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Abstract

Vector databases store large collections of high-dimensional embed-
dings and make them searchable by building an index around a fixed
similarity function, most commonly Euclidean distance. This design
enables efficient retrieval at scale, but it also hard-codes a single notion
of similarity for all users, even though human similarity judgements
are subjective and context-dependent. Changing the similarity model
typically implies rebuilding the index, which is impractical when
many users share the same collection but require different views of rel-
evance. We address this gap by introducing a similarity search engine
that maintains a shared Euclidean index while allowing each user to
search through a personalized similarity view, expressed as a learned
Mahalanobis metric parameterized by a small matrix. We validate the
proposed theory experimentally and show that semantic relevance
teedback from user interactions can effectively learn and update user
matrices. To translate the relevance—efficiency trade-off into practical
deployment guidance, we define operational scenarios that balance
personalization quality against computational cost, ranging from con-
figurations that prioritize efficiency and stable rankings to those that
maximize retrieval effectiveness. Across multiple feedback-processing
strategies and a broad suite of metric learning models, we achieve
high personalization gains, increasing the mean average precision by
up to 0.211 while keeping scaling factors low, demonstrating that ef-
fective and efficient personalized similarity search is possible without
modifying the shared index.

Keywords

metric learning, similarity search, vector embeddings, learning user
profiles, relevance feedback, vector databases, personalized search
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1 Introduction

Recent advancements in artificial intelligence, particularly in repre-
sentation learning, have produced models that map text, images, and
other modalities into high-dimensional vector embeddings. These em-
beddings encode rich semantic information, enabling efficient similarity-
based retrieval, and are employed across various applications, such
as recommender systems [1], clustering [2], classification [3], and
information retrieval [4].

To operate with such representations at scale, vector databases are
used to store and manage embeddings, enabling efficient similarity
search over billions of high-dimensional vectors. Such databases are
now commonly used as the retrieval layer in semantic search, rec-
ommendation, and retrieval-augmented generation pipelines, where
relevant items or documents are retrieved based on similarity before
turther processing. To achieve low latency at scale, they commonly em-
ploy approximate nearest-neighbour (ANN) indexing techniques that
trade a small amount of recall for substantial speedups. This efficiency
comes from precomputing index structures over the vectors, so the
ANN index acts as a candidate generator, narrowing the search space
before the final similarity evaluation. Vector databases, therefore, ex-
pose similarity search as their core query operation. The quality of the
returned results depends not only on the embedding model, but also
on how the index generates and orders candidates under the chosen
similarity function. In practice, vector databases commonly rely on a
fixed distance function (e.g., Euclidean distance) to organize the index
and to select the most relevant vectors with respect to a given query
or reference vector. However, once the content is embedded and a
single distance function is utilized, the candidate selection behaviour
is identical across all users, while changing this notion of similarity
generally requires rebuilding or substantially reconfiguring the index.
This is in sharp contrast with human perception of similarity, which
is subjective and context-dependent [5].

This observation connects the indexing issue with a broader prob-
lem. In principle, there is a gap between the global relevance suggested
by general-purpose embeddings and the personal relevance experienced
by an individual user. What is relevant is not only a property of the
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content itself, but also of the user, the current intent, and the situation
in which the request is made. A practical answer to this gap is context-
aware computing, where the same query can legitimately produce
different results for different users, even when operating over the same
underlying database.

Such motivation has been visible for a long time in large-scale
systems. Web search moved beyond purely universal ranking early
on, as users typing identical queries often meant different things and
valued different sources. Therefore, industrial systems introduced per-
sonalization signals derived from user interactions to adjust rankings
accordingly. In a different but closely related setting, services such as
Netflix built their user experience around personalization from the
start: the catalogue is the same, but what is shown, in what order, and
in what context is tailored to the individual. Similar motivations apply
in advertising and e-commerce, where even minor improvements in
personal relevancy can translate into substantial gains. Because such
techniques have commercial potential, the precise system designs
and evaluation procedures behind deployed solutions are typically
proprietary.

As a result, the research community has introduced a broad spec-
trum of personalized search methods that exploit behavioural and con-
textual evidence, including query history, clicks, dwell time, location,
and social or topical profiles, to rerank results for each user. The pro-
posed techniques range from probabilistic models and collaborative
filtering to deep neural architectures designed to model both short-
term and long-term interests together with situational context [6, 7, 8,
9,10,11,12, 13, 14, 15, 16, 17, 18, 19, 20]. Later, representation-based
approaches moved this idea into vector spaces by learning neural
embeddings for users, queries, items, and entities, so that similarity in
the learned space directly encodes user-specific preferences for search
or recommendation [21, 22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33].
More recently, personalization has been extended with knowledge-
graph signals, self-supervised objectives, and LLM-based components,
including editable or entity-centric memories, motivation-aware em-
beddings, and multimodal user representations that provide finer-
grained and more context-sensitive signals [34, 35, 36, 37]. Despite
this progress, embedding-based retrieval systems that rely on a sin-
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gle shared index still face the practical constraint that the candidate
generation stage is tied to a fixed metric.

In this work, we focus on vector databases and bridge the gap
between the shared notion of similarity encoded by general-purpose
embeddings stored using the fixed index and the personalized no-
tion of similarity that individual users apply during similarity search.
Specifically, we elaborate on an architecture in which all vectors are
stored in a single shared index built for a standard metric (Euclidean),
while each user queries the same database using a personalized simi-
larity model expressed as a Mahalanobis metric parameterized by a
learned matrix. We learn this matrix from user relevance feedback,
framing personalization as a metric learning problem [38] in which
the geometry of the embedding space is adapted to reflect an indi-
vidual’s notion of similarity. More generally, metric learning uses
supervision, such as pairwise or triplet preferences, to learn a distance
function that brings relevant items closer together while pushing ir-
relevant items further apart. Furthermore, our design exploits the
lower bounding relationship [39] between the Euclidean and Maha-
lanobis distances. This relationship provides a formal guarantee that
Euclidean-based candidate generation returns a superset of the true
Mahalanobis neighbours, enabling personalization in a refinement
stage without rebuilding the shared index. To implement a practi-
cal filter and refine search, the Euclidean index efficiently retrieves a
guaranteed superset of candidates, which is then refined using the
user-specific Mahalanobis metric.

The approach is investigated through two studies. Our first study
formulates relevance feedback as supervision for metric learning, pro-
poses a search engine architecture, and validates the proposed ap-
proach using synthetic feedback signals. Our second study focuses
on semantic relevance feedback collected from real user interactions
with the returned results, and uses it to learn and update the person-
alized similarity models in practice. We propose and compare several
teedback processing strategies for constructing feedback judgements
(in the form of triplets), evaluate them across a range of established
metric learning models, and suggest practical system setup strategies
under different operational priorities (e.g., trading relevance gains
against computational cost, or prioritizing efficiency vs. precision).
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The work is organized as follows: Chapter 2 reviews personalized
search approaches, ranging from traditional feature-based methods
that leverage behavioural and contextual signals to representation-
based techniques using embeddings and large language models in
vector spaces. Chapter 3 summarizes the achieved results from the
published papers. Appendix A and Appendix B contain the full ver-
sions of our publications.



2 State of the Art

Personalized search utilizes signals from a user’s prior interactions
to infer their interests and tailor rankings, ensuring results better fit
their current information needs. This chapter surveys two broad fami-
lies of methods. First, we review traditional personalization techniques
that rely on engineered behavioural and contextual signals (includ-
ing queries, clicks, dwell time, time, and location) and incorporate
them through relevance feedback, user profiling, topical taxonomies,
collaborative signals, and learning-to-rank or neural models. Second,
we cover embedding-based approaches that represent users, queries, and
items in shared vector spaces, enabling personalization through rep-
resentation learning and similarity-based retrieval, as well as modern
transformer and LLM-based encoders with explicit user memory. Fi-
nally, we position our approach relative to these lines of work.

2.1 Traditional Personalized Search Approaches

Traditional personalized search methods typically break down the
problem into: extracting behavioural and contextual evidence, con-
structing a user model (e.g., profile, topic distribution, or similar-
ity function), and incorporating that model into ranking through
re-ranking, query expansion, or feature augmentation. The literature
encompasses (i) interactive relevance feedback loops that update user
profiles online, (ii) implicit feedback profiling from queries and clicks,
and (iii) ontology-based approaches (e.g. using ODP) that extend per-
sonalization to the topic level. To address sparse or noisy individual
signals, (iv) group and collaborative methods smooth user models
using related users. Furthermore, (v) context-aware and time-aware
models capture situational intent and temporal drift across sessions.
In the following subsections, we describe these lines of work and
highlight representative methods within each category.

2.1.1 Interactive Relevance Feedback and Similarity Learning

Early personalization systems treat personalization as an interactive
loop. The system observes feedback (explicit or implicit), updates

5
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a user model online, and decides what to show next. This family
includes relevance-feedback-style Bayesian updating and online simi-
larity /metric learning.

PicHunter [6], a content-based image retrieval system was intro-
duced, using a Bayesian relevance feedback loop: after each display,
it updates a posterior probability over all images from user actions
(e.g., selecting relevant images) using a user model derived from
similarity judgment experiments, and selects the next display via an
entropy-minimizing strategy, leveraging hidden semantic annotation
and pictorial feature vectors (e.g., color). The limitation of the sys-
tem is that it scales linearly with database size (feature storage and
repeated user model evaluations). Therefore, it is not suited for large-
scale collections (e.g., hundreds of millions to billions of images).

Chechik et al. [40] introduced OASIS, an online method that learns
a bilinear similarity over sparse image features from relative similarity
constraints (e.g., images sharing a label or retrieved for the same
text query), using a large margin criterion and an efficient hinge loss
cost, scaling linearly to millions of images. The learned model is class-
independent. Therefore, it is not aware of which queries or categories
were shared by two similar images.

2.1.2 Implicit Feedback Profiling

A large body of work personalizes search by building profiles from
implicit behavioural signals (e.g., queries, clicks, visited pages, and
query reformulations) and uses the resulting profile for re-ranking or
for generating query suggestions.

Sugiyama et al. [7] built per-user profiles from user browsing
histories (in one day). A limitation of the approach is its dependence
on a sufficient and reliable history, as well as sensitivity to the window
size (in days) parameters.

Shen et al. [8] proposed a client-side agent, UCAIR, that performs
eager implicit feedback, using the immediately preceding query and
clickthrough information for query expansion to improve the accuracy
of ad-hoc retrieval.

Teevan et al. [9] constructed user profiles implicitly based on past
queries, visited pages, and even local documents and emails, treating
them as a form of relevance feedback for reranking the results. A

6
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limitation of the approach is that personalization gains are highly
parameter- and query-dependent, so it likely requires tuning per query
or user and can yield volatile results as profiles and contexts change.

Another work [41] implicitly learned past and current topical pref-
erences from clickthrough logs (queries and visited pages) using a
topical ontology. The approach assigns topics to previously visited
pages, then updates the user profile by relating the current query to the
user’s past topic preferences. Search results are then re-ranked using a
scoring function that favours pages whose inferred topics best match
the topics in the user’s profile. A limitation is that the effectiveness of
the approach depends on the accuracy of topic classification.

Furthermore, Vu et al. [42] personalized query suggestions for
each search session by building two temporal user profiles: one from
clicked documents and one from the user’s query modification history.
A learning-to-rank model (LambdaRank [43]) is used to re-rank the
query suggestion list.

Bennett et al. [13] studied how short-term (session) and long-term
(historic) behaviour interact in personalization using large-scale query
and click logs, and show that historic signals help most at the start of
a session, while session signals contribute most of the gains later in
longer sessions. They further find that combining historic and session
evidence outperforms either alone.

2.1.3 ODP-based Approaches

ODP-based approaches personalize search by mapping user interests
onto a fixed topical directory (the Open Directory Project). Personal-
ization then becomes topic-level matching by inferring which ODP
categories a user prefers and re-rank results using topic-biased scores.

Qiu and Cho [11] inferred a user’s preference from past click his-
tory and personalized ranking by selecting Topic-Sensitive PageRank
scores over ODP topics for the user and query. Extending the ap-
proach to richer signals raises challenges in integrating heterogeneous
sources.

Another work [10] built implicit profiles from search-engine side
activity (via a Google wrapper), using queries that led to clicks and
the clicked results” snippets (titles and summaries), mapping this per-
user information to ODP concepts, and re-ranking results accordingly.

7
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However, the approach is constrained to what the site can observe
(queries and snippets for clicked items) and depends on the tuning
and dynamicality of the concept hierarchy.

Zhongming et al. [44] proposed a client-side personalized catego-
rization system, PCAT, that maps known user interests (e.g., work-
place skills) to ODP categories, trains ODP-based text classifiers, and
then categorizes search results by those interests on top of a standard
engine (e.g., Google). A limitation of the approach is that it assumes
reliable, pre-known interest data and accurate mappings into the ODP
taxonomy. In practice, users may have unknown or shifting interests,
or issue out-of-profile queries (e.g., unrelated to work), so many tasks
may not align with any known interest, and personalization cannot
help beyond what the system already knows.

Sieg et al. [45] built ontological user profiles by assigning and
updating interest scores on concepts in a domain ontology (ODP),
using a spreading activation algorithm driven by the user’s ongoing
implicit behaviour, and then re-rank results using these interest scores.
A limitation authors highlight is the need to understand the stability
and convergence properties of the profiles to represent user interests
reliably.

2.1.4 Group and Collaborative Approaches

When individual histories are sparse or noisy, personalization can be
improved by leveraging signals from other individuals, such as similar
users, participation in groups, social connections, or crowds perform-
ing similar tasks. These methods cluster users, smooth individual
profiles with group behaviour, and improve cold-start robustness.

Some works constructed user profiles based on collaborative fil-
tering. Xue et al. [46] modelled personalization with a user language
model that combines individual profiles, based on queries and visited
page content, with group and global behaviour. Users are clustered
into groups, and group models are built. Relevance is computed via
a two-step smoothing process: global smoothing for unseen terms,
followed by group-based interpolation. However, the effectiveness of
the approach depends on the quality of the clustering and the tuned
parameters.
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Carmel et al. [47] personalized search by re-ranking results using
signals from a user’s social network, including familiarity-based and
similarity-based relations inferred from social activity (e.g., tagging,
commenting) and boosting documents by their relationship strength
to the user’s related people.

Teevan et al. [48] studied groupization, combining an individual’s
data with that of related users, analyzing similarity in query selec-
tions, desktop content, and explicit relevance judgments across people
grouped in different ways. They found that the approach is most ef-
fective for explicit groups (e.g., task, occupation, or interest-based) on
queries related to the group’s focus, while implicitly inferred groups
and off-theme queries are less cohesive and yield fewer reliable gains.

White et al. [49] moved beyond query matching by mining search
logs to build task models, finding other users performing similar tasks,
and promoting URLSs based on on-task click behaviour. The authors
note that the approach requires accurate modelling of search tasks,
and for further gains, likely needs richer task features beyond queries
or clicks (e.g., success signals or post-click behaviour), and potentially
deeper re-ranking results when relevant URLs are not already near
the top.

Vuetal. [15] proposed query-dependent dynamic grouping: given
an input query, they identify a group of users with similar interests for
that query, enrich the user profile (based on LDA [50]) using those
users’ signals, and re-rank results accordingly.

Furthermore, PerSaDoR [16] constructs a personalized social docu-
ment representation for each user-document pair from social-tagging
(folksonomy) annotations using matrix factorization, and combines
this personalized representation with the document’s textual ranking
score to rerank results. The authors report significant performance
gains with query-time costs that scale linearly with the number of
matched documents.

2.1.5 Context, Engagement, and Temporal Dynamics

Beyond what the user likes, personalization also depends on situational
and temporal factors: where the user is, what device they use, how
engaged they are with items, and how intent drifts over time. These
works incorporate context features (e.g., location, time, or device),

9
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engagement measures (e.g., dwell time), and temporal modelling
assumptions.

Lu et al. [12] focused on implicit local-intent queries, using users’
physical location to personalize results.

Furthermore, Yi et al. [14] used item-level dwell time to measure
the time of user engagement on a specific item. The primary prac-
tical challenges of this approach lie in measuring and normalizing
dwell time robustly and in designing engagement objectives that more
effectively capture long-term user satisfaction.

Zamani et al. [17] shifted context modelling from history-based
signals to situational context (e.g., time, location, device) that is inde-
pendent of query content and user history, proposing neural context-
aware ranking models that learn dense representations from sparse
contextual features. They evaluated the approach on a large personal
search engine, where their model significantly improved the personal-
ization.

Ge et al. [18] exploited sequential structure in user logs using a
hierarchical Recurrent Neural Network (RNN). A lower-level RNN
models current session (short-term behaviour), a higher-level RNN
models dependencies across sessions (long-term behaviour), and
a query-aware attention mechanism dynamically weights past ses-
sions to form a query-specific user profile before re-ranking. They
observed significant gains over traditional personalization approaches
and showed that attention is able to highlight the important parts from
previous queries and sessions.

Ma et al. [20] argued that sequential personalization models over-
look fine-grained time information associated with user actions, and
introduced a new model, PSTIE, to incorporate temporal informa-
tion. The time-aware LSTM model captures the short-term evolution
of query intent and document interest, while long-term re-finding
behaviour is modelled via a query-specific Gaussian mixture that
drifts over time. They report improvements in the performance of
personalized ranking.

2.1.6 Other Approaches

Lu et al. [19] propose KEPS, a knowledge graph enhanced personal-
ized search model that performs personalized entity linking on the

10
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user’s queries to form a better intent representation, builds a knowl-
edge enhanced user profile by storing linked entities and predicted
intents from search history in a memory network, and uses click feed-
back to post-adjust entity linking for past queries to correct earlier
disambiguation errors. Experiments on the AOL log show that these
three components jointly improve ranking accuracy.

Another approach [51] proposes query-specific concept-based
user profiles learned from clickthrough logs, explicitly modelling
both positive and negative preferences. The approach utilizes Ranking
SVM [52] to learn weighted concept vectors that improve personal-
ized query clustering. The study finds that incorporating negative
preferences not only improves cluster quality but also increases the
separation between similar and dissimilar queries, pushing them into
more distant clusters.

2.2 Vector Embeddings for Personalized Search

In contrast to traditional feature-based methods, a growing line of
work frames personalization as representation learning in shared em-
bedding spaces. This section organizes embedding-based personal-
ization into four themes: (i) query expansion and reformulation, (ii)
user-context injection methods that personalize matching and scor-
ing directly, including self-supervised contrastive pretraining under
sparse logs, (iii) product and marketplace search models that jointly
embed users, queries, and items and often use sequential transformers
over purchase or click histories, and (iv) embeddings that incorporate
social graphs, groups, or knowledge graphs to disambiguate intent
and improve cold-start robustness. We also briefly note on multimodal
personalized retrieval.

2.2.1 Query Expansion and Query Reformulation

These methods personalize at the query level. They use embedding
proximity to add terms, substitute terms, or rewrite queries, aiming
to resolve vocabulary mismatch and capture user-specific semantics.

Amer et al. [21] used Word2Vec [53] embeddings for query ex-
pansion by training the embedding model on the user profile text.

11
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They discovered that sparse or low-quality profile text can yield weak
embeddings. Therefore, the personalized variant does not consistently
improve effectiveness and may require richer profile evidence or aux-
iliary signals (e.g., neighbours) to be useful.

Kuzi et al. [22] proposed query expansion where Word2Vec is
trained once on the entire target corpus and expansion terms are se-
lected by semantic proximity in the learned vector space, either to the
query as a whole or to individual query terms. The selected terms
are used either directly to expand the query or are integrated with a
pseudo-relevance-feedback relevance model. The authors report sig-
nificant improvements in performance over using the raw query alone.
The method is not personalized, but it can serve as a starting point
for personalization by introducing user-specific embedding spaces or
combining them with the global space.

Zhang [32] personalized query reformulation with embeddings
integrated into both candidate generation and scoring. Candidates
are generated via term expansions or substitutions augmented with a
user embedding, and then re-ranked using a graphical model enriched
by term, user, and topic embeddings to capture semantic consistency
and topical dependencies. Limitations include reliance on sufficient
query history to form topic profiles and the constrained expressivity
of single-term edits, which may miss more complex reformulations.

Bassani et al. [33] proposed a method, PQEWC, for personalized
query expansion with contextual word embeddings, addressing redun-
dancy and scalability caused by multiple similar embeddings. Their
approach clusters user-term embeddings offline and selects represen-
tative expansion terms per cluster, coupled with an approximation
scheme that enables sub-millisecond expansion while improving ef-
fectiveness and term diversity. Limitations include reliance on cosine
similarity (rather than a learned scoring function) and the use of a
fixed number of expansion terms, rather than predicting the optimal
expansion amount.

2.2.2 Approaches Based on User Context

These approaches personalize ranking by injecting user context, learned
from a person’s past queries, clicks, or stored memories, directly into
the matching and scoring process.

12
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Vu et al. [23] proposed a user profiling method where each pro-
tile is represented by a user embedding together with two projection
matrices that capture interest-dependent aspects of submitted queries
and clicked (relevant) documents, while the user embedding cap-
tures the relationship between the queries and documents in this user
interest-dependent subspace. The resulting profile is then used di-
rectly to re-rank a commercial search engine’s results, yielding stable
and significant improvements in ranking.

Yao et al. [26] proposed PEPS, which personalizes ranking by
learning personal word embeddings so that ambiguous terms acquire
user-specific semantics from each person’s search history. Queries
and documents are encoded using multi-head self-attention to form
personalized contextual representations, and a neural matching model
(KNRM [54]) is used to score relevance. Experiments on large-scale
query logs showed significant performance improvements.

Mysore et al. [35] proposed CtrlCE, a controllable personalized
search cross-encoder augmented with an editable user memory built
from historical user documents (item-based or concept-based). A
calibrated mixing model determines when personalization should be
applied.

PSSL [29] proposed a two-stage, self-supervised framework for
personalized search that pre-trains both a sentence encoder and a
sequence encoder before fine-tuning on ranking. It uses contrastive
sampling to mine paired signals from query logs at two levels: within a
user (self-contrastive) and across users (user-contrastive). From these,
it constructs four kinds of contrastive pairs: query pairs, document
pairs, sequence augmentation pairs, and user pairs. Then, it optimizes
contrastive losses so that representations of similar queries/docu-
ments/behaviour sequences are pulled closer together in the embed-
ding space, yielding more robust representations for personalization
under sparse logs.

2.2.3 Product or Marketplace Search and Recommendation

These works focus on commerce retrieval, where short queries, rich
item content (e.g., titles or reviews), and strong behavioural signals
(e.g., click or purchase) make joint embedding spaces particularly
effective. Models typically embed users, queries, and items or products

13
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together, often with sequence models over history to capture evolving
intent.

In a field of personalized product search, Ai et al. [24] proposed
a hierarchical embedding model that jointly learns latent representa-
tions of users, queries, and products from associated language data
(e.g., reviews). Experiments on Amazon benchmarks showed consis-
tent performance improvements, while the authors note that gains and
the importance of personalization vary substantially across datasets
(e.g., with review or query sparsity).

Bi et al. [27] proposed TEM, a transformer-based embedding
model that encodes the sequence of the current query, along with
the purchase history, to dynamically control how much personal-
ization should influence retrieval. Multi-layer TEM can also model
interactions among historical purchases, yielding more informative
attention weights and better dynamic representations. Experiments
on the Amazon product search dataset show significant performance
improvements.

In an applied marketplace setting, Grbovic and Cheng [25] learned
Airbnb-specific listing and user embeddings for real-time personaliza-
tion in search ranking and similar-listing recommendations, explicitly
modelling each guest’s short-term and long-term interests.

Wang et al. [31] proposed an embedding model that maps users
and items into a shared vector space for e-commerce recommendations
at eBay. To reduce cold-start, item embeddings rely on content features,
while user embeddings are learned from multi-modal onsite behaviour
(e.g., item clicking and query searching). Candidates are retrieved
via KNN in the embedding space. A limitation noted by authors is
the single-vector user representation, which may collapse multiple
concurrent interests.

Furthermore, Qin et al. [36] proposed MAPS for personalized prod-
uct search by incorporating pre-search consultation text to capture
user motivations that are not expressed in short queries. Queries and
consultations are embedded into a unified semantic space with Large
Language Model (LLM). A Mixture of Attention Experts focuses on
critical semantics and dual alignment (contrastive and bidirectional at-
tention), bridges consultation text, product features, and user history.
While MAPS improves personalized search via query—consultation

14



2. STATE OF THE ART

semantic alignment, it does not fully address efficiency and real-time
scalability and lacks explicit modelling of evolving user behaviour.

2.2.4 Social-augmented and Knowledge-augmented Embeddings

When individual history is sparse or ambiguous, embedding personal-
ization can be improved by injecting structure beyond the user’s own
logs, such as friend networks, group behaviour, or knowledge graphs.

FNPS [28] is a group-based personalized search model that con-
structs dynamic group profiles from users’ friend networks and his-
torical search behaviour using graph attention and cross-attention
mechanisms, and combines these with individual profiles to generate
personalized results.

ReBKC [30] treats the knowledge graph as a heterogeneous net-
work and learns unified embeddings that combine users’ behaviour
signals with knowledge relations. It mines short-term and long-term
preferences from historical interactions using a self-attention mecha-
nism, and then leverages graph attention over the knowledge graph
neighbourhood to weight different knowledge entities by their user-
specific importance. The authors note that their knowledge graph
embeddings are primarily learned to reconstruct triples rather than
being optimized for recommendation.

Baek et al. [34] recently proposed a lightweight LLM-based per-
sonalization framework that constructs an entity-centric knowledge
store for each user from their search and browsing histories, aligns
these aggregated entities with public knowledge graphs, and then
leverages the resulting user-specific context to augment LLM prompts
for tasks like contextual query suggestion, yielding more relevant and
useful personalized generations.

2.2.5 Multimodal Personalized Retrieval

Finally, in the multimodal domain, Ryan et al. [37] propose POLAR
for personalized vision-language retrieval by adapting a CLIP model’s
language encoder via regularized low-rank adaptation (LoRA) on the
tinal layer, learning new personal concepts from a few images while
aiming to preserve general knowledge.
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2.3 Our Approach

Most existing personalization models intervene at the representa-
tion or ranking stages. They mine user-specific or group-specific sig-
nals from a person’s own history and context (queries, clicks, dwell
time, time, location), and often also from other users (similar users,
groups, social graphs), then apply personalization through query ex-
pansion/reformulation, user/profile embeddings, or learned ranking
functions that re-rank candidates produced by a global retriever. This
can deliver substantial gains, but it often couples personalization with
data and the ranking model, increasing the amount of user-specific
state to maintain (e.g., embeddings, memories, models, features or
profiles) and complicating deployment. More broadly, even when
personalization is powerful, many pipelines still rely on a shared first-
stage retrieval mechanism to generate candidates, then personalize
after retrieval. In vector databases, however, the candidate set is de-
termined by an index built around a fixed similarity function (e.g.,
Euclidean), so a user’s true nearest neighbours under their personalised
notion of similarity may never be considered unless the system rebuilds
indices per user.

In contrast, our approach (see Chapter 3 for more details) personal-
izes search in vector databases at the level of the similarity function itself.
Specifically, we model personalization as learning a per-user matrix
that parameterizes a user-specific similarity function (Mahalanobis
distance) over a common embedding space, indexed by a fixed index
similarity function (Euclidean distance). Each user is represented by
only this small matrix, which encodes how they weigh and correlate
the embedding dimensions. The per-user matrix is learned from rele-
vance feedback. Users’ judgments about retrieved items, in the form
of triplets (query, positive, negative), are used to update their matrix,
utilizing metric learning [38] to learn a similarity function that brings
relevant items closer together while pushing irrelevant items further
apart. At retrieval time, the system first filters the shared index using
the index metric (Euclidean) to retrieve an enlarged candidate set,
then refines that set using the user’s personalized Mahalanobis dis-
tance. The enlargement step is justified by a theoretical lower bounding
relationship between Euclidean and Mahalanobis distances [39]. This
relationship provides a way to expand the index metric search scope
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so that the refinement stage guarantees retrieval of the precise nearest
neighbours under the user’s personalized Mahalanobis view, therefore
providing theoretical bounds on the approach. From a practical point
of view, we treat the vector index as a black box built for a fixed index
metric (Euclidean). Our method requires only that the index support
similarity search (range or kNN queries) under this metric. It does
not depend on a particular indexing scheme (metric trees, HNSW,
LSH, quantization, etc.). Moreover, personalization requires storing
only the per-user matrix learned from feedback. Because embeddings
and the index remain shared, deployment is straightforward, and the
amount of user-specific state is small compared to approaches that
maintain per-user profiles, memories, or retrained models.
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3 Achieved Results

This chapter summarizes the research results achieved so far.

3.1 Towards Personalized Similarity Search for Vector
Databases

In Towards Personalized Similarity Search for Vector Databases [55] (full
paper in Appendix A), we proposed a personalised similarity search
system for vector databases where the index is built with an Index
metric (e.g., Euclidean distance) over learned embeddings, while
users query with a View metric given by a Mahalanobis distance.
Figure 3.1 shows the architecture and the roles of the metrics.

A © A! © A, ©
4 /
Deep Neural Network
v

S G ——
Domain-specific Data ———> VectorNIIE;;zleddlng .
Insert, update Similarity Index

Figure 3.1: Overview of the personalised similarity search system

Personalisation follows the metric learning paradigm [38]. Each
user is associated with a matrix A (initially the identity matrix, so
the View metric equals Euclidean). During the search, users provide
relevance feedback on the returned results, which is used to update
A, therefore adapting the metric to the user’s notion of similarity.

Since the index remains Euclidean, the system must retrieve larger
candidate sets by increasing the search range or the number of nearest
neighbours to ensure that the Mahalanobis nearest neighbours are
included. This guarantee is grounded in the lower-bounding relationship
between Euclidean and Mahalanobis distances [56]:
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e Having all eigenvalues A; of A, and given two vectors, their
Euclidean distance dg is always smaller or equal to the scaled
Mahalanobis distance d,;(A):

dm(A)
min;(A;)

> dp.

e This introduces the scaling factor:

SM/E(A) = 1/\/7111'71]'(/\]').

In the work, we focused on the range queries. Using the scaling
factor, we defined the Euclidean range rr = r); - spr p(A), which is
used for retrieving the candidate set Ry, ,, using range query on the
Euclidean index. The range 7 can be calculated instantly and is query
independent. We further defined the optimum range ropie( q') as

the minimum Euclidean range, such that the answer set R, , =
E/OptE\ 4 )

retrieved using this range contains the retrieved answer set R, ,,,
using the Mahalanobis range r); and the Mahalanobis distance pa-
rameterised by A. However, this range cannot be calculated exactly
without first having the wanted answer set R, ,, , and it is dependent
on the query 7 Figure 3.2 shows the inclusions between the sets.

Ra, TE

Figure 3.2: Inclusions between the answer sets

We experimentally verified that R;,,, € R d rope(7) C Rapyrp-

In practice, we suggested the filter and refine principle: the engine first
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uses Euclidean distance to efficiently retrieve a candidate superset
Ry, -, which is refined using the more expensive Mahalanobis dis-
tance parameterised by A to obtain the answer set R, ,, .

For the validation of the approach, we used 226,778 CLIP [57] em-
beddings from the Profiset [58] dataset. We trained 30 matrices using
metric learning models ITML [59] and SDML [60], and different num-
bers of pairs of vectors synthetically chosen as similar or dissimilar. We
abstracted from the semantics of the vectors and learned the matrices
purely on a geometric level. We conducted all experiments using 1000
test query vectors randomly selected from the dataset. Figure 3.3 plots
the ranges rr (blue), 75 (green), and roptg(7) (red) for 6 different
matrices A, while the corresponding scaling factor sy £(A) is shown
atop each plot. The y-axis reports range values and the x-axis indexes
query vectors 7, ordered so that ), is non-decreasing.

SDML 100 Random (s)/.5(A) = 1.050) SDML 100 Nearest (s.,x(A) = 1.038) ITML 100 Nearest (s x(A) = 1.036)
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1.25 rar (0.648 4+ 0.101) 1.25 7ar (0.647 % 0.101) 1.25 rar (0.670 4 0.103)
Fopte(@) (0.645 + 0.101) roptr(q) (0.645 £ 0.101) roptr(@) (0.633 % 0.102)
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& &%
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o o
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rar (0.759 £ 0.106)
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Figure 3.3: ¢, ), and TOptE (7) across test queries for six matrices.

As expected, ropt5(7) never exceeds rg, and moreover roptg(7)
is highly correlated with r); (Pearson Corr(roptg(7), rpm) between
+0.992 and +-0.99998), suggesting that estimating roptg(7) from
is a promising direction for future work.

We also examined the sizes of the Euclidean candidate sets re-
trieved with ranges r¢ and ropt5(7). Table 3.1 reports the average
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numbers of retrieved vectors, denoted #g and #o£, over all test query
vectors (each Mahalanobis answer set has 100 vectors).

Table 3.1: Scaling factors sy g(A) and average candidate set sizes un-
der Euclidean retrieval: #¢ for range rr and #opr for range ropie (7)
The dataset contains 226,778 vectors.

Learned matrix A sme(A) Avg. # Avg. #opie
SDML 100 Random 1.050 317 4+ 263 102 £2
SDML 500 Random 1.479 108,025 + 82,569 115423
SDML 100 Nearest 1.038 228 £ 110 101 +£2
SDML 1000 Nearest 1.167 41104+ 10,828 104 £5
ITML 100 Nearest 1.036 497 + 528 128 + 23

ITML 1000 Nearest 1.175 70,681 69,508 321 +235

For matrices with small scaling factors, Euclidean retrieval with
rg typically returned only hundreds of candidates, which can be effi-
ciently refined. However, with higher scaling factors, the candidate set
size under rr grew by orders of magnitude, whereas using VoptE(7)
remains close to 100-300 candidates. This motivated the investigation
of conditions (e.g., other metric learning models, real semantic feed-
back, or approximation of the optimal range), which could lead to
small scaling factors as future work.

3.2 Integrating Relevance Feedback for Effective
Personalisation in Vector Search

In Integrating Relevance Feedback for Effective Personalisation in Vector
Search [61] (full paper in Appendix B), we followed up on our previous
work and addressed the limitations: (i) the profile matrices had been
learned from synthetic feedback (so real-world efficacy was untested)
and (ii) the evaluation covered only two established metric learning
models, rather than a broader range of contemporary approaches.
Addressing the first limitation, we introduced a pipeline that cap-
tures semantic relevance feedback from user interactions and integrates
it into personalised vector search as a cyclic loop (Fig. 3.4). In each
iteration, the user submits a query using their matrix A. The system
returns results via filter and refine: it first performs a Euclidean range
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search where the radius is enlarged by the scaling factor derived from
A, and then refines the candidates using the Mahalanobis distance
parameterised by A. The user then marks irrelevant results (negative),
while all unmarked results are treated as relevant (positive). The sys-
tem converts these judgements into triplets of the form (query, positive,
negative) and uses them to update A via a metric learning model. This
loop repeats for subsequent queries, continuously adapting A until
further updates become impractical due to a large scaling factor.

User context Vector Search System Vector Database
> {1
I
T Query 1 Query processor |<—>~
9 | —
2. Personalised results
000000000000000
User B Feedback processor
3. Semantic feedback
0oooooooooooooo 4.a) Setting positives  Sampling Strategy
ooo ooooo 006
W 4.) Triplets creation
6. Replace user's 0 o ooa oes oma
matrix ¥
Matrix update processor
Model ~ Setof triplets ~ Matrix A.
@ {1}
¥ 5. Update matrix
i}

Figure 3.4: Workflow of the semantic-feedback pipeline. The query is
shown in yellow, positive results in green, and negative results in red.

A key design choice is how feedback is transformed into triplets
for learning. We therefore defined three feedback strategies: (i) re-
peatedly sampling one positive and one negative to form a single
triplet per draw (for k€ {1,2,4,8,16,32,64} draws, with or without
replacement), (ii) sampling a negative (without replacement) and
pairing it with all available positives, with updates applied either as a
single batch or sequentially, and (iii) pairing all negatives with all pos-
itives, but triggering training only after accumulating feedback from
g€{1,2,5,10,20,40} queries (one update per batch of g4 queries).

To translate empirical results into deployment guidance, we de-
fined three operational scenarios based on the trade-off between per-
sonalisation quality and efficiency. We measure personalisation benefit
as AMAP, i.e., the change in mean-average precision when switching
the ranking metric from Euclidean to Mahalanobis parameterised by
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the learned A. The BPSF scenario targets a balanced trade-off between
AMAP and a small scaling factor, MSAP minimises the scaling factor
while enforcing an acceptable improvement (AMAP > 0.1), and MP
prioritises maximising AMAP (strongest personalisation). Each sce-
nario is considered in three variants: a Baseline (BAS) variant, a Low
Learning Time (LLT) variant prioritising training efficiency, and a Rank
Stability (RS) variant favouring stable rankings.

To address the second limitation, We used or re-implemented a
broad suite of widely used metric learning methods: OASIS [40],
ITML [59], POLA [62], AROMA [63], OMDML [64], MLOML [65],
RobustODML [66], SORS [67], AdaSORS [67], and OPML [68].

We ran an extensive hyperparameter grid search to identify the
best-performing combination of (i) metric learning model and hyper-
parameters and (ii) feedback strategy for each operational scenario
and its variants. Table 3.2 summarises the best configurations and their
outcomes in terms of the scaling factor (FSF), the personalisation gain
(AMAP), average learning time (ALT), and rank-stability measures
(Average Spearman@1000 and Average Kendall’s Tau@1000).

Table 3.2: Calculated evaluation measures for the best model given the
scenario and its variant. The Model column is in the form: model and
hyperparameters. The Feedback column is in the form: feedback strat-
egy and parameters — 1:(Number of pairs, Replacement), 2:(Batch),
3:(Number of queries).

Scenario—Variant Model Feedback FSF AMAP ALT AS@1000 AK@1000
OMDML 2
BPSF-BAS B: 1e3, C: de-3, 7: 7e3 True 1.095 0.203 1.373 0.708 0.532
OASIS 1
BPSF-LLT C: 7e-2, enforce_psd: False 1, False 1.147 0.103 0.001 0.621 0.456
BPSEF-R OMDML 2 1 134 1.41 7.
SE-RS B:7e2,C: 13, : led False 039 0.13 416 0.899 0.738
MLOML 3
MSAP-BAS 1l 2, 7: le-, act: tanh, A: 7e-6 5 1.017 0.102 18.098 0.863 0.693
OASIS 1
MSAP-LLT C: 1e-2, enforce_psd: False 8, False 1.062 0.106 0.008 0.813 0.636
SAP-RS OMDML 1
MSAP-R B:10, C: Te-d, y: de-4 64, True 1.028 0.101 1.768 0.939 0.798
OMDML 2
MP-BAS B:7e-1,C: 1e2, 7: 1e2 False 1.148 0.211 0.712 0.566 0.411
OASIS 1
MP-LLT C: 7e-2, enforce_psd: False 2, True 1.271 0.130 0.003 0.308 0.211
OMDML 2
MP-RS B:de2, C: 1e-2, : le-d True 1.077 0.193 1.104 0.788 0.609
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Two clear patterns emerged: OMDML dominates when effective-
ness or rank stability is prioritised (BPSF-BAS/RS, MP-BAS/RS, MSAP-
RS), whereas OASIS is consistently selected for fast updates (all LLT
variants), with MLOML appearing only in MSAP-BAS. Overall, the
selected configurations maintain low scaling factors (scaling factor
< 1.15 in most cases) while achieving gains up to AMAP = 0.211,
showing that semantic feedback can improve relevance without sub-
stantial candidate set inflation, making the whole proposed approach
effective and efficient.
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Abstract. The importance of similarity search has become prominent
in the fast-evolving vector databases, which apply content embedding
techniques on complex data to produce and manage large collections
of high-dimensional vectors. Processing of such data is only possible by
using a similarity function for storage, structure, and retrieval. However,
if multiple users access the collection, their views on similarity can dif-
fer as similarity, in general, is subjective and context-dependent. In this
article, we elaborate on the problem of a similarity search engine imple-
mentation, where users use a common index but search with personalised
views of similarity, implemented by a possibly different similarity model.
Specifically, we define a foundational theoretical framework and conduct
experiments on real-life data to confirm the viability of such an app-
roach. The experiments also indicate future research directions needed
to propose and implement an effective and efficient personalised similar-
ity search engine.

Keywords: Similarity search * Personalized similarity - Vector
databases

1 Introduction

Current AT models produce vector embeddings that carry semantic information
capable of performing context-based reasoning. The concept of similarity is cen-
tral to this process, given its critical role in both learning and teaching. Such
vector embedding models produce high-dimensional vectors, the collections of
which are structured into partitions of a vector database index to facilitate effi-
cient similarity querying. Typically, vector databases utilise Euclidean distance
to structure the index and identify the most similar vectors in response to a
given query vector.
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Table 1. Notation used throughout this paper

D;XCD domain of the searched vectors; searched dataset

qdeOCD query vector 7 and the set of tested query vectors @ from D

?, 7 eD vectors from the domain of the searched vectors

é the dimensionality of vectors in the domain D

A positive semi-definite matrix used in the Mahalanobis distance function
dg; dE(Y, 7) Euclidean distance function; the Euclidean distance of 7 and 7

dmr Mahalanobis distance function

d M(?, 7, A) the Mahalanobis distance of 7’ and 7 computed with matrix A
su,e(A) the scaling factor defining relation between functions dg and das (Eq. 1)
M search range given for Mahalanobis distance function das

rE search range defined for dgby ryr and scaling factor sy, g(A) (Eq.3)
TOpt E(?) smallest search range defined in the Euclidean space which for given ¢

returns a superset of Ry, r,, () (Eq.5)
Q(?, < f >, < r >Yhe range query with distance function <f> and search range <r>
R<f>,<r>(7) the (precise) answer of the range query Q(¢,< f >, <1 >)

Pr the precision of answer Ry, (q) with respect to Ry, rp, (7)
PoptE the precision of answer RdE:TOptE(7)(7) with respect to Ra,, r,, (7)
#E the number of vectors in Rq,, (7) for a given 7

#OptE the number of vectors in RdE,roptE(7)(7) for a given ¢

Undoubtedly, current AI models, trained on billions of sample objects, are
capable of producing high-quality content embeddings. However, once these
vectors are structured in an index using a fixed distance measure (typically,
the Euclidean one), the process of partitioning and filtering remains the same
for all database users. Such conditions invariably persist until a global, pre-
sumably costly, reorganisation is performed. This approach is in sharp con-
trast with human perception of similarity, which is subjective and context-
dependent [13,24]. Contemporary approaches to similarity indexing include but
are not limited to the metric space [26], LSH [6], graph-based (e.g., HNSW [15]),
and quantization-based (e.g., OPQ [9]) concepts.

In this paper, we investigate the feasibility of a search engine architecture
where a single similarity index accelerates query execution, even when person-
alised (i.e. modified or different) similarity measurements are used. We first
review the related work in Sect. 2. Next, we outline the principal idea in Sect. 3
and introduce the theoretical foundations of a personalised similarity search
engine in Sect. 4. In Sect. 5, the correctness of the theory and feasibility of the
proposal are verified by experiments on contemporary data. Through this app-
roach, we aim to better understand the design potential and identify its lim-
itations and research challenges. The effort should lead to the proposal of an
effective and efficient personalised search system. The specific findings are sum-
marised in Sect. 6, and the paper concludes in Sect. 7.
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2 Related Work

There have been many significant efforts to incorporate personalisation into
search systems. One such approach is to utilise relevance feedback [19]. Tradi-
tional relevance feedback methods require explicit user feedback, which imposes
a significant burden on users by requiring them to actively indicate the rele-
vance of search results [12]. As opposed to explicit feedback, methods based on
implicit feedback gather data such as past searches and click history [8,17,21] to
improve the ranking of search results tailored to individual users. For instance,
Shen et al. [20] explore short-term user search context given by previous queries
for query expansion.

While implicit feedback focuses on individual user behaviour, another app-
roach to enhancing personalisation is through collaborative filtering. Sugiyama
et al. [22] derive users’ preferences from their browsing history while utilising
modified collaborative filtering to predict missing term weights in user profiles.
Moreover, mining the search behaviour of similar users can further improve per-
sonalisation [23,25].

Deep learning techniques have shown significant potential in capturing
complex patterns and user preferences. Ma et al. [14] presented time-aware
LSTM architectures to model the evolving query intent and document inter-
est over time, capturing both short-term preferences and long-term user inter-
ests. PSSL [27] utilises contrastive sampling methods to generate paired self-
supervised data from users’ query logs to improve the personalised results.

Personalisation can also be used for browsing. Bartolini et al. [2] presented
PIBE, an adaptive image browsing system that allows users to customise a hier-
archical organisation of images without the need for costly global reorganisations.

Our approach is different as it considers personalised instances of Maha-
lanobis distance functions adapted by users’ feedback to capture the sub-
jective similarity perception. Moreover, we leverage the relationship between
Euclidean and Mahalanobis distances to personalise search results using an effi-
cient Euclidean-based indexing structure without the need for global index reor-
ganisation.

3 Principal Idea and the Approach

The idea of the proposed personalised similarity search system is based on the
following two paradigms: (1) the metric learning [3], where individual subject
similarity views are modelled by instances of the class of Mahalanobis distances,
and (2) the lower bounding relationship between the Euclidean and the Maha-
lanobis distances: given two vectors, their Euclidean distance is always smaller
or equal to the scaled Mahalanobis distance [5].

We assume that the index of the database is constructed from vectors typi-
cally extracted using the deep learning technology, which utilises the best possi-
ble reference knowledge available. After the index construction by the Euclidean
distance, users start querying using the Mahalanobis distance function with the
identity square matrix A — this distance function equals the Euclidean.
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Each user owns a specific matrix A, initially the identity matrix. While
searching, users provide feedback on result satisfaction, which is used to modify
matrix A, reflecting the personalised views of users by establishing proper cor-
relations between specific pairs of dimensions. The database index, structured
with the Euclidean distance function, still executes queries using the Euclidean
distances. Provided a user’s matrix is not the identity matrix, the index needs
to retrieve larger result sets so that the nearest neighbours defined by the Maha-
lanobis distances are included. Depending on the query type, this is achieved by
using a proper extension, i.e., a larger search range or a larger number of nearest
neighbours.

However, the problem is the size of the extension - too small extension does
not guarantee full inclusion, i.e., it can decrease the recall as some nearest neigh-
bours defined by the Mahalanobis distances can be missing, and too large exten-
sion provides a bulky result, i.e., it decreases the precision as many not-qualifying
objects are also retrieved by the index.

From a technical point of view, we assume the filter and refine principle —
the search engine first efficiently filters out most of the not-qualifying objects
using the Euclidean distances and retrieves a superset of the answer, which is
consequently refined by the Mahalanobis distances specified for individual users
by their personalised matrix A. According to our experiments, the computation
of Mahalanobis distances is approximately 2.5 times slower than the computa-
tion of Euclidean distances. It motivates us to investigate the search range that
provides 100 per cent recall with the maximum possible precision.

In summary, we investigate the feasibility of a similarity search engine archi-
tecture — see the general model in Fig. 1 — where individual users see the vector
database (i.e., Similarity index) and express their queries through a personalised
instance of the Mahalanobis distance function (i.e., the View metric) while the
database is structured and the index executes queries using the Euclidean dis-
tance measure (i.e., the Index metric). Performed experiments aim to identify
the advantages and limitations of such a solution.

View metric 1 View metric 2 View metric n

iii

Personaliser

Knowledge Deep Neural Network

Y

Index metric

A
—_—

Index metric

Vector Embedding

Domain-specific Data———>» Model

Similarity Index

Insent, update

Fig. 1. Personalized similarity search system architecture
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4 Theoretical Foundations

A summary of notation used in the paper is in Table 1. We use the Euclidean
distance d E(?, 7), defined for two d-dimensional vectors 7, ¥ as the Euclidean
norm of their difference:

(T, 9) =7 - 7.

The Mahalanobis distance d M(?, 7, A) of vectors 7 and Y is defined for any
positive semi-definite matrix A:

(T, 7, 8) = /(7 - T)TAT - 7).

Having all eigenvalues A; of A, article [5] defines the lower bound on the Maha-
lanobis distance given by the Euclidean distance:

W@ T ), g2, 9) 1)
min, (%)

Value sy g(A) = 1/4/min;{\;} is the scaling factor between the Mahalanobis
and Euclidean distances. Consequently, if the scaling factor sy, g(A) is 1, i.e.,
the smallest eigenvalue of matrix A is 1, then the Mahalanobis distance is lower-

bounded by the Euclidean distance: dy (2, 7/, A) > dg(Z, Y).
Having the domain D of J-dimensional vectors, we define the goal of the
personalised similarity search in a dataset X C D as follows. Having a query

vector ¢ € D and matrix A, we want to evaluate a range query Q(?, dyry i),
i.e., to retrieve the Mahalanobis answer set Ry, ., (7):

RdM,T’M (7) = {? | dM(ya 77A) < TM} cX (2)
Due to the property given by Eq. 1, range rg defined as:

TE:TM'S]\/LE(A) (3)

defines the range query Q(?,d g,7r) that provides the Euclidean answer set
RdE{" E (7)

RdE,TE (?) = {? | dE(777) < TE} cX (4)

that contains the Mahalanobis answer set formalised by Eq. 2 as its subset.
Notice that rg only depends on rj; and matrix A according to Eq. 3, i.e.,
is independent of a query vector 7 Therefore, besides range rg, we define the
optimum range Topt E(?) for a given 7 as the minimum Euclidean range such
that the Euclidean answer set Ry, . . (7)(7) contains Mahalanobis answer

set Ry, 0 (7)), L€

RdE,roptE(m(?) = {7 | dp(Z, 7) < ropee(T)} 2 Rap i (7)

N Vr< TOPtE(ﬁ) : RdEﬂ"(?) 2 RdM,TM (7) (5)
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Then, the Euclidean range g expresses the maximum rops E(?) over all possible
d-dimensional vectors ¢ [5,10]. Finally, we emphasise that:

for any ¢ € D: RdM’rM(ﬁ) C RdE,roptE(7)(7) - RdE,rE(?)v

range opt E(?) depends on ¢, and inherently on r3; and A (see Eq.5),

rg only depends on rjs and sy, g(A) (see Eq. 3),

different matrices A can have the same scaling factor sy; g(A) as it is given
just by the smallest eigenvalue of A.

The first bullet implies the recalls 1 of the FEuclidean answer sets
RdE,roptE(ﬁ)(7) and Rg,,.(q) concerning the Mahalanobis answer set

RdM ST M (7) .
The precision of each of the Euclidean answer sets is consequently defined:

_ ’RdMﬂ‘M (?)‘

P = R (7) ®)
and
POptE _ |RdM,7‘M (?)‘ (7)

|RdE,T'OptE(?) (7)|

Notice they differ just in the search ranges rg and 7opiz(q).

5 Concept Verification

In this section, we experimentally verify the validity of theory from Sect.4 by
investigating the relations between ranges s, ropt E(?), and rg. We also inves-
tigate the precisions Poptr and Pg of the search with ranges ropt E(?) and rg,
respectively, to reveal whether the usage of these ranges leads to small answer
sets Ryp.rp(q) and Ry srops(T) (¢) which are necessary for efficient refinement
with the Mahalanobis distance function djy.

Dataset We use a set of 226,778 images that were randomly selected from the
Profiset image collection [4]. These images are represented by 768-dimensional
vector embeddings generated by the CLIP ViT-L/14 model [18]. The vectors are
normalised to unit vectors and form the searched dataset X.

Learning Personalized Matrices In this article, we address the similarity
search purely on a geometric level, i.e., we abstract from the semantics of origi-
nal images. Conversely, our goal is to investigate the relations of the Euclidean
search ranges 15 (Eq.3), 7opiz(7) (Eq.5), and Mahalanobis search range ry;.
Specifically, the contributions of the indexing with Euclidean distances to the
searching with the Mahalanobis distances are proportional to the size of the
answer set Ry, .. (), or possibly RdE77"OptE(7)(7> — the smaller, the better.
Besides the number of vectors in the Euclidean answer sets, we also report their
precisions Pg and Poptk-
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The focus on a geometric level of image representations allows us to skip
user relevance feedback and simulate it with various matrices A learnt for the
Mahalanobis distance function. We learn matrices A with two metric learn-
ing techniques, namely Information Theoretic Metric Learning (ITML) [7] and
Sparse Distance Metric Learning (SDML) [16]. Both techniques to learn A use
pairs of vectors that are marked either as similar or dissimilar. The learning pro-
cess aims to minimise the Mahalanobis distances of similar vectors and maximise
the distances of dissimilar vectors at the same time.

We get the similar and dissimilar pairs of vectors in two different ways
denoted as random and nearest. The random selection means that we work
with n vector pairs selected in random from the dataset. In the nearest selec-
tion, we control a mutual closeness of vectors (7, 7/) in n pairs: vector @ is
always selected at random, but 7 is chosen randomly from a set of 1000 nearest
neighbours of a given 7 from the dataset, as defined by Euclidean distances.
In both cases, we randomly assess whether vectors in each pair are mutually
similar or dissimilar. Consequently, approximately half of the pairs (i.e., n/2)
are denoted as similar.

SDML 100 Random (sa7.z(A) = 1.050) SDML 100 Nearest (sy.z(A) = 1.038) ITML 100 Nearest (sar.z(A) = 1.036)

1.50 1.50 1.50
—— g (0.681 £ 0.106) — 7 (0.672£0.105) —— 7 (0.69440.107)
1.25 rar (0.648 £0.101) 1.25 ras (0.647 +0.101) 1.25 ras (0.670 £ 0.103)
—— rope(q) (0.645+ 0.101) —— ropez(@) (0.645+ 0.101) —— ropte(q) (0.653 4+ 0.102)
1.00 1.00 1.00
& & &
£0.75 £0.75 £0.75
[ [ o
0.50 0.50 0.50
0.25 0.25 0.25
Corr(ropte(q), rar) = +0.99997 Corr(ropte(q), rar) = +0.99998 Corr(ropte(q), rar) = +0.99933
0.00 0.00 0.00 - : —
0 200 400 600 800 1000 0 200 400 600 800 1000 0 200 400 600 800 1000
Query index Query index Query index
150 SDML 500 Random (s)/.2(A) = 1.479) 150 SDML 1000 Nearest (sy.z(A) = 1.167) 150 ITML 1000 Nearest (s32(A) = 1.175)
re (0.944 +0.147) re (0.746 £ 0.116) rg (0.892+£0.124)
1.25 rar (0.638 £ 0.099) 1.25 rar (0.639 % 0.099) 1.25 rar (0.759 % 0.106)
—— ropte(@) (0.649 % 0.102) —— ropte(@) (0.646 % 0.101) —— rope(q) (0.682 % 0.103)
1.00 1.00
& &
£0.75 £0.75
o o
0.50 0.50
0.25 0.25
Corr(ropte(q), rar) = +0.99893 ’('orr(rop[[;((]). rar) = +0.99985 Corr(ropte(q),rar) = +l).f),‘)’213\
0.00 0.00 0.00
0 200 400 600 800 1000 0 200 100 600 800 1000 0 200 100 600 800 1000
Query index Query index Query index

Fig. 2. Ranges 7, roptz( ), and rp, their averages and standard deviations for six
learned matrices A. The z-axis expresses query indices — query vectors 7 are sorted
to make 7y (i.e., the green curve) non-decreasing. Scaling factors sy, g(A) are at the
top of each plot, and the Pearson correlations Corr(rops E(?), ru) are at the bottom.
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We have investigated about 30 matrices A and picked 6 representatives for a
presentation in the article. All the results we have observed are consistent with
the presented findings. The matrices are denoted “<method> n <selection>"
where <method> is either SDML or ITML, n is the number of vector pairs
used in A learning, and <selection> denotes the way how the vector pairs were
sampled, i.e., either Random or Nearest.

Matrices SDML 100 Nearest and ITML 100 Nearest have almost the same
scaling factor sy, p(A), and we demonstrate sizes of the corresponding Euclidean
answer sets created as the super sets of the Mahalanobis answer sets with
these A. In total, we present results for 6 matrices where 3 matrices were learnt
with 100 vector pairs (i.e., SDML 100 Random, SDML 100 Nearest, and ITML
100 Nearest), and the other 3 were learnt in the same way just with more vector
pairs (SDML 500 Random, SDML 1000 Nearest, and ITML 1000 Nearest). This
selection of matrices helps us to demonstrate the consequences of an increasing
number of learning vector pairs. We conduct all experiments with 1000 query
vectors selected randomly from the dataset as the query set ©. These query
vectors were not used to learn any A.

Lower Bounding Relationship Verification For the following experiments,
we need to choose the Mahalanobis search ranges r,;. We consider each ? €0
independently, and compute dp; (¢, 2, A) for all 7 € X. For each ¢, we define
rar = dy(q, T106, A) which is the Mahalanobis distance of ¢ to its 100th
nearest neighbour z1o4 from X. These ranges 7y, define the Mahalanobis answer
sets Rg,, vy, (€) which each contains 100 vectors'.

The following experiments verify the key result of the theoretical Sect. 4, i.e.,
the relation of the answer sets defined by Eqs. 2, 4, and 5:

RdM,TM (7) C RdEmoptE(?)(?) C RdEﬂ"E‘ (7) (8>

We start with the Mahalanobis ranges rj;, and compute the optimum range
TOpt 2(q) for each ¢ as the maximum Euclidean distance dp(@,7q), T €
Ry, .ray (@). The optimum range ropiz(¢) enables us to compute the Euclidean
answer set Ry, .o o) (7) to confirm that it is the superset of the Mahalanobis
answer set Rq,, ., (q), i.e.:

v7 €0 : RdM,rM (7) - RdE,roptE(ﬁ) (7) (9)

Therefore, the recall of RdE,""OptE(?)(ﬁ) concerning Ry, ., (q) is always 1.
We continue with computations of ranges rg according to Eq. 3 and confirm
that ropt, E(?) < rg for each 7 and A. This is the result consistent with Eq. 5.
For each 7 € O, both ranges ropt E(?) and rg apply to the same Euclidean
space. The smaller search range thus implies a smaller answer set, formally:

V7 €0 : RdE,roptE(ﬁ)(ﬁ) - RdE,T’E (7) (1())

! We did not observe any equality dM(ﬁ,m), A) = dM(ﬁ,xl—o{, A) for any 7 € 0.
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Eqgs. 9 and 10 are thus witnesses of Eq. 8, which we want to demonstrate. Finally,
the recall of Ry, 5 (¢) concerning Ry,, ., (¢) is also always 1, as a consequence
of the transitivity of Eq.9 and Eq. 10.

We have conducted all these experiments with all 30 matrices A and a query
set © with 1,000 vectors. All the results have been consistent with the claims
above. We report in detail the results for 6 selected matrices A in Fig.2 and
Table 2. Curves in Fig.2 illustrate the ranges rg (in blue), ras (in green), and
ropte(7) (in red). Each plot is made for a different matrix A, and the scaling
factors sps p(A) are presented at the top of each plot. The values of the ranges
are on the y-axis, and the z-axis depicts the index of the query vector ¢. The
queries are ordered to make ranges 7y (i.e., the green curves) non-decreasing.

Table 2. Scaling factors sar,g(A); Averages of precisions Pg, Popte; Averages of
retrieved vector counts #g and #opte. Dataset X contains 226,778 vectors.

Learned matrix A | sar,g(A) | Avg. Pg Avg. #g Avg. Popte | Avg. #optE
SDML 100 Random 1.050 0.410 317 £+ 263 0.982 102 + 2
SDML 500 Random 1.479 0.008 | 108,025 + 82,569 0.887 115+ 23
SDML 100 Nearest 1.038 0.506 228 £110 0.990 101 + 2
SDML 1000 Nearest | 1.167 0.120 4,110 = 10,828 0.965 104+ 5
ITML 100 Nearest 1.036 0.310 497 + 528 0.804 128 £+ 23
ITML 1000 Nearest 1.175 0.012 70,681 £ 69,508 0.408 321 £ 235

Besides theoretically justified results, mainly ropt E(?) < rg, Fig.2
compares ranges 7y (green curves) and Topt 2(7) (red curves). In all
plots, the ranges are strongly correlated — see the Pearson correlations
C’orr(roptE(7), rar) at the bottom of each plot in Fig. 2 that are from 40.992 to
+0.99998. This is a very promising observation that should be further addressed
to try to efficiently estimate the optimum search range ropt E(?) from ry;.

Precisions and Sizes of Fuclidean Answer Sets We investigate the preci-
sions Poptr and Pg (defined by Eq. 7 and Eq. 6), as well as the sizes of Euclidean
answer sets RdEﬂ’OptE(?)(?) and Ry, »,(¢) (Eq.5 and Eq. 4) to reveal the via-
bility of the proposal. Contributions of the indexing with Euclidean distances
to the searching with the Mahalanobis distances are proportional to the size of
the answer set Rq, rp, (7), or possibly Ry, v . () (7) Specifically, at least the
optimum range ropt E(?) should provide a sufficiently small answer set for each
¢ to make the proposal viable. If also answer sets Rg BT (7) are small enough,
then even better, as the search range rg is directly given by the Mahalanobis
range 7y by Eq. 3.

For each matrix A and each query vector 7 € O, we calculate Pg, PoptE,
and numbers of vectors in corresponding Euclidean answer sets denoted as #pg
and #opte. We remind that each Mahalanobis answer set Rq,, r,, (7) contains
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100 vectors. Averages of the measured values over query vectors ¢ € © are in
Table 2. Specifically, there are: (1) the scaling factors sy, g(A), (2) the average
precisions Pg and Popig, and (3) average numbers of vectors #xr and #opip
with standard deviations, all for 6 matrices A. We only discuss the sizes of the
retrieved answer sets #optr and #g in detail because the precisions are related
to them. We also remind the dataset size of 226,778 vectors.
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Fig. 3. Precision of range queries with three selected query vectors 7 (correspond to
colours) evaluated with two matrices A (correspond to sub-figures). The z-axis depicts
the search ranges r that cover the interval [ropie (7),7“}5] for each ¢. The primary
y-axis expresses the precision of range queries Q(?,dg,r) and applies to the solid
lines. The secondary y-axis depicts the number of vectors in the Euclidean answer set
Ra, »(¢) and applies to the dashed lines.

Search ranges rp provide answer sets with just hundreds of vectors in case of
all matrices learned with 100 vector pairs, i.e., SDML 100 Random, SDML 100
Nearest and ITML 100 Nearest — see the fourth column in Table 2. While these
are very promising results, experiments with matrices learnt with more vector
pairs suggest a very quick growth of the answer set Rgy ., (¢) — see all other
matrices in the fourth column in Table2. We thus conclude that the conditions
leading to small answer sets Ry, ., (¢) should be properly investigated since, in
some cases, an index built with Euclidean distances and queried with range rg
provides small answer sets R, () that can be efficiently refined even with
an expensive Mahalanobis distance function. But sometimes, Euclidean search
with range rg returns by orders of magnitude larger answer set than desired —
see the matrices learned with 1000 or 500 vector pairs in Table 2.

Optimum search range ropt £(¢) leads to the retrieval of just slightly more
than 100 candidates that need to be refined by expensive Mahalanobis distances,
especially when the SDML technique to learn A is used (see the last column in
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Table 2). While range ropt E(?) clearly leads to smaller answer sets than rg, it
cannot be directly derived, so its efficient estimation from rj; forms a challenge
for future work. Overall, Table 2 illustrates the very good viability of the proposal
and reveals the future challenges.

Figure 3 illustrates the search ranges for three representative query vectors
{ € O depicted in three different colours. Curves show how for each given
and an increasing Euclidean search range from ropt E(?) to rg decreases the
precision of the Euclidean answer set from Poptr to Pg. Correspondingly, the
number of vectors in the Euclidean answer set increases. Figure 3a and 3b differ
only in the matrix A. Specifically, they depict the results for the same triplet
of query vectors ¢. Even though both examined matrices, SDML 100 Nearest
in Fig. 3a and ITML 100 Nearest in Fig. 3b have nearly the same scaling factors
syv,e(A) (1.038 and 1.036, respectively), the sub-figures demonstrate a different
influence of matrices on different query vectors 7

6 Final Discussion and Future Research Objectives

The experiments reveal the following facts:

— The theory is valid and the Euclidean search with ranges ropt E(?) and
rp always results in recall 1 with respect to the Mahalanobis search with
range r);. Both ranges can be effectively used for retrieving the superset of
the Mahalanobis answer set Rq,, r,, (7), which can be further refined using
Mahalanobis distance dj;.

— Range ropip(7) is usually much smaller than rp and the recall is still 1.

— Ranges ropt E(?) and rjps are surprisingly strongly correlated in our exper-
iments; specifically, we observed the Pearson correlations around -+0.999 in
cases of 5 matrices out of 6 examined, and +0.992 for the last one.

— Experiments suggest that for a given matrix learning < method > and
< selection >, the precisions Pg and Poptg decrease with increasing number
of vector pairs n used for the A learning, which also increases the scaling
factor sy g(A).

— Given two different matrices A with nearly the same scaling factor sy, g(A),
the precision Pg can be distinct even for the same query vector ¢ with the
search range rp derived from r,; according to Eq. 3.

— Precision Popi is usually much higher than precision Pg because ropt E(?)
is usually much lower than range rg even when the scaling factor sy g(A) is
constant.

— Scaling factor sjs g(A) much depends on the way how the matrix A for the
Mahalanobis distance function is learnt.

To develop a personalised similarity search engine, the following challenges
need to be properly explored:

— The search range rg guaranteed by Eq. 3 to cover the Mahalanobis answer set
for given matrix A is usually too large. Given an extreme Pearson correlation
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between Mahalanobis ranges rj; and optimum Euclidean ranges ropy E(?),
a heuristic to estimate ropt E(?) from r); should be proposed. The heuristic
could be approzimate, i.e., without guarantees on its correctness.

— We need theories and paradigms which would lead to a proper definition of
the personalised matrix A. This metric learning should be fast, simple, but
effective from the user’s point of view. At the same time, it should produce
matrices A with a small scaling factor sys g(A) as they still can lead to small
Euclidean answer sets Ry (7).

— Range rg is linearly dependent on the scaling factor sys £(A), but the number
of vectors in the Euclidean answer set Ry, ,,(¢) is not. In practice, the k-
NN queries are preferred over the range queries because they do not require
knowledge of proper search ranges. Estimating the proper extension of the k
value to efficiently execute the k-NN queries according to the schema proposed
in this article is thus challenging. Moreover, also the position of a specific
query vector ¢ should be considered [1,11].

— Real-life applications deal with divergence and plenty of subjective similar-
ity perceptions as well as with the diversity of searched datasets. This opens
a space for different search engine architectures and implementations. Per-
formance models of such systems would allow for convenient decisions that
would best suit the specifics of applications.

7 Conclusion

Traditional research in similarity searching follows the effectiveness or efficiency
complementary objectives, possibly both. To respect the subjectivity and indi-
vidual views of users, we have elaborated on the personalised similarity search
engine for vector databases. We have formalised a paradigm and tested the feasi-
bility on a real-life dataset. Encouraging results indicate research directions that
must be explored to create a truly usable personalised search system.
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Abstract. Vector search systems typically rely on fixed indexing meth-
ods and standard similarity measures, such as Euclidean distance, assum-
ing a universal notion of semantic similarity. This assumption overlooks
the subjective and context-dependent nature of human similarity percep-
tion. Prior approaches proposed personalised querying via Mahalanobis
distance parameterised by learned user-profile matrices, but did not
address strategies for acquiring real user relevance feedback. We present
an end-to-end pipeline designed to integrate semantic feedback directly
from user interactions. We explore three feedback strategies, evaluating
them across ten established metric learning models. Through an empir-
ical analysis, we assess how these strategies affect key performance indi-
cators, such as retrieval precision. We also outline three practical opera-
tional scenarios — balancing precision and computational costs, prioritis-
ing computational efficiency, and optimising for precision — and provide
concrete model and system configuration recommendations. Experiments
show that the recommended setups make search efficient while improving
retrieval precision, showing the practicality of the approach.

Keywords: Personalised search - Relevance feedback - Vector
databases

1 Introduction

Modern vector databases use high-dimensional vector embeddings to capture
semantics for retrieval and recommendation. To accelerate queries, these embed-
dings are stored in fixed-index structures with standard metrics (e.g., Euclidean
distance). However, this static approach imposes a one-size-fits-all notion of sim-

ilarity, overlooking its inherently subjective, context-dependent nature [13].

Addressing this challenge, Mahrik et al. [8] proposed a vector search archi-
tecture that stores all embeddings in a Euclidean index but personalises queries
with a Mahalanobis metric defined by a learned user-profile matrix, exploiting
the Euclidean—Mahalanobis lower bounding relationship. Because their profile
matrices were trained with synthetic feedback, the method’s real-world efficacy

remains untested. Building on this foundation, we make two contributions:

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2026
G. Amato et al. (Eds.): SISAP 2025, LNCS 16134, pp. 154-162, 2026.
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— We present a pipeline that includes semantic feedback from user interactions
with vector search system, define three feedback strategies, and evaluate their
impact on multiple metrics across ten widely used metric learning models.

— Based on empirical analysis and defined operational scenarios, we offer prac-
tical recommendations for configuring the semantic feedback strategies and
metric learning models in personalised vector search systems, guiding practi-
tioners in selecting parameter settings tailored to their operational priorities.

2 Background and Related Work

2.1 Lower Bounding Relationship

Mabhrik et al. [8] proposed a range query search engine that leverages the well-
known lower bounding relationship, stating that for any two vectors x and v,
and a positive semi-definite (PSD) matrix A, the following relationship holds:

dyr(z,y, A
v/ ming (A;)
where dg(z,y) = || — y|| represents the Euclidean distance. The Mahalanobis

distance dy(z,y,A) is expressed as: dpy(z,y,A) = /(z —y)TA(z — y), and
the eigenvalues \; are derived from the matrix A. This inequality introduces a
scaling factor sy; g(A) = 1/4/min;{\;}. In this paper, we use the term Maha-
lanobis distance to denote a general quadratic form distance parameterised by
a learned PSD matrix, as commonly done in metric learning literature [5-7,16].
Given a specified Mahalanobis radius r,;, the corresponding Mahalanobis
answer set for any query vector ¢ and all z from the dataset is defined as:

Ry (@) ={z [ du(z,¢,A) <rut. (2)

Utilising the lower bounding relationship (Eq. 1), a corresponding Euclidean
radius rg can be computed as rg = ry - Sar,e(A), leading to an alternative,
larger Fuclidean answer set using the Euclidean distance:

RdE:"'E (Q) = {Z | dE'(Za Q) < TE}- (3)

Mahrik et al. [8] experimentally demonstrated that the Euclidean answer
set defined by Eq. (3) inherently includes the Mahalanobis answer set defined
by Eq. (2). The search adopts a two-stage filter and refine approach: Euclidean
distance more efficiently retrieves candidates, which are then refined by applying
the more precise yet costlier Mahalanobis distance, parametrised by the user-
specific matrix A. Clearly, an increase of the scaling factor sy; g(A) directly
corresponds to higher computational costs during query evaluation.
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2.2 Personalisation Approaches in Search Systems

Personalised search systems utilise implicit and explicit user feedback to adapt
search results to individual users’ preferences. Implicit feedback, collected pas-
sively as users interact with the system, includes: clicks on results and submitted
searched queries [15], or usage behaviour characteristics such as dwell time [18].
In contrast, explicit feedback is provided directly by users. One common app-
roach is to provide positive relevance judgments, as in the case of PicHunter [3].
Vadicamo et al. [14] enhanced this approaches by utilising negative relevance
judgments. To adjust the search relevance to users, search systems employ variety
of personalisation techniques. Common approaches include query expansion [20]
or result adaptation [12]. Furthermore, some approaches learn the similarity
function using metric learning models [2,6,16].

3 Owur Approach to Semantic User Feedback

In this section, we introduce an end-to-end pipeline that captures semantic user
feedback and integrates it into a personalised vector search system, define three
relevance feedback strategies used for learning the user-profile matrix, and elabo-
rate on various operational scenarios tailored to different operational objectives.

3.1 Workflow of the Personalised Vector Search Pipeline

The end-to-end pipeline is a cyclic sequence of user actions and system oper-
ations, illustrated in Fig.1. Each loop continuously refines the search space in
response to explicit user relevance feedback until the scaling factor is too large.
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Fig. 1. The workflow of the pipeline. The query appears in yellow, positive results are
in green, and negative results are in red boxes. (Color figure online)

The step-by-step workflow proceeds as follows:
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1. User Query: User submits a query, using their user-profile matrix A.

2. Personalised Results Retrieval: The system returns results based on the

filter and refine approach it first runs a Euclidean range search with the radius

enlarged by the scaling factor from A, then filters those candidates using the

Mahalanobis metric parameterised by A before returning the results.

User Semantic Feedback: User selects irrelevant (negative) results.

4. Feedback Processing: Results not marked as irrelevant are set as relevant
(positive). Using a selected feedback (sampling) strategy, the system arranges
these feedback judgements into a set of triplets (query, positive, negative).

5. Matrix Update: This set of triplets is used for the metric learning model
training. The model updates the user-profile matrix A, aligning it with per-
sonalised semantic preferences captured during the recent feedback session.

6. Personalised Querying Loop: The updated user-profile matrix A is sub-
sequently used for the future queries iterations.

e

3.2 Relevance Feedback Strategies

Here, we detail the feedback processing step — creating the set of triplets. We
propose three feedback strategies for constructing such a set for a specific query:

— Strategy 1: each iteration draws randomly one positive and one negative
result to form a single triplet; we run k€{1,2,4,8,16, 32,64} such iterations,
either with or without replacement.

— Strategy 2: a randomly chosen negative result (selected without replace-
ment) is paired with every available positive result, producing a set of triplets
that is fed to the model either as one whole batch or sequentially.

— Strategy 3: every negative result is paired with every positive result, but
training is triggered only after feedback from ¢ € {1,2,5,10,20,40} queries
has been accumulated; once the batch of ¢ queries is complete, the aggregated
triplets are used for a single update before the next batch begins.

3.3 Operational Scenarios

For the practical deployment, we present three operational scenarios — Bal-
anced Precision-Scaling Factor (BPSF), Minimum Scaling Factor with Accept-
able AMAP (MSAP), and Maximum AMAP (MP). The AMAP is defined as
the change in mean-average precision (MAP) obtained when the ranking metric
is switched from Euclidean (baseline) to Mahalanobis distance parameterised by
the learned user-profile matrix A in the ranking function; A is first learned using
the full query set, and AM AP is then evaluated over that same set of queries.
The BPSF scenario balances between a low scaling factor and high retrieval
precision. MSAP focuses on minimising the scaling factor to maximise efficiency,
while still enforcing an acceptable precision increase (AM AP is at least 0.1 —
arbitrarily chosen). MP prioritises highest attainable AM AP, resulting in max-
imum personalisation. Each scenario has three variants: (i) Baseline (BAS) vari-
ant, (ii) Low Learning Time (LLT) variant that minimises model learning time,
and (iii) Rank Stability (RS) variant that maximises rank correlation coefficients.
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4 Experimental Evaluation
4.1 Setting

Dataset and Queries. We use the publicly available Profiset [1] database of
around 20 million images, each encoded as a 768D CLIP ViT-L/14 [10] embed-
ding normalised to unit length, supporting simultaneous text-image similarity
search. We created 280 textual queries. For each, the 20 most similar images were
retrieved via an image-text search engine [9] and manually labelled relevant or
irrelevant, yielding the ground truth for learning user-profile matrices. The query
set spans seven thematic categories representing multiple semantic layers — from
concrete entities through abstract notions, dynamic events and static scenes.

Metric Learning Models. For learning the user-profile matrices, we re-
implemented most of the well-known metric learning models: OASIS [2],
ITML [5], POLA [11], AROMA [4], OMDML [16], MLOML [7], Robus-
tODML [19], SORS [17], AdaSORS [17], and OPML [6]. Most of these models
maintain PSD property of the matrix, although it is not needed for the person-
alisation purposes [2,17]. OMDML can be used with more modalities, but was
adjusted to use one. We also performed an extensive hyperparameter grid search
to find the best settings.

Evaluation Metrics. We define and use the following evaluation metrics:

— Final Scaling Factor (FSF) — the scaling factor sp; g(A) derived after
learning the matrix A for all queries incrementally.

— Precision Difference (AMAP) — as defined in Sect. 3.3.

— Average Learning Time (ALT) — average time (in seconds) needed for
integration of a single set of triplets in the metric learning model’s learning.

— Average Spearman@k (AS@k) — the average Spearman rank correlation
(across all queries) between two ranked lists — the top k results retrieved
with Euclidean distance and the top k results retrieved with the learned
Mahalanobis distance — computed after both lists are mapped onto the union
of their items, assigning any item missing from a list the worst rank, which
equals the size of the union. The tested k are: {20, 100, 1000}.

— Average Kendall’s Tau@Qk (AKQk) — like ASQFk, using Kendall’s Tau.

— Average Jaccard Sim@k (AJQk) - like ASQk, using Jaccard similarity.

For the operational scenarios (BPSF, MSAP, MP) and their variants (BAS,
LLT, RS), we define additional measures. These measures were selected based on
experimental analysis aimed at finding the suitable metrics and their associated
constants with the goal of effectively capturing the distinct characteristics and
operational objectives of the scenarios and variants. The measures:

~ BPSF:
BAS = AMAP/FSF?, LLT = AMAP/(FSF? - ALT),
RS = AMAP/[FSF? - (1+4- (1 — AS@1000) + 4 - (1 — AK@1000))] .
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~ MSAP: BAS =FSF~®, LLT = FSF~®/ALT,
RS =FSF~®/[1+4- (1 — AS@1000) + 4 - (1 — AK@1000)] .
— MP: BAS = AMAP?, LLT = AMAP?/ALT,
RS = AMAP3/[1+4- (1 — AS@1000) + 4 - (1 — AK@1000)] .

4.2 Results

We limit the analysis to models and hyperparameter settings resulting in Final
Scaling Factor < 2, as prior work [8] shows larger scaling factors degrade search
efficiency. We then focus on a single query category as preliminary tests revealed
that the other six categories yield similar results.

Feedback Strategies Comparison. We examine the comparison between the feed-
back strategies. Figure 2a shows the boxplots of all learned models (matrices) for
the feedback strategies, while the Final Scaling Factor is on the main y-axis, and
the Precision Difference is on the secondary y-axis. Figure 2b shows the heatmap
of the means of Average Spearman, Kendall’s Tau and Jaccard Similarity metrics
at 20, 100, and 1000 across all learned models for each strategy.
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Fig. 2. Comparison of the feedback strategies using Final Scaling Factor, Precision
Difference, rank correlation coefficients and Jaccard Similarity.

The boxplots indicate higher Final Scaling Factors and Precision Differences
for Feedback Strategies 2 and 3, peaking with Strategy 3. The heatmaps reveal
the highest Average Spearman, Kendall’s Tau and Jaccard Similarity are for
Feedback Strategy 1, followed by Feedback Strategies 2 and 3. These observations
imply that with a higher number of feedback inputs, the global ranking using the
Mahalanobis distance for ordering deteriorates against the Euclidean distance
ranking, while increasing scaling factors and precisions.

Finding Best Models for Operational Scenarios. For the utilisation of the app-
roach in practice, we explore the best models (and their hyperparameters) and
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Table 1. Calculated evaluation measures for the best model given the scenario and
its variant. The Model column is in the form: model and hyperparameters. The Feed-
back column is in the form: feedback strategy and parameters — 1:(Number of pairs,
Replacement), 2:(Batch), 3:(Number of queries).

Scenario—Variant Model Feedback FSF AMAP ALT ASQ@1000 AK@1000
BPSF-BAS 5 19_3,001\/1122_% e e 1095 0203 1373 0708  0.532
BPSF-LLT C: 702, egfﬁfcle%ps & False 1. Pule 1147 0103 0001  0.621  0.456
BPSF-RS 5 7e_2,oé\/f%\_gj 104 Pl 1039 0134 1416 0899 0738
MSAP-BAS o . 16_%%2%{4%}1’ NTes o 1017 0102 18098 0.863  0.693
MSAP-LLT C: 102, egfﬁfclips 4 Fakse 8 Palse 1062 0106 0008 0813  0.636
MSAP-RS 510, T ded 4, Trae 1028 0101 LT68 0939 0.798
MP-BAS 5 76_1,08/11?3_% 16 P 1148 0211 0712 0566 0411
MP-LLT C: To2, 6Sfﬁfcle%ps 4 False 2, Tre 1:271 0130 0003 0308 0211
MP-RS 5 46_2703/:{%% v 104 e 1077 0193 1104 0788 0.609

feedback strategies for all the operational scenarios and their variants. The
results of the best models based on the metrics defined in Sect. 4.1 are in Table 1.

Table 1 shows two patterns: OMDML dominates when precision or rank sta-
bility matter, whereas OASIS excels when learning time is low, with MLOML
surfacing only in the MSAP BAS variant. Final Scaling Factors are low, indicat-
ing effectiveness. Within the BPSF scenario, the OMDML BAS variant should
be adopted by default; the OASIS LLT variant should be selected for fast model
updates, and the OMDML RS variant should be chosen for rank stability. For an
efficiency-focused MSAP scenario, the OASIS LLT variant should be preferred
for minimal training overhead; if additional learning time can be allowed to gain
a lower scaling factor and higher Spearman and Kendall’s Tau, the MLOML
BAS or OMDML RS configurations should be selected. When requiring the
maximum precision — MP variants, the OMDML BAS gives the highest Preci-
sion Difference, the OMDML RS variant keeps ranks steadier, and the OASIS
LLT provides faster learning but with a high scaling factor.

5 Conclusion

In this paper, we presented an end-to-end pipeline for integrating real semantic
feedback into personalized vector search. We introduced three distinct feedback
strategies, evaluated across ten established metric learning models. Through
extensive experiments, we pinpointed optimal model-strategy configurations
that balance precision gains (up to +21%) against computational cost (scaling
factors < 1.15). Our practical guidelines enable practitioners to quickly tailor
vector search systems for efficiency, stability, or maximal relevance improvement.
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