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Abstract

Approximate nearest neighbor (ANN) search over high-dimensional
vectors underpins modern retrieval, recommendation systems, and
retrieval-augmented generation for large language models. In learned
indexing, small neural models direct each query to the relevant region
of the dataset. On static collections, learned indexes are competitive
with other established methods. However, their advantage disappears
in dynamic settings. As inserts and deletes accumulate, the data drifts
away from the distribution on which the routing model was trained.
Search accuracy degrades, latency increases, and the standard rem-
edy—retraining the model on the entire dataset—becomes computa-
tionally prohibitive past tens of millions of vectors. Learned indexes
thus remain restricted to static settings.

To this end, we present a general framework that dynamizes any
learned index exposing a minimal static interface, by adapting the
Bentley-Saxe decomposition to ANN search. Incoming vectors are
absorbed into a small in-memory buffer and migrated through com-
paction into a sequence of static learned indexes (levels), each trained
only on its own subset of the data. We develop multi-level search strate-
gies— including one using probability-normalized scoring to resolve
cross-level bucket incomparability—compaction mechanisms, rebuild
policies for deletions, and retraining strategies for managing distribu-
tion shift. We also introduce three diagnostic metrics that decompose
recall loss into partitioning and routing quality components.

We instantiate the framework as the Dynamic Learned Index (DLI)
using the Learned Metric Index as the internal static learned index,
and evaluate it on several large-scale datasets of up to 100M vectors.
We study DLI's performance under continuous insert—delete cycles,
distribution shift, and out-of-distribution queries, comparing it against
HNSW, IVFFlat, and a periodically retrained LMI. Based on the eval-
uation, DLI attains the smallest memory footprint—over an order of
magnitude smaller than HNSW—while delivering balanced through-
put across insert, delete, and search. This positions DLI as a strong
candidate for unpredictable dynamic workloads, where current in-
dexes each optimize one axis at the expense of others.
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Introduction

Similarity search in high-dimensional vector spaces has become cru-
cial for modern data-intensive applications, including content-based
image retrieval [1], recommendation systems [2], protein structure
analysis [3, 4], and large language model inference [5], by efficiently
tinding approximate nearest neighbors within large collections of
embedding vectors.

Most indexing methods assume a static dataset available at build
time, further reinforced by existing benchmarks [6, 7], that primar-
ily focus on static scenarios. In practice, however, applications must
accommodate continuous updates as new content arrives, outdated
entries are removed, and the underlying data distribution shifts.

Recent work on learned indexes for similarity search [8, 9] pro-
poses replacing traditional index structures with machine learning
models that can be trained to capture the underlying data distribu-
tion. However, existing learned indexes [10, 11, 12, 13, 8, 14] assume a
static setting where the entire dataset is available during construction,
enabling the routing model to be trained on the complete data distri-
bution. When deployed in dynamic environments with continuous
insertions and deletions, the routing model produces increasingly in-
accurate predictions as the actual data diverges from the distribution
it was trained on. The degradation makes learned indexes unsuitable
for dynamic workloads unless the index is periodically rebuilt, which
is computationally expensive [15].

We address this problem using the temporal dynamicity approach,
adapting the Bentley-Saxe decomposition [16] for learned indexes.
This thesis introduces a general framework for the dynamization of
learned indexes, and creates Dynamic Learned Index (DLI) — an
implementation of the proposed framework with Learned Metric In-
dex [14] (LMI) as its base component.

The framework itself is compatible with any static learned index
that satisfies a minimal set of operations, and we demonstrate how to
adapt a learned index to this interface.

We evaluate DLI on various datasets up to 100M vectors, and
compare it against traditional indexes, specifically HNSW [17] and
IVFFlat [18], as well as a periodically-rebuilt LMI baseline.



INTRODUCTION

The remainder of this thesis is structured as follows. Chapter 1 re-
views the approximate nearest neighbor problem, traditional indexing
methods, learned indexes for similarity search. Chapter 2 describes
the static learned index interface required by the dynamic framework
and demonstrates it on the LMI. Chapter 3 introduces the Dynamic
Learned Index (an instantiation of the dynamic framework with LMI)
and uses it to describe the architecture and query processing strat-
egy of the framework based on temporal decomposition. Chapter 4
presents experimental evaluation on various datasets, comparing the
dynamic framework with baselines and analyzing the impact of de-
sign choices. Chapter 5 concludes with a summary of contributions
and directions for future work.



1 Similarity Search and Approximate Nearest
Neighbor Indexing

Many modern applications deal with so-called complex data, such as
documents [19] or protein structures [4]. Similarity search is an area
of research focused on this such data and the problem of finding ob-
jects that are close to a given query object [20]. Understanding why
dynamic learned indexes are important for similarity search requires
establishing several concepts: (i) the formalization of similarity, its
connection to high-dimensional embeddings, and the need for approx-
imate indexing methods, (ii) the definition of approximate nearest
neighbor queries and how they are evaluated, (iii) traditional index-
ing methods and their limitations, and (iv) the motivation and general
principles of learned indexes.

With this context established, at the end of this chapter, we explore
why learned indexes degrade under dynamic workloads, categorize
existing approaches to dynamization, and explain the choice of tem-
poral decomposition as the dynamization approach explored in this
thesis.

1.1 Similarity Search

Standard database queries rely on exact matching and ordering of
structured data like numerical values, text strings, and timestamps.
However, for complex data types, canonical orderings do not corre-
spond to similarity relationships, and exact matches are rare [21, 20].
So, instead of relying on absolute ordering, similarity search focuses
on the relationship (similarity) between data points and retrieving
those that are most similar to a given query.

1.1.1 Metric Space

Metric spaces, first formalized in topology [22], provide the mathe-
matical foundation for similarity search. By abstracting the concept
of similarity into this formalism, we can decouple the algorithm de-
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1. SIMILARITY SEARCH AND APPROXIMATE NEAREST NEIGHBOR INDEXING

sign from the data domain and thus create general-purpose methods
applicable to different data types [21].

A metric space [20] is defined as a tuple (D, ), where D is a
domain of objects and § : D x D — R is a distance function which
captures the similarity between objects. A true metric space requires
¢ to be a metric, meaning it satisfies non-negativity, identity of indis-
cernibles, symmetry, and triangle inequality [20]. In practice, appli-
cations sometimes employ non-metric distance functions that violate
these properties.

1.1.2 Similarity in Embedding Spaces

Finding appropriate distance functions for complex data is a non-
trivial task that requires domain-specific knowledge. Historically, hand-
crafted features and domain-specific distance functions were used
to capture similarity, such as extracted features for images [23] or
edit distance for text [24]. However, these approaches are limited
by the quality of manually designed features, require extensive do-
main expertise, and make rigid assumptions about what constitutes
similarity [25].

Deep learning approaches have demonstrated that features can
be learned directly from data [26, 27], which led to a shift from engi-
neered features to learned representations [25]. Neural networks are
effective at mapping complex data into high-dimensional vector spaces
where distances between vectors correspond to semantic similarity of
the original data. For example, word embeddings like Word2Vec [28]
have shown that meaningful semantic relationships can be captured
through vector arithmetic in the learned embedding space. Therefore,
modern applications typically embed complex data into vectors us-
ing neural networks, then perform all subsequent analysis on these
embeddings rather than the original objects.

This thesis focuses on such embedding-based similarity search,
assuming that for a given index, inserted data and queries are outputs
of the same embedding model and compared using a predefined
distance function.



1. SIMILARITY SEARCH AND APPROXIMATE NEAREST NEIGHBOR INDEXING

1.1.3 Nearest Neighbor Search

Similarity search encompasses various operations, including range
query or the reverse nearest neighbor query [20]. However, the most
widely used operation is the search for the k nearest objects to a given
query object. Unlike fixed-threshold range queries, which search for
all objects within a specified distance of the query object, k-nearest
neighbor (KNN) queries naturally adapt to varying data densities
through the parameter k. Additionally, KNN search can also serve as
a building block for many other similarity operations [21].

Exact k-Nearest Neighbor Search

Given a metric space (D, d), a dataset X C D of n objects, a query
object g € D, and an integer k € IN, the KNN query returns the k
objects in X with the smallest distance to g [20]:

NNi(7,X) = {SC X:|S| =k

AVs e S,Vye X\S:46(g,5) <dé(q,y)} (1)

Without specialized index structures, computing exact KNN re-
quires evaluating (g, v) for every v € X, resulting in O(n) distance
computations [21]. Tree-based indexes can achieve sub-linear query
time in low-dimensional spaces [29, 30], but in high-dimensional
spaces, even indexed exact search becomes computationally expen-
sive [31]. Moreover, traditional spatial indexing structures suffer from
the curse of dimensionality [32]. In high-dimensional spaces, the ratio
of the distance to the nearest neighbor versus the farthest neighbor
approaches 1 as dimensionality increases [32]. This distance concentra-
tion makes traditional space partitioning methods ineffective, as most
points fall within similar distances from the query, causing indexes to
degenerate into linear scans [33, 31].

Approximate Nearest Neighbor Query

Because the notion of similarity itself is not a precise concept, exact
KNN search can be viewed as unnecessarily strict, particularly given its
computational complexity in high-dimensional spaces. Consequently,

5



1. SIMILARITY SEARCH AND APPROXIMATE NEAREST NEIGHBOR INDEXING

research efforts often focus on approximate methods that trade small
accuracy losses for substantial computational gains [33].

Formally, approximate nearest neighbor (ANN) search relaxes the
exactness requirement by accepting any result within a factor (1 + €)
of the true nearest neighbor distance [33], is a parameter controlling
the allowed error.

While exact indexing methods limit the explored space, they only
discard parts that provably cannot contain any of the true nearest
neighbors. As a result, for a dataset of size 7, in a worst-case scenario,
an exact index may have to consider all n objects as potential KNN
candidates and has to compare them to the given query.

In contrast, ANN search includes an approximation parameter
Necandidates << 1 Which limits the number of vectors examined during
search. Based on this parameter, the index identifies a candidate set
C C X, |C| = Ncandidates, and performs exhaustive KNN search on this
set [20]. The approximation arises from the possibility that some true
nearest neighbors may lie outside the candidate set. Then, the ANN
query can be expressed as:

ANNk(q/ X, ncandidates) = NNk(q/ C) :CCX, |C| = Ncandidates (1-2)

where C is the candidate set for the query g, selected by the index.
To facilitate efficient candidate selection, an index structure is built
over the dataset X during a preprocessing phase.

1.2 Evaluation Metrics for ANN

ANN search trades accuracy for efficiency by examining only a sub-
set of vectors, accepting that some true neighbors may be missed.
Therefore, evaluation requires measuring both search quality and
computational cost. Optimizing for either metric alone is trivial: an
exhaustive search guarantees perfect accuracy, while examining fewer
vectors reduces cost.

1.2.1 Search Effectiveness

The standard metric for evaluating ANN search quality is recall@k,
which measures the fraction of true nearest neighbors that appear in

6
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the returned result [6]. To make this metric meaningful, recall must be
measured as a function of the candidate budget 1 andidates, Which limits
the number of vectors examined during search:

NN (g, X) N"ANN(g, X, ncandi
Recau@k(ncandidates) = | k(q ) kk(q = ddates)| (1-3>

1.2.2 Search Efficiency

While recall measures search quality, efficiency requires additional
metrics. The number of candidates 71.,nqidates N€€ded to reach a given
recall threshold provides a hardware-independent measure of com-
putational cost, enabling fair comparison across different indexing
methods [6].

However, search efficiency depends on more than candidate count
alone. Different indexing methods have varying overhead costs from
data structure traversal, distance computations, and memory access
patterns. Queries per second (QPS) measures actual search throughput
by timing the complete search pipeline, capturing both distance com-
putation costs and all index-specific overhead that candidate count
cannot reflect.

Indexes also exhibit different construction-versus-search tradeoffs.
Some build quickly but require more candidates to achieve good recall,
while others invest additional time during construction to enable faster
search. Therefore, a complete evaluation considers both build time and
search performance to characterize the full cost-quality tradeoff [6].

1.3 Traditional Indexing Methods for ANN Search

ANN search has motivated diverse indexing approaches, including
graph-based [34], space partitioning [35], and locality-sensitive hashing [36]
methods.

Locality-sensitive hashing (LSH) has been introduced in [33]. Al-
though indexes based on this technique have been shown to work well
in theory [37], in practice they are often outperformed by graph-based
and partitioning-based methods [6].
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Therefore, this section reviews representative methods from these
two dominant paradigms, which serve as baselines for evaluating the
framework proposed in this thesis.

1.3.1 Graph-Based Indexes

Graph-based indexes construct graphs using probabilistic heuristics to
enable efficient navigation through the dataset. At each step, moving
to the neighbor closest to the query brings the search toward the true
nearest neighbors, which distinguishes graph indexes from arbitrary
graphs. This method has been explored in HNSW [17], optimized
structures like NSG [38], or disk-based variants like Disk ANN [39].

In general, graph indexes achieve superior recall-latency trade-
offs [6] but require significant memory overhead to store neighbor
references for each point [40]. Dynamic workloads also present inher-
ent challenges for this approach. Physical removal of an object (hard
delete) requires identifying and removing all incoming edges, then
reconnecting neighboring vertices to maintain navigability [17]. This
rewiring is computationally expensive and can degrade search quality.
As an alternative, many implementations only mark the deleted ver-
tices as inactive without modifying the structure (soft delete), leading
to memory waste over time [41].

Although insertions can be handled efficiently by adding new
vertices and connecting them to existing neighbors, the underlying
topology is optimized for the initial dataset. Frequent insertions cause
it to become outdated, degrading search performance [41, 40].

A widely used representative of this category is HNSW [17]. It
constructs a multi-layer graph where each layer contains a subset of
points, with higher layers containing fewer points for coarse navigation
and lower layers providing finer granularity. Search begins at the
sparse top layer and traverses downward using greedy navigation until
reaching the densest bottom layer. Despite being state-of-the-art for
static workloads, HNSW's performance degrades in dynamic settings
for the reasons described above, and most of its implementations
support only soft delete [18, 17].
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1.3.2 Partitioning-Based Indexes

Partitioning-based methods such as M-Tree [42] or disk optimized
D-Index [43], divide the dataset and restrict the search to promising
partitions, which are then searched exhaustively. Typically, these meth-
ods achieve lower memory usage than graph methods at the cost of
reduced search efficiency [6].

These indexes consist of partitions containing data vectors and a
navigation mechanism for selecting which partitions are searched.
Partitions are represented using representative vectors called pivots,
or through pivot permutations as in M-Index [44]. Pivots can be orga-
nized in flat structures where all partitions exist at the same level (e.g.,
IVFFlat [18]), or hierarchically in tree structures (e.g., M-tree [42],
VP-tree [45]). During search, the distance from the query to each pivot
serves as a proxy for partition relevance [20].

In general, optimal ANN partitions should be small, balanced, and
knn-consistent [46], meaning that vectors and their nearest neighbors
reside in the same partition. In practice, indexes only approximate
this ideal conditions by optimizing subsets of these properties during
construction. Modern approaches often use many smaller partitions,
which allow for more precise routing and smaller candidate sets [47].

The most common partitioning method is k-means clustering [48],
which iteratively assigns vectors to their nearest cluster centroid and
updates centroids based on cluster membership until convergence.
Although k-means is not guaranteed to find the optimal partitioning
and often produces unbalanced partitions, it works well in practice
and is widely used due to its simplicity and efficiency [18].

A representative of partitioning-based indexes is IVFFlat (Inverted
File with Flat storage) [18]. During index construction, the dataset is
clustered into k partitions using k-means clustering, and an inverted
file maps each centroid to its corresponding list of vectors. The search
procedure identifies 7,,0pe Nearest partitions to the query by comput-
ing distances to all centroids. These partitions are then searched ex-
haustively to find the result. This partitioning strategy achieves signif-
icant memory savings compared to graph-based methods like HNSW,
storing only cluster assignments rather than neighbor graphs [18, 17].

However, IVFFlat’s effectiveness depends on parameter tuning. Too
few partitions result in large buckets requiring expensive exhaustive

9
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search, while too many partitions scatter nearest neighbors, necessi-
tating higher 71,,5be values to maintain recall [18]. Furthermore, the
partitioning and centroids remain fixed after the initial construction.
When newly inserted data follows different patterns than the original
dataset, vectors are assigned to suboptimal partitions, which degrades
search quality [15].

1.4 Learned Indexing

The aforementioned limitations of existing approaches motivate the
development of learned indexes, which replace distance computations
with machine learning models that can learn complex data patterns,
potentially leading to better routing than distance-based navigation.
Additionally, many existing indexes require that the used distance
function is a true metric, as defined in Section 1.1.1. Machine learn-
ing models are not limited by this assumption and can adapt to any
distance function.

Kraska et al. [49] introduced the notion of learned indexing by us-
ing machine learning models as index structures for one-dimensional
sorted data. This approach has since been extended to approximate
nearest neighbor search, in both multi-dimensional [50] and high-
dimensional vector spaces [9].

Learned indexes for ANN can be viewed as an evolution of parti-
tioning indexes, since they also split the dataset into partitions (buckets)
that are searched exhaustively. However, partitioning-based indexes
rely on the assumption that the distance from the query to the pivot
is a sufficient proxy for the bucket’s relevance to the query [20]. In
contrast, learned indexes employ a machine learning model, e.g., a
neural network, which takes a query vector as an input and outputs a
relevance score for each bucket. This predicted relevance can be used
for both organizing the vectors into buckets and for selecting buckets
during search. Because the model is trained on the actual data distribu-
tion, it should be able to learn more complex relationships between the
query and the buckets than the distance function, improving routing
quality [8, 51].

Learned index implementations vary significantly in their (i) struc-
ture, (ii) model architecture, and (iii) training procedures.

10
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Similar to tree-based indexes, many learned indexes are organized
hierarchically. The Learned Metric Index [8] has a tree structure with
a routing model at each node. BATL [12] organizes the buckets into a
tree structure but uses a single routing model to predict the full paths
of the tree.

The routing model can be any machine learning model, including
linear regression, random forests, or Gaussian mixture models, as
explored in 8, 9]. However, most works are focused on using neural
networks, ranging from simple MLP [8], to attention-based architec-
tures [12], and deep neural networks [52, 11].

Training can be based on an existing partitioning (supervised) [8],
or the index can learn its own partitioning (unsupervised) as proposed
in [9]. BLISS [10] uses an iterative re-partitioning approach, where
the routing model is trained on the current partitioning, then the
partitioning is updated based on the model’s predictions, and this
process is repeated until convergence.

This thesis focuses on the Learned Metric Index (LMI), specifically
the scalable version introduced in [14]. The details of its architecture
and training are discussed in Chapter 2.

1.4.1 Degradation Under Dynamic Updates

Before discussing the performance of learned indexes in dynamic
workloads, we need to understand how updated data relates to the
original dataset. Distribution shift [53], a phenomenon mainly studied
in machine learning, describes how the relationship between inputs
and outputs changes between training and testing phases. A subset
of this issue also occurs in indexing. When the dataset on which an
index is built differs significantly from the inserted data, performance
can degrade [54]. This challenge affects both standard and learned
index structures.

We identify three distinct update scenarios based on how new data
relates to the partition boundaries created by the index (for the original
data distribution): (i) uniform insert, where new data follows the same
distribution as existing data; (ii) distribution-shift insert, where new
data either does not align with existing partitions or concentrates in
a single partition; and (iii) delete shift, where deletions create gaps in
the original distribution.

11
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The quality of a learned index depends on two factors: partitioning
quality, based on the properties defined in Section 1.3.2, and routing
quality, which refers to how accurately the routing model predicts
bucket relevance for queries. As illustrated in Figure 1.1, all the men-
tioned dynamic scenarios degrade one or both factors.

Under uniform insertion, (see Figure 1.1a), routing remains correct
since the data distribution is preserved. However, as buckets accumu-
late more objects, the search must process additional candidates to
maintain the same recall.

Out-of-distribution (OOD) inserts seen in Figure 1.1c produce a
similar issue. The OOD vectors accumulate in a single bucket, so if the
search navigates into that bucket, it has to process a disproportionately
large number of candidates.

Distribution shift inside the bounds of the partitioning, shown in
Figure 1.1b, introduces routing error in addition to bucket size issues.
The new data does not align with the partitions, meaning that buckets
ranked as less relevant by the routing model may now contain objects
closer to the query than those in more relevant buckets.

Delete shift (see Figure 1.1d) creates similar routing problems
through data removal. The model continues to predict based on the
original distribution, directing queries to buckets that once contained
relevant neighbors but now hold only the remaining, farther data.

Index quality would stabilize only if uniform insertions and dele-
tions occurred at the same rate, maintaining stable bucket sizes and
partition boundaries. However, this idealized scenario rarely occurs in
practice, which means that dynamic workloads require periodic index
updates to preserve performance.
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® Original data B3
Deleted Data B3
New data

(c) Out-of-distribution Insert (d) Delete Shift

Figure 1.1: Effects of insertions and deletions on index partitions. Orig-
inal data is shown in blue, inserts in yellow, deletions in light blue,
and the query point in green. (a) When newly inserted data follows
the original distribution, the existing partition boundaries remain rel-
evant. Distribution shift occurs when new data (b) crosses partition
boundaries or (c) disproportionately concentrates in a single parti-
tion. (d) Deletions create gaps in the distribution, making boundaries
inaccurate.
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1.4.2 Dynamization of Learned Indexes

The degradation described in Section 1.4.1 is caused by the index being
static. In this context, the term static index does not refer to the index’s
ability to support insert and delete operations, but to the fact that
it does not adapt in any way to the changing dataset. In contrast, a
dynamic index modifies its structure in response to data updates.

The naive approach to achieving dynamicity by rebuilding the
entire index is computationally expensive. Effective methods for dy-
namic workloads must be able to maintain search quality and efficiency
without incurring the cost of full retraining.

Since partitions and the routing model are tightly coupled, we
identify three possible approaches to updating learned indexes for
dynamic workloads: (i) continual dynamicity, which updates both the
partitions and the routing model together; (ii) structural dynamicity,
which keeps the routing model fixed while extending the partitioning;
and (iii) temporal dynamicity, which treats the model and buckets as a
single component, not updating either, unless it involves rebuilding
the index as in the initial constructions.

Continual dynamicity updates the whole index incrementally as data
evolves, potentially adding or removing buckets and extending the
model architecture accordingly. Updating the model for new buckets
without full retraining requires continual learning techniques [55].
This introduces challenges such as catastrophic forgetting [56], where
the model gradually loses performance on the original distribution
as it adapts to new data. Although there are various approaches to
mitigate these issues, such as replaying old training data or modifying
the loss function [56], they only delay the need for a full retraining of
the model.

Structural dynamicity maintains a hierarchical index structure with
local modifications at the leaf level. Overpopulated buckets are han-
dled by either (i) replacing the bucket with a new sub-index con-
taining multiple partitions, or (ii) reorganizing sibling buckets under
their parent model into a new model with more partitions. Under-
populated buckets are discarded with their parent model adjusted
accordingly. This strategy was first applied to one-dimensional learned
indexes [57] and later adapted for metric spaces in [15], enabling the
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LMI to adapt to density variations through localized restructuring
rather than global retraining.

Finally, temporal dynamicity views the entire learned index as a
static black box component within a larger dynamic structure. The
Bentley-Saxe decomposition [16] was developed for dynamizing static
solutions to decomposable searching problems. A conceptually similar
approach has been successfully employed in Log-Structured Merge
trees (LSM-trees) [58], which provide write-optimized storage in
NoSQL databases such as Cassandra, Level DB, and HBase [59]. This
method can also be applied to learned indexes, by organizing data
across multiple static indexes of geometrically increasing sizes, with
new data residing in small, lightweight indexes while older data mi-
grates to progressively larger structures. The multi-level hierarchy
maintains search quality by triggering rebuilds of individual static
components in response to inserts, avoiding full index reconstruction.
The components are ordered by insertion time, with recent data in
smaller indexes and older data in larger structures. These temporal
properties enable efficient filtering or bulk deletion of historical records
by targeting specific components.

Building on the success of temporal decomposition in key-value in-
dexes, this thesis applies the temporal dynamicity approach to enable
learned indexes in dynamic settings.
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2 Static Learned Index Interface

The temporal decomposition approach treats static learned indexes
as black-box components. The static index must therefore expose a
minimal interface to be integrated into the framework we propose in
Chapter 3.

The requirements can be implemented by any learned index, re-
gardless of its specific architecture or training procedure. In this chap-
ter, we demonstrate this by implementing the interface using the
Learned Metric Index (LMI) [8], specifically the scalable version
from [14]. Most notably, we show how to easily extend the LMI to
support naive insert and delete operations, which are typically not
supported by static indexes, but are required for our framework.

As discussed in Section 1.4.2, despite supporting these operations,
the learned index remains static because it does not adapt to the up-
dates. Section 2.6 empirically evaluates this behavior on LMI, showing
how performance degrades under dynamic workloads.

2.1 Required Operations

To be compatible with our framework, the static learned index must
support the following operations:

® INITIALIZE(Mpyckets): INitializes an empty index with #pyckets
buckets. Allocates internal data structures but does not train
the routing model.

e nserT(X, I): Inserts a batch of m vectors X € R¥*™ with cor-
responding identifiers I € IN" into the index. Must handle (i)
initial insertion into a new index, (ii) insertion into a partially
filled index, and (iii) insertion into an empty index. Details of
these scenarios are discussed in Section 2.3.

e DELETE(0id): Removes the vector with identifier oid from the
index. Returns true if successful, false otherwise.

e prEDICT((): Evaluates the routing model on query vector g and
returns a list of bucket-probability pairs, sorted from the highest
probability.
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- - - -

OID to Bucket

N —

Routing Expandable Hash Map
Model Buckets

Figure 2.1: Static LMI consists of: (i) expandable buckets which store
vectors and their ids, (ii) a neural network routing model that takes
a vector as an input and predicts the relevance of each bucket to the
vector, and (iii) a hash map that maps vector ids to their assigned
buckets.

e emrPTY(): Removes all vectors and identifiers from the index
while preserving the routing model and bucket structure for
reuse.

e GeT_BUCKETS( ): Returns the current bucket collection with stored
vectors and identifiers.

e GeT_N_oBJecTs(): Returns the number of vectors currently in-

dexed.

The following sections provide a conceptual overview of the index
structure and functionality. The detailed description of the LMI con-
figuration and pseudocode of its non-trivial operations is included in
the Appendix A.2.

2.2 Index Structure

As depicted in Figure 2.1, the static LMI is composed of a neural
network routing model, a collection of expandable buckets for vector
storage, and a hash map. Each vector in the index is associated with a
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unique global identifier (OID) provided by the user during insertion,
which enables point deletion and retrieval operations independent of
the vector’s position within the index structure.

2.2.1 Expandable Buckets

An expandable bucket is a variable-size container that stores vectors in
insertion order, without internal sorting or spatial organization. Unlike
traditional partitioning schemes that enforce balanced bucket sizes,
expandable buckets have no maximum size limit to accommodate
skewed data distributions.

Each bucket supports three primary operations: (i) insertion of a
vector and its OID, (ii) exhaustive search for k-nearest neighbors, and
(iii) deletion of a vector by its OID.

The unstructured design allows appending new vectors in constant
time (not taking reallocation costs into account) regardless of bucket
size, but search and deletion scale linearly with bucket occupancy:.

2.2.2 Routing Model

The routing model is a fully connected feedforward neural network
that maps d-dimensional input vectors to bucket assignments. The
architecture consists of an input layer with d neurons (matching the
dataset dimensionality), a single hidden layer with 128 neurons using
ReLU activation, and an output layer with b neurons (one per bucket)
using softmax activation.

Given an input vector x € R?, the network produces a probability
distribution P over buckets. The predicted relevance of bucket i for x
is given by:

P(bucket; | x) = softmax(h(x)); (2.1)

where i : R? — R’ represents the routing model, and h(x) is the
output of the model given input x.

The purpose of the model is to guide the insert and search oper-
ations by predicting the probability (relevance) of each bucket for
a given input vector. The mechanism of this routing for insert is de-
scribed in Section 2.3 and for search in Section 2.5
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2.2.3 OID to Bucket Mapping

The index maintains an auxiliary hash map that maps each vector OID
to its assigned bucket. This structure provides expected O(1) lookup
time to determine whether a given OID exists in the index and, if so,
which bucket contains it. Without this hash map, deleting a vector by
OID would require scanning all buckets, resulting in O(n) complexity
where 7 is the total number of indexed vectors.

2.3 Insert

The nserT operation handles three scenarios: (i) initial insertion into a
newly initialized index, (ii) naive insertion into a partially filled index
with an existing model, and (iii) reinsertion into an emptied index.

This overloading is a design choice that simplifies the interface
while allowing implementation flexibility. By having this logic within
the interface, we keep the framework general while allowing the naive
insert and reinsert to be tailored to the specific underlying index. For
example, some static indexes may already support incremental retrain-
ing or more sophisticated naive insertions. Rather than requiring the
framework to be aware of such variations, the interface allows each
index to leverage its own capabilities.

Without making assumptions about the underlying index beyond
the standard capabilities of a static learned index, the three scenarios
can be implemented as follows. Initial insertion builds the index from
the batch of data as it would in a static scenario. Naive insert uses
the same mechanism as search. The routing model predicts bucket
relevance for the incoming vector and inserts it into the most relevant
bucket. For reinsertion, the existing model is removed, and the initial
insertion procedure is reused.

Figure 2.2 illustrates the control flow of the insert operation for
LMI. The reinsertion variant updates the training configuration and
then performs the same steps as initial insertion, but with the new
configuration. We refer to this process as retraining and discuss it
in depth in Section 3.3.2. The following sections describe the LMI
training procedure and vector organization for the initial insert. The
pseudocode encompassing all three insert scenarios is included in
Algorithm 4.
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Figure 2.2: Control Flow of the static LMI inserT operation. The proce-
dure varies based on the index state. For a new index, initial insertion
trains the model and organizes vectors into buckets. For naive inser-
tion into a partially filled index, training is skipped, and vectors are
routed into the most relevant bucket. For an empty index, the training
configuration is updated, and the initial insertion procedure is reused.

Since INSERT involves training, its input has to be a reasonably sized
batch of vectors. This is ensured by the framework, as discussed in
Section 3.3.

2.3.1 Training Phase

Training consists of sampling, k-means clustering, optional label bal-
ancing and validation splitting, and supervised learning of the neural
network. All training parameters are configurable and specified in
Table A.3, and the full procedure is depicted in Algorithm 5.
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Sampling

Training on the entire inserted dataset can be computationally ex-
pensive. Therefore, a subset of size nsample is sampled uniformly at
random, without replacement, from the incoming vectors. The sample
size is constrained by:

40 - Npyckets < Nsample < M (22)

Where m is the total number of vectors in the insertion batch and
Npuckets 18 the number of buckets in the index. The lower bound en-
sures approximately 40 samples per cluster for reliable k-means con-
vergence [60]. When early stopping [61] is enabled in the training
configuration, the sample size is increased by 20% to accommodate a
train-validation split without reducing the training set size.

K-means Clustering

The sampled subset is partitioned into k = npyckets clusters using the
Faiss k-means implementation [18]. Each vector x; in the sample is
assigned to a cluster y; € {1,..., Npuckets } - These assignments serve
as the labels for the neural network training.

Label Balancing and Validation Split

K-means does not guarantee balanced cluster sizes, potentially pro-
ducing skewed cluster sizes. Training on imbalanced data can bias the
neural network toward predicting frequent classes, degrading routing
quality for underrepresented regions.

To address this, the training set is resampled using PyTorch’s
WeightedRandomSampler [62], so the sampling probabilities are in-
versely proportional to cluster frequencies. This ensures each cluster
contributes equally to gradient updates during training.

If early stopping is enabled, the balanced dataset is split into train-
ing and validation subsets using an 80/20 ratio. Both balancing and
validation splitting are optional and controlled by the training config-
uration (see Table A.3).
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Model Training

The neural network is trained via supervised learning to predict k-
means cluster assignments. Training follows a standard supervised
process consisting of forward passes, loss computation, backpropa-
gation, and weight updates. The parameters and pseudocode for the
training loop are provided in Algorithm 5.

2.3.2 Vector Organization

After training, all vectors in the inserted batch are organized into buck-
ets. Each vector x is assigned to the bucket with the highest predicted
probability:

bucketAssignment(x) = argmax;c; _ P(bucket; | x). (2.3)

-Mbuckets }

The vector and its identifier are appended to the selected bucket, and
the hash map is updated accordingly.

2.4 Delete

The DELETE operation removes a vector from the index given its OID.
The hash map provides an expected O(1) lookup to identify which
bucket contains the vector. If the identifier is not found, the operation
returns false. Otherwise, the bucket is scanned linearly to locate and
remove the vector, and the corresponding hash map entry is deleted.
The operation returns true upon successful removal.

The deletion physically removes the vector from the bucket, shrink-
ing the bucket’s storage. This hard delete approach avoids the data
accumulation and query degradation associated with soft deletes.

The overall time complexity is O(n;), where 1, is the size of the
bucket containing the deleted vector. For the full procedure, see Algo-
rithm 1.

2.5 Search

While the required interface only includes the preDICT Operation, we
describe the complete searcH procedure as it is essential for both
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evaluating index quality and designing the dynamic framework’s
search strategy.

Given the query vector g, the index first evaluates the routing
model to obtain a probability distribution over buckets (see Algo-
rithm 2), then sorts buckets in decreasing order of predicted prob-
ability. Buckets are visited in this order until a stopping criterion is
met. For each visited bucket, all its vectors are compared against the
query using the distance function, and the top k candidates from each
bucket are identified.

The searcH operation receives a candidate budget 71,nqidates- How-
ever, once a bucket is selected, all its vectors must be examined, so
the actual number of evaluated vectors may exceed this budget. The
search visits buckets By, B;... until their cumulative size meets (or ex-
ceeds) Ncandidates at bucket Bj, meaning the actual number of processed
candidatesis Y_}_, |B;| .

After visiting the selected buckets, the top k candidates from all
buckets are merged, and the k vectors with the smallest distances to
g are returned as the approximate nearest neighbors. Algorithm 3
captures the details of this operation.

2.6 Performance Evaluation

Learned indexes are not designed to handle dynamic updates. Even
though this chapter describes the implementation of naive insert and
delete operations for the static LMI, these operations lack mechanisms
to maintain search quality after the updates. Therefore, after a series
of updates, the search quality will inevitably degrade.

We conducted preliminary experiments evaluating search qual-
ity under four different insertion scenarios. In the Static Baseline sce-
nario, LMI was trained on the entire dataset. The three insert scenarios
trained LMI on different initial subsets: Uniform Insert used a random
sample, Slight Shift Insert used three distinct clusters, and Extreme Shift
Insert used only one cluster. In all scenarios, the remaining vectors
were inserted using naive insert. The detailed experimental setup is
explained in Section 4.2.

Figure 2.3 shows recall curves for all of the aforementioned scenar-
ios. Both distribution shift scenarios show significant recall degrada-
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Figure 2.3: Recall of LMI with different subsets of dataset used for
training. Static Baseline uses the whole dataset, Uniform uses a random
sample. Slight Shift uses three distinct clusters, and Extreme Shift only
one cluster. The plot shows recall as a function of candidates evaluated
(objects examined during search) on the LAION2B-300K dataset with
k = 30. Uniform Insert exhibits minimal degradation, performing
nearly identically to the Static Baseline. Distribution shift scenarios
show progressively worse performance, with Extreme Shift Insert
having the most significant recall drop.

tion. The Uniform Insert shows barely any difference from the baseline,
which is because in both cases, the size of the dataset is the same, so the
bucket size issue described in Section 1.4.1 is not present. However, in
the next section, we show that even this scenario leads to degradation
of some aspects of the index.

2.6.1 Understanding Performance Degradation

Although LMI’s recall and efficiency have been reported extensively,
the individual factors contributing to search quality were not analyzed.
Understanding the root causes of recall degradation is essential for
maintaining search quality in dynamic settings.
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For learned indexes (and other partition-based indexes), data is
organized into buckets. During search, a routing model orders buckets
by predicted relevance. The candidate budget determines how many
buckets to explore, with each selected bucket searched exhaustively
by comparing all its vectors to the query.

Consider an index with 100 buckets of 1000 vectors each. If the
ground truth neighbors for a query are scattered across five buckets
and 7candidates = 3000, the search evaluates only three buckets, never
reaching perfect recall regardless of routing quality. Conversely, if
all ground truth neighbors reside in a single bucket but the routing
model ranks it poorly, e.g., as the last bucket to be visited, the search
also cannot find the true neighbors.

These examples showcase that low recall can stem from either poor
selection of buckets (routing failure) or suboptimal data distributions
(partitioning failure). To address this, we propose the following metrics:
(i) Ground Truth Buckets and (ii) Ground Truth Bucket Candidates that
tackle partitioning quality, and (iii) Wasted Effort, which targets routing
quality.

These metrics serve as diagnostic tools for understanding the be-
havior of the index and guiding the design of the dynamic framework.

Ground Truth Buckets

The number of buckets containing ground truth neighbors (GT) indi-
cates how these neighbors are distributed across partitions for a given
query. When ground truth neighbors scatter across many buckets,
achieving high recall requires exploring more partitions (and pro-
cessing more candidates), even if the model was routing optimally.
For a given query ¢, we define the Ground Truth Bucket Count (GT
Buckets) as:

GT_Buckets = |{B; :i € {1,..., Npuckets }

ABiNGI(g) £ B}, 24

where GT(g) is the set of ground truth neighbors for g, and B; is the
set of vectors in i bucket. This metric captures the minimal number
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of buckets that must be explored to find all ground truth neighbors
for a given query, providing insight into partitioning quali’cy.1
Additionally, we observe the size distribution of ground-truth-
containing buckets. A configuration where one disproportionately
large bucket contains most ground truth neighbors can achieve high
recall if routing succeeds, but imposes a high computational cost due
to exhaustive within-bucket search. For this reason, we define the
Ground Truth Candidates metric (GT Candidates), which counts the
number of candidates in the buckets containing GT neighbors:

GT_Candidates = Z |Bi|

ie{l/--vnbuckets} (25)
AB,NGT(q)£D

Figure 2.4 shows the partitioning diagnostics for LMI insertion
scenarios. The GT Buckets distribution, shown in Figure 2.4a, reveals
only slight differences, with Uniform Insert appearing nearly identical
to the Static Baseline. However, the GT Candidates distribution in
Figure 2.4b shows that even Uniform Insert requires processing more
candidates to find GT neighbors. For the distribution shift scenarios,
this effect is amplified. The Extreme Shift scenario has queries that
would require processing nearly 10% of the dataset to find all GT
neighbors.

Wasted Effort

Given a fixed partitioning, we need to quantify how well the rout-
ing model directs queries to relevant buckets. For this, we propose
the Wasted Effort metric, which measures how much more work is
required to reach a given recall level compared to ideal routing. It is
defined as the ratio of candidates actually processed versus the theo-
retical minimum with perfect routing (buckets sorted by GT neighbor
count):

WE@r — ncandidates(rr aCt‘ual) . 1, (2.6)
Ncandidates (T, optlmal)

1. To compare indexes with different bucket counts, we can report the percentage
of buckets containing ground truth neighbors rather than the absolute count.
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Figure 2.4: LMI partitioning quality in different distribution shift sce-
narios. The GT Buckets remain relatively stable. GT Candidates de-
grade slightly in the Uniform Insert scenario, but show significant
degradation with more aggressive distribution shifts.
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where 7 is the target recall level, ncandidates (7, actual) is the number
of candidates the routing model requires to achieve recall r, and
Neandidates (7, Optimal) is the minimum with optimal bucket ordering.

The metric has a lower bound of 0 (perfect routing), and an upper
bound determined by the dataset. A value of WE@r = 0 indicates op-
timal routing for that recall level, while higher values indicate routing
inefficiency. For example, if achieving 0.95 recall requires processing
5000 candidates but perfect routing would achieve it with 2000, then
WE@95 = 1.5, meaning the search had to process 1.5 times more
candidates than necessary, due to a routing failure.

Figure 2.5 shows Wasted Effort for the LMI insertion scenarios.
The Uniform Insert scenario curve remains close to the Static Baseline,
indicating that the previously observed recall differences stem pri-
marily from partitioning quality. For both Slight and Extreme shifts,
the curves spike at low recall levels, then decrease toward 0 but stop
around 1, suggesting the model identifies relevant buckets but ex-
plores many irrelevant ones first. Their final values of WE@95 ~ 1
also show the model processed twice as many candidates as necessary,
because it visited irrelevant buckets in addition to incorrectly ordering
the relevant ones.

The naive solution to performance degradation in learned indexes
is periodic rebuilding [15]. However, rebuilding the index requires
retraining the routing model and reorganizing all vectors, imposing
substantial computational overhead that grows with dataset size. For
applications with continuous updates, frequent rebuilds become pro-
hibitively expensive. In the next chapter, we propose a temporal de-
composition framework that maintains search quality under dynamic
workloads without requiring full index reconstruction.

28



2. StaTic LEARNED INDEX INTERFACE

Wasted Effort at Recall Threshold

—— LMI Extreme Shift

—_—

6

5 —— LMI Slight Shift

4 —— LMI Static Baseline
3 LMI Uniform

2

. _\—__/\

0

50% 60% 70% 80% 90% 95%

Figure 2.5: Wasted Effort as a function of recall threshold for different
insertion scenarios. Static Baseline and Uniform Insert maintain low
wasted effort (WE < 1) across all recall levels, indicating efficient
routing. Distribution shift scenarios exhibit higher wasted effort that
peaks at mid-range recall thresholds. At high recall (95%), stabilize
around 1, indicating that while the routing model eventually explores
the correct buckets, it also directs search toward many irrelevant ones.
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3 Dynamic Learned Index

Maintaining a learned index under continuous updates requires that
retraining occurs frequently enough to prevent degradation, but full
index reconstruction scales with dataset size and becomes more ex-
pensive as data accumulates. We propose a solution to this problem
through a dynamic framework based on temporal decomposition.

The key insight driving the decomposition approach is that build-
ing a small new index for a batch of incoming data is significantly
cheaper than merging the batch with the existing dataset and retrain-
ing on the combined data. Moreover, a new index handles distribution
shifts effectively, whereas inserting into an existing index would lead
to degradation observed in Section 2.6.

As illustrated in Figure 3.1, the framework organizes data across
multiple static indexes of geometrically increasing sizes. New data
enters small indexes, and when they fill, their contents are merged
into progressively larger ones. The largest and most expensive indexes
are rebuilt least frequently, amortizing reconstruction costs across
updates.

The standard Bentley-Saxe decomposition [16] rebuilds a static
index whenever data is merged into it. From the insights in Section 2.6,
we know that a learned index can absorb a certain amount of inser-
tions if it does not cause a significant distribution shift. Based on this,
our framework allows partial inserts into the static indexes, further
delaying rebuild costs.

As mentioned, the proposed framework is general and applicable
to any index implementing the interface from Chapter 2. We demon-
strate the framework by instantiating it with LMI, creating the Dy-
namic Learned Index (DLI). The full summary of DLI’s configurable
parameters is provided in Table A.1. The rest of this chapter describes
the DLI architecture and functionality, while Chapter 4 evaluates the
various design choices and performance of DLI compared to other
indexes.
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Figure 3.1: Dynamic Learned Index structure showing the buffer and
multiple levels with geometrically increasing sizes. Each level contains
a' buckets, where a is the arity and i is the level’s index. The buffer
(level 0) holds the newest data while lower levels contain progressively
older data. The detail view (right) shows a level’s internal structure
with routing model, buckets, and OID to bucket mapping.

3.1 Components

As shown in Figure 3.1, DLI consists of multiple levels and a buffer.
We identify the levels using index i € {1,..., L}, where L is the total
number of levels.

The number of levels grows dynamically with dataset size and has
an upper bound of L < log, (1), where n is the total number of indexed
vectors and 4 is the arity determined by the index configuration.

Level 1 is referred to as the highest level, while levels with larger
indices are called lower, as visualized in Figure 3.1.

The buffer is referred to as level 0, though it lacks the predict oper-
ation since it contains no routing model. This consistent numbering
simplifies the description of cross-level operations.
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3.1.1 Buffer

The buffer is a storage unit for inserted vectors and their identifiers
(OIDs). It provides a staging area for new data before integration
into the levels, which require larger batches for training their routing
models. This design allows the DLI to handle single-vector inserts
efficiently without disrupting the underlying multi-level architecture.

The buffer has the same interface as the expandable buckets de-
scribed in Section 2.2.1, but with a fixed capacity defined by the con-
figuration parameter buffer size b.

3.1.2 Levels

Each level is an instance of LMI, satisfying the interface from Sec-
tion 2.1. The number of buckets on a level 1, (i) is determined by the
arity a and the level index i:

ny(i) = a'. (3.1)

This exponential growth ensures that upper levels, which are fre-
quently updated, remain small and efficient to manage, while lower
levels accommodate larger volumes of data with less frequent updates.

Each level has a maximum capacity derived from the buffer size
and arity:

Crnax(i) = b-a' = b - ny(i) (3.2)
and a minimum capacity defined by the size of the previous level:
Conin(i) = b - a1 = Crax (i — 1). (3.3)

These constraints are enforced during dynamic updates as described
in Sections 3.3 and 3.4.

3.2 Functionality

DLI offers the following operations:

e InrTiALize(con fig): Initializes an empty index with the specified
configuration parameters.
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e INSERT(X, 0id): Inserts a single vector x € RY with identifier oid
into the buffer. Buffer overflow is handled internally without
user intervention by a process called compaction, described in
Section 3.3.1.

e DELETE(0id): Removes the vector with identifier oid from the
index. If the vector cannot be located in the index, the operation
returns false as explained in Section 2.4.

e SEARCH(], k, Ncandidates): Returns the k approximate nearest neigh-
bors of query vector g € R¥ constrained by candidate budget
Ncandidates- 1he search procedure is described in Section 2.5.

The full list of configurable parameters for DLI is in Table A.1.

3.3 Insert

The external interface for inserr is designed to be simple: users insert
individual vectors without managing batch sizes or compaction trig-
gers. Internally, DLI accumulates vectors in the buffer and triggers
compaction when the buffer reaches capacity. This process is depicted
in Algorithm 6.

Most inserts are O(1) buffer appends. Every b-th insert triggers a
compaction procedure whose cost depends on the compaction strategy
and the current index size.

3.3.1 Compaction

When the buffer reaches its capacity, its data is moved into the levels
through compaction. Data always moves downward through the hi-
erarchy, maintaining temporal organization (older data on the lower
levels, newer data on the upper ones). The exponential growth of
levels ensures that upper levels, which are updated frequently, remain
small and efficient. This design allows the index to adapt to distribu-
tion shifts because the upper levels can quickly learn to route new
data, while lower levels provide stability because they are trained on
a broader representation of the embedding space.

At initialization, the index contains only the empty buffer. When
the bulffer fills to its capacity b for the first time, level 1 is created,
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and the data is moved into it, freeing the buffer. Since Cmax(1) =0 - a
and each buffer batch contains b vectors, level 1 can accommodate the
tirst a buffer batches before reaching its capacity, requiring further
compaction.

In subsequent compactions with multiple existing levels, a com-
paction strategy determines how data moves downward through the
structure. We propose two strategies: (i) Leveling, which moves data
one level at a time, and (ii) Bentley-Saxe, which merges data from
several levels in a single operation.

Leveling Compaction

The Leveling strategy [63] identifies the highest level i with sufficient
free capacity to accommodate data from level i — 1. If no such level
exists, a new level is created. Data then moves downward in a sequence:
first, level i — 1 inserts its data into level i; then level i — 2 inserts into
the emptied level i — 1; continuing upward through the levels until
level 1 inserts into level 2, and finally the buffer is emptied into level 1.
Each insertion uses the LMI insert operation. A more precise depiction
of the process can be found in Algorithm 8.

Bentley-Saxe Compaction

The Bentley-Saxe strategy [16] identifies the highest level i with suffi-
cient free capacity to accommodate all objects in levels 0,1, ...,i — 1.
If no such level exists, a new level is created. All data from levels 0
through i — 1 is then merged and inserted into level i in a single insert
operation. The procedure is shown in Algorithm 7.

3.3.2 Level Retraining

The LMI’s default behavior for insertion into an emptied index is to
discard the existing model and retrain from scratch on the new data,
as discussed in Section 2.3. This ensures the model is trained on the
current data distribution. However, as shown in Section 2.6, when new
data follows a similar distribution, the existing routing model performs
well. We designed several retraining strategies that reuse the existing
model to varying degrees, potentially reducing training time while

34



3. Dynamic LEARNED INDEX

maintaining search quality. Specifically, we propose: (i) No Retrain,
which skips training entirely, (ii) Retrain From Scratch, the LMI default
behavior, (iii) Full Retrain, which preserves model weights, and (iv)
Partial Retrain, which preserves model weights and also modifies the
training configuration.

The effectiveness of these strategies depends on the similarity be-
tween the old and new data distributions, and their performance is
evaluated in Section 4.5.1.

No Retrain

Skips model training entirely, reusing the existing model weights.
This minimizes training time but, without a reliable way to detect
distribution shift, risks severe search quality degradation if the new
data distribution differs significantly from the original.

Retrain From Scratch

Discards the previous model and re-trains on the new data as if it
were a newly initialized index. This is the baseline LMI behavior since
it is most reliable but also most computationally expensive.

Full Retrain

Full retraining uses the same training configuration as initial training
but does not reset the model weights. This approach may be most
effective in combination with early stopping. If the new data distri-
bution is similar to the one used for the initial training, the model
is already near convergence, and training terminates quickly. If the
distribution differs, the model requires more training epochs to adapt.
However, for significantly different distributions, this strategy may
degrade search quality compared to retraining from scratch, as the
model must unlearn the old distribution before learning the new one.

Partial Retrain

Partial retraining preserves previous model weights but modifies the
training configuration by reducing the number of epochs or adjusting
the learning rate to encourage adaptation to the new distribution
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rather than fine-tuning. Specific parameter modifications are detailed
in Section 4.5.1.

3.4 Delete

The DELETE Ooperation performs a hard delete, completely removing the
vector from the index rather than marking it as deleted. Starting from
the largest level, DLI attempts to execute the LMI delete operation
on each level. If the delete succeeds on a particular level, the process
terminates. Otherwise, it continues to the next level until the object
is found and deleted or all levels are exhausted. The pseudocode for
this procedure is included in Algorithm 9.

Searching from the largest levels first is an optimization based on
the assumption that recently inserted objects (which reside in small
upper levels) are less likely to be deleted than older objects. Even if the
deletes are random, large levels have a bigger probability of containing
the vector we want to delete.

The expected time complexity is O(L + b): O(L) for hash map
lookups (excluding worst-case scenarios) across levels to locate the
vector, and O(b) for the linear scan within the bucket to remove it.

3.4.1 Level Underutilization

Frequent deletes can cause levels to become underutilized, contain-
ing fewer than Cpin (i) vectors. This creates two problems: unreliable
routing and insufficient retraining.

First, the routing model becomes unreliable because it was trained
on data that no longer represents the actual distribution in the level.

Second, underutilization breaks the assumption that enables par-
tial inserts. Partial inserts work because new data does not overwhelm
existing data in the level, allowing the old model to handle minor dis-
tribution shifts without retraining. However, in an underutilized level,
the incoming data is no longer small relative to the sparse existing
data. The new data dominates the level, rendering the old model stale.

To prevent this, after each delete, the index checks for underutiliza-
tion in the level from which the object was deleted. We consider a level
i to be underutilized if the number of objects it contains is less than its
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minimum capacity, as defined in Section 3.1.2. If underutilization is
detected, we trigger a rebuild procedure, defined in Algorithm 10.

3.4.2 Rebuild

When a level becomes underutilized, we merge its data with data from
one or more upper levels and insert them into a chosen target level.
If the target level is empty, this also triggers retraining. The process
preserves temporal ordering: data from level i can only move to level
j > iif all intermediate levels are empty or are also being merged into
the target.

Target Level Selection

Given an underutilized level i, the target level could be level i itself,
some lower level j > i, or the immediate upper level i — 1, depending
on the occupancy of surrounding levels.

The target selection aims to create a smaller number of larger, fuller
levels rather than many sparsely populated levels, since larger levels
are more stable and provide better search performance. The target
level is selected in order of preference (once a condition is satisfied,
remaining options are not considered):

1. The closest non-empty lower level j > i, if it has free capacity
exceeding the number of objects in level i.

2. Level i itself, if there exists a non-empty upper level j < i.

3. Leveli — 1. From the previous condition, we know thatlevel i — 1
is empty, and combined with the underutilization condition,
this implies that i — 1 has sufficient capacity for all objects in
level i.

The selection process is precisely described in Algorithm 11.

Which levels are merged into the target level depends on the re-
build strategy. We designed two strategies: (i) Basic and (ii) Greedy. For
experimental comparison, we also include (iii) No Rebuild, a baseline
that skips rebuilding entirely.
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Basic Rebuild Strategy

The basic strategy merges data from exactly two levels: the target level
and one source level, where one of them is the underutilized level i.
This minimizes the immediate cost of rebuilding. If the target level is
not i, then level i is the source. Otherwise, the source is the nearest
non-empty upper level.

Greedy Rebuild Strategy

The greedy strategy consolidates multiple upper levels into the tar-
get level in a single rebuild operation. Starting from the target level’s
free capacity, the heuristic moves upward through the hierarchy, ac-
cumulating all levels that fit within the remaining capacity. This pre-
emptively consolidates data to prevent future frequent rebuilds and
improves search performance by creating larger, more stable levels,
but incurs a higher immediate cost due to increased data movement.

3.5 Search

The searcH operation proceeds in three stages. First, the prepICT Op-
eration is performed on each non-empty level to obtain probability
distributions over all buckets in the DLI. Then, buckets from all lev-
els are globally ordered using a search strategy, and the top buckets
that meet or exceed the candidate budget are selected. Finally, the
selected buckets are visited by performing an exhaustive KNN search
within each bucket, and the results are merged into the global result
set returned to the user. The procedure is captured in Algorithm 12.

3.5.1 Search strategies

In the static LMI, the probability distribution P, created by the routing
model, is used to order buckets. In DLI, we must handle multiple prob-
ability distributions from models on different levels, plus the buffer,
which has no model and thus no assigned probability distribution.
The search strategy defines how to order buckets across levels and
incorporate the buffer into the ordering.
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Two factors complicate cross-level bucket ordering. First, models
on different levels have exponentially increasing numbers of output
neurons. Although the softmax function bounds probabilities to [0, 1],
absolute values are not comparable across levels. A 0.5 probability
on a level with 2 buckets is less significant than 0.5 on a level with
100 buckets. Second, for uniform data and query distributions, lower
levels have a higher probability of containing true nearest neighbors
(because they contain more data), but also a higher probability of
incorrect bucket assignments due to the large number of outputs.

We propose the following strategies for cross-level bucket ordering:
(i) KNN Driven, which moves through the levels in a fixed order; (ii)
Model Driven, which orders buckets directly by their model probabili-
ties; and (iii) Model Driven Normalized, which normalizes probabilities
to account for level differences.

KNN Driven Strategy

The KNN strategy (KNN_SS) organizes buckets on each level by
their model probabilities, then constructs a conceptual tree structure
for traversal. The buffer serves as the root. Buckets on each level are
partitioned into groups of a buckets, with each group assigned as
“children” of a bucket on the previous level. This creates a tree where
each non-leaf node has a children.

Traversal follows a depth-first approach. Starting from the buffer,
descend to the highest-probability bucket on level 1, then to its highest-
probability child onlevel 2, and so on to the deepest level. After visiting
all buckets at the deepest level in the current branch, backtrack and ex-
plore the next highest-probability branch. This interleaves levels while
respecting probability ordering within each level, without explicit
cross-level probability comparisons.

The precise description of the process is included in Algorithm 13.

Model Driven Strategy

This Model-Driven strategy (MD_SS) orders buckets directly by their
assigned probabilities, without any form of normalization. It is sim-
ple and efficient but suffers from the cross-level comparability issues
described in Section 3.5.1, leading to suboptimal search quality.
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Model Driven Normalized Strategy

The Model Driven Normalized strategy (MDN_SS) addresses cross-
level comparability through normalization. Consider a model on
level i that is equally confident in all its buckets. For all buckets
bix,k € 1...my(i), the softmax probability P(b;i|q) ~ 1/a'. If the
same holds for a model on a lower level j where j > i, then the soft-
max probabilities are P(b;|q) ~ 1/a/ < 1/a’. Without normalization,
this biases search toward upper levels (which have higher average
probabilities per bucket), even when models are equally confident.
Worse, under complete uncertainty, lower levels should be searched
preferentially since they contain more data and thus a higher proba-
bility of containing true neighbors.
The normalized strategy orders buckets by a score:

score(b; ) = P(bix|q) - a'. (3.4)

With this normalization, if a model is equally confident in all its buck-
ets, score(b; ;) ~ 1 regardless of level.
The buffer is treated as level 0 with a normalized score

score(buffer) = 1.0. (3.5)
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4 Experiments

The experimental evaluation is divided into three parts: validation
of the decomposition approach, evaluation of DLI parameters, and
comparison of DLI performance across multiple datasets and against
other indexes.

We begin by comparing LMI degradation under dynamic updates
(especially with distribution shifts) to the degradation caused by
distributing the indexed dataset across multiple levels. This confirms
that the multilevel structure does not introduce unreasonable routing
errors and is therefore a viable approach for the dynamization of
learned indexes.

After validating the decomposition approach, we explore the DLI
design space by evaluating all the attributes in Table A.1 to identify
the optimal DLI configuration. To avoid a full grid search over the
parameters, we split this evaluation into three rounds, each targeting
a specific subset of attributes: (i) structural experiments: we fix the
search strategy, compaction strategy, arity, and buffer size, using these
values in subsequent rounds; (ii) delete experiments: we evaluate
rebuild strategies under workloads with deletions; (iii) training ex-
periments: we evaluate training settings and retrain strategies under
distribution shifts.

Once we establish the optimal DLI configuration, we test it across
multiple datasets to validate that findings generalize beyond the initial
experimental dataset. Finally, we compare DLI to other indexes under
dynamic workloads and distribution shifts to assess its advantages
and limitations.

Before describing the experiments, we detail the experimental
design and datasets used in the evaluation.

4.1 Experiment Methodology

Because this thesis focuses on dynamic indexes, each experiment sim-
ulates continuous updates through repeated cycles of insertions, dele-
tions, and search evaluation.

An experiment consists of multiple batches. In each batch, a spec-
ified number of insert and delete operations are executed, followed
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by search evaluation. The operations are performed sequentially (e.g.,
inserting one vector at a time) to simulate a realistic usage rather than
bulk operations.

In most of the experiments, we use 20 batches of uniform sizes
determined by the full dataset size. In experiments with deletes, an
initial batch (10% of the dataset) populates the index before the insert-
delete cycle begins.

Each experiment scenario is defined by (i) workload, (ii) delete
method, (iii) data distribution, and (iv) query distribution. The following
sections describe the purpose and available options for each of these
parameters.

Workload

The workload parameter defines the ratio of inserts to deletes in each
batch:

1. Only-insert (OI): For scenarios without deletes (1:0 ratio).

2. Heavy-insert (HI): For each x insertions, delete x /10 vectors
(10:1 ratio, index grows aggressively).

3. Medium-insert (MI): For each x insertions, delete x/2 vectors
(2:1 ratio, more stable growth).

4. Constant-insert (CI): For each x insertions, delete x vectors
(1:1 ratio, constant index size).

Delete Method

The delete method defines which vectors are selected for deletion:

1. Random delete (RD): Uniformly random selection across all
indexed vectors.

2. Oldest delete (OD): Delete the oldest inserted vectors, simu-
lating a sliding time window.

42



4. EXPERIMENTS

Data Distribution

Data distribution parameter defines how the data changes from one
batch to the next:

1. Uniform distribution (UD): Data is uniformly distributed
across the embedding space.

2. Shifted distribution (SD): Batches are drawn from sequentially
ordered clusters, cutting across cluster boundaries. This creates
a gradual distribution shift as the indexed data transitions from
one cluster to the next over time.

The LAION2B [64] dataset, used in most experiments, has a uni-
form distribution, with queries also uniformly distributed across the
same embedding space. To evaluate DLI performance under distribu-
tion shift, we create a clustered version of the LAION2B 10M subset
using k-means clustering with 10 clusters. The clusters are ordered by
proximity. We select a random starting cluster, then iteratively append
the cluster nearest to the most recently added cluster. This sequen-
tial ordering enables a gradual distribution shift, simulating a more
realistic drift than ordering the clusters randomly.

Query Distribution

The query distribution parameter defines the relationship between
queries and indexed data:

1. In-distribution (ID) queries: Queries are drawn from the same
distribution as the inserted data and remain constant across all
batches.

2. ID-sampled queries (IDS): Queries are sampled from a pool
of vectors set aside during insertion.! Under shifting data dis-
tributions, these queries remain in-distribution relative to the
current dataset, but the query set changes across batches.

1. Vectors in the query pool are never inserted into the index, ensuring no overlap
between indexed and query vectors.

43



4. EXPERIMENTS

Table 4.1: Experimental scenarios.

Scenario Name | Workload | Data | Query | Batches | Delete
Distr. | Distr. Method
Insert-only Ol UD ID 14+20 | —
Heavy-R HI (10:1) UD ID 1+ 20 | Random
Medium-R MI (2:1) UD ID 1+ 20 | Random
Constant-R CI (1:1) UD ID 1+ 20 | Random
Heavy-O HI (10:1) UD ID 1+ 20 | Oldest
Medium-O MI (2:1) UD ID 1+ 20 | Oldest
Constant-O CI (1:1) UD ID 1+ 20 | Oldest
Shift-ID Ol SD IDS 20 | —
Shift-OOD Ol SD OODQ 20 | —
Shift-M Ol SD MQ 20 | —

3. Out-of-distribution (OOD) queries: Queries are sampled from
a different distribution than the inserted data.

4. Mixed queries (MQ): Queries remain constant throughout
the experiment, but the data distribution shifts over time. As a
result, queries that are initially out-of-distribution gradually be-
come in-distribution as the indexed data’s distribution migrates
toward the query distribution.

We distinguish between ID and IDS queries because IDS requires
setting aside a portion of the dataset as a query pool, reducing the
amount of indexed data compared to the ID scenario. This may affect
search quality. Similarly, the OOD scenario requires setting aside an
entire cluster for queries. However, we primarily compare configu-
rations within each scenario rather than across scenarios, so these
differences in dataset size should not affect our conclusions.

Table 4.1 summarizes the parameter combinations used during
experiments, referred to as scenarios. For the number of batches, value
1 + 20 indicates one initial batch, without deletion, and 20 standard
batches.
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Table 4.2: Datasets used in experiments.

Dataset Dimension | Size | Distance Function
LAION2B-300K [64] 768 300K Cosine
LAION2B-10M [64] 768 10M Cosine
LAION2B-100M |64 ] 768 100M Cosine

DEEP1B-10M [65 | 96 10M L2
VIBE ImageNet [7] 640 250K Cosine
VIBE Llama [7] 128 1,2M Inner Product

4.1.1 Datasets

Unless stated otherwise, experiments use the LAION2B-10M dataset.
Final evaluation of the optimal DLI configuration is performed on
all datasets in Table 4.2, which lists their sizes, dimensionality, and
distance functions.

4.1.2 Hardware

All the experiments were conducted on Metacentrum to ensure con-
sistent hardware for efficiency measurements (for more details, see
Appendix A.1). The only exception is Section 4.5.1, which involved
only initial experiments for pruning of retrain strategies based on
recall, not efficiency.

4.1.3 Implementation

The DLI was implemented in Python. We used PyTorch [62] for effi-
cient handling of vectors and Faiss [18] for k-means and KNN compu-
tations.

The implementations of indexes we use for comparison in Sec-
tion 4.7 often only support bulk insertion or use different approxi-
mation parameters for search. The next sections describe the specific
settings and adjustments made to evaluate these indexes in the same
experiments as DLI.
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HNSW

For HNSW we used the Faiss Library [18] implementation with stan-
dard parameters: M=16, efConstruction=100, efSearch=100.
Because Faiss HNSW does not natively support even soft deletion,
we have extended the index with soft delete functionality by keeping
track of the vectors that would be deleted. During the search, we pass
this list to the HNSW implementation, which is able to filter them out
from the results, so we do not have to implement additional filtering.

IVFFlat

For IVFFlat, we also used the Faiss Library [18]. The number of par-
titions (nlist = +/|first batch|) was chosen based on the recommen-
dations in [66]. This index uses the number of buckets (nprobe) as
the approximation parameter. During search, we set it to imitate the
Neandidates = DOK parameter in DLI to nprobe = 50K/ (Avg bucket size).
This means nprobe decreases as more data is inserted into the index.

Periodically Rebuilt LMI

For best comparability, we use the same extended LMI version as
in the DLI implementation. The npyckets = 11110 was set to match
the total number of buckets in the compared DLI index, once the
tull 10M of vectors are inserted. Additionally, we set the number of
epochs to 15, and the number of hidden neurons to 512, based on the
recommendations in [14]. The rebuild period was set arbitrarily to 4
batches.

4.14 Memory measurements

Section 4.7.1 compares the memory overhead of each index structure,
excluding vector storage. For LMI and DLI, memory usage is measured
directly using PyTorch’s element_size function to account for rout-
ing model parameters and vector identifiers. For IVFFlat and HNSW,
memory overhead is estimated based on their internal structure docu-
mentation, as the Faiss library does not expose these measurements.
Details are provided in Appendix A.4.2.
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4.1.5 Search parameters

All experiments performed search with k = 30. The experiments in
Section 4.2 had an unlimited candidate budget to allow computation
of search quality metrics at all recall thresholds.

For all the other experiments, with DLI or LMI n_candidates was
set to 50K. IVFFlat and HNSW had separate search parameters, based
on their implementation specifics described in the previous section.

4.2 DLI comparison to LMI

In the first part of the experiments, we validate that temporal de-
composition is a viable approach for dynamizing learned indexes.
The construction cost savings of this approach are established by the
Bentley-Saxe decomposition and demonstrated by LSM trees. How-
ever, LSM trees assume exact search on each level, so distributing the
data into levels does not degrade search quality. For ANN search, this
raises the question of whether multilevel navigation degrades index
performance.

Because this initial experiment serves as proof of concept for the
multilevel architecture, it does not follow the batch-oriented design
from Section 4.1. We use the clustered LAION2B-300K dataset with
ID queries, varying which portion is used for training to simulate
distribution shift across the following scenarios: LMI Static Baseline
(trained on the full dataset), LMI Slight Shift (trained on three clusters),
LMI Extreme Shift (trained on one cluster), and DLI Snapshot. DLI
Snapshot distributes data evenly across 7 levels with arity a = 3
( 270 vectors per bucket, empty buffer). While a distribution shift
occurs between levels, each level is trained on all its data, ensuring
balanced distribution within the level. This idealized setup isolates the
multilevel architecture’s impact from, e.g., compaction and retraining
strategies evaluated later.

All LMI variants use 1092 buckets, matching DLI’s total across
all levels, ensuring bucket count does not affect partitioning quality
differences. Both LMI and DLI use the default training configuration
(Table A.3), with DLI using the MDN_SS search strategy.

Routing and partitioning quality of the LMI variants was evaluated
in Section 2.6. Applying the same metrics to DLI Snapshot (detailed
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Figure 4.1: Recall curves demonstrating DLI’s effectiveness compared
to LMI. DLI outperforms the shift scenarios at recall levels below 0.95
(e.g., 15K vs 50K candidates for 0.9 recall). LMI starts showing an
advantage in the Slight Shift scenario after 60K candidates, which is
an unrealistic candidate budget for practical applications.

in Appendix A.5) reveals two key findings. First, DLI significantly
improves GT Candidates, achieving results nearly identical to the LMI
Static Baseline. Second, DLI exhibits slightly worse routing quality;,
visiting more irrelevant buckets overall. However, the next section
demonstrates that strong partitioning quality compensates for this
routing inefficiency, maintaining competitive overall performance.

4.2.1 DLI vs LMI Overall Search Quality

Figure 4.1 shows the recall curves. DLI achieves higher recall at lower
candidate counts than both Extreme and Slight Shift scenarios, con-
firming that although the multilevel architecture introduces routing in-
efficiency, the partitioning quality improvement outweighs this draw-
back.

The routing degradation only becomes visible at very high recall
thresholds (above 95%), where Slight Shift LMI begins to outper-
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form DLI. However, realistic search scenarios would not operate at
these thresholds: reaching 95% recall in this experiment requires ap-
proximately 60K candidates, which is 20% of the entire dataset. At
practical recall levels, DLI maintains superior performance. Because
DLI buckets are more balanced, visiting an irrelevant bucket in DLI is
less costly than incorrectly visiting the overpopulated buckets present
in distribution shift scenarios.

Based on these results, we conclude that DLI is a viable solution
to the LMI degradation problem. The following sections describe the
three rounds of experiments aimed at identifying the optimal DLI
configuration.

4.3 Structural Experiments

The first round of experiments focuses on the structural parameters
and evaluates them on the Insert-only scenario. This allows us to
isolate the impact of these parameters on index structure without the
additional effects of distribution shifts.

We run the Insert-only experiment on all the combinations of arity,
buffer size, compaction strategy, and search strategy from Table A.1,
obtaining statistics about inserts and search operations for all batches.

4.3.1 Search Strategy

We begin by evaluating the search strategy, as it has the greatest im-
pact on recall, which is one of our primary metrics. Additionally, the
search strategy decides bucket ordering during search, influencing
routing quality but not partitioning quality. The other parameters (ar-
ity, buffer size, compaction strategy) affect partitioning quality. This
independence allows us to evaluate the search strategy first and fix it
for subsequent experiments.

Figure 4.2 shows recall and queries per second (QPS) grouped by
search strategy across all experiments. MDN_SS outperforms the other
strategies on both metrics. For search effectiveness, MDN_SS has the
least variance in recall, avoiding extreme outliers below 50% present
in both KNN_SS and MD_SS. These outliers occur when the strategy
explores buckets on the wrong level, most frequently in KNN_SS
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Figure 4.2: Search strategy performance across all configurations.
MDN_SS (Model Driven Normalized) achieves the best recall with
median 90% and tight distribution, avoiding the catastrophic out-
liers below 50% present in MD_SS and KNN_SS. While MD_SS has
marginally higher throughput (55 vs 52 QPS), MDN_SS'’s superior
recall stability makes it the clear winner. KNN_SS performs worst on
both metrics.

because it changes levels arbitrarily without considering the routing
model predictions.

In terms of efficiency, KNN_SS performs worst due to its more
complicated bucket ordering process. MD_SS has slightly higher aver-
age throughput than MDN_SS (55 vs 52 QPS), but this difference is
negligible compared to MDN_SS’s recall improvement.

Based on these observations, we use MDN_SS as the search strategy
in all subsequent experiments.

4.3.2 Compaction Strategy

With the search strategy fixed, we compare the two compaction strate-
gies across all combinations of arity and buffer size (see Table A.1 for
all tested values). Although the compaction strategy does not directly
impact search, it affects partitioning quality, which in turn affects
search quality.
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Figure 4.3: Compaction strategy performance across all configura-
tions. BS_C achieves higher recall, averaging 90%, while L_C improves
search efficiency (53 QPS compared to 47 for BS_C).

Figure 4.3 shows recall and QPS values measured across all batches.
Bentley-Saxe compaction (BS_C) leads to higher recall, averaging 90%,
while Leveling (L_C) improves search efficiency (53 QPS compared
to 47 for BS_C). The difference in QPS may seem unexpected because
BS_C performs more aggressive compaction, which should lead to a
smaller number of levels and thus to faster search. To understand this
behavior, we need to look at the distribution of search time.

The total search time consists of two main parts: model evaluation
time (the query is passed through the model on each non-empty level)
and linear search time (each visited bucket is searched exhaustively).

As mentioned, BS_C is more aggressive, merging multiple levels
into one and leaving other levels empty. This means it spends less
time on model evaluation than L_C, where the number of levels only
increases.

However, more levels also mean data is more distributed, leading to
more granular buckets. This gives L_C an advantage: smaller buckets
prevent “overshooting” the candidate budget in the final exhaustively
searched bucket. Figure 4.4 confirms this. While BS_C has lower model
evaluation overhead, its linear search time is much higher than L_C's.
Because model evaluation overhead is an order of magnitude smaller
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Figure 4.4: Effect of compaction strategy on search time components.
BS_C has lower model evaluation overhead, but its linear search time
is higher than L_C’s. Because the search inside buckets dominates
over the model evaluation, L_C is the more efficient strategy.

than linear search time, L_C’s advantage in linear search outweighs
its model evaluation overhead, leading to higher overall QPS.

Finally, we examine insert performance. Figure 4.5 shows that
inserts per second (IPS, on logarithmic scale) are generally higher for
BS_C. While lower-end outliers are similar for both strategies, BS_C
achieves much higher upper-end outliers, with some batches reaching
up to 20K IPS compared to L_C’s maximum of 3K IPS.

The similarity in the low range occurs because creating a new level
costs approximately the same in both strategies. The main cost com-
ponent is model training, which scales linearly with the number of
training vectors. Since both strategies use the same sample thresh-
old for training, the cost of creating a new level is identical. BS_C
has additional overhead from accumulating data from all higher lev-
els (Leveling merges only one level at a time), but this is marginal
compared to the training cost.

However, L_C moves data across multiple levels during a single
compaction. While the first move costs the same as in Bentley-Saxe,
subsequent moves, though cheaper because they involve smaller lev-
els, still increase total compaction time, explaining Leveling’s lower
maximum IPS.
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Figure 4.5: Insert throughput across all configurations. Both strategies
show similar lower-end outliers, but BS_C has much higher upper-end
outliers, overall leading to faster insert performance.

In summary, although L_C achieves slightly higher QPS, BS_C
provides significantly better recall and insert throughput, making
it the superior choice overall. We use the combination of BS_C and
MDN_SS for the next experiments, which evaluate the impact of arity
and buffer size.

4.3.3 Arity and Buffer Size

As mentioned earlier, we conducted experiments with all the combina-
tions of arity (3, 5, 10) and buffer size (1K, 5K, 10K). Table 4.3 shows
average recall, QPS, IPS, and time cost per batch for each configuration.

For a fixed buffer size, higher arity leads to higher recall but lower
QPS and IPS. This occurs because, although higher arity means fewer
levels, managing one large level is more costly than managing multiple
smaller levels.

For fixed arity, the trend reverses. Higher buffer size leads to lower
recall but higher QPS and IPS. This occurs because a higher buffer
size allows levels to hold more data, reducing the number of levels
and improving efficiency. However, this also means buckets contain
more candidates on average, making navigation less precise.

Despite this precision tradeoff, the recall advantage of high arity
remains dominant: 2 = 10 achieves the three highest average recalls.
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Table 4.3: Arity and buffer size experiments.

Configuration | Avg Cost (s) | AvgIPS | Avg QPS | Avg Recall

a=10b =10k 83.89 | 8035.36 68.85 88.60
a=10b =5k 366.12 | 5801.18 40.58 92.18
a=10b =1k 610.60 | 2720.60 41.20 94.35
a=3b =10k 213.75 | 2894.99 69.31 84.56
a=3b=>5k 304.41 | 1897.14 42.39 88.64
a=3b=1k 1973.26 | 875.19 38.36 94.19
a=2b =10k 335.30 | 1581.10 65.57 83.04
a=2b=>5k 454.54 | 1193.57 54.82 87.81
a=2b=1k 1260.37 | 586.11 37.99 93.40

Based on a more detailed analysis of the configurations across
the whole dynamic scenario experiments on the 100M dataset (see
Appendix A.6), we conclude that the arity and buffer size should be
scaled based on the dataset size, with 2 = 10, b = 5k being the best
general choice.

In the following experiments, we use the MDN_SS search strategy,
BS_C compaction, and 4 = 10, b = 5K configuration to evaluate
rebuild and training strategies.

4.4 Delete Experiments

For the second round of experiments, we focus on delete functional-
ity, evaluating all delete scenarios from Table 4.1 with three rebuild
strategies: Greedy, Basic, and No Rebuild.

Similar to the compaction, rebuild does not directly affect the
search process. However, it creates different data distributions across
the index, which has an influence on insert and search performance.
We therefore report QPS, recall, and IPS metrics alongside delete
throughput (DPS).

First, we consider just the scenarios with Oldest Delete. Table 4.4
shows that the rebuild strategy has little to no impact on performance.
This is expected: due to DLI’s temporal organization, the oldest data
always resides in the lowest level. Because it is the largest level, delet-
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Table 4.4: Delete experiments — oldest delete method.

Rebuild Scenario Avg DPS Avg QPS Avg Recall
Greedy Constant-O  8906.83 63.60 95.44
Basic Constant-O  8556.38 65.67 95.44
NoRebuild Constant-O  9134.16 104.68 95.44
Greedy Medium-O  7228.61 37.37 92.60
Basic Medium-O  7230.09 43.29 92.51
NoRebuild Medium-O  7490.39 78.74 92.47
Greedy Heavy-O 7526.34 46.43 92.38
Basic Heavy-O 7966.01 51.95 92.16
NoRebuild Heavy-O 8294.27 64.45 91.93

Table 4.5: Delete experiments — random delete method.

Rebuild Scenario Avg DPS Avg QPS Avg Recall
Greedy Constant-R ~ 8210.63 58.19 96.41
Basic Constant-R ~ 8345.59 61.61 95.95
NoRebuild Constant-R 9071.15 110.58 95.87
Greedy Medium-R  7307.69 68.60 93.01
Basic Medium-R  7285.17 70.49 92.94
NoRebuild Medium-R  7969.14 96.56 92.73
Greedy Heavy-R 7406.98 55.42 92.12
Basic Heavy-R 7113.59 43.62 91.97
NoRebuild Heavy-R 7800.00 68.81 92.01

55



4. EXPERIMENTS

ing from it rarely causes underutilization and triggers a rebuild. When
it does, upper levels are typically non-empty, so the rebuild proce-
dure merges one or more upper levels into the lowest level, which
is equivalent to standard compaction. This exemplifies the temporal
organization advantage: deleting old data is efficient and has minimal
impact on search performance.

For the Random Delete variant, in Table 4.5 we see a clear trend
— No Rebuild has the highest throughput for all operations, Greedy
achieves the highest recall, and Basic generally remains in the middle.

Based on additional observations described in the Appendix A.7,
we conclude that Greedy is generally the optimal choice for rebuild
strategy, as it prevents index degradation into underutilized levels,
has the same computational cost as Basic, and delivers better recall.
Insert heavy settings can briefly lead to worse recall with this strategy,
but in that case, the compaction process will quickly rectify this. If we
could assume frequent inserts that trigger compaction often enough
to prevent prolonged suboptimal states, No Rebuild is also a valid
option.

4.5 Training Experiments

In the final round of configuration experiments, we evaluate the best
setup for the routing model by running experiments with different
data and query distributions.

4.5.1 Retrain Strategy

We evaluate retrain strategies from Section 3.3.2 (From Scratch, Full,
No Retrain) as well as Partial strategies that reuse model weights but
modify training configuration. All strategies start with the default
training configuration defined in Table A.3. The three Partial strategies
do the following modifications during retraining:

e Partial A: Trains for the full 10 epochs while preserving opti-
mizer state, resulting in less aggressive weight updates.

e Partial B: Resets optimizer state but trains for only 20% of nor-
mal epochs (2 epochs), resulting in fewer, more aggressive
updates.
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e Partial C: Combines both modifications: resets optimizer state
and trains for only 2 epochs.

For initial training configuration, we use the default settings from
Section 2.3.1. Due to the large number of strategies, we start with
preliminary experiments on the LAION2B-300K subset, evaluating
just the Insert-only and Shift-M scenarios.

Table 4.6 shows that Partial strategies generally perform worse
than Full and From Scratch, with one exception: Partial A performs
comparably in the uniform scenario with ID queries, though this may
be anomalous. These results align with the discussion in Section 3.3.2.
In scenarios without distribution shift, reusing the model without
retraining suffices and provides significant efficiency gains. However,
under a distribution shift, recall drops without retraining. Full and
From Scratch strategies show nearly identical results for both search
quality and insert throughput. Based on additional experiments in-
cluded in the Appendix A.7.1, we decided to use From Scratch as the
main retrain strategy moving forward.

Table 4.6: Retrain strategy experiments.

Retrain Scenario IPS QPS Avg Recall
From Scratch Shift-M 1095.72  92.39 74.60
Full Shift-M 1037.74  81.25 73.06
No Retrain Shift-M 4077.80 154.99 66.23
Partial A Shift-M 1413.61 114.34 73.80
Partial B Shift-M 2005.73 119.47 66.14
Partial C Shift-M 2067.24 129.34 66.74
From Scratch Insert-only 1193.81  99.29 86.75
Full Insert-only 1273.30  96.68 86.24
No Retrain Insert-only 4025.72 124.68 86.47
Partial A Insert-only 1178.32  85.08 87.01
Partial B Insert-only 1742.11 101.03 82.92
Partial C Insert-only 2021.07 118.04 81.81
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4.6 Evaluation on multiple Datasets

Based on the findings from the previous sections, we establish the
following optimal DLI configuration:

e Search strategy: Model Driven Normalized

Compaction strategy: Bentley-Saxe

Rebuild strategy: Greedy

Retraining strategy: From Scratch

Training parameters: 10 epochs, no early stopping

Arity and buffer size: Dataset-dependent; a = 10, b = 5K for
datasets in the tens of millions

We evaluate this configuration across multiple datasets, using the
Insert-only scenario (see Table 4.7). Insert throughput scales with
arity and buffer size: the 100M dataset achieves the highest IPS using
a =10, b = 10K, as expected from the previous experiments.

Recall is lowest on the 100M dataset due to the fixed 50K candidate
budget, which does not scale with dataset size. Given the fact that the
index contains 10 times more data than in the 10M variant, and the
query throughput is comparable, this recall drop is not unreasonable.

DLI maintains a relatively high recall even VIBE datasets (Llama,
ImageNet) with custom out-of-distribution queries.>. However, we
do see a decrease from the >90% recall values on the similarly sized
LAION2B and DEEP1B.

Overall, these results demonstrate that DLI is a viable solution for
indexing datasets of various sizes while maintaining good recall and
adapting to dynamic workloads.

2. VIBE OOD queries differ from our simulated OOD queries: VIBE uses queries
generated by different embedding models, while ours are a distinct cluster of the
same dataset as we insert into the index
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Table 4.7: Evaluation of DLI on multiple datasets.

Dataset a b IPS  QPS Avg Recall
LAION2B-100M 10 10k 6436.68 57.48 80.35
DEEP1B 10 1k 442027 86.73 90.58
VIBE Llama 3 1k 466125 132.75 87.46
LAION2B-10M 10 5k 5801.18  40.58 92.18
Vibe ImageNet 2 1k 106149 72.87 84.96

4.7 Comparison to Other Indexes

Finally, we compare the optimal DLI configuration to other indexes,
namely IVFFlat, HNSW, and a periodically rebuilt LMI, implemented
as described in Section 4.1.3.

We evaluated these indexes using the LAION2B-10M dataset. The
measured values are summarized in Table 4.8 for distribution shift
scenarios and Table 4.9 for delete workloads. We compare them to
two DLI configurations: DLI OPT and DLI S. DLI OPT is the optimal
configuration reached in the previous sections, witha = 10and b = 5k.
DLI S is almost identical but uses # = 2 and b = 1k for a better
adaptation to distribution shifts. The following sections describe the
results and insights from these experiments.

4.7.1 Memory Efficiency

HNSW consumes the most memory, as expected for a graph-based
index that maintains explicit neighbor connections. The soft delete
furthers this issue because no space is reclaimed, and additional mem-
ory is used to keep track of the deleted vectors. IVFFlat and LMI show
similar memory usage, while DLI (in both versions) achieves the low-
est memory footprint, marginally better than IVFFlat and LMI, but
substantially better than HNSW.
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Table 4.8: Comparison of DLI with other indexes — data and query
distributions.

Index Scenario Mem/MB IPS QPS Avg Recall
DLI OPT Shift-ID 31.86 4447.30 49.67 78.25
DLIS Shift-ID 3146 591.71 3343 89.16
HNSW Shift-ID 696.36 64.38 411.30 86.44
IVFFlat Shift-ID 41.21 6800.03 13.15 86.81
LMI Shift-ID 4256 3388.18 14.42 94.40
DLI OPT Shift-M 3249 347594 3454 68.78
DLIS Shift-M 31.69 52998 2235 83.60
HNSW Shift-M 710.24 64.36 524.65 84.17
IVFFlat  Shift-M 42.14 8319.47 9.06 84.27
LMI Shift-M 43.04 3747.67 15.96 90.28
DLI OPT Shift-OOD 3596 4353.77 41.71 53.63
DLIS Shift-OOD 30.16 566.01 36.18 76.08
hnsw Shift-OOD 687.86 68.01 737.53 65.76
IVFFlat  Shift-OOD 40.76 914058 12.83 74.65
LMI Shift-OOD 42.36 3405.60 12.24 83.94
DLIOPT Insert-only 38.44 5380.03 52.01 92.18
DLIS 2 Insert-only 31.74 49526 26.61 93.40
HNSW Insert-only 701.79 74.68 799.94 93.99
IVFFlat  Insert-only 41.59 661529 60.50 91.62
LMI Insert-only 4279 3693.08 17.35 96.65

4.7.2 Throughput Comparison
Insert-Only Workloads

DLI OPT provides an excellent balance between insert and query
throughput. In contrast, DLI S has lower QPS and significantly lower
IPS, as was expected due to its need to manage more levels. However,
it is still higher then the insert throughput of HNSW.

HNSW is optimized for search speed, achieving the highest QPS
but at the cost of insert throughput two orders of magnitude lower
than other indexes. It is important to note that the extremely low
insert performance of HNSW is caused by the fact that HNSW is
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Table 4.9: Comparison of DLI with other indexes — delete workloads.

Index Exp Mem/MB IPS DPS QPS Avg
Recall

DLIOPT HI/RD 38.70 6160.84 7406.98 5524 9227
DLIS2  HI/DR 3250 58745 819695 30.64 93.44
HNSW HI/RD 2087.15 51.04 — 403.71 93.76
IVFFlat HI/RD 42.67 6091.45 403.25 46.28 93.90
LMI HI/RD 42.85 391690 908991 17.83 96.72
DLI OPT MI/RD 2991 7502.17 7616.19 100.41 93.24
DLIS2  MI/RD 2461 68621 7649.50 40.12 95.07
HNSW MI/RD 7374.34 50.11 — 357.86 9281
IVFFlat MI/RD 28.99 6000.17 608.53 68.34 95.94
LMI MI/RD 36.06 3831.83 935190 14.45 97.49
DLI OPT CI/RD 20.13 7566.29 8210.63 57.75 96.35
DLIS2 CI/RD 13.08 676.76  5211.77 43.18 97.09
HNSW CI/RD 13983.21 50.03 — 411.66 84.64
IVFFlat CI/RD 12.13 6481.12 1324.18 94.19 98.68
LMI CI/RD 2713 4037.74 10199.99 1235 98.84
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optimized for bulk updates. Inserting vectors one by one represents
the worst-case scenario for this index. Additionally, the IPS falls down
significantly in higher batches due to the increasing dataset size. In
practice, both of these issues could be partially mitigated by using a
buffer and periodically rebuilding the index.

IVFFlat achieves the highest insert throughput among all indexes.
On uniform data, it also outperforms DLI in QPS. However, under
distribution shift, IVFFlat’s QPS drops dramatically, as it is not de-
signed for dynamic workloads and degrades significantly when data
distribution changes.

LMI shows the lowest QPS in all scenarios and lower insert through-
put than DLI, but the differences are not as extreme as with HNSW.

Workloads with Deletions

DLI OPT balances the extreme difference in throughputs for all opera-
tions. It achieves the highest IPS values, vastly outperforming HNSW,
although the gap with IVFFlat and LMI is smaller. In DPS, it is firmly in
the middle between the IVFFlat and LMI. We do not consider HNSW
in the DPS comparison due to its soft delete mechanism, which is
not comparable to hard deletes. Finally, even though HNSW main-
tains superior QPS by far, even in this metric, DLI shows a significant
improvement over LMI and comparable performance to IVFFlat.

For DLI S, we see the same trends as previously, with significantly
reduced performance in all operations compared to DLI OPT.

4.7.3 Search Quality
Insert-Only Workloads

DLI'’s primary limitation is search quality under a distribution shift.
In the uniform scenario, DLI OPT achieves competitive recall, even
slightly outperforming IVFFlat. When data distribution shifts, DLI
OPT exhibits the lowest recall among all indexes.

LMI maintains the highest recall across all scenarios. Its scheduled
rebuilds prevent the degradation observed in DLI, but they also lower
the average insert throughput. However, LMI still has significantly
more IPS than HNSW, suggesting it is a better option for dynamic
workloads with expected distribution shift.
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IVFFlat shows second-best recall even under distribution shift,
with a high IPS, but this comes with a hidden cost of slow search. Dis-
tribution shift causes inserted vectors to concentrate in a small subset
of buckets. When queries visit these overpopulated buckets, they find
many true neighbors but must also process many candidates, signif-
icantly overshooting the candidate budget. In the uniform scenario,
the absence of overpopulated buckets allows IVFFlat to maintain both
good recall and high search speed.

DLI S shows that by scaling down the arity and buffer size, we can
make DLI more adaptable to distribution changes. In this version, DLI
shows competitive recall values, consistently exceeded only by LMI.

Workloads with Deletions

In recall, DLI OPT outperforms only HNSW in the Constant Insert
scenario, but with a large margin of 10%. DLI Small again shows better
adaptability, with recall similar to LMI.

It is important to note that because all Delete scenarios use uniform
data distribution, and the growth of the dataset is limited by the
deletes, all indexes maintain very high recall and low variance, with
LMI being slightly superior in Heavy and Medium insert.

The only exception to this is HNSW in the Constant scenario. Be-
cause this scenario contains the most deletes, which reveals how soft
deletes degrade HNWS performance.

4.8 Summary

The comparison of DLI to LMI, IVFFlat, and HNSW reveals DLI’s
position in the design space of dynamic indexes: DLI excels in memory
efficiency and provides balanced throughput across insert, delete, and
query operations in uniform data scenarios.

However, DLI’s recall degrades under distribution shift. We are
able to mitigate this degradation by scaling down the levels, but it
introduces a significant decline in performance. These findings signal
that a more frequent retraining or adaptive compaction strategies may
be needed to adapt the DLI to distribution shift without decreasing
the arity and buffer size.
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In scenarios without distribution shift, DLI proved to be a compet-
itive solution, even surpassing HNSW in some delete workloads.

The comparison highlights that the main advantage of DLI is its
versatility. Each of the indexes can outperform DLI in a specific metric
or scenario, but they usually have to sacrifice their performance in
other areas. DLI doesn't prioritize any operation at the cost of others,
making it a strong candidate for unpredictable dynamic workloads.
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5 Conclusion

This thesis addressed the issue of dynamization of learned indexes
through a temporal decomposition approach. We have proposed a
general framework, which enables any learned index to accommodate
various dynamic workloads, provided it implements a minimal inter-
face. The main contributions of this work include: (i) definition of a
static learned index interface, (iii) design of a dynamic framework,
with multiple strategies for insert, delete and search operations, (iii)
implementations of Dynamic Learned Index — an instatiation of the
framework with LMI as the base static index, and (iv) thorough eval-
uation of the DLI’s design space and its comparison to other indexing
techniques.

We have designed evaluation metrics for analyzing learned index
degradation, decomposing search quality into partitioning quality
(GT Buckets, GT Candidates) and routing quality (Wasted Effort).

For each of the core DLI operations (insert, delete, search), several
strategies were presented, namely (i) compaction, (ii) search, (iii)
rebuild, and (iv) retrain. We found that Bentley-Saxe compaction and
Greedy rebuild were superior in their respective categories because
they consolidate more data into a single level at a time, maximizing
the data available for model training. For search, we designed the
Model Driven Normalized (MDN) strategy, which demonstrated that
normalizing model outputs enables effective traversal of the multilevel
structure. Finally, for retraining, we found that training the model from
scratch produces the most consistent results across diverse scenarios.

We used two DLI configurations to compare DLI against HNSW,
IVFFlat, and a periodically rebuilt LMI. This comparison showed that
DLI with small levels is able to adapt to distribution shifts, optimizing
recall, while DLI with levels scaled based on the dataset size has the
ability to balance throughput across all three core operations. This
trait is a unique feature of the DLI, compared to other indexes, which
usually excel in one functionality at the cost of others. As a result,
DLI could be a strong index candidate for settings with unpredictable
update patterns.
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5.0.1 Future Work

Based on the limitations revealed by the experiments, we propose the
following directions for future work.

Detection of distribution shift. By detecting changes in the in-
coming data, we could bridge the gap in search quality between DLI
and other indexes. This would put DLI into the position of the most
versatile index across all dynamic settings.

Adaptation to OOD queries. An interesting observation is that
DLI appears more sensitive to out-of-distribution queries than other
indexes. This finding deserves a future investigation into the source
of this sensitivity and potential mitigation strategies.

Flexible arity and buffer size. In our experiments, we concluded
that arity and buffer size should be chosen based on the approximate
size of the dataset. For DLI to be truly dynamic without any limitations,
we should propose an extension to the framework that would allow
for automatic scaling of arity and buffer size with the data volume.

Evaluation of rebuild strategies on distribution shift scenarios.
The rebuild strategies were evaluated only on the Insert-only work-
loads with uniform data distribution. It would be interesting to see
how they perform in scenarios with distribution shift, and if the No
Rebuild strategy would still be viable.

Evaluation with other learned indexes. The proposed dynamic
framework was implemented and evaluated only on the LMI as the
base index. Before it can be presented as a truly general technique, we
need to evaluate it in combination with different learned indexes.
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A An appendix

A.1 Configuration parameters

The implementations of LMI and DLI are highly configurable. Some
parameters are given to the index as an input based on the dataset
(e.g., distance function), and others can be defined by the user. In the
following sections, we provide details of these configurations.

A.1.1 DLI Configuration

Table A.1 summarizes the configurable parameters of the dynamic
framework. The default values are marked in bold.

Table A.1: DLI configuration parameters.

| Parameter | Purpose | Values | Variable
Arity Defines the rate of ex-| 2,3, 10 a
pansion of levels
Buffer Size | Maximum number of | 1K, 5K, 10K b
vectors in the buffer
Compaction | Method for level reor- | Leveling, compact_s
Strategy ganization Bentley-Saxe
Search Method for ordering | KNN_SS, search_s
Strategy buckets during search | MD_SS,
MDN_SS
Rebuild Method for reorgani- | No_Rebuild, | rebuild_s
Strategy zation during delete | Basic,
Greedy
Retraining | Method for retraining | No_Retrain, | retrain_s
Strategy empty index on new | From_Scratch,
data Full, Partial
Learned In- | Definition of the base | LMI Imi_config
dex Config- | static index and all its | (Table A.2)
uration necessary parameters
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Table A.2: LMI configuration parameters.

| Parameter | Purpose | Values | Variable |
Number How many partitions are in | A/ Mpuckets
of buckets | the cluster
Dimension| Dimensionality of the in-| Dataset d
dexes dataset dependent
Distance | Function used to compare | Dataset af
Function | indexed and query vectors | dependent
Hidden How many neurons are in | 128, 256, | neurons
neurons the hidden layer of the rout- | 512
ing model
Training | All the parametersrequired | (Table A.3) | train_config
configura- | for the training process
tion

A.1.2 LMI Configuration

Table A.2 summarizes the LMI configuration parameters, most of
which are given by the currently indexed dataset. When using LMI
in the dynamic framework, the ny,ciets is set by the framework, based
on the arity and current level. When using LMI as a standalone index
in Chapter 3, we set the 7pckets to match the total number of buckets
in the DLI we compare it to.

The nneurons = 128 value was fixed in the DLI based on a series of
preliminary experiments, including scaling the hidden layer with the
growing index size, but the results showed no notable improvement.

A.1.3 Training Configuration

All the parameters used for training the LMI the Table A.3. Parame-
ters that have multiple values are evaluated in the experiment chap-
ter, chosen based on preliminary experiments and recommendations
from [14]. In bold, we marked the values of the default configuration
used in all the DLI index experiments, excluding the ones targeting
the training itself in Section 4.5.
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Table A.3: Training configuration.

| Parameter | Purpose | Values | Variable
Learning Manage the speed of the | 0.001 Ir
Rate learning process
Number of | Maximum epoch exe-| 10, 20, 30 Nepochs
epochs cuted during learning
Loss Computing error of the | Cross loss
Function routing model Entropy
Optimizer | Adjusts the rate of | Adam optimizer
weight updates in addi-
tion to learning rate
Class Resamples data before | True, False | balancing
Balancing | training to ensure bal-
anced representation of
all classes
Early Stops training when val- | True, False | early_stop
Stopping idation loss does not im-
prove
Patience How many epochs of | 1,3, — patience
non-decreasing valida-
tion loss are acceptable
before training stops
Sample Number of vectors used | 100K , | sample_size
threshold for training 40 - Npycketss
full dataset
Validation | If early stopping is en- | 20%, — valid_ratio
split abled, defines the per-
centage of the training
sample that is set aside
for validation
Retrain Defines if model is reset | True, False | from_scratch
from when the index is emp-
scratch tied
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A.2 Static Learned Metric Index Functionality

The following algorithms describe the LMI implementation of the
non-trivial operations from Section 2.1. We will be using M : R"*4 —
R™*Mouckets to refer to the LMI’s routing model and B to refer to its col-
lection of buckets, with b € B being a set of vectors by and identifiers
b;. To obtain the model’s output for a given input vector or a set of
vectors, we will be using the notation M(x). Finally, the oid_b is used
to refer to the hash map containing mappings of OIDs to their vector’s
buckets.

A.2.1 Delete

The DELETE procedure uses the hash map to locate bucket containing
the OID to be deleted.

Algorithm 1: Delete(i)
Input: Vector OID to delete
Output: Boolean indicating success
if id ¢ oid_to_bucket then

L return False;

binder < 0id_to_bucket[oid];

Delete i from B[ bj,gex);

Update oid_to_bucket to reflect the changes;
return True;

A.2.2 Search

This section contains the searcH and associated prebicT procedure.

Algorithm 2: Prepicr(q)

Input: Query vector g

Output: Sorted list of buckets and their probabilities

logits <— M(q);

P <« softmax(logits);

pairs < [(B[l]' P[l])' (B[Z], P[Z]), Tty (B[nbuckets]/ P[nbuckets])];
sorted_result <— sort pairs by probability (desc);

return sorted_result;
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Algorithm 3: SEarcH((, k, ficandidates)

Input: Query g, neighbors k, candidate budget n1¢andidates
Output: Top-k nearest vectors to g, and their identifiers
sorted_B < Prebict(q);
C1<—@,Cx<—@,CD<—@,'
foreach b, p in sorted_B do
if ‘CI‘ > Neandidates then
L break;

bp < distances to g for each vectors in by;
Ci <+ CjUb;, Cx « CxUb, Cp <+ CpUbp;

I, X < select top k results from Cx, C; based on Cp;
return X, I;

A.2.3 Insert

LMI’s insert handles batches of vectors large enough for model train-
ing through two steps: training the routing model and organizing
vectors into buckets. The training procedure implements From Scratch
retraining by default; other strategies are implemented by disabling
the from_scratch flag and modifying the training configuration.
Algorithm 4: Insert(X, I)
Input: List of vectors X = {x1,x,...,x,} and corresponding ids

I =iy, ip,...,0in}
Output: Index contains the inserted vectors
// Naive inserts skip training;
if model is not initialized or index is empty then
// From Scratch retrain strategy;
if model is initialized and from_scratch then

Reset M weights and optimizer;

L Mark M as not initialized;

| TrainIndex(X');

oreachi € 1...|X|do

b, p < preDICT(X[{]);

Insert X[i], I[i] into b;

Update oid_to_bucket to reflect the changes;

=
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Algorithm 5: TrainIndex(X)

Input: List of vectors X = {x1,x2,...x,}
Output: Trained neural network model
// Could be true for the No Retrain strategy;
if ngpocns = O then
L return;
// Sampling;
sample < max(sample_size, 40 - Npyckets);
if early_stop then
| sample < sample - (1 + valid_ratio)
sample < min(sample, | X|);
Xsample <~ random sample from X of size sample ;
// Obtaining labels;
centroids <— KMeans (Xsamples Mbuckets);
y < bucket labels based on the closest centroids for x € X;
if balance then
L Xsample, Y < resampled Xsamples

if early_stop then

| Xsamples ¥ Xval, Yval 4= Split Xsample, y With the valid_ratio;
// Model training

patiencecounter, 105Spest <— 0, 00;
for e < 1 to ngpocns do
foreach batch (X, yp) from Xsapple, y do
loss « LF(M(X,), yu);

Backpropagate loss and update M weights;

e

f early_stopping enabled then

loss,, lf(M(Xval)/ yval);
if 1058y, < 10SSp,es; then

l0SSpest < 10SSya1;
patience_counter < 0;

patzencecount(gr < patlencecountgr + 1,
if patiencecoynter > patience then

L break;

I\Zark M as initialized;
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A.3 DLI functionality

This section contains algorithms describing the DLI operations defined
in 3.2. We will be using L and bu f fer to refer to the index components.

A.3.1 Insert

This section contains the main insert functionality and the associated
compaction procedures.

Algorithm 6: INserT(x, 7)
Input: Vector x and its OID i
Output: Index contains the inserted vector
Insert x, i into buf fer;
if buffer is at full capacity then
if search_s = Bentley-Saxe then
L COMPACT_BENTLEY-SAXE;

return;

COMPACT_LEVELING,

Algorithm 7: COMPACT_BENTLEY-SAXE( )
Input:
Output: Buffer is empty
Xai, Loy <= bufferx, buffery;
Empty buf fer;
foreach L; € L do
capacity < free space in L;;
if capacity > |X,;;| then
Li.anserT (Xai1, Lanr);
L return;

Xj, I} < vectors and OIDs in level L;;
Xan = Xan U Xy, Ly < L U I;
| LiempY();

new_level < new level with npyckets = alt! - b;
new_level.nserT (X7, Lo11);
Append new_level to L;
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Algorithm 8: comract_LEVELING()

Input:

Output: Buffer is empty

data_volume < |buf ferx|;

stop_level <— null;

foreach L; € L do

capacity <— free space in L;;

if capacity > data_volume then
stop_level < i;

L break;

| data_volume < |X| on from L;;

if stop_level is null then
new_level < new level with npyekets = alt! - b;
Append new_level to L;

stop_level <— new_level;

-

or i € stop_level,stop_level —1...2 do
X;, I; < vectors and OIDs in Li — 1;
L;_1.EmMPTY();

L; NseRT( X1, Lun);
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A.3.2 Delete

This section contains the main DELETE operation and rebuild strat-
egy. The target level selection (from Section 3.4.2) is captured in the
Algorithm 11.

Algorithm 9: DeLeTE(0id)

Input: OID of the vector to delete
Output: Boolean indicating success

if buf fer contains oid then

L Delete vector with oid from buf fer;

return True;

1 + null;
foreach L; € L do
if L;.pDELETE(0id) then

1+ 1i;
break;

if [ is null then
L return False;

occupancy < | X| on Lj;
if occupancy < b - a'~! then
L REBUILD(L;);

return True;
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Algorithm 10: reBuiLD(L;)

Input: Underutilized level L,
Output: All levels in the index are properly utilized
target, source <— SELECT_REBUILD_PARTICIPANTS(L;);
if target = -1 then

Flush buf fer into the first level;
L return;

source_data < vectors and OIDs in source;
source.EMPTY();
if rebuild strateqy = Greedy then
foreach L; € source ...L; do
source_data < source_data U vectors and OIDs in L;;
L L;.emr1Y();

target.INserT (source_data);
return;

Algorithm 11: SELECT_REBUILD_PARTICIPANTS (L)

Input: Underutilized level L,

Output: Target and source levels for rebuild

Liower < nearest non-empty level below L;;

if free space in L; + occupancy of Ljyy.r > capacity of L; then
target < Liower;

L return target, L;;

Lypper < nearest non-empty level above L;;
if free space in L; + occupancy of Lypper > capacity of L; then
L source < Lupper;
return L;, source;
if | = 1 then
L return L, -1;

return L), L;_q;
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A.3.3 Search

This section contains the main searcH functionality. The KNN Driven
search strategy is depicted in a separate Algorithm 13.

Algorithm 12: SEArRcH(q, k, Ncandidates)

Input: Query vector g, number of neighbors k, candidate budget
Mcandidates
Output: Top-k nearest vectors to g, and their identifiers
if search strateqy = KNN_SS then
L buckets < KNN_suckers(g);

buckets < [(buffer,1)];
foreach L; € L do
if L; is empty then
L continue;
level_predictions <— L;.PREDICT(]);
if search strategy = MDN_SS then
foreach (bucket, p) in level_predictions do
L LAppend (bucket, p - a') to buckets;

| Append level_predictions to buckets;

buckets <— sort buckets by probability (desc);
Ci+—Q,Cx <+ Q,Cp+
foreach b, p in sorted_B do
if |Cz| > Neandidates then
L break;

bp <+ distances to g for each vectors in by;
Ci+ CiUb;, Cx «+ CxUb, Cp <+ CpUbp;

I, X < select top k results from Cx, Cj based on Cp;
return X, I;
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Algorithm 13: KNN_suckeTs(q)

Input: Query vector g
Output: Sorted list of buckets and their probabilities
all_results < [[(buffer,1)]];
foreach L; € L do
level_predictions <— L; PREDICT(]);
L Append level_predictions to all_results;

labels «— [[]fori € 0...|L| —1];

indices < [];

counter < 0;

counter, indices <— prs_orper(0, labels, indices, counter);
ordered_buckets < [];

foreach level index, bucket_index in indices do
Append all_results[level_index |[bucket_index] to
ordered_buckets;

Return ordered_buckets;

Algorithm 14: prs_orper (current_level, labels, indices, counter)

Input: Current level index, list of already assigned labels for each
level, list of indices, and a counter for the current position
in the indices list

Output: current value of counter, list of indices in the order they

should be visited

counter < counter + 1;

last_idx < |labels|current_level ||;

Append (current_level, last_idx) to indices;

Append counter to labels[current_level];

if current_level is the last level in the index then

L return counter, indices;
ForEachi € 0...a counter, indices <

DFS_ORDER (current_level 4+ 1, labels, indices, counter);
return counter, indices;
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Table A.4: Used Metacentrum hardware.

| Cluster | CPU | Cores | Allocated Memory |
zenon | AMD EPYC 7351 16 200GB
elwe | AMDEPYC7532 | 32 1500GB

A.4 Experiment Specifications

A.4.1 Environment

All the experiments described in Chapter 4 were conducted on Meta-
centrum, to ensure consistent hardware for efficiency measurements.
The only exception is Section 4.5.1, which involved only initial experi-
ments for pruning of retrain strategies based on recall, not efficiency.
For the 100M dataset, we used the elwe cluster and 32 CPUs. Experi-
ments using all the other datasets were run on the zenon cluster with
8 CPUs. Their specifications are in Table A.4. The allocated memory
includes all the overhead required to keep the datasets in memory
and collect detailed statistics about the index performance.

A.4.2 Memory Estimation

Because IVFFlat and HNSW do not expose direct memory measure-
ments, we estimate the memory overhead of these indexes using the
following calculations.

A.4.3 HNSW Memory Estimation

We estimate the HNSW index overhead (excluding vector storage)
from three components. The graph structure stores neighbor IDs as
32-bit integers, consuming |N| - 4 bytes, where | N| is the size of the
neighbors array exposed by Faiss. Offset arrays for indexing neighbor
lists use 64-bit integers, requiring |O| - 8 bytes for the offsets array (O
is also an accessible parameter). The soft-delete implementation adds
a set of deleted IDs as 64-bit integers (|D| - 8 bytes).
Total overhead: Mpynsw = |N| -4+ |0| -8+ |D] - 8.
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A.4.4 TVFFlat Memory Estimation

We estimate the IVFFlat index overhead (excluding vector storage)
from two components. The quantizer stores ny;s centroid vectors of di-
mension d as 32-bit floats, requiring 7y, - d - 4 bytes. Vector identifiers
are stored as 64-bit integers, requiring n - 8 bytes for n indexed vectors.
These values are obtained from the index configuration (nlist) and
index state (ntotal).

Total overhead: Mygpiat = Miists - d -4+ n - 8.

A.5 DLI Partitioning and Routing Quality

Continuing the experiments in 2.6, we evaluate partitioning and rout-
ing metrics for DLI Snapshot described in Section 4.2

Starting with partitioning quality, Figure A.1 shows that although
DLI Snapshot is comparable to the LMI Shift scenarios in the GT
Buckets metric, the GT Candidates is almost identical to the Baseline.
This is expected behavior because the disjunct levels prevent some
similar vectors from being grouped together, but the freshly trained
models ensure that buckets are relatively balanced .

Moving to routing quality, in Figure A.2, we see that DLI performs
similarly to Slight Shift, with approximately 0.5 higher wasted effort
from 70% recall upward, making it significantly better than Extreme
Shift across most of the recall range. Near the 95% threshold, DLI
spikes to WE = 1.5, which is higher than all other variants. This indi-
cates DLI visits more buckets with no relevant candidates, suggesting
issues with ordering buckets from different levels.

A.6 Arity and Buffer Size Experiments

Following the experiments in Section 4.3.3, we perform a detailed
analysis of the observed metrics across the whole dynamic experiment.

Figure A.3 shows how recall and total cost per batch changes with
increasing dataset size.

1. Because training uses k-means, balancing is not guaranteed
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Figure A.1: Partitioning quality metrics comparing LMI and DLI. (a)
GT Buckets show similar distribution across all variants, with ground
truth neighbors scattered across 7-12 buckets per query. (b) GT Can-
didates CDF shows DLI Snapshot matches LMI Baseline performance
and significantly outperforms both shift scenarios. DLI eliminates
bucket overpopulation from distribution shift, requiring fewer candi-
dates to find ground truth neighbors despite a similar bucket spread
across levels.
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Wasted Effort at Recall Threshold

—— DLI Snapshot
—— LMI Extreme Shift
—— LMI Slight Shift

—— |LMI Static Baseline
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Figure A.2: Wasted Effort comparison for LMI and DLI. DLI Snapshot
performs similarly to Slight Shift for recall below 90%, maintaining
WE within 1.0-2.0. At 95% recall, DLI shows a spike to WE = 1.5,
the highest among all variants, suggesting routing inefficiency from
cross-level navigation. Extreme Shift exhibits the worst mid-range
performance (WE = 6.5 at 70%), while LMI Baseline maintains near-
optimal routing throughout.
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(b) Cost of batch in seconds (logarithmic scale)

Figure A.3: Recall and Cost across batches for a = 10 configurations.
The a = 10 b = 1k configuration achieves the highest recall but at a
much higher cost, while a = 10 b = 10k has the lowest cost but also the
lowest recall. The a = 10 b = 5k configuration provides a good balance
between recall and cost, maintaining high recall with a reasonable
cost across all batches.
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The b = 10K configuration not only starts with the lowest recall
but also shows the steepest decreasing trend, due to infrequent com-
pactions.

The b = 1K configuration adapts best to increasing dataset size in
terms of recall, due to the frequent retraining of smaller levels. This is
reflected in the total cost spikes, which indicate batches with expensive
retraining, with higher spikes corresponding to retraining at larger
levels.

The b = 5K configuration shows more stable costs, with most
batches remaining in the lower range of b = 1K, while maintaining
higher recall with less variance. The only outlier is batch 11, which
has a cost comparable to b = 1K due to the creation of a new level.
However, this cost is justified by a significant recall improvement that
propagates into subsequent batches.

Overall, the a = 10, b = 5K configuration provides the best balance
between recall and cost.

100M Dataset

We also evaluated arity and buffer size combinations on the larger
LAION2B-100M dataset, excluding the b = 1K setting due to compu-
tational cost. Table A.5 shows the general trends from the 10M dataset
hold. However, the high cost of a = 10, b = 5K does not translate to
sustained recall improvements. Although in Figure A.4 we observe
a significant recall increase to approximately 92% in the batch with
the highest cost (batch 11), recall drops back to the previous range in
subsequent batches.

In contrast, a = 10, b = 10K shows recall within 1-5% of b = 5K
while generally maintaining lower costs throughout. This suggests
that for larger datasets, 2 = 10, b = 10K provides a better balance
between recall and cost, while a = 10, b = 5K becomes too costly to
justity its recall improvement.

To summarize, we conclude that the Model Driven Normalized
(MDN_SS) search strategy and Bentley-Saxe (BS_C) compaction strat-
egy are the optimal choices for DLI. For arity and buffer size, 2 = 10,
b = 5K provides good recall across most scenarios. However, if we can
predict the expected range of the index size, for datasets exceeding
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Recall

(a) Recall

Total Cost per Batch

100k
10k
1k
0 5 10 15 20
——a=10b =10k —a=10b =5k ——a =3b =10k

a=3b=5k —a=2b=10k a=2b =5k

(b) Cost of batch in seconds (logarithmic scale)

Figure A.4: Recall and cost evolution across batches for a2 = 10 config-
urations on the 100M dataset. The b = 5K configuration achieves the
highest peak recall but with unsustainable cost and unstable perfor-
mance. The b = 10K configuration maintains comparable recall with
the lowest cost among all configurations, making it the optimal choice
for large-scale datasets.
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Table A.5: Arity and buffer size experiments — 100M dataset.

ID Avg Cost/ AvgIPS Avg QPS Avg Recall
Batch (s)
a=10b =10k 1315.59 6436.68 57.48 80.35
a=10b=>5k 14035.15 4057.29 47.42 84.13
a=3b=10k 2700.82 4007.90 64.09 75.62
a=3b=>5k  3272.63 2707.51 50.51 81.27
a=2b=10k 2560.05 2447.33 56.33 71.36
a=2b=>5k  4529.50 1656.54 45.63 7791

100M vectors, the buffer size should be scaled to b = 10K for better

efficiency.
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A.7 Delete Experiments

From the delete experiments summarised in Table 4.5, we see some
general trends across the strategies. However, the variance of the
metrics is too small to choose the best strategy based on the average
values. By analyzing how the key metrics change across the batches,
we can make three key observations.

First, Rebuild cost is always justified by improvement in recall.
This can be clearly seen in the Figure A.5, where the stable dataset
size makes it easier to isolate patterns in performance. Each batch
where DPS drops down also shows an upward spike in recall, which
stays equal to or higher than No Rebuild across the whole experiment.
Although this finding seems obvious, it is important to confirm that
rebuild is a beneficial operation. However, we need to note that the
inserts seem to be also affected by the rebuild, which poses a question
of how much throughput we are able to sacrifice for an approximately
1% recall improvement.

Second, Rebuild can disrupt the compaction process, especially
with frequent inserts. This is most evident in Figure A.7, where we
can clearly see how both rebuild strategies delayed the compaction.
In the insert graph A.7b, we see that the insert throughput for No
Rebuild drops sharply at batch 10, indicating a compaction event with
retraining, while Greedy and Basic maintain high insert throughput
until batch 12, when the delete graph A.7c shows a sharp drop in delete
throughput, indicating retraining there. The recall A.7a reflects this as
well, with No Rebuild spiking up at batch 10, while Greedy and Basic
only show a significant recall improvement at batch 12. Interestingly,
after batch 12, the recall for Greedy stabilizes at around 1% higher
than No Rebuild, which could mean a slight delay in compaction may
lead to better results overall.

Third, Greedy has the same cost as Basic but achieves higher
recall. This is clearest in Heavy Insert (Figure A.7, batch 12), where
DPS dips and recall spikes in both, but Greedy achieves 2% higher
recall than Basic. This mirrors the compaction findings in Section 4.3.2:
merging more levels simultaneously does not increase training cost
(because the number of training vectors is capped by the sample
threshold) but results in greater structural improvement, reflected in
higher recall.
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Figure A.5: Performance metrics for Constant Insert workload with
Random Delete. (a) Recall remains high (95-97%) across all rebuild
strategies, but Greedy is generally 1% better. (b) Insert throughput
fluctuates between 8K-18K IPS, with No Rebuild achieving the highest
peaks. (c) Delete throughput remains consistently high (8.5-9K DPS)
for all strategies, with minimal variation, and the drops in Basic and
Greedy strategies indicate when rebuild triggers retraining.
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Recall IPS per Batch
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Figure A.6: Performance metrics for Medium Insert with Random
Delete. (a) Recall shows a gradual decline from 96% to 90%, with a
spike near batch 20. (b) Insert throughput varies between 5K-15K IPS,
with sharp drops indicating that the batch included expensive com-
paction and retraining. (c) Delete throughput remains stable around
5K-7K DPS through batch 17, then drops sharply for Basic and Greedy,
suggesting they triggered retraining, but No Rebuild stayed high. In
general, the strategies show the same trends in all metrics, with the
curves being shifted on the x-axis when Greedy or Basic trigger re-
training sooner than No Rebuild.
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Figure A.7: Performance metrics for Heavy Insert with Random Delete.
(a) Recall curves are nearly identical across all strategies up to batch
10, then diverge when No Rebuild experiences compaction sooner.
However, the delayed increase in recall for Greedy propagates better
into subsequent batches. (b) The IPS shows the same trend, with all
strategies being nearly identical up to batch 11. (c) Delete throughput
remains stable around 5K-8K DPS, with a dip at batch 12, to around
75 DPS, where Greedy and Basic trigger rebuild. The Greedy rebuild
results in 2% higher recall improvement compared to Basic despite
identical computational cost.
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A.7.1 Early Stopping and Epochs

In the subsequent experiments, we continue with Full and From
Scratch retraining while varying the number of epochs (10, 20, 30)
and enabling early stopping for the 20- and 30-epoch variants. This
experiment compares From Scratch and Full retraining in a more flexi-
ble training setting to determine whether reusing a pretrained routing
model provides benefits.

Table A.6 shows that for the uniform scenario, recall is identical
across all variants, as expected from previous experiments. However,
IPS decreases with more training epochs, indicating that early stopping
does not work effectively.

This is confirmed in the OODQ variant, where From Scratch with
30 epochs achieves lower recall than 20 epochs, indicating overfitting.
Interestingly, Full with 30 epochs outperforms all other configurations
in the OODQ setting, a result not replicated in any other scenario.

Based on these results, we conclude that the default training con-
figuration with From Scratch retraining is optimal in most scenarios.
The scenarios with MQ and OOD queries could point to future re-
search directions, but since we cannot know the query distribution in
advance, we prioritize the configuration that performs best for the ID
scenarios.
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Table A.6: From Scratch and Full Retrain experiments.

ID DD QD IPS QPS Avg Recall
From Scratch-10 SD IDQ 4447.30 49.67 78.25
From Scratch-20 SD IDQ 2940.30 30.89 78.22
From Scratch-30 SD IDQ 3123.56 39.79 78.17
Full - 20 SD 1IDQ 2879.84 29.44 77.67
Full - 30 SD 1IDQ 4080.27 48.69 77.67
From Scratch-10 SD MQ 3475.94 34.54 68.78
From Scratch-20 SD MQ 2794.09 23.99 69.66
From Scratch-30 SD MQ 3662.44 45.25 71.59
Full - 20 SD MQ 3887.26 52.27 70.20
Full - 30 SD MQ 3466.82 51.23 71.02
From Scratch-10 SD OODQ 4353.77 41.71 53.63
From Scratch-20 SD OODQ 3588.41 41.28 57.58
From Scratch-30 SD OODQ 2840.75 32.09 53.29
Full - 20 SD OODQ 3490.97 38.28 53.65
Full - 30 SD OO0ODQ 294095 28.09 59.78
From Scratch - 10 UD IDQ 5380.03 52.01 92.18
From Scratch -20 UD IDQ 4511.24 58.99 92.18
From Scratch -30 UD IDQ 3830.27 56.45 92.26
Full - 20 UD 1IDQ 492991 59.79 92.23
Full - 30 UD 1IDQ 3996.75 41.10 92.21
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