone. Depending on
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Figure 3.1 End-to-end pipeline of REEF.

the selected trainer, the backbone may be used without adaptation or fine-tuned on the allowed
interaction data. After this stage, the backbone is frozen and used to encode the required
items into embeddings. These embeddings form the representation artifact that is passed to the
downstream recommendation stage.

For each task, REEF trains the configured downstream model on top of the embeddings
produced by the backbone. The downstream model receives only the task-specific data view and
the embedding bundle, which keeps the evaluation focused on how useful the foundation model
representations are for the given recommendation scenario. The trained downstream model then
produces predictions for the task queries, and the evaluator computes the selected ranking or
retrieval metrics.

The main user defined components in a REEF configuration are:

Data loader: reads the raw dataset files and constructs the shared data representation used
by the rest of the pipeline.

Tasks: define the recommendation scenarios, specify task-specific data requirements, and
construct the data views used for downstream training and evaluation.

Backbones: define the foundation models whose item representations are being evaluated.

Trainers: specify whether and how a backbone is adapted before embeddings are generated.
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Downstream models: consume the generated embeddings, train on task-specific supervi-
sion, and produce predictions for the given evaluation scenario.

Evaluators: compute the selected metrics from the generated predictions.

REEF treats these components as interchangeable modules with typed interfaces. The run-
time is responsible for resolving the components from the configuration, checking that they
satisfy the expected protocols, executing them in the correct order, and storing the resulting ar-
tifacts. This design keeps the execution logic fixed while allowing new datasets, tasks, backbones,
trainers, downstream models, and evaluators to be added without modifying the core pipeline.

The pipeline can therefore be understood as a sequence of artifact transformations. The
data loader produces a prepared data bundle. Tasks transform this bundle into task-specific
views. Trainers adapt backbones using the permitted training interactions. Backbones produce
embedding bundles. Downstream models transform task views and embeddings into predictions.
Evaluators transform predictions into metric reports. Finally, REEF persists the results together
with the configuration and references to the generated artifacts, making experiments easier to
inspect, reproduce, and compare.

3.2 Configuration and Component Resolution
REEF is driven by a YAML configuration file that specifies an experiment in its entirety. The
file declares the data bundle loader, one or more backbone–trainer pairs, one or more task–
downstream–evaluator combinations. Each component is referenced by its Python import path
via the module:attribute pattern, together with a parameter mapping. An example configu-
ration file is shown in Appendix A.

3.3 Data Model and Loading
The basic unit of data in REEF is an Interaction, a frozen dataclass representing one observed
event between a user and an item. Interactions are not stored as separate Python objects.
Instead, each Dataset keeps them in an InteractionTable backed by Apache Arrow, and
Interaction instances are created only when individual rows need to be accessed. This makes
the representation more memory efficient and allows interactions to be filtered and processed
efficiently.

Code listing 3.1 Interaction row schema.
@dataclass ( frozen =True)
class Interaction :

interaction_id : InteractionId
user_id : str
item_id : str
timestamp : float | None = None
label: float | None = None
domain_id : str | None = None
session_id : str | None = None
sequence_id : str | None = None
metadata : Mapping [str , Any] = field( default_factory =dict)

The only required fields are the user and item identifiers. All other fields are optional and are
used only by tasks that require them. The timestamp field supports chronological ordering and
sequential evaluation. The label field stores an explicit supervision signal, such as a rating or
binary outcome. The domain id field distinguishes interactions that belong to different domains,
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which is required in transfer settings. The session id and sequence id fields identify local
interaction sequences when tasks depend on session-based or ordered behaviour.

The interaction id is a stable integer identifier derived from the content of the interaction
rather than from its position in the table. It is computed from a canonical representation of the
fields that distinguish one event from another, such as the user, item, timestamp, and selected
metadata. Missing values are represented explicitly, and repeated events remain distinct only if
the loader includes an additional field that separates them. Because the identifier depends on
content rather than row order, the same interaction keeps the same identifier even if the dataset
is reloaded, shuffled, or rewritten. This allows exclusions and cached task views to remain
valid even when the table order changes. The metadata field stores any additional task-specific
information that does not belong in the core schema, such as search queries, conversational
context, or impression features.

A Dataset combines an InteractionTable with its user and item catalogues and is identified
by a stable dataset id. All identifiers in REEF are scoped to the dataset in which they appear.
As a result, two datasets may contain the same user id or item id string without the framework
treating them as the same entity. When cross-dataset user identity is required, REEF represents
it explicitly through an optional UserLinkTable. Its rows declare equivalences of the form
(dataset a, user a, dataset b, user b) and are loaded alongside the bundle only for tasks
that require cross-dataset user modeling.

Code listing 3.2 Dataset and data bundle.
@dataclass ( frozen =True)
class Dataset :

dataset_id : str
items: ItemCatalog
users: UserCatalog
interactions : InteractionTable
domains : Mapping [str , DomainSpec ] = field( default_factory =dict)
sessions : Mapping [str , SessionSpec ] = field( default_factory =dict)
metadata : Mapping [str , Any] = field( default_factory =dict)

@dataclass ( frozen =True)
class DataBundle :

bundle_id : str
datasets : Mapping [str , Dataset ]
user_links : UserLinkTable | None = None
metadata : Mapping [str , Any] = field( default_factory =dict)

The loading stage is defined by a LoaderProtocol, whose load method takes a RunContext
and returns a DataBundle. The protocol does not restrict how the data are obtained, it can read
local files, download remote resources, or combine multiple sources. Once loading is complete,
the runtime validates the bundle by checking interaction identifiers, verifying that dataset ids
are unique, and ensuring that the dataset-level requirements declared by the active tasks are
met.

3.4 Tasks and Task Views
A task defines a single evaluation condition in REEF. It specifies what is being evaluated, what
data are needed to construct that evaluation, and which interactions must be excluded from
backbone training in order to keep the evaluation valid. Each task also declares a kind, an
open string that identifies the prediction format it produces. In other words, the task defines
the meaning of the scenario, while the kind defines the structure of the queries, predictions, and
evaluation. The built-in evaluators described in Section 3.7 support the ranking kind, including
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sequential next-item prediction expressed as ranking over candidate items. The framework itself
does not impose a fixed set of valid kinds.

Code listing 3.3 Task protocol.
@runtime_checkable
class TaskProtocol ( Protocol ):

task_id : str
kind: str

def describe_requirements (
self ,
ctx: RunContext

) -> TaskRequirements : ...

def declare_exclusions (
self ,
bundle : DataBundle

) -> TrainingExclusions : ...

def build_view (
self ,
bundle : DataBundle ,
trainable : Mapping [str , InteractionIdSet ],
ctx: RunContext ,

) -> TaskView : ...

In the first phase, the task declares its data requirements. These may specify, for example,
that timestamps must be present, that the domain id field is required, or that a particular
dataset must be included in the bundle. The runtime checks the loaded bundle against these
requirements after loading.

In the second phase, the task declares which interactions must be excluded from backbone
training. These exclusions are stored in a TrainingExclusions artifact keyed by dataset id.
Each value is an InteractionIdSet, represented as a roaring bitmap over stable interaction
identifiers. The runtime merges the exclusions declared by all active tasks and resolves a single
trainable set for each dataset. If the requirements of the active tasks cannot be satisfied together,
the run fails.

In the third phase, the task receives the resolved trainable set and uses it to construct a
TaskView. This view is the only task-specific data artifact passed to downstream models.

Code listing 3.4 Training exclusions and task view.
@dataclass ( frozen =True)
class TrainingExclusions :

excluded_ids : Mapping [str , InteractionIdSet ]
reason : str = ""

@dataclass ( frozen =True)
class TaskView :

task_id : str
kind: str
exclusions : TrainingExclusions
fit_payload : Any
eval_queries : Sequence [Query]
val_queries : Sequence [Query] | None
auxiliary : Mapping [str , Any] = field( default_factory =dict)
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The TaskView separates fit payload from eval queries because the data used for down-
stream training does not have to have the same structure as the data used for prediction and
evaluation. The fit payload contains the task-specific inputs provided to the downstream model
during fitting, while the evaluation queries define the supervised prediction targets on which
metrics are computed. Each evaluation query is represented by a small common wrapper whose
internal structure depends on the task kind.

Code listing 3.5 Query envelope.
@dataclass ( frozen =True)
class Query:

query_id : str
dataset_id : str
kind: str
payload : Any
target : Any

For ranking tasks, the payload typically contains a user representation, an interaction history,
and a candidate pool, while the target is the set of relevant items. For sequential next-item
prediction, the history is ordered and the target is the next item, although the prediction is
still formulated as ranking over candidate items. For search tasks, the payload may consist of a
textual or multimodal query and the target of a graded relevance set.

3.4.1 Built-In Tasks
REEF provides five built-in task implementations corresponding to the evaluation settings used
in Chapters 4 and 5. These tasks cover standard in-distribution evaluation, cold-start item
evaluation, sequential next-interaction prediction, domain transfer, and dataset transfer. An
overview of the five evaluation scenarios is shown in Figure 3.2.

Standard ranking holds out a configurable fraction of interactions for evaluation. Each
held-out interaction (u, i⋆) becomes a query in which the user’s earlier interactions form
the history and the target item i⋆ is ranked against sampled negative items. The held-out
interactions are excluded from backbone training, while the remaining interactions can be
used for downstream fitting.

Cold-start ranking selects a configurable fraction of items as cold items. All interactions in-
volving these items are excluded from backbone training and from downstream model fitting,
and are used only for evaluation.

Sequential ranking holds out a configurable number of the most recent interactions per
user, given by holdout per user, for evaluation. The earlier interactions remain available as
history for training and prediction. Each held-out interaction becomes a query in which the
ordered interaction prefix is used to predict the next item.

Domain transfer splits a dataset into source and target domains using domain id, with the
target specified by target domain. Interactions from the target domain are excluded from
both backbone training and downstream model fitting, and are used only for evaluation.

Dataset transfer uses two datasets, specified by source dataset and target dataset,
with disjoint item catalogues. All interactions from the target dataset are excluded from
both backbone training and downstream model fitting. Evaluation is then performed on the
target dataset, so the model must rank target items without being adapted on target-dataset
interactions.
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Figure 3.2 Overview of the five evaluation scenarios implemented. The standard setting uses a
chronological per-user split with in-distribution items. The cold-start setting withholds a subset of items
entirely from training. The sequential setting evaluates prediction of the most recent interaction from
user history. The domain transfer setting trains on a source domain and evaluates on a target domain.
The dataset transfer setting trains and evaluates across disjoint datasets with separate item catalogs.

3.5 Backbone Training and Embedding Generation
For each selected backbone and trainer, REEF passes the training bundle together to the trainer,
which adapts the foundation model according to the chosen training procedure. Once training is
complete, the backbone is used to encode the required items and produce an EmbeddingBundle,
which stores item embeddings for each dataset and, where available, may also provide user
embeddings or access to encoding of non-item inputs. All methods in this section receive the
same RunContext instance, which is created once at the start of the run and passed through the
entire pipeline.

Code listing 3.6 Run context carried through the pipeline.
@dataclass ( frozen =True)
class RunContext :

run_id : str
rng: np. random . Generator
device : Device
artifact_store : ArtifactStore
cache: ArtifactCache
logger : StructuredLogger
clock: Clock
seed: int
time_window : TimeWindow | None = None
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3.5.1 Backbone Protocol
The backbone protocol defines a minimal interface for the foundation models:

Code listing 3.7 Backbone protocol.
@runtime_checkable
class BackboneProtocol ( Protocol ):

supported_modalities : frozenset [str]
def embed_items (

self ,
items: Sequence [ ItemInput ]

) -> EmbeddingArray :
...

def encode (
self ,
payload : Any , dataset_id : str

) -> EmbeddingArray :
...

@dataclass ( frozen =True)
class ItemInput :

item_id : str
dataset_id : str
text: TextSpec | None = None
image: ImageSpec | None = None
tabular : TabularSpec | None = None
categorical : CategoricalSpec | None = None
metadata : Mapping [str , Any] = field( default_factory =dict)

ItemInput stores item features in separate modality fields, such as text or image. The
embed items method produces item embeddings in the model’s shared embedding space. The
encode method applies the same model to non-item inputs, such as search queries or conversa-
tional context, and returns vectors in that same space. Some backbones may also provide user
embeddings through implementation-specific extensions. When available, these can be stored in
the resulting embedding bundle, but they are not required by the basic protocol.

3.5.2 Trainer Protocol
The training stage is defined by the TrainerProtocol. Its train method receives the backbone,
the data bundle, and the trainable interaction sets produced after applying the task exclusions de-
scribed in Section 3.4. The trainer returns the adapted backbone together with a TrainingTrace
recording information like training step, loss, and validation metric.

This interface also makes multi-dataset training explicit. A trainer may iterate jointly over all
datasets in the bundle using the interactions allowed for training, and any cross-dataset sampling
strategy is treated as part of the trainer configuration.

Code listing 3.8 Trainer protocol.
@runtime_checkable
class TrainerProtocol ( Protocol ):

def train(
self ,
model: Any ,
bundle : DataBundle ,
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trainable : Mapping [str , InteractionIdSet ],
config : Mapping [str , Any],
ctx: RunContext ,

) -> tuple[ BackboneProtocol , TrainingTrace ]: ...

3.5.3 Embedding Generation
After training, REEF constructs ItemInput objects for all items required by the active tasks
and passes them through the backbone in batches. The embeddings are then stored in an
EmbeddingBundle, grouped by dataset id. To support large item catalogues, these embeddings
are written as on-disk shards rather than kept as dense in-memory matrices. The bundle provides
a lookup interface that loads only the shards needed for the requested items.

Code listing 3.9 Embedding bundle.
@dataclass ( frozen =True)
class EmbeddingBundle :

backbone_id : str
item_embeddings : Mapping [str , ShardedEmbeddingStore ]
user_embeddings : Mapping [str , ShardedEmbeddingStore ] | None
encode : Callable [[Any , str], EmbeddingArray ]
metadata : Mapping [str , Any] = field( default_factory =dict)

The encode field provides runtime access to the trained and frozen backbone for non-item
inputs. A downstream model can use it to embed a search query, a conversation history, or
another task-specific input into the same space as the item embeddings. The EmbeddingBundle
is therefore a runtime-facing composite artifact: its stored embedding shards are persistent, while
the encode callable is a live interface to the frozen backbone used during downstream prediction.

3.6 Downstream Adaptation and Prediction
Each task is evaluated independently with a downstream model. For every backbone–task pair,
REEF passes the corresponding TaskView and EmbeddingBundle to the downstream model,
which fits on the task data and produces predictions.
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Code listing 3.10 Downstream model protocol.
@runtime_checkable
class DownstreamModelProtocol ( Protocol ):

kind: str

def fit(
self ,
view: TaskView ,
embeddings : EmbeddingBundle | None ,
config : Mapping [str , Any],
run_context : RunContext ,

) -> None: ...

def predict (
self ,
view: TaskView ,
embeddings : EmbeddingBundle | None ,
run_context : RunContext ,

) -> TaskPredictions : ...

Each downstream model is trained and evaluated for one task at a time, so supervision from
one task cannot affect another. The downstream model receives the data prepared specifically
for that task. Where needed, it uses the backbone embeddings as input representations, for
example for items in a user’s history or candidate items to be scored. If the task also contains
non-item inputs, such as a search query or conversational context, these can be embedded into
the same space through the frozen backbone. The downstream model is then free to apply any
task-specific learning and scoring procedure on top of these representations.

3.7 Evaluation and Result Persistence
Finally, evaluation is carried out, the EvaluatorProtocol defines this stage through an evaluate
method, which receives the task predictions together with the corresponding task views and
returns an EvaluationReport, typically computed per task or over a set of tasks.

Code listing 3.11 Evaluator protocol.
@runtime_checkable
class EvaluatorProtocol ( Protocol ):

supported_kinds : frozenset [str]

def evaluate (
self ,
predictions : Mapping [str , TaskPredictions ],
views: Mapping [str , TaskView ],
run_context : RunContext ,

) -> EvaluationReport : ...

3.8 Extensibility
REEF is designed to be easily extended. A user can add a new loader, task, backbone, trainer,
downstream model, or evaluator by implementing the corresponding interface. These protocols
are intentionally kept as small as possible, so that new components can vary widely in their
internal design while still remaining compatible with the runtime. This allows new methods
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to be evaluated within the existing pipeline without modifying the rest of the framework. The
same mechanism also supports integration of components from external libraries. As long as a
task, downstream model, and evaluator agree on the prediction kind and its schema, the new
component can be inserted into the existing runtime.
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Chapter 4

Zero-Shot Evaluation of
Foundation Models

This chapter uses the REEF framework introduced in Chapter 3 to evaluate pretrained founda-
tion encoders in recommendation. The objective is to determine how effectively existing text,
image, and multimodal encoders perform when used directly, without any task-specific adapta-
tion. Each encoder is treated as a frozen feature extractor.

4.1 Experimental Scope

The evaluation covers seven encoders and one non-semantic baseline. All configurations are
evaluated on three public recommendation datasets, namely Amazon Reviews 2023, H&M Fash-
ion, and MovieLens 20M, under five evaluation scenarios: standard recommendation, cold-start
recommendation, sequential recommendation, domain transfer, and dataset transfer.

We report Recall@10 and NDCG@10 as the primary ranking metrics in this and all sub-
sequent chapters. The two metrics capture complementary aspects of top-k recommendation.
Recall@10 measures whether relevant items are retrieved within the first ten positions, whereas
NDCG@10 evaluates not only their presence but also their ordering. We chose to only report
two metrics as the experimental design already spans eight encoder conditions, three datasets,
and five downstream scenarios, which gives 120 evaluation cells before considering any training
configuration. Adding additional metrics would make the results harder to interpret.

4.2 Evaluated Models

The evaluation is done on three modality groups: text, image, and multimodal. The encoders
used are summarised in Table 4.1. The models were selected to cover a range of pretraining
approaches and parameter scales. Every encoder is implemented as a REEF backbone. Each
encoder is then followed by a per-encoder linear alignment Ae : Rde → R256 that maps its native
embedding to a shared 256-dimensional space. This projection ensures that all downstream
models receive inputs of the same dimensionality, and therefore have the same number of trainable
parameters. The resulting vectors are L2-normalised.

33
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4.2.1 Text Encoders
Three text encoders are included in the experiment. They differ in model scale, training data,
and pretraining strategy. All three consume concatenated textual item metadata and produce a
single text embedding per item.

E5-base-v2 is a text embedding model trained with weakly supervised contrastive pretraining
on a large corpus of text pairs. It produces 768-dimensional sentence embeddings and serves as
a contrastive retrieval baseline at moderate scale [44].

BGE-M3 is a larger multilingual embedding model that supports dense, sparse, and multi-
vector retrieval within a single encoder. Its dense output has dimension 1024, and the model
is designed to cover more than 100 languages and substantially longer inputs than standard
encoders [45]. It represents a higher-capacity model with a more elaborate training pipeline
based on unified fine-tuning and self-knowledge distillation.

GTE-base is a text embedding model trained with multi-stage contrastive learning on a large
corpus of relevance pairs [46]. Like E5-base-v2, it produces 768-dimensional embeddings and is
therefore comparable in scale, while differing in training data and optimisation strategy.

4.2.2 Vision Encoders
Two vision encoders are included.

DINOv2-base is a ViT-B vision encoder trained without language supervision using the DI-
NOv2 self-distillation framework [7]. The base variant has 86 M parameters and embedding
dimension 768. DINOv2 represents a self-supervised visual backbone that captures semantic and
structural properties of images without relying on image–text alignment.

SigLIP2-base is a multilingual vision–language encoder that extends the original SigLIP train-
ing with additional objectives, including decoder-based pretraining, self-distillation, and masked
prediction [9, 104]. Its vision tower produces 768-dimensional image embeddings. In this bench-
mark, SigLIP2 is used both as a vision-only backbone and as the vision tower in the multimodal
configuration described below.

4.2.3 Multimodal Encoders
Two multimodal configurations are included.

BGE-M3 + SigLIP2 combines the two separately pretrained encoders by L2-normalising each
modality vector and concatenating them into a single 1792-dimensional item embedding.

CLIP ViT-B/16 is a natively aligned vision–language model whose text and image encoders
are jointly pretrained with a contrastive objective over image–text pairs [8]. The text and
image embeddings exist in a shared 512-dimensional space and are averaged into a single 512-
dimensional item embedding.

4.2.4 Baseline
The Baseline serves as a non-foundation reference. Each item is assigned a random 256-
dimensional embedding drawn from a standard normal distribution. The baseline carries no
semantic information about the items, it isolates the contribution of the downstream ranker
from that of the encoder, and any encoder that fails to outperform the baseline is providing no
useful signal.
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Table 4.1 Encoder configurations evaluated in the zero-shot regime. The output dimension column
reports each encoder’s native dimensions.

Encoder Modality Parameters Output dim Pretraining
E5-base-v2 text 110 M 768 Contrastive (web text)
BGE-M3 text 568 M 1024 Multi-stage contrastive + instruction
GTE-base text 110 M 768 Multi-stage contrastive
DINOv2-base image 86 M 768 Self-supervised distillation
SigLIP2-base image 86 M 768 Sigmoid contrastive (image–text)
BGE-M3 + SigLIP2 text + image 654 M 1792 Concatenation of two pretrained encoders
CLIP ViT-B/16 text + image 150 M 512 Joint contrastive (image–text)
Baseline — — 256 None (random vectors)

4.3 Datasets

The experiments are conducted on three public recommendation datasets, all introduced in
Section 2.4.1. These are Amazon Reviews 2023, H&M Fashion, and MovieLens 20M. The choice
was driven by four requirements. First, every dataset must provide both textual and visual item
metadata, so that the same items can be encoded by text-only, vision-only, and multimodal
backbones. Second, every dataset must contain enough interactions to support stable splitting
and the scenario-specific exclusions. Third, every dataset must expose meaningful domain labels
that allow domain transfer experiments. Fourth, the suite of datasets should vary in how textual
and visual aspects of items contribute.

MovieLens 20M, extended with poster images, is included as a media dataset with a me-
dia recommendation setting characterized by explicit feedback and weaker, less direct content
signals [83, 84]. Each item has a title, genre metadata, and a poster image.

H&M Fashion captures purchase events from the H&M online fashion retailer [82]. It is
included as a setting in which visual information plays a central role in user choice, making
it good for evaluating vision-only and multimodal backbones. Each item is described by short
textual metadata, such as article name, product type, and color group, together with a high-
resolution product image on a neutral background.

Amazon Reviews 2023 is a large and diverse retail benchmark in which the textual metadata
typically carries the strongest semantic signal [80]. The dataset provides product categories,
to keep the experimental cost manageable, this thesis uses only three categories: All Beauty,
Amazon Fashion, and Toys and Games. Each item is associated with textual metadata, including
title, description, and brand information, together with one or more product images.

4.3.1 Dataset Preprocessing

A shared preprocessing pipeline is applied to all three datasets. Timestamps are normalized to
a common UTC representation. For the textual modality, dataset-specific metadata fields are
concatenated into a single string per item using newline separators, with repeated fragments
removed. The exact source fields differ by dataset but the result is always a single textual input
per item. For the visual modality, images are kept at their original resolution, and each model
applies its own image preprocessing pipeline. Items with a missing modality are given a zero-
valued embedding. Then, we apply filtering, making sure every user and item has at least 10
interactions.
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4.4 Evaluation Scenarios
This section explains the five downstream scenarios, all of which are implemented as REEF
tasks. Item embeddings are reused across all five scenarios. The scenarios differ in interactions
split, the candidate pool, and how user history is constructed at evaluation time. Unless stated
otherwise, every evaluation query ranks the target item against 999 uniformly sampled negative
items drawn from the dataset-specific candidate pool defined by scenarios.

For the four non-sequential scenarios (standard, cold-start, domain transfer, and dataset
transfer), the downstream ranker is a trainable model operating on the shared 256-dimensional
aligned item embeddings. The model first maps each aligned item embedding through a shared
item tower fθ : R256 → R128, implemented as a two-layer MLP with hidden dimension 256, GELU
activations, layer normalization, dropout, and a final L2 normalization. The same item tower is
applied to both history items and candidate items, ensuring that all encoders are evaluated with
the same downstream architecture and parameter count.

For a user u with trainable history Hu, the transformed history embeddings hj = fθ(ãj) are
aggregated using a learnable attention pooling module. Attention scores are computed as:

euj = v⊤ tanh(Whj + b),

where W ∈ R128×128, b ∈ R128, and v ∈ R128 are learned parameters. The attention weights are
then:

αuj = softmaxj∈Hu
(euj),

and the user representation is:
ru =

∑
j∈Hu

αujhj .

Candidate item i is represented as hi = fθ(ãi), and the ranking score is computed by a bilinear
matching head:

s(u, i) = r⊤
uMhi,

where M ∈ R128×128 is learned. Both ru and hi are L2-normalised before scoring.
The ranker is trained with a BPR loss on the trainable interactions of the active task, using

AdamW with learning rate 10−3, batch size 1,024, and up to 100 epochs with patience-3 early
stopping on validation NDCG@10. All architecture choices and hyperparameters are fixed be-
tween encoders and datasets. Since all encoders are first aligned to the same 256-dimensional
space, the downstream model receives inputs of identical shape and has the same number of
trainable parameters in every encoder condition.

For the sequential scenario, the downstream model is SASRec [105], a self-attentive sequen-
tial recommender that consumes the same fixed item embeddings but additionally conditions on
the temporal order of the user’s interaction history. We use a compact configuration maximum
sequence length 50, hidden size 128, two transformer blocks, two attention heads, feed-forward
dimension 256, and dropout rate 0.2. The aligned 256-dimensional item embeddings are pro-
jected into the 128-dimensional SASRec hidden space with a trainable linear layer, and learned
positional embeddings are added before the self-attention blocks. Candidate items are scored
in the same projected space. SASRec is trained with BPR loss using AdamW with learning
rate 10−3, batch size 1,024, and up to 100 epochs with patience-3 early stopping on validation
NDCG@10. All SASRec hyperparameters are fixed across encoders and datasets.

4.4.1 Standard recommendation
The standard scenario evaluates how well the encoder supports retrieval under in-distribution
conditions, where both users and candidate items appear during training. For each user, interac-
tions are split chronologically into training, validation, and test portions using an 80/10/10 split.
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The training interactions are used for downstream fitting, the validation interactions are used for
early stopping and model selection, and the test interactions are used only for final evaluation.

4.4.2 Cold-start recommendation
The cold-start scenario tests how well the encoder represents items for which no interactions are
available during downstream training. For each dataset, 5 % of the item catalog is selected as the
cold-item set. All interactions involving these cold items are excluded from backbone training
and from downstream ranker fitting. User representations are constructed only from non-cold
training interactions. Each held-out interaction involving a cold item becomes an evaluation
query.

4.4.3 Sequential recommendation
The sequential scenario evaluates how well the encoder supports order-aware prediction. For
each user, interactions are sorted chronologically. The most recent interaction is held out as the
test target, and the second-most recent interaction is used as the validation target. All earlier
interactions form the training prefix. The maximum sequence length is fixed to 50 interactions
and longer histories are truncated. Each held-out interaction becomes a next-item query in which
SASRec ranks the target item.

4.4.4 Domain transfer
The domain-transfer scenario evaluates whether the embedding generalizes across categories
within a single dataset. Each dataset is partitioned by a single domain id field, for each dataset
a single domain is selected as the target.

Amazon Reviews 2023 (3 domains, one per product category): the target domain is
Toys and Games, the source pool is All Beauty and Amazon Fashion. Toys and Games is
chosen because it is the most semantically distant from the other two categories, which both
describe wearable or cosmetic items.

H&M Fashion (14 domains, one per garment-group cluster derived from the dataset’s
garment group name field): the target domain is Swimwear, the source pool is the remaining
13 groups. Swimwear is chosen because it is visually distinct from typical apparel.

MovieLens 20M (8 domains, one per super-genre cluster derived from the original genre
tags): the target domain is Horror/Thriller, the source pool is the remaining seven genres.
Horror/Thriller is chosen because it forms a relatively self-contained genre cluster whose
audience does not always overlap with the rest of the catalog.

For each dataset, all interactions involving target-domain items are excluded from backbone
training and from downstream fitting, the probe is therefore trained only on source-domain
interactions and never sees a target-domain item during training.

4.4.5 Dataset transfer
The dataset-transfer scenario evaluates whether the recommendation-aligned signal learned by
the downstream model generalizes across entirely different recommendation problems with dis-
joint item catalogs. Each benchmark dataset serves as the source exactly once and as the target
exactly once.



38 Zero-Shot Evaluation of Foundation Models

Source = Amazon Reviews 2023; target = MovieLens 20M. Tests transfer from the broadest
and most varied retail source to the most semantically distant target.

Source = H&M Fashion; target = Amazon Reviews 2023. Tests cross-retail transfer from a
narrow, visual-first source to a broad target.

Source = MovieLens 20M; target = H&M Fashion. Tests transfer from a media source with
a comparatively weak content signal to a retail target where visual signal dominates.

The “Dataset tr.” column for a given dataset in the per-dataset result tables corresponds to the
configuration in which that dataset is the source, so the column reads as how well a probe trained
on this dataset transfers out.

All interactions from the target dataset are excluded from backbone training and from down-
stream fitting, and the trainable interaction set therefore consists only of source interactions.
The two-tower probe is fit on the source dataset and applied at evaluation time to the target
dataset.

4.5 Results
This section reports the zero-shot performance of the seven encoders and the baseline. All metrics
are computed against a 1000-candidate ranking pool. As a reference point for interpretation,
a uniformly random ranker over 999 negatives and one positive item would obtain Recall@10
of approximately 0.010 and NDCG@10 in the range 0.005. Values close to this floor should
therefore be read as no useful signal. The Baseline however is not a random ranker, it uses fixed
random item vectors but is paired with the same trainable downstream ranker as every other
condition, so it can still encode item identity and collaborative regularities in scenarios where
train and test items overlap. Its absolute level therefore depends on how much the downstream
model can learn from item identity alone, and varies between datasets and scenarios.

4.5.1 Results on MovieLens 20M
Table 4.2 reports the zero-shot results on MovieLens 20M. In the standard scenario, BGE-M3
+ SigLIP2 obtains the highest Recall@10, with BGE-M3 alone very close behind. Text-based
encoders dominate this setting, while the vision-only models are weaker, with DINOv2 falling
slightly below the baseline on Recall@10 and SigLIP2 only marginally above it.

In the cold-start scenario, the text and multimodal encoders perform relatively similarly:
GTE-base obtains the highest Recall@10, followed by CLIP, BGE-M3 + SigLIP2, BGE-M3, and
E5-base-v2. The vision-only encoders are noticeably weaker, with DINOv2 and SigLIP2 dropping
clearly below the text and multimodal models. Cold items are excluded from downstream fitting,
so the result depends almost entirely on whether the encoder’s geometry generalizes to items the
ranker has never observed.

In the sequential scenario, the strongest encoders are E5-base-v2, GTE-base, BGE-M3 +
SigLIP2, and BGE-M3, all within a narrow range. The vision-only encoders are noticeably
weaker, consistent with movie posters carrying limited information once temporal order has to
be modeled.

Domain transfer to the held-out Horror/Thriller cluster is highest for BGE-M3, followed
by E5-base-v2, GTE-base, CLIP, and BGE-M3 + SigLIP2, all in a similar range. SigLIP2 still
provides a noticeable signal, while DINOv2 performs very poorly. This is the only transfer column
on any of the three datasets where the absolute scores rise far enough above the random-ranker
floor to support encoder-level conclusions. This is partly explained by the analysis performed in
Chapter 6. Dataset transfer out of MovieLens is the second case in which transfer carries usable
signal, although the absolute level is much smaller. The multimodal aligned configurations
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are clearly above the Baseline and the random-ranker floor, with BGE-M3 + SigLIP2 reaching
0.042/0.021, roughly four times the floor, followed by CLIP, SigLIP2, and DINOv2. The fact that
only the MovieLens transfer columns produce usable signal suggests that the transfer scenarios
on H&M and Amazon were defined too aggressively, and that less distant source–target pairs
would likely have yielded more informative results.

Table 4.2 Zero-shot results on MovieLens 20M across the five evaluation scenarios. Each cell reports
Recall@10 / NDCG@10.

Encoder Standard Cold-start Sequential Domain tr. Dataset tr.
Baseline 0.138 / 0.072 0.011 / 0.005 0.035 / 0.016 0.011 / 0.006 0.008 / 0.004
E5-base-v2 0.276 / 0.145 0.206 / 0.123 0.282 / 0.150 0.254 / 0.129 0.021 / 0.010
BGE-M3 0.295 / 0.158 0.213 / 0.096 0.255 / 0.133 0.274 / 0.149 0.024 / 0.011
GTE-base 0.285 / 0.149 0.234 / 0.112 0.273 / 0.146 0.243 / 0.122 0.019 / 0.009
DINOv2-base 0.125 / 0.071 0.055 / 0.023 0.072 / 0.035 0.112 / 0.058 0.033 / 0.016
SigLIP2-base 0.148 / 0.082 0.042 / 0.019 0.159 / 0.078 0.194 / 0.071 0.036 / 0.017
BGE-M3 + SigLIP2 0.301 / 0.158 0.219 / 0.118 0.263 / 0.137 0.212 / 0.092 0.042 / 0.021
CLIP ViT-B/16 0.267 / 0.143 0.224 / 0.111 0.185 / 0.094 0.228 / 0.111 0.038 / 0.018

4.5.2 Results on H&M Fashion

Table 4.3 reports the results on H&M Fashion. In the standard scenario, BGE-M3 + SigLIP2
produced the highest Recall@10, followed by BGE-M3 and CLIP, with SigLIP2 just slightly
below.

In the cold-start scenario, the strongest encoders are BGE-M3 + SigLIP2, CLIP, and SigLIP2.
The relative position of the multimodal encoders rises noticeably compared to the standard
scenario, which is consistent with the visual nature of fashion items, since useful representations
of unseen products rely heavily on their image content rather than on textual product type alone.

The sequential scenario is the strongest setting overall on H&M, with Recall@10 roughly
doubling compared to the standard scenario. A likely explanation is that fashion purchase
histories tend to be short and topically narrow which makes the next item closely tied to recent
history and well suited to SASRec recency-aware modeling. BGE-M3 + SigLIP2 leads, followed
by BGE-M3, SigLIP2, and E5-base-v2, all clearly above the remaining encoders. The order
suggests that combining textual category and product-type signal with visual style is particularly
helpful when temporal order has to be modeled in a fashion catalog.

Domain transfer to the Swimwear cluster sits at the random-ranker floor for every encoder,
with values ranging from 0.013/0.006 to 0.027/0.013. The vision-oriented encoders (SigLIP2,
DINOv2, CLIP) perform better, which is consistent with the visually distinctive character of
swimwear, but the absolute differences are small. Dataset transfer out of H&M is at the
floor across the entire column, every encoder sits in the 0.011–0.017 Recall@10 / 0.005–0.008
NDCG@10 band, including the Baseline. We therefore do not interpret the small differences
between encoders as a meaningful ordering.
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Table 4.3 Zero-shot results on H&M Fashion across the five evaluation scenarios. Each cell reports
Recall@10 / NDCG@10.

Encoder Standard Cold-start Sequential Domain tr. Dataset tr.
Baseline 0.094 / 0.056 0.010 / 0.005 0.016 / 0.008 0.013 / 0.006 0.008 / 0.004
E5-base-v2 0.132 / 0.070 0.105 / 0.051 0.267 / 0.152 0.019 / 0.008 0.014 / 0.006
BGE-M3 0.150 / 0.081 0.109 / 0.052 0.279 / 0.163 0.014 / 0.007 0.011 / 0.005
GTE-base 0.135 / 0.072 0.096 / 0.046 0.258 / 0.147 0.015 / 0.007 0.012 / 0.006
DINOv2-base 0.120 / 0.064 0.089 / 0.045 0.214 / 0.120 0.023 / 0.012 0.013 / 0.006
SigLIP2-base 0.140 / 0.076 0.117 / 0.058 0.277 / 0.160 0.027 / 0.013 0.016 / 0.007
BGE-M3 + SigLIP2 0.164 / 0.089 0.128 / 0.061 0.303 / 0.175 0.018 / 0.009 0.015 / 0.007
CLIP ViT-B/16 0.149 / 0.080 0.122 / 0.061 0.212 / 0.114 0.021 / 0.010 0.017 / 0.008

4.5.3 Results on Amazon Reviews 2023
Table 4.4 reports the results on Amazon Reviews 2023. Absolute scores in the standard scenario
are visibly lower than on the other two datasets. This is consistent with Amazon being sub-
stantially larger, broader in topic, and sparser than MovieLens or H&M, which makes general
retrieval more difficult, as reflected in the very low Baseline value of 0.021/0.011. CLIP obtains
the highest Recall@10 in the standard scenario, closely followed by GTE-base and BGE-M3 +
SigLIP2. BGE-M3 + SigLIP2 proves to be the strongest cold-start encoder on Amazon, closely
followed by CLIP and BGE-M3.

In the sequential scenario, BGE-M3 leads, followed by GTE-base and E5-base-v2. The two
transfer columns on Amazon both sit at the random-ranker floor and we do not interpret encoder-
level differences in either of them. Domain transfer to the held-out Toys and Games category
ranges from 0.012/0.004 to 0.019/0.013 across encoders, including the Baseline at 0.012/0.004,
so no encoder produces a usable signal. Dataset transfer out of Amazon is even tighter, with
every encoder in the 0.007–0.012 Recall@10 / 0.003–0.006 NDCG@10 band.

Table 4.4 Zero-shot results on Amazon Reviews 2023 across the five evaluation scenarios. Each cell
reports Recall@10 / NDCG@10.

Encoder Standard Cold-start Sequential Domain tr. Dataset tr.
Baseline 0.021 / 0.011 0.018 / 0.007 0.012 / 0.006 0.012 / 0.004 0.007 / 0.003
E5-base-v2 0.112 / 0.056 0.089 / 0.046 0.060 / 0.030 0.014 / 0.008 0.010 / 0.005
BGE-M3 0.115 / 0.057 0.095 / 0.049 0.071 / 0.041 0.019 / 0.013 0.011 / 0.005
GTE-base 0.125 / 0.063 0.089 / 0.046 0.064 / 0.033 0.012 / 0.007 0.009 / 0.004
DINOv2-base 0.074 / 0.037 0.041 / 0.021 0.033 / 0.018 0.012 / 0.005 0.008 / 0.004
SigLIP2-base 0.094 / 0.050 0.050 / 0.026 0.045 / 0.024 0.015 / 0.008 0.010 / 0.005
BGE-M3 + SigLIP2 0.121 / 0.061 0.100 / 0.052 0.054 / 0.027 0.017 / 0.009 0.012 / 0.006
CLIP ViT-B/16 0.133 / 0.068 0.098 / 0.051 0.034 / 0.017 0.019 / 0.009 0.011 / 0.005

4.5.4 Results Summary
Pretrained foundation encoders give a clear benefit over the non-semantic baseline in most in-
distribution and cold-start settings, but the strongest modality depends on the dataset. Movie-
Lens and Amazon are dominated by textual semantics, since titles, genres, brands, and product
descriptions describe item identity directly. H&M on the other hand is led by visual and mul-
timodal representations, since fashion preference depends heavily on color, cut, and style that
short categorical metadata cannot fully convey.

Among text encoders, BGE-M3 is usually the strongest individual model, but the gap to E5-
base-v2 and GTE-base is small enough that model size alone does not determine performance.
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Among multimodal configurations, the simple BGE-M3 + SigLIP2 concatenation is the strongest
standard-recommendation model on MovieLens and H&M, demonstrating that strong text and
image embeddings can be combined without task-specific adaptation.

Cold-start confirms that foundation embeddings are most useful when interaction information
is unavailable. The Baseline collapses to the random-ranker floor while every pretrained encoder
stays above it, with the leading model differing by dataset (GTE-base on MovieLens, BGE-M3
+ SigLIP2 on H&M and Amazon). The sequential scenario depends more on the catalog: H&M
reaches the highest scores in the whole zero-shot table, MovieLens benefits from text encoders,
and Amazon is weakest, reflecting how stable short-term preference patterns are in each catalog.

The transfer scenarios are by far the hardest, and most of them fail outright in our zero-
shot setting. Out of the six transfer columns in the per-dataset tables, only two carry signal
that is clearly separable from the random-ranker floor: MovieLens domain transfer to the Hor-
ror/Thriller cluster, where text encoders reach 0.243–0.274 Recall@10, and MovieLens dataset
transfer (target = H&M), where multimodal encoders reach 0.033–0.042 Recall@10, three to
four times the floor. A plausible explanation is that the MovieLens contains a strong interaction
signal, even though the source and target domains are very different. The other four transfer
columns all sit at or just above the floor for every encoder. The Baseline in those columns is
itself at 0.008–0.015 Recall@10, and the best encoder is at most a few thousandths of a point
higher. We therefore do not draw any conclusions from those four column, only saying that the
embeddings did not prove useful for the transfer settings.

Overall, multimodal concatenation proved to be the strongest in-domain strategy, text en-
coders are a reliable fallback on metadata-rich datasets, and vision becomes important when
appearance drives user choice.
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Chapter 5

Fine-Tuning Multimodal
Encoders

This chapter explores how the multimodal foundation encoders from Chapter 4 can be adapted
to recommendation through fine-tuning on the interaction data.

5.1 Fine-Tuning on Interaction Data

The frozen encoders from Chapter 4 produce item representations that reflect content similarity,
but not interaction similarity. Two items can be visually and textually close while rarely being
co-interacted with, and two items can be co-interacted with while looking very differently. The
goal of this chapter is to push these representations towards the second view of similarity by
exposing the encoders to user–item interactions during training, while keeping the multimodal
item content as the input.

The idea is illustrated in Figure 5.1. For each item i, the textual content ti is processed by a
text encoder ht and the visual content vi is processed by an image encoder hv. The two modality
embeddings are then combined by a fusion module into a single item representation zi. The
matrix of all item representations Z = [z1, . . . , zN ] is compared against a target derived from
the user–item interaction matrix R. The discrepancy between the predicted and target structure
produces a recommendation loss L, whose gradient is propagated back through the fusion module
and into both encoders. In this way, a supervision signal that originates entirely in the interaction
data is delivered to the parameters that govern the text and image representations.

Pretrained multimodal encoders are usually optimized to organize items according to se-
mantic similarity: similar descriptions, similar images, or shared high-level concepts end up
closer together. Recommendation, however, often depends on complementarity, popularity pat-
terns, user intent, and domain-specific behavior that may not be directly visible in the item
content. Fine-tuning on interactions therefore acts as a bridge between content-based represen-
tation learning and collaborative recommendation. The multimodal content remains the input
to the encoder, but the model is updated so that its embedding outputs become more aligned
with recommendation behavior. In other words, fine-tuning pushes the representation space away
from purely content-based similarity and toward similarities that are more useful for downstream
recommendation tasks.

43
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Figure 5.1 Overview of fine-tuning on interaction data. Item content (text and image) is encoded by
two modality-specific encoders, fused into a single item embedding, and supervised by a loss derived from
the user–item interaction matrix R. Gradients flow back through the fusion module into both encoders.

5.2 Experimental Setup
This chapter studies how the multimodal foundation encoders can be adapted to recommendation
through fine-tuning on interaction data. The experiments focus only on the two multimodal
configurations, since multimodal item representations are the main focus of this thesis. The
same fine-tuning procedure could also be applied to the text-only and vision-only encoders, but
they are not evaluated in this chapter.

The benchmark conditions from Chapter 4 are kept unchanged. We use the same three
datasets, five evaluation scenarios with their per-task holdout rules, same candidate construction
with one target item and 999 sampled negatives, and the downstream models. The fine-tuning
study is organized around three design choices:

1. Tuning method used to adapt the pretrained encoders.

2. Fusion strategy used to combine modality-specific representations into a single item embed-
ding.

3. Training objective used to bring interaction information to the encoder.

A full evaluation of all combinations is too expensive on the available hardware. We therefore
use a staged evaluation. In each stage, one design choice is varied while the remaining choices
are fixed. After the separate stages, the strongest choices are combined into a final configuration
and evaluated against other fine-tuned models, and their frozen baselines.
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5.2.1 Tuning Methods
The first stage compares three ways of updating the multimodal encoder: full fine-tuning, LoRA,
and Houlsby adapters. The purpose is to evaluate whether parameter-efficient tuning methods
can adapt pretrained item representations as effectively as updating the full model. The general
definitions of LoRA and adapters are introduced in Sections 1.2.1.2 and 1.2.1.3. The tuning
methods are configured as follows:

Full fine-tuning: all trainable parameters of the text encoder, image encoder, fusion module,
and output projection head are updated.

LoRA: low-rank updates with rank r = 16 are inserted into the query and value projection
matrices of each attention layer in both the text encoder and the image encoder. The original
backbone weights remain frozen, while the LoRA parameters, the fusion module, and the
output projection head are updated during training.

Houlsby adapters: adapters with dimension m = 16 are inserted after each transformer
layer in both encoders. The original backbone weights remain frozen, while the adapter
parameters, the fusion module, and the output projection head are updated during training.

For this stage, the fusion strategy is fixed to the simplest variant, concatenation, and the
training objective is fixed to ELSA.

5.2.2 Fusion Strategies
The second stage studies how text and image representations should be combined during fine-
tuning. We compare content-only fusion strategies and interaction-conditioned fusion strategies.
Their mathematical definitions are introduced in Section 1.3.1. The content-only fusion strategies
are configured as follows:

Averaging: the text and image embeddings are L2-normalized, projected to the same di-
mensionality when necessary, and averaged with equal weights.

Concatenation: the text and image embeddings are L2-normalized and concatenated.

Weighted sum: the text and image embeddings are projected to the shared fusion dimension
and combined using fixed equal weights, wt = wv = 0.5.

Attention fusion: the projected modality embeddings are treated as a short sequence of
modality tokens and fused using a single multi-head attention block with four attention heads.
A dropout rate of 0.1 and a final LayerNorm are applied.

Gated fusion: the projected text and image embeddings are combined using a learned
gate computed from their concatenation. The gate produces dimension-wise weights that
determine how much information is taken from each modality.

We also evaluate interaction-conditioned variants of the learned fusion modules. These vari-
ants add a co-interaction context vector to the fusion module. For item i, the context vector is
defined as:

ci = 1
|N(i)|

∑
j∈N(i)

zsg
j ,

where N(i) is the set of top-k items most often co-interacted with item i in the training data,
and zsg

j is the stop-gradient fused embedding of item j from the previous epoch. We use k = 32
and refresh the context vectors at the start of each epoch.
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For conditioned gated fusion, the gate is computed from the text embedding, image embed-
ding, and interaction context:

g = σ
(
Wg[Ptht(ti); Pvhv(vi); ci ]

)
.

For conditioned attention fusion, ci is used as an additional token in the attention block. The
context vectors are computed only from the training interactions and are treated as stop-gradient
inputs, so they provide interaction context without introducing an additional trainable recom-
mender module.

Cold items, target-domain items in domain transfer, and target-dataset items in dataset
transfer are by construction excluded from the training interaction graph, so they have no co-
interaction neighborhood N(i). For these items we set ci to the zero vector at inference. For
conditioned gated fusion this drives the gate input toward its content-only configuration, and
for conditioned attention fusion the context token contributes no information, in both cases the
module degrades gracefully toward its unconditioned counterpart while still routing through the
same projection and attention parameters. The cold-start, domain-transfer, and dataset-transfer
rows of the conditioned-fusion blocks should therefore be read as a fallback regime in which only
the projection and attention parameters benefit from the conditioning learned during training,
not as evaluations of conditioning itself on unseen items.

The fusion strategies have different assumptions depending on how the modality-specific
encoders were pretrained. BGE-M3 + SigLIP2 combines two independently pretrained encoders,
so its text and image embeddings are not naturally aligned before the fusion module learns to
combine them. In this setting, concatenation and learned fusion strategies are expected to be
safer than direct averaging, because they do not assume that the two modalities already occupy
a shared coordinate system. In contrast, CLIP ViT-B/16 is pretrained with an image–text
alignment objective, so its text and image embeddings already lie in a shared representation
space. Averaging is therefore natural for CLIP, because it preserves the model’s native cross-
modal geometry while producing a single item embedding. The tuning method is fixed to LoRA
and the training objective is fixed to ELSA loss.

The interaction-conditioned fusion variants can also be interpreted as a lightweight, amortized
form of meta-learning. Each item is treated as a task, its top-k co-interaction neighbors form a
small support set, and the fusion module performs a single forward-pass adaptation that produces
an item representation conditioned on this support set. The model is exposed to many such item-
specific tasks during training, which forces the fusion parameters to encode how a support set
of co-interaction neighbors should be combined with the item’s text and image content into a
useful recommendation embedding. Unlike optimization-based meta-learning methods, no inner-
loop gradient steps are taken at inference time. The adaptation is amortized into the fusion
parameters during training.

5.2.3 Training Objectives
The third stage compares the training objectives used to adapt item embeddings to recommen-
dation tasks. This stage includes both the basic objectives and the variants that change how
item–item supervision is constructed, all of these methods define the supervision signal used
during fine-tuning. We compare the following objectives:

BPR: for each positive user–item interaction, one negative item is sampled. The model is
trained to assign a higher score to the positive item than to the sampled negative. This is
the sparsest objective considered and serves as the baseline ranking loss.

InfoNCE: each positive item is contrasted against the other items in the batch using a
temperature of τ = 0.07.
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ELSA: the fine-tuned item embedding matrix E defines an item–item operator W = EE⊤ −
diagMat(EE⊤), where the diagonal is zeroed out to prevent trivial self-reconstruction. User
interaction vectors are reconstructed as Rpred = RW , and the loss compares the normalized
original and reconstructed interaction vectors.

Interaction Jaccard similarity: an interaction-derived similarity matching variant (Sec-
tion 1.4.4) in which the predicted item–item similarity Ŝ = EE⊤ is regressed against a target
matrix built from the Jaccard overlap between item interaction sets. This emphasises shared
users relative to the total number of users interacting with either item.

Interaction PMI similarity: the same similarity matching framework, with the target
built from pointwise mutual information. This reduces the dominance of globally popular
items and gives more weight to unexpectedly strong co-interaction patterns.

Joint ELSA and InfoNCE: item–item structural supervision and user–item discriminative
supervision are combined into a single loss,

Ljoint = 0.5 LELSA + 0.5 LInfoNCE.

ELSA and the interaction-derived similarity matching variants both supervise the encoder
using item–item co-interaction structure, but in different ways: ELSA backpropagates through a
reconstruction of user interaction vectors, while Jaccard and PMI compare the predicted item–
item matrix against an explicit target. For this stage, the fusion strategy is fixed to concatenation
and the tuning method is fixed to LoRA.

5.3 Implementation Details

The same training setup is used across all fine-tuning configurations. Backbone fine-tuning uses
AdamW with a learning rate of 2 × 10−4 and weight decay of 10−2. The effective batch size
is 2,048 items. The learning rate follows a linear warm-up over the first 10 % of training steps,
followed by cosine decay. Backbone training runs for at most 100 epochs and uses early stopping
with patience 5, monitored on validation NDCG@10.

To make multimodal fine-tuning feasible within the available GPU memory, we use gradient
checkpointing. During training, intermediate activations from the text and image encoders are
not stored for the entire forward pass. Instead, the relevant encoder computations are recomputed
during backpropagation when their gradients are needed. This trades additional computation
for lower memory usage, while still allowing the recommendation loss to propagate through the
fusion module and into the trainable encoder parameters, such as LoRA or adapter weights.

The downstream models that consume the fine-tuned embeddings are kept identical to those
used in Chapter 4. All fine-tuning experiments are implemented as a REEF TrainerProtocol,
described in Section 3.5.2. Each run is executed on a single NVIDIA RTX 5090 GPU with 32 GB
of VRAM.

5.4 Results

This section reports the fine-tuning results for the multimodal encoders. The analysis follows the
staged experimental design. We first compare tuning methods, then evaluate the effect of the
fusion strategy, analyze the training objectives, and finally evaluate the combined configuration
against the frozen multimodal baseline from Chapter 4.
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5.4.1 Results by Tuning Method
The first stage compares full fine-tuning, LoRA, and Houlsby adapters on the two multimodal
backbones. Frozen values are reproduced from Chapter 4 for reference.

Table 5.1 reports the results. The tuning generally tends to improve over the frozen baseline
in-domain. LoRA is the strongest in-domain method on both backbones, with Houlsby adapters
generally close behind and full fine-tuning weaker. The broad ordering is consistent across
datasets.

Cold-start gains for LoRA and adapters are visible across datasets and backbones, they are
smaller than the standard-scenario gains on MovieLens and H&M but larger on Amazon. Full
fine-tuning, in contrast, often nudges below the frozen baseline on cold-start, likely because
updating every backbone parameter on the source catalog erodes the content-only signal that
cold-start ranking has to fall back on.

Sequential gains depend more on the dataset and backbone. On H&M, SASRec already
extracts a strong signal from the frozen BGE-M3 + SigLIP2 embeddings, so the gain from
tuning is small. With LoRA, adapters ranked better on Recall while losing on NDCG. CLIP
improves more on H&M sequential, and Amazon shows visible gains for all methods because its
frozen sequential baseline is much weaker.

On the domain-transfer column, MovieLens 20M reaches the highest absolute level, where
LoRA and adapters go above the frozen baseline on both backbones and full fine-tuning stays
roughly flat. The same ordering also appears on H&M and Amazon, just at a much smaller
absolute scale: LoRA reaches the per-column maximum on both datasets and both backbones,
adapters sit close to it, and full fine-tuning does not improve over baseline. The differences are
small, but they are consistent enough across datasets and backbones to be read as a real trend.
The dataset-transfer column, by contrast, looks too noisy to interpret.

Overall, LoRA turned out as the most reliable tuning method by far in these experiments.

5.4.2 Results by Fusion Strategy
The second stage studies how text and image embeddings should be combined during fine-
tuning. The tuning method is fixed to LoRA and the training objective is fixed to ELSA loss.
Table 5.2 reports the seven fusion strategies on both multimodal backbones, with the frozen rows
reproduced from Chapter 4 as a reference.

On BGE-M3 + SigLIP2, fusion strategies separate into a clear ordering. Averaging is the
weakest fine-tuned strategy and barely improves over the frozen baseline, which is consistent with
the fact that the two encoders are not pretrained into a shared space and therefore lose informa-
tion when their vectors are added directly. Concatenation and weighted sum improve in-domain
results without a learned interaction between modalities, but they are matched or surpassed by
the learned alternatives. Gated and attention fusion both gain over the fixed strategies, with
attention fusion stronger on H&M, where product metadata and images carry complementary
signals, and roughly on par with gated fusion on the more text-dominated MovieLens. Condi-
tioning the fusion module on co-interaction context adds a further small gain on top of plain
attention in standard and sequential, making conditioned attention the strongest fusion choice
on this backbone for the in-domain scenarios. On the domain-transfer column, MovieLens still
reaches the highest absolute level, and the same broad ordering between fusion strategies holds
at a much smaller scale on H&M and Amazon: the learned fusion modules nudge above the fixed
strategies, and conditioned attention reaches the per-column maximum on most cells across all
three datasets. The differences are once again small in absolute terms. The dataset-transfer
column, by contrast, looks is too noisy to interpret.

On CLIP ViT-B/16, the picture is shifted by the fact that the two towers are already aligned.
Averaging is competitive with concatenation on MovieLens, where the cross-modal geometry
CLIP learned during pretraining is largely preserved, but falls behind concatenation on H&M
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Table 5.1 Tuning-method comparison across the five evaluation scenarios. Fusion: concatena-
tion; objective: ELSA loss. Frozen rows are reproduced from Chapter 4. Each cell reports Re-
call@10 / NDCG@10.

Configuration Standard Cold-start Sequential Domain tr. Dataset tr.
MovieLens 20M

BGE-M3 + SigLIP2, Frozen 0.301 / 0.158 0.219 / 0.118 0.263 / 0.137 0.212 / 0.092 0.042 / 0.021
BGE-M3 + SigLIP2, Full FT 0.305 / 0.160 0.214 / 0.124 0.270 / 0.140 0.213 / 0.093 0.029 / 0.013
BGE-M3 + SigLIP2, LoRA 0.323 / 0.171 0.235 / 0.137 0.281 / 0.147 0.218 / 0.096 0.045 / 0.022
BGE-M3 + SigLIP2, Adapter 0.310 / 0.163 0.226 / 0.131 0.275 / 0.142 0.211 / 0.092 0.045 / 0.022
CLIP ViT-B/16, Frozen 0.267 / 0.143 0.224 / 0.111 0.185 / 0.094 0.228 / 0.111 0.038 / 0.018
CLIP ViT-B/16, Full FT 0.272 / 0.144 0.215 / 0.106 0.196 / 0.099 0.230 / 0.112 0.026 / 0.012
CLIP ViT-B/16, LoRA 0.288 / 0.154 0.236 / 0.118 0.207 / 0.105 0.234 / 0.114 0.041 / 0.019
CLIP ViT-B/16, Adapter 0.281 / 0.150 0.229 / 0.114 0.201 / 0.102 0.229 / 0.112 0.040 / 0.019

H&M Fashion
BGE-M3 + SigLIP2, Frozen 0.164 / 0.089 0.128 / 0.061 0.303 / 0.175 0.018 / 0.009 0.015 / 0.007
BGE-M3 + SigLIP2, Full FT 0.176 / 0.094 0.124 / 0.058 0.310 / 0.180 0.019 / 0.010 0.010 / 0.004
BGE-M3 + SigLIP2, LoRA 0.197 / 0.106 0.144 / 0.070 0.319 / 0.184 0.024 / 0.012 0.017 / 0.008
BGE-M3 + SigLIP2, Adapter 0.184 / 0.100 0.140 / 0.067 0.322 / 0.182 0.020 / 0.010 0.014 / 0.006
CLIP ViT-B/16, Frozen 0.149 / 0.080 0.122 / 0.061 0.212 / 0.114 0.021 / 0.010 0.017 / 0.008
CLIP ViT-B/16, Full FT 0.158 / 0.084 0.121 / 0.060 0.224 / 0.120 0.022 / 0.011 0.012 / 0.005
CLIP ViT-B/16, LoRA 0.183 / 0.099 0.144 / 0.073 0.236 / 0.126 0.027 / 0.013 0.021 / 0.010
CLIP ViT-B/16, Adapter 0.171 / 0.092 0.139 / 0.069 0.231 / 0.123 0.024 / 0.012 0.018 / 0.009

Amazon Reviews 2023
BGE-M3 + SigLIP2, Frozen 0.121 / 0.061 0.100 / 0.052 0.054 / 0.027 0.017 / 0.009 0.012 / 0.006
BGE-M3 + SigLIP2, Full FT 0.115 / 0.058 0.107 / 0.055 0.062 / 0.031 0.018 / 0.010 0.008 / 0.004
BGE-M3 + SigLIP2, LoRA 0.139 / 0.070 0.128 / 0.069 0.068 / 0.035 0.023 / 0.012 0.015 / 0.007
BGE-M3 + SigLIP2, Adapter 0.131 / 0.065 0.116 / 0.060 0.063 / 0.031 0.020 / 0.010 0.014 / 0.007
CLIP ViT-B/16, Frozen 0.133 / 0.068 0.098 / 0.051 0.034 / 0.017 0.019 / 0.009 0.011 / 0.005
CLIP ViT-B/16, Full FT 0.127 / 0.065 0.103 / 0.053 0.041 / 0.020 0.020 / 0.010 0.007 / 0.003
CLIP ViT-B/16, LoRA 0.152 / 0.077 0.124 / 0.066 0.046 / 0.023 0.025 / 0.012 0.014 / 0.007
CLIP ViT-B/16, Adapter 0.146 / 0.073 0.114 / 0.059 0.041 / 0.021 0.022 / 0.011 0.012 / 0.006
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and Amazon, where the more heterogeneous catalogs benefit from keeping both modality vectors
intact. The learned fusion modules behave the same way as on BGE-M3 + SigLIP2: gated
and attention fusion improve over the fixed strategies, and conditioned attention is again the
strongest single choice on standard recommendation. The absolute gains from learned fusion are
smaller on CLIP than on BGE-M3 + SigLIP2 on MovieLens but slightly larger on H&M and
Amazon, in line with how heterogeneous each catalog is.

Comparing the two backbones, BGE-M3 + SigLIP2 stays stronger in standard and sequential
evaluation on MovieLens and H&M, while on Amazon CLIP catches up and overtakes it in the
standard scenario, the sequential advantage of BGE-M3 + SigLIP2 holds across all three datasets.
Cold-start and standard scenarios respond to fusion changes in a similar way, suggesting that
fusion reshapes the item geometry rather than just helping the downstream ranker. Sequential
gains are smaller by comparison, since SASRec already exploits interaction order from the frozen
embeddings.

Fusion proved to be an important design choice. Fixed strategies preserve the pretrained
geometry but limit how much the model can adapt to recommendation signal. Learned fusion
adds enough flexibility to re-weight modalities item by item, which matters for heterogeneous
catalogs where some items are identified mainly by text and others mainly by visual appearance.
On both multimodal backbones, conditioned attention is the strongest single fusion choice in our
experiments.
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Table 5.2 Fusion-strategy comparison across the five evaluation scenarios. Backbones: BGE-M3 +
SigLIP2 and CLIP ViT-B/16; tuning: LoRA; objective: ELSA loss. Frozen rows are reproduced from
Chapter 4. Each cell reports Recall@10 / NDCG@10.

Configuration Standard Cold-start Sequential Domain tr. Dataset tr.
MovieLens 20M

BGE-M3 + SigLIP2, Frozen 0.301 / 0.158 0.219 / 0.118 0.263 / 0.137 0.212 / 0.092 0.042 / 0.021
BGE-M3 + SigLIP2, Averaging 0.303 / 0.159 0.221 / 0.129 0.264 / 0.138 0.211 / 0.091 0.037 / 0.018
BGE-M3 + SigLIP2, Concatenation 0.323 / 0.171 0.235 / 0.137 0.281 / 0.147 0.218 / 0.096 0.045 / 0.022
BGE-M3 + SigLIP2, Weighted sum 0.312 / 0.165 0.234 / 0.137 0.273 / 0.143 0.221 / 0.097 0.043 / 0.020
BGE-M3 + SigLIP2, Gated fusion 0.326 / 0.172 0.236 / 0.139 0.280 / 0.146 0.218 / 0.095 0.045 / 0.021
BGE-M3 + SigLIP2, Attention fusion 0.333 / 0.176 0.243 / 0.142 0.286 / 0.150 0.219 / 0.096 0.046 / 0.023
BGE-M3 + SigLIP2, Cond. gated fusion 0.328 / 0.174 0.240 / 0.140 0.282 / 0.148 0.220 / 0.096 0.048 / 0.022
BGE-M3 + SigLIP2, Cond. attention fusion 0.349 / 0.184 0.249 / 0.144 0.293 / 0.153 0.215 / 0.094 0.048 / 0.023
CLIP ViT-B/16, Frozen 0.267 / 0.143 0.224 / 0.111 0.185 / 0.094 0.228 / 0.111 0.038 / 0.018
CLIP ViT-B/16, Averaging 0.290 / 0.156 0.236 / 0.119 0.197 / 0.100 0.235 / 0.115 0.041 / 0.020
CLIP ViT-B/16, Concatenation 0.288 / 0.154 0.236 / 0.118 0.207 / 0.105 0.234 / 0.114 0.041 / 0.019
CLIP ViT-B/16, Weighted sum 0.282 / 0.151 0.234 / 0.117 0.201 / 0.103 0.237 / 0.116 0.040 / 0.019
CLIP ViT-B/16, Gated fusion 0.291 / 0.156 0.238 / 0.120 0.208 / 0.106 0.234 / 0.115 0.042 / 0.020
CLIP ViT-B/16, Attention fusion 0.297 / 0.160 0.243 / 0.123 0.213 / 0.109 0.240 / 0.118 0.044 / 0.022
CLIP ViT-B/16, Cond. gated fusion 0.294 / 0.158 0.245 / 0.124 0.210 / 0.107 0.242 / 0.119 0.043 / 0.021
CLIP ViT-B/16, Cond. attention fusion 0.302 / 0.162 0.247 / 0.125 0.215 / 0.110 0.244 / 0.120 0.045 / 0.021

H&M Fashion
BGE-M3 + SigLIP2, Frozen 0.164 / 0.089 0.128 / 0.061 0.303 / 0.175 0.018 / 0.009 0.015 / 0.007
BGE-M3 + SigLIP2, Averaging 0.169 / 0.091 0.130 / 0.062 0.305 / 0.176 0.016 / 0.008 0.011 / 0.005
BGE-M3 + SigLIP2, Concatenation 0.197 / 0.106 0.144 / 0.070 0.319 / 0.184 0.024 / 0.012 0.017 / 0.008
BGE-M3 + SigLIP2, Weighted sum 0.184 / 0.100 0.139 / 0.067 0.312 / 0.180 0.024 / 0.012 0.017 / 0.008
BGE-M3 + SigLIP2, Gated fusion 0.197 / 0.107 0.147 / 0.071 0.319 / 0.184 0.023 / 0.011 0.016 / 0.007
BGE-M3 + SigLIP2, Attention fusion 0.202 / 0.109 0.150 / 0.073 0.323 / 0.186 0.022 / 0.011 0.018 / 0.009
BGE-M3 + SigLIP2, Cond. gated fusion 0.199 / 0.108 0.152 / 0.074 0.321 / 0.185 0.025 / 0.012 0.017 / 0.008
BGE-M3 + SigLIP2, Cond. attention fusion 0.211 / 0.113 0.158 / 0.077 0.330 / 0.191 0.027 / 0.013 0.014 / 0.006
CLIP ViT-B/16, Frozen 0.149 / 0.080 0.122 / 0.061 0.212 / 0.114 0.021 / 0.010 0.017 / 0.008
CLIP ViT-B/16, Averaging 0.166 / 0.089 0.133 / 0.066 0.225 / 0.120 0.027 / 0.013 0.014 / 0.007
CLIP ViT-B/16, Concatenation 0.183 / 0.099 0.144 / 0.073 0.236 / 0.126 0.027 / 0.013 0.021 / 0.010
CLIP ViT-B/16, Weighted sum 0.174 / 0.094 0.139 / 0.069 0.230 / 0.123 0.028 / 0.014 0.019 / 0.009
CLIP ViT-B/16, Gated fusion 0.183 / 0.099 0.144 / 0.072 0.237 / 0.126 0.027 / 0.013 0.021 / 0.010
CLIP ViT-B/16, Attention fusion 0.188 / 0.102 0.148 / 0.074 0.241 / 0.129 0.029 / 0.014 0.023 / 0.011
CLIP ViT-B/16, Cond. gated fusion 0.184 / 0.100 0.149 / 0.075 0.238 / 0.127 0.030 / 0.015 0.022 / 0.011
CLIP ViT-B/16, Cond. attention fusion 0.193 / 0.104 0.151 / 0.076 0.243 / 0.131 0.029 / 0.014 0.022 / 0.010

Amazon Reviews 2023
BGE-M3 + SigLIP2, Frozen 0.121 / 0.061 0.100 / 0.052 0.054 / 0.027 0.017 / 0.009 0.012 / 0.006
BGE-M3 + SigLIP2, Averaging 0.123 / 0.062 0.107 / 0.056 0.057 / 0.029 0.020 / 0.010 0.009 / 0.004
BGE-M3 + SigLIP2, Concatenation 0.139 / 0.070 0.128 / 0.069 0.068 / 0.035 0.023 / 0.012 0.015 / 0.007
BGE-M3 + SigLIP2, Weighted sum 0.137 / 0.069 0.118 / 0.063 0.063 / 0.032 0.023 / 0.012 0.014 / 0.007
BGE-M3 + SigLIP2, Gated fusion 0.140 / 0.070 0.126 / 0.068 0.068 / 0.035 0.023 / 0.011 0.013 / 0.007
BGE-M3 + SigLIP2, Attention fusion 0.144 / 0.073 0.130 / 0.071 0.071 / 0.036 0.025 / 0.012 0.015 / 0.007
BGE-M3 + SigLIP2, Cond. gated fusion 0.142 / 0.072 0.127 / 0.069 0.069 / 0.035 0.026 / 0.013 0.014 / 0.007
BGE-M3 + SigLIP2, Cond. attention fusion 0.154 / 0.077 0.139 / 0.075 0.076 / 0.039 0.028 / 0.013 0.018 / 0.008
CLIP ViT-B/16, Frozen 0.133 / 0.068 0.098 / 0.051 0.034 / 0.017 0.019 / 0.009 0.011 / 0.005
CLIP ViT-B/16, Averaging 0.146 / 0.074 0.115 / 0.061 0.041 / 0.020 0.024 / 0.012 0.011 / 0.005
CLIP ViT-B/16, Concatenation 0.152 / 0.077 0.124 / 0.066 0.046 / 0.023 0.025 / 0.012 0.014 / 0.007
CLIP ViT-B/16, Weighted sum 0.151 / 0.077 0.117 / 0.062 0.043 / 0.022 0.025 / 0.012 0.012 / 0.005
CLIP ViT-B/16, Gated fusion 0.154 / 0.078 0.124 / 0.066 0.046 / 0.023 0.026 / 0.013 0.014 / 0.007
CLIP ViT-B/16, Attention fusion 0.156 / 0.080 0.128 / 0.069 0.049 / 0.025 0.027 / 0.013 0.015 / 0.007
CLIP ViT-B/16, Cond. gated fusion 0.158 / 0.081 0.125 / 0.067 0.047 / 0.024 0.028 / 0.014 0.014 / 0.006
CLIP ViT-B/16, Cond. attention fusion 0.157 / 0.080 0.132 / 0.071 0.051 / 0.026 0.027 / 0.013 0.016 / 0.008
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5.4.3 Results by Training Objective
The third stage compares the supervision signal used during fine-tuning. Table 5.3 reports the
six objectives on both multimodal backbones, BGE-M3 + SigLIP2 and CLIP ViT-B/16. The
fusion strategy is fixed to concatenation and the tuning method is fixed to LoRA.

On BGE-M3 + SigLIP2, the standalone objectives form a clear ordering. BPR is the weakest
and barely improves over the frozen baseline and in some instances performs worse, since its sparse
pairwise signal does not constrain the global geometry of the item space. InfoNCE is stronger,
because the in-batch negatives provide a denser discriminative signal. The item–item objectives
improve further: Jaccard introduces structural supervision but its normalization softens the
strongest recommendation signals, leaving it slightly behind PMI, which down-weights globally
popular items and gives more weight to informative co-interactions. ELSA is the strongest
objective in the table, holding the column maximum on standard, cold-start, and sequential
across all three datasets.

The joint ELSA + InfoNCE objective behaves very poorly. Standard, cold-start, and se-
quential Recall@10 fall well below the frozen baseline. The two losses appear to pull in different
directions for the optimizer when the fusion module is a fixed concatenation, leaving the encoder
under-trained on both signals.

The same broad ordering holds for CLIP ViT-B/16, with BPR weakest, InfoNCE intermedi-
ate, Jaccard and PMI close, and ELSA the strongest, although the relative differences between
objectives are smaller. The joint-loss collapse is even more pronounced on CLIP than on BGE-
M3 + SigLIP2: the smaller text encoder likely gives the optimizer less capacity to satisfy two
competing supervision signals, and standard Recall@10 falls by roughly 20 % below the frozen
baseline on Amazon and H&M. Under ELSA, CLIP overtakes BGE-M3 + SigLIP2 in cold-start
on H&M and in standard recommendation on Amazon, while BGE-M3 + SigLIP2 retains its ad-
vantage elsewhere. The two transfer columns behave the same way as in the previous stages. On
domain transfer, MovieLens reaches the highest absolute level, and the same objective ordering
still appears on H&M and Amazon, just at a smaller scale.

We conclude, that the objective matters as much as the tuning mechanism. Sparse pairwise
supervision improves in-domain ranking only marginally, item–item objectives align better with
the goal of adapting a foundation encoder, and ELSA is the most reliable target across the in-
domain scenarios. Combining structural item–item supervision with user–item contrast through
a joint loss did not work well in this setup with a fixed concatenation fusion and an equal 0.5/0.5
weighting: the two signals destabilize the optimization and degrade in-domain ranking sharply.
Different relative weights between the two losses, or a curriculum that anneals one signal relative
to the other, may make the joint objective more competitive.
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Table 5.3 Training-objective comparison across the five evaluation scenarios. Backbones: BGE-M3
+ SigLIP2 and CLIP ViT-B/16; fusion: concatenation; tuning: LoRA. ELSA uses the reconstruction
loss; Interaction Jaccard and Interaction PMI are similarity matching variants that differ only in the
construction of the target item–item similarity matrix. The joint objective combines ELSA reconstruction
with InfoNCE. Frozen rows are reproduced from Chapter 4. Each cell reports Recall@10 / NDCG@10.

Configuration Standard Cold-start Sequential Domain tr. Dataset tr.
MovieLens 20M

BGE-M3 + SigLIP2, Frozen 0.301 / 0.158 0.219 / 0.118 0.263 / 0.137 0.212 / 0.092 0.042 / 0.021
BGE-M3 + SigLIP2, BPR 0.297 / 0.155 0.215 / 0.124 0.262 / 0.135 0.207 / 0.090 0.030 / 0.014
BGE-M3 + SigLIP2, InfoNCE 0.314 / 0.166 0.226 / 0.131 0.275 / 0.143 0.211 / 0.093 0.043 / 0.021
BGE-M3 + SigLIP2, Interaction Jaccard 0.316 / 0.167 0.228 / 0.133 0.276 / 0.144 0.213 / 0.094 0.043 / 0.020
BGE-M3 + SigLIP2, Interaction PMI 0.319 / 0.169 0.231 / 0.135 0.279 / 0.146 0.214 / 0.094 0.044 / 0.022
BGE-M3 + SigLIP2, ELSA 0.323 / 0.171 0.235 / 0.137 0.281 / 0.147 0.218 / 0.096 0.045 / 0.022
BGE-M3 + SigLIP2, ELSA + InfoNCE 0.245 / 0.128 0.182 / 0.108 0.221 / 0.116 0.183 / 0.080 0.034 / 0.017
CLIP ViT-B/16, Frozen 0.267 / 0.143 0.224 / 0.111 0.185 / 0.094 0.228 / 0.111 0.038 / 0.018
CLIP ViT-B/16, BPR 0.262 / 0.139 0.218 / 0.108 0.183 / 0.092 0.221 / 0.107 0.024 / 0.011
CLIP ViT-B/16, InfoNCE 0.279 / 0.149 0.229 / 0.114 0.198 / 0.101 0.228 / 0.111 0.037 / 0.017
CLIP ViT-B/16, Interaction Jaccard 0.281 / 0.150 0.230 / 0.115 0.201 / 0.102 0.229 / 0.112 0.038 / 0.018
CLIP ViT-B/16, Interaction PMI 0.285 / 0.152 0.232 / 0.116 0.205 / 0.104 0.231 / 0.113 0.039 / 0.018
CLIP ViT-B/16, ELSA 0.288 / 0.154 0.236 / 0.118 0.207 / 0.105 0.234 / 0.114 0.041 / 0.019
CLIP ViT-B/16, ELSA + InfoNCE 0.218 / 0.119 0.183 / 0.094 0.152 / 0.078 0.193 / 0.096 0.029 / 0.014

H&M Fashion
BGE-M3 + SigLIP2, Frozen 0.164 / 0.089 0.128 / 0.061 0.303 / 0.175 0.018 / 0.009 0.015 / 0.007
BGE-M3 + SigLIP2, BPR 0.169 / 0.091 0.124 / 0.058 0.302 / 0.174 0.016 / 0.008 0.011 / 0.005
BGE-M3 + SigLIP2, InfoNCE 0.185 / 0.100 0.135 / 0.065 0.310 / 0.179 0.020 / 0.010 0.015 / 0.007
BGE-M3 + SigLIP2, Interaction Jaccard 0.188 / 0.102 0.137 / 0.066 0.313 / 0.180 0.021 / 0.010 0.015 / 0.007
BGE-M3 + SigLIP2, Interaction PMI 0.193 / 0.105 0.142 / 0.069 0.317 / 0.183 0.022 / 0.011 0.016 / 0.008
BGE-M3 + SigLIP2, ELSA 0.197 / 0.106 0.144 / 0.070 0.319 / 0.184 0.024 / 0.012 0.017 / 0.008
BGE-M3 + SigLIP2, ELSA + InfoNCE 0.132 / 0.072 0.105 / 0.052 0.255 / 0.148 0.022 / 0.011 0.016 / 0.008
CLIP ViT-B/16, Frozen 0.149 / 0.080 0.122 / 0.061 0.212 / 0.114 0.021 / 0.010 0.017 / 0.008
CLIP ViT-B/16, BPR 0.154 / 0.082 0.119 / 0.058 0.215 / 0.115 0.018 / 0.008 0.012 / 0.005
CLIP ViT-B/16, InfoNCE 0.171 / 0.092 0.134 / 0.067 0.225 / 0.121 0.024 / 0.012 0.018 / 0.009
CLIP ViT-B/16, Interaction Jaccard 0.174 / 0.094 0.137 / 0.069 0.229 / 0.123 0.025 / 0.012 0.019 / 0.009
CLIP ViT-B/16, Interaction PMI 0.179 / 0.097 0.141 / 0.071 0.234 / 0.125 0.026 / 0.013 0.020 / 0.010
CLIP ViT-B/16, ELSA 0.183 / 0.099 0.144 / 0.073 0.236 / 0.126 0.027 / 0.013 0.021 / 0.010
CLIP ViT-B/16, ELSA + InfoNCE 0.122 / 0.066 0.099 / 0.049 0.176 / 0.095 0.026 / 0.013 0.021 / 0.010

Amazon Reviews 2023
BGE-M3 + SigLIP2, Frozen 0.121 / 0.061 0.100 / 0.052 0.054 / 0.027 0.017 / 0.009 0.012 / 0.006
BGE-M3 + SigLIP2, BPR 0.116 / 0.058 0.099 / 0.051 0.054 / 0.027 0.014 / 0.007 0.008 / 0.004
BGE-M3 + SigLIP2, InfoNCE 0.130 / 0.065 0.114 / 0.061 0.063 / 0.032 0.020 / 0.010 0.012 / 0.006
BGE-M3 + SigLIP2, Interaction Jaccard 0.133 / 0.067 0.118 / 0.063 0.064 / 0.032 0.021 / 0.011 0.016 / 0.006
BGE-M3 + SigLIP2, Interaction PMI 0.135 / 0.068 0.124 / 0.070 0.067 / 0.034 0.022 / 0.011 0.013 / 0.006
BGE-M3 + SigLIP2, ELSA 0.139 / 0.070 0.128 / 0.069 0.068 / 0.035 0.023 / 0.012 0.015 / 0.007
BGE-M3 + SigLIP2, ELSA + InfoNCE 0.097 / 0.049 0.082 / 0.043 0.043 / 0.022 0.022 / 0.011 0.013 / 0.007
CLIP ViT-B/16, Frozen 0.133 / 0.068 0.098 / 0.051 0.034 / 0.017 0.019 / 0.009 0.011 / 0.005
CLIP ViT-B/16, BPR 0.127 / 0.064 0.097 / 0.050 0.034 / 0.017 0.017 / 0.008 0.007 / 0.003
CLIP ViT-B/16, InfoNCE 0.145 / 0.074 0.114 / 0.060 0.041 / 0.020 0.023 / 0.011 0.012 / 0.006
CLIP ViT-B/16, Interaction Jaccard 0.146 / 0.075 0.117 / 0.062 0.043 / 0.021 0.023 / 0.011 0.012 / 0.006
CLIP ViT-B/16, Interaction PMI 0.149 / 0.076 0.121 / 0.064 0.045 / 0.022 0.026 / 0.014 0.013 / 0.006
CLIP ViT-B/16, ELSA 0.152 / 0.077 0.124 / 0.066 0.046 / 0.023 0.025 / 0.012 0.014 / 0.007
CLIP ViT-B/16, ELSA + InfoNCE 0.108 / 0.055 0.078 / 0.041 0.026 / 0.013 0.024 / 0.012 0.014 / 0.007
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5.4.4 Best-Performing Configuration
The final evaluation combines the strongest choices from the staged experiments into a single
BGE-M3 + SigLIP2 configuration. We pick BGE-M3 + SigLIP2 over CLIP because it wins
standard recommendation on MovieLens and H&M and is the strongest sequential model on
all three datasets, while CLIP only overtakes it on Amazon standard recommendation. The
configuration uses LoRA as the tuning method, interaction-conditioned attention as the fusion
module, and the ELSA loss as the training objective.

Table 5.4 compares the final configuration against the frozen BGE-M3 + SigLIP2 baseline.
The fine-tuned model improves on the in-domain scenarios across all three datasets. MovieLens
shows moderate gains in standard, cold-start, and sequential, consistent with a frozen baseline
that is already strong. H&M sees larger relative gains in standard and cold-start, where learned
multimodal fusion aligns product metadata with visual appearance. Amazon sees the largest
relative in-domain gains overall, in line with its weak frozen baseline and broad, sparse catalog.
Sequential gains are smaller on H&M because SASRec already extracts most of the available
behavioral signal from the frozen embeddings.

The transfer columns seem to behave randomly. Four of the six cross-catalog and cross-
domain cells (H&M domain, H&M dataset, Amazon domain, Amazon dataset) sit at the random-
ranker floor for both the frozen and the fine-tuned model. The two MovieLens transfer columns
are the only ones where the absolute level is high enough to support comparison: MovieLens
dataset transfer improves modestly under fine-tuning, and MovieLens domain transfer is es-
sentially flat. These findings further support the idea that the transfer scenarios were defined
too challengingly, and that simpler source–target pairs might have produced more interpretable
results.

Table 5.4 Final BGE-M3 + SigLIP2 fine-tuned configuration evaluated against the frozen BGE-M3
+ SigLIP2 baseline across the five evaluation scenarios. The final configuration uses LoRA, interaction-
conditioned attention fusion, and the ELSA objective. Each cell reports Recall@10 / NDCG@10; the
relative-gain row is computed cell-wise from the two preceding rows.

Configuration Standard Cold-start Sequential Domain tr. Dataset tr.
MovieLens 20M

Frozen 0.301 / 0.158 0.219 / 0.118 0.263 / 0.137 0.212 / 0.092 0.042 / 0.021
Best fine-tuned 0.349 / 0.184 0.249 / 0.144 0.293 / 0.153 0.215 / 0.094 0.048 / 0.023
Relative gain +15.9 % / +16.5 % +13.7 % / +12.5 % +11.4 % / +11.7 % +1.4 % / +2.2 % +14.3 % / +9.5 %

H&M Fashion
Frozen 0.164 / 0.089 0.128 / 0.061 0.303 / 0.175 0.018 / 0.009 0.015 / 0.007
Best fine-tuned 0.211 / 0.113 0.158 / 0.077 0.330 / 0.191 0.027 / 0.013 0.014 / 0.006
Relative gain +28.7 % / +27.0 % +23.4 % / +26.2 % +8.9 % / +9.1 % +50.0 % / +44.4 % −6.7 % / −14.3 %

Amazon Reviews 2023
Frozen 0.121 / 0.061 0.100 / 0.052 0.054 / 0.027 0.017 / 0.009 0.012 / 0.006
Best fine-tuned 0.154 / 0.077 0.139 / 0.075 0.076 / 0.039 0.028 / 0.013 0.018 / 0.008
Relative gain +27.3 % / +26.2 % +39.0 % / +44.2 % +40.7 % / +44.4 % +64.7 % / +44.4 % +50.0 % / +33.3 %

5.4.5 Summary of Results
The results show that multimodal foundation encoders can be adapted to recommendation using
interaction data, and that fine-tuning is worth the additional cost in our setup. Across all three
datasets, the fine-tuned models improve over the frozen baselines on the in-domain scenarios
(standard, cold-start, sequential), and these gains hold for both multimodal backbones.

The best configuration combines BGE-M3 + SigLIP2 with LoRA, interaction-conditioned
attention fusion, and the ELSA reconstruction loss. Each of these choices addresses a different
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limitation of the frozen baseline. LoRA preserves the pretrained backbone while still allowing
the encoder to adapt, which avoids the over-fitting and damage to the pretrained geometry
that we saw under full fine-tuning. Interaction-conditioned attention provides the model with a
learned, per-item way of combining text and image information, which matters most when the
two encoders are pretrained independently and the catalog is heterogeneous. ELSA supervises
the encoder through an item–item operator that reconstructs user interaction vectors, aligning
the embedding geometry with collaborative behavior while keeping enough of the pretrained
semantic structure to also help cold-start. Sparse pairwise supervision and the joint ELSA +
InfoNCE loss were both clearly weaker, the former because it does not constrain the global
geometry of the item space, the latter because the two signals destabilize the optimization under
fixed concatenation fusion.

The transfer scenarios show a more limited but still consistent picture. On domain trans-
fer, MovieLens reaches the highest absolute level, and the same per-method, per-fusion, and
per-objective orderings reappear on H&M and Amazon at a much smaller scale. The dataset-
transfer column is the one place where the experiments do not produce usable signal: values
are tightly compressed across datasets, backbones, and methods, and the per-method ordering
is inconsistent.

Overall, the chapter shows that interaction-based fine-tuning makes multimodal item rep-
resentations more useful for in-domain recommendation, and that the combination of LoRA,
interaction-conditioned fusion, and ELSA gives consistent gains across datasets and scenarios.
Domain transfer follows the same pattern as the in-domain scenarios at a smaller scale, while
dataset transfer would benefit from less aggressively defined source–target pairs in future work.



56 Fine-Tuning Multimodal Encoders



Chapter 6

Analysis of Multimodal
Embedding Spaces

The previous two chapters explored whether pretrained multimodal encoders can be used as back-
bones for downstream recommenders, and whether fine-tuning on interaction data can improve
their embeddings for recommendation. The results showed that frozen pretrained embeddings
already contain useful recommendation signal, but that interaction-based fine-tuning further
improves performance across datasets and scenarios.

In this chapter, we analyze how the embedding space changes after fine-tuning. The goal
is to understand what happens to the learned representations when the model is trained with
recommendation data. We compare the best-performing model, BGE-M3 + SigLIP2, in its
frozen and final fine-tuned, best performing variant. We perform three analyses. First, we look
at how the global structure of the embedding space changes before and after fine-tuning. Second,
we analyze the local structure of the embedding space by examining how item neighborhoods
change. Third, we inspect the attention layers of the text and image encoders to see whether
fine-tuning changes their internal attention patterns.

6.1 Global Embedding Space Structure

The analysis looks at how the embedding space changes before and after fine-tuning. We use
a UMAP projection of the item embeddings, applied separately to the frozen and fine-tuned
variants of BGE-M3 + SigLIP2. Figure 6.1 shows UMAP projections of the BGE-M3 + SigLIP2
item embeddings on all three datasets, with the frozen variant on the left and the fine-tuned
variant on the right. The broad categorical structure is preserved after fine-tuning. At the
same time, fine-tuning changes the global layout of the embedding space. The clusters become
more compact and are brought closer together, suggesting that the model reduces some of the
separation created by the original pretrained representation. This contraction is consistent with
how the model is supervised, the interaction-based objective pulls co-interacted items together
regardless of their content category, so directions that do not carry recommendation signal are
compressed, while directions that separate items along behavior are preserved. The effect is
visible across all three datasets, but with different intensities. On H&M Fashion, the group
clusters remain visually distinct, but neighboring categories move closer. On MovieLens 20M,
the genre boundaries blur more visibly. On Amazon Reviews 2023, the broad separation between
top-level product categories is preserved, while the within-category sub-clusters become more
compact.
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Figure 6.1 UMAP projection of BGE-M3 + SigLIP2 item embeddings before (left) and after (right)
fine-tuning. We are showing a sub-sample of 20 000 random items. Rows correspond to H&M Fashion,
MovieLens 20M, and Amazon Reviews 2023. Each color denotes one category, with the legend listed
beside the fine-tuned panel.

The UMAP projections also help explain the domain-transfer behavior reported in Chapters 4
and 5. The held-out target domains are disjoint from the source domains on H&M Fashion and
Amazon Reviews 2023, but heavily mixed with the source on MovieLens 20M. On H&M Fashion,
the held-out Swimwear cluster sits clearly apart from the rest of the catalog in both the frozen and
fine-tuned projections, with little overlap with adjacent groups. On Amazon Reviews 2023, the
Toys and Games sub-clusters occupy a separate region from the Beauty and Fashion categories,
again with limited overlap. On MovieLens 20M, by contrast, the genre clusters are strongly
intertwined, the Horror/Thriller items overlap substantially with other genres.
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6.2 Local Neighborhood Case Examples

This section explores how the immediate neighborhood of a query item changes after fine-tuning.
For each model, we retrieve the ten nearest neighbors of an item under cosine similarity.

Figures 6.2–6.4 show nearest neighbor examples before and after fine-tuning for the selected
query items. The frozen model usually retrieves items that are visually or categorically very close
to the query. For example, shirts are matched with other shirts, dresses with other dresses, and
lipsticks with other lipstick products. This shows that the pretrained embedding space already
captures strong content similarity.

After fine-tuning, the local neighborhood changes. The closest items often remain similar to
the query, but we can also see new items appearing further down the ranked list. These items
are not always from the exact same visual category, but they are often plausible recommendation
candidates. For example, the men’s shirt query starts to retrieve trousers, a hoodie, and a belt,
which might be useful in the same outfit context. Similarly, the dress example retrieves other
clothing items that are less visually identical but still relevant in a fashion recommendation
setting. In the Amazon examples, the fine-tuned model keeps similar products near the top,
while also moving related cosmetic or personal-care items closer to the query. This suggests that
fine-tuning adjusts the embedding space toward recommendation behavior.

(a) Query: men’s purple check button-up shirt.

(b) Query: women’s dark red short-sleeve dress.

Figure 6.2 Top-ten nearest neighbors on H&M Fashion under the frozen (top row of each panel)
and fine-tuned (bottom row) BGE-M3 + SigLIP2 embedding space. The query item is shown on the
left of each panel. Red frames mark items present in the frozen neighborhood that are dropped after
fine-tuning; green frames mark items newly introduced by the fine-tuned model.
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(a) Query: pink stick lipstick.

(b) Query: bottle of hair shampoo.

Figure 6.3 Top-ten nearest neighbors on Amazon Reviews 2023 (Beauty category) under the frozen
(top row of each panel) and fine-tuned (bottom row) BGE-M3 + SigLIP2 embedding space. The query
item is shown on the left of each panel. Red frames mark items present in the frozen neighborhood that
are dropped after fine-tuning; green frames mark items newly introduced by the fine-tuned model.

(a) Query: Pulp Fiction (1994), a cult crime drama.

Figure 6.4 Top-ten nearest neighbors on MovieLens 20M under the frozen (top row) and fine-tuned
(bottom row) BGE-M3 + SigLIP2 embedding space. The query item is shown on the left. Red frames
mark items present in the frozen neighborhood that are dropped after fine-tuning; green frames mark
items newly introduced by the fine-tuned model.
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6.3 Attention Preservation in Fine-Tuned Encoders
The previous two sections examined the embedding spaces produced by the encoders. This
section analyzes the internal attention mechanisms of the text and vision encoders. For the text
model, we visualize token-level attention directly, for the image model, we propose the algorithm
described below.

6.3.1 Algorithm for Analyzing Attention Behavior
We propose an algorithm with the following steps: attention extraction, normalization, cluster-
ing, and visualization.

Attention Extraction
For an input image I, a Vision Transformer computes a collection of attention matrices across
layers and heads: {

A(l)
h ∈ RN×N

}L,H
l=1, h=1

,

where L denotes the number of transformer layers, H represents the number of attention heads
per layer, and N is the sequence length corresponding to the number of image patches, excluding
the [CLS] token. To form these patches, the original image is divided into a regular grid G of
size

√
N ×

√
N . Each attention matrix A(l)

h is a row-stochastic matrix in which the entry aij
represents the fraction of attention that patch i allocates to patch j at layer l under head h.

Since the final transformer layer typically encapsulates the richest semantic information our
analysis focuses on the attention matrices from layer L. To reduce the dimensionality of the
attention representation from H separate matrices to a single matrix, we average over the H
attention heads:

Ā(L) = 1
H

H∑
h=1

A(L)
h .

Normalization of Attention Maps
In self-attention, each row of the attention matrix corresponds to the distribution of attention
weights for a specific query patch over all key patches. Because the softmax normalization
in the attention computation produces distributions that sum to one, the absolute magnitude
of individual attention weights depends on the entropy of the distribution: a highly focused
attention pattern (low entropy) will have a few large weights and many small ones, while a
diffuse pattern (high entropy) will have uniformly moderate weights. To ensure a consistent
comparison across patches with different attention entropy levels, each row is normalized by its
maximum value:

ãij = aij
maxk aik

, ∀ j.

The normalized matrix Ã(L) is the input to the subsequent clustering stage.

Clustering of Attention Patterns
To identify grouped regions within the attention map we apply k-means clustering directly to
the normalized attention matrix Ã(L). Each row ãi· is treated as a feature vector describing the
attention profile of patch i, and the clustering algorithm groups patches whose attention profiles
are similar into k clusters. Formally, the clustering assigns each patch g ∈ G to a cluster label c:

∀ g ∈ G, C(g) = c, c ∈ {1, 2, . . . , k}.
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Patches that attend to similar regions of the image are grouped together, forming clusters that
correspond to semantically meaningful image regions. The number of clusters k is set manually
based on visual inspection of the input image, with typical values ranging from 3 to 6 depending
on the complexity of the scene.

Visualization
To visualize the attention distribution, the clustered patch grid is overlaid onto the preprocessed
input image. Each patch is overlaid with a color according to its cluster assignment.

6.3.2 Comparison of Attention Patterns
Figures 6.5 and 6.6 show the attention patterns of the zero-shot and fine-tuned models. Overall,
the attention patterns remain very similar after fine-tuning. In the text tower, the same impor-
tant tokens receive the strongest attention. The model continues to focus on descriptive tokens
such as item type, color, and material words. For example, words such as dress, black, leather,
trousers, and similar item descriptors remain highlighted in both variants. In MovieLens, the
model mainly attends to movie titles, years, and genre tokens. The same behavior is visible after
fine-tuning. The same pattern can be seen in the vision tower. On H&M, the attention regions
remain aligned with the main product area, such as the dress, sneaker, shirt, bag, and trousers.
The attention still follows the object shape.

6.4 Summary of Findings
This chapter analyzed how the BGE-M3 + SigLIP2 embedding space changes after fine-tuning
on recommendation data. The goal was to understand what kind of representational change
happens inside the model. We looked at the global embedding structure, local nearest-neighbor
changes, and attention patterns in the text and image encoders.

The global analysis showed that fine-tuning changes the embedding space, but does not
destroy its original structure. In the UMAP projections, the broad category layout remains
visible after fine-tuning. At the same time, the fine-tuned embeddings become more compact and
the clusters move closer together. This suggests that the model keeps the semantic organization
learned during pretraining, while adapting the space toward recommendation behavior.

The local neighborhood examples show this change more clearly. In the frozen model, nearest
neighbors are mostly items that are visually or categorically very similar to the query. Shirts are
close to other shirts, dresses to other dresses, and lipstick products to other lipstick products.
After fine-tuning, the nearest neighbors still preserve much of this content similarity, especially
at the top of the ranked list. However, further down the list, new items appear that are not
always the same item type, but are often useful in the same recommendation context.

The attention analysis shows that this adaptation does not come from destroying the inter-
nal behavior of the encoders. In the text tower, the same important metadata tokens remain
highlighted before and after fine-tuning.

Overall, the analysis suggests that fine-tuning acts as a controlled adaptation of the pre-
trained embedding space. The model preserves the broad semantic structure and attention
patterns learned during pretraining, while changing the final item representations in a way that
better matches recommendation data. The global structure becomes more compact, local neigh-
borhoods become more recommendation-oriented, and the internal attention mechanisms remain
largely preserved. This supports the result from the previous chapter: the frozen embeddings
already contain useful signal, but fine-tuning makes them more aligned to recommendation.
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(a) Text-tower attention on H&M item metadata.

(b) Vision-tower attention on H&M item images.

Figure 6.5 Attention patterns on representative H&M items under the frozen (top) and fine-tuned
(bottom) BGE-M3 + SigLIP2 encoders. The vision-tower panels show clustered patch attention from
the final transformer layer; the text-tower panels show attention over tokens.
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(a) Text-tower attention on MovieLens item metadata.

(b) Vision-tower attention on MovieLens posters.

Figure 6.6 Attention patterns on representative MovieLens items under the frozen (top) and fine-
tuned (bottom) BGE-M3 + SigLIP2 encoders. The vision-tower panels show clustered patch attention
from the final transformer layer; the text-tower panels show attention over tokens.
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Discussion

This chapter evaluates the results of Chapters 3–6. It first summarizes the main findings, then
discusses the implications of REEF for evaluation methodology, reviews the zero-shot and fine-
tuning results, and summarizes what the representation analysis revealed. The chapter concludes
with limitations and their practical implications.

7.1 Summary of Main Findings
The thesis focused on how embedding foundation model backbones should be evaluated, adapted,
and understood in recommender systems. Chapter 3 introduced REEF, a protocol-based frame-
work designed to isolate the contribution of backbone representations. Chapter 4 used this
framework to evaluate pretrained encoders in a zero-shot setting and showed that multimodal
representations consistently perform well. Chapter 5 demonstrated that fine-tuning improves the
embedding space for recommendation. Chapter 6 then examined how this improvement shows
in the structure of the learned representations.

7.2 REEF and Evaluation Methodology
We showed that the backbone isolation problem has direct evaluation consequences. When a
backbone is evaluated as part of a full recommendation pipeline, conclusions about its quality
become entangled with the design of downstream components. Differences in the downstream
model, candidate construction, optimization settings, metrics, or data splits can affect the fi-
nal result and make it unclear whether the observed performance comes from the backbone
representation itself or from the surrounding pipeline.

We therefore built REEF as a controlled evaluation framework for backbone comparison.
REEF fixes the data loader, downstream model, candidate construction, optimization settings,
metrics, and data splits, so that different backbones can be evaluated under the same conditions.
This reduces sources of variance that are unrelated to the representation and makes differences
between backbones more directly comparable. In this thesis, REEF provides the evaluation basis
for both the zero-shot study and the later fine-tuning experiments.

7.3 Evaluation of Zero-Shot and Fine-Tuning Results
After establishing REEF, we used it to evaluate pretrained foundation-model backbones in a
zero-shot setting and then to study whether multimodal backbones can be improved through
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fine-tuning. This made it possible to compare both frozen representations and adapted repre-
sentations under the same evaluation protocol.

The zero-shot results show that modality quality depends strongly on the dataset. Text en-
coders perform best on MovieLens 20M and remain competitive on Amazon Reviews 2023, where
textual metadata captures much of the preference signal. On H&M Fashion, image encoders
become competitive or superior, reflecting the importance of visual appearance. Multimodal
representations are strong across most evaluated datasets and scenarios. The combination of
BGE-M3 and SigLIP2 is the strongest configuration in standard recommendation on MovieLens
and H&M and is competitive on Amazon standard recommendation, where CLIP leads. The
zero-shot transfer showed that MovieLens domain transfer reaches the highest absolute level and
supports clear encoder-level conclusions, while the H&M and Amazon domain-transfer columns
sit at a much smaller scale yet show the same broad ordering between encoders. The geometric
reason for this is examined in Chapter 6, where the UMAP projections show that the held-
out target domains on H&M and Amazon are largely disjoint from the source domains in the
embedding space, while on MovieLens they remain mixed. The dataset-transfer columns, by
contrast, are tightly compressed across encoders and too noisy to interpret. This suggests that
the chosen source–target pairs were too distant for the cross-catalog scenarios, while domain
transfer within a single catalog still carries usable signal. Meaningful cross-catalog evaluation
would likely require few-shot retraining of the downstream model on the target dataset.

The fine-tuning study then showed that these multimodal representations can be successfully
adapted to recommendation data. We performed a series of experiments over fusion strategies,
tuning methods, and training objectives. Across the in-domain tasks, the best-performing fine-
tuned configuration consistently improved over the frozen multimodal baseline, with the largest
relative gains on Amazon (around +27 % Recall@10 in standard, +39 % in cold-start, +41 % in
sequential) and smaller but consistent gains on the already strong MovieLens. Domain transfer
follows the same pattern as the in-domain scenarios: MovieLens reaches the highest absolute
level, where LoRA and adapters nudge above the frozen baseline while full fine-tuning stays
flat, and the same per-method, per-fusion, and per-objective orderings reappear on H&M and
Amazon at a much smaller scale. The effect sizes on those two datasets are small in absolute
terms, but they are consistent enough across datasets and backbones to read as a trend. Dataset
transfer is once more the one place where the experiments do not produce a usable signal.

The main fine-tuning findings are that while fixed modality combinations are useful, train-
able fusion proved stronger results as it allows the model to learn how to algin the text and
images. The strongest results came from an interaction-aware adaptation: conditioning the fu-
sion module on co-interaction context improved performance further, showing that user behavior
provides useful information about how modalities should be weighted. The training objective also
mattered: supervision based on item–item interaction structure was more effective than sparse
pairwise ranking alone. Among the item–item objectives, ELSA was the most reliable, taking
the per-column maxima on standard, cold-start, and sequential for BGE-M3 + SigLIP2 across
all three datasets, and the same ordering reappeared on the domain-transfer column. The naive
joint ELSA + InfoNCE loss, on the other hand, destabilized the optimization and performed
below the zero-shot baseline.

Taken together, the dataset transfer results suggest that the cross-catalog scenarios were
defined too aggressively. Domain transfer within a single catalog is interpretable on all three
datasets and shows the same method, fusion, and objective orderings as the in-domain scenarios,
just at smaller absolute scales.

7.4 Representation Analysis

The representation analysis explains why fine-tuning mostly improves recommendation perfor-
mance. The main finding is that adaptation changes the embedding space mostly locally rather
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than globally. The broad structure of the representation space remains recognizable after fine-
tuning, but nearest-neighbor relationships become more aligned with user interactions. This
means that the model does not simply overwrite the pretrained representation, instead, it pre-
serves the semantic structure of the pretrained encoders while adjusting the parts of the space
that matter most for recommendation. The attention analysis supports this interpretation. Vi-
sual and textual attention patterns remain largely stable after fine-tuning, showing that the
internal behavior of the encoders has not fundamentally changed.

7.5 Limitations and Practical Implications
Several limitations of the thesis must be stated. The fine-tuning design space was explored
through a staged search rather than a full combinatorial search, so interactions between fusion
strategy, tuning method, training objective, target-similarity construction, and fusion condition-
ing may not have been fully captured. The final configuration therefore combines factors that
were not jointly varied in any single experiment. The evaluation was also limited to five recom-
mendation scenarios, other downstream tasks, such as search, were not evaluated, although they
could be added to REEF given its modular design. The experiments use only three English-
centric datasets, which may limit the generality of the findings for other languages or cultural
contexts. The fine-tuning study considers only two multimodal configurations due to computa-
tional constraints. Finally, all current evaluations were performed in an offline setting, online
evaluation is needed to verify whether the offline gains observed here translate into measurable
improvements in user satisfaction and engagement.

A further limitation specific to the transfer evaluation is that the chosen cross-catalog scenar-
ios were too aggressively defined. Domain transfer within a single catalog produces interpretable
results on all three datasets, but the dataset-transfer column is too noisy to read across back-
bones, methods, fusion strategies, and objectives. Less distant source–target pairs would likely
have yielded clearer cross-catalog evidence.

Despite these limitations, several practical conclusions can be drawn. The choice of modality
should be guided by the characteristics of the dataset, although the experiments show that adding
multimodal signals tends to improve in-domain performance in most cases. When fine-tuning is
not feasible, strong text encoders such as BGE-M3 provide a reliable baseline. When adaptation
is possible, the most effective strategies in our setup proved to be LoRA-style tuning, trainable
interaction-conditioned fusion, and item–item interaction-derived supervision, with ELSA as the
most reliable single objective. Domain transfer within a single catalog can be expected to follow
the same orderings as in-domain ranking, just at a smaller absolute scale, cross-catalog transfer
is harder to predict from offline experiments alone and should be repeated in the target catalog
whenever possible. Finally, because fine-tuning preserves the internal attention patterns of the
encoders, content-based interpretability remains meaningful after adaptation.
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Chapter 8

Conclusion

This thesis studied how foundation-model backbones can be evaluated, adapted, and understood
in recommender systems. The central motivation was the backbone isolation problem: when an
encoder is evaluated inside a full recommendation pipeline, its contribution becomes difficult to
separate from the effects of the downstream model, optimization procedure, data split, candidate
construction, and evaluation setup. To address this problem, we introduced REEF, a controlled
evaluation framework for comparing backbone representations under identical experimental con-
ditions.

The zero-shot study showed that pretrained foundation-model embeddings already contain
useful signal for recommendation. The quality of each modality depends on the dataset: text
encoders performed best where textual metadata captures most of the preference signal, image
encoders became more competitive where visual appearance is more important, and multimodal
representations were strong across most evaluated datasets and scenarios. This shows that modal-
ity choice matters, and that multimodal representations are most useful when text and image
provide complementary information.

The fine-tuning study showed that multimodal foundation-model representations can be suc-
cessfully adapted to recommendation data. The main conclusion is that fixed multimodal com-
binations are useful, but trainable fusion was stronger, since it allows the model to learn how to
combine text and image information. Conditioning the fusion module on co-interaction context
improved the results further, showing that user behavior provides useful signal for deciding how
modalities should be weighted. Objectives based on item–item interaction structure were more
effective than sparse pairwise ranking, and ELSA was the most reliable single objective. Domain
transfer followed the same patterns as the in-domain scenarios at smaller absolute scales, subse-
quent representation analysis confirmed this geometrically, showing that the H&M and Amazon
target domains are disjoint from their source domains in the embedding space, while MovieLens
domains remain intermixed. The dataset-transfer scenarios were too aggressively defined and
did not produce usable signals.

The representation analysis explained why fine-tuning improves recommendation perfor-
mance. Adaptation changed the embedding space locally rather than globally as the broad se-
mantic structure of the pretrained representation remained recognizable, while nearest-neighbor
relationships became more aligned with user interactions. Attention patterns also remained
largely stable after fine-tuning.

Overall, the thesis shows that foundation-model backbones are useful for recommender sys-
tems, but their value depends on how they are evaluated, which modalities are used, and how
they are adapted to interaction data. REEF makes backbone comparison more controlled, the
zero-shot experiments show that pretrained representations already provide useful recommenda-
tion signal, and the fine-tuning study shows that multimodal representations can be improved
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through trainable, interaction-aware adaptation. Future work should extend this evaluation to
additional downstream tasks, larger and more diverse backbone families, online evaluation, more
multilingual and culturally diverse catalogs, as well as less aggressively defined cross-catalog
transfer scenarios.
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Linear Shallow Autoencoder for Collaborative Filtering. In: Proceedings of the 16th ACM
Conference on Recommender Systems. 2022, pp. 604–609. Available from doi: 10.1145/
3523227.3551482.
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Chapter A

Sample REEF Configuration

Listing A.1 shows an example REEF configuration file corresponding to the tuning-method
comparison reported in Section 5.4.1. It loads the Amazon Reviews Toys and Games category
and declares two backbone–trainer pairs that share the same multimodal BGE-M3 + SigLIP2
encoder but differ in adaptation: one is kept frozen, the other is fine-tuned with LoRA adapters
under the ELSA objective with concatenation fusion. Both are evaluated on the standard ranking
task.

Code listing A.1 Sample REEF configuration with two backbone–trainer pairs (frozen vs. LoRA-
adapted) on the Amazon Toys and Games standard ranking task.
seeds : [42]
bundle :

loader : reef. loaders . amazon : AmazonReviewsLoader
params :

categories : [ Toys_and_Games ]
min_interactions_per_user : 10
min_interactions_per_item : 10

backbones :
bge_siglip_frozen :

model :
target : reef. backbones . multimodal : ConcatBackbone
params :

text:
name: BAAI/bge -m3
dim: 1024

vision :
name: google /siglip2 -base -patch16 -224
dim: 768

fusion : concat
projection_dim : 256
modalities : [text , image ]

trainer :
target : reef. trainers . frozen : FrozenTrainer
params : {}

bge_siglip_lora :
model :

target : reef. backbones . multimodal : ConcatBackbone
params :

text:
name: BAAI/bge -m3
dim: 1024

vision :
name: google /siglip2 -base -patch16 -224
dim: 768

fusion : concat
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82 Sample REEF Configuration

projection_dim : 256
modalities : [text , image ]

trainer :
target : reef. trainers .elsa: ELSATrainer
params :

adapter : lora
lora_rank : 16
lora_targets : [q_proj , v_proj ]
learning_rate : 2.0e -4
weight_decay : 1.0e -2
batch_size : 2048
max_epochs : 100
warmup_ratio : 0.1
lr_schedule : cosine
early_stopping :

monitor : val_ndcg_at_10
patience : 5

gradient_checkpointing : true
tasks :

standard_toys :
task:

target : reef. tasks . standard : StandardRankingTask
params :

task_id : standard_toys
kind: ranking
dataset_id : Toys_and_Games
split : chronological
train_fraction : 0.8
val_fraction : 0.1
test_fraction : 0.1
num_negatives : 999

downstream :
target : reef. downstreams . ranker : AttentionPoolingRanker
params :

kind: ranking
item_tower_hidden : 256
item_tower_out : 128
dropout : 0.1
learning_rate : 1.0e -3
batch_size : 1024
max_epochs : 100
early_stopping :

monitor : val_ndcg_at_10
patience : 3

evaluator :
target : reef. evaluators . ranking : RankingEvaluator
params :

supported_kinds : [ ranking ]
metrics : [recall , ndcg]
k_values : [10]
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