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ABSTRACT
Exact similarity search over large collections of data se-
ries is a fundamental operation in modern applications,
yet existing solutions are often fragmented, specialized,
or tailored to specific execution environments. In this
paper, we present DaiSy, a unified library for exact data
series similarity search that integrates multiple state-of-
the-art (iSAX-based) algorithms within a single, coher-
ent framework. DaiSy is the first library to support exact
similarity search across diverse execution environments,
including implementations for disk-based, in-memory,
GPU-accelerated, and distributed scalable similarity search.
Although designed for data series, DaiSy is also directly
applicable to exact similarity search over vector data, en-
abling its use in a broader range of applications. The
library supports interfaces in both C++ and Python, en-
abling users to easily integrate its functionality into a va-
riety of tasks. DaiSy is open-sourced and available at:
https://github.com/MChatzakis/DaiSy.

1. INTRODUCTION
Data series constitute one of the most popular data
types, appearing across a wide range of applica-
tion domains, including finance, astrophysics, neu-
roscience, engineering, seismology, and many oth-
ers [52, 34]. Such domains typically generate large
collections of data series that must be analyzed in
order to extract meaningful knowledge [24, 51, 3, 45,
23, 40]. Within these data analytics tasks, similar-
ity search serves as a fundamental operation that
enables efficient and effective analysis. Moreover,
many similarity search applications are highly sen-
sitive to result accuracy, highlighting the need for
similarity search methods that avoid approximation
errors, i.e., exact similarity search [16]. In exact
∗These authors contributed equally to this work.

query answering, it is crucial to guarantee that the
returned data series is indeed the most similar to
the query among all data series in the collection.

Scalable Similarity Search. The increasing interest
in scalable similarity search across different applica-
tion domains has led to massive research on search
time optimization [14, 12]. To enable scalable simi-
larity search, numerous indexing methods have been
proposed [35]. These methods construct index struc-
tures over data series collections and employ special-
ized search algorithms to answer queries. A large
portion of prior work focuses on optimizing the core
similarity search algorithms themselves, aiming to
reduce query latency and improve throughput [13,
22, 27, 31, 18]. At the same time, several approaches
extend similarity search to different execution en-
vironments based on the available hardware, such
as disk-based systems [36], in-memory CPUs [37],
GPU-accelerated systems [38], and distributed in-
frastructures [6, 50]. However, despite this rich body
of work, existing methods are largely dispersed, with
implementations scattered across different codebases
and system designs, which makes practical adoption
challenging.

DaiSy. We present DaiSy, the first scalable solu-
tion for exact data series similarity search that in-
tegrates multiple algorithms into a single, unified li-
brary. DaiSy enables efficient similarity search across
a wide range of environments and system configu-
rations by supporting scalable algorithms for disk-
based, in-memory, GPU-accelerated, and distributed
execution. This is achieved by incorporating repre-
sentative state-of-the-art (iSAX-based) algorithms
for each execution environment: ParIS+ [36] for
disk-based processing, MESSI [37] for in-memory
processing, SING [38] for GPU-accelerated process-



ing, and Odyssey [6] for distributed processing. ParIS+
efficiently supports disk-based similarity search when
data do not fit in main memory, MESSI provides
highly efficient parallel in-memory search, SING ex-
ploits GPU processing to accelerate key search op-
erations targetted to CUDA-enabled GPUs , and
Odyssey enables exact similarity search over mas-
sive datasets using distributed memory and opti-
mized communication. Currently, GPU acceleration
is available only on CUDA-enabled GPUs.

All four above algorithms, ParIS+, MESSI, SING,
and Odyssey, are guaranteed to always return the
exact, correct answers. The selection of these sys-
tems was motivated by the fact that they represent
the state-of-the-art approaches for exact similarity
search [17, 47].

Finally, we note that although these algorithms
were designed with data series in mind, they are
equally applicable to general high-dimensional vec-
tors (e.g., deep embeddings), where they exhibit state-
of-the-art performance, as well [16, 17, 47]. This
capability is particularly important today, since it
constitutes a core component of modern Retrieval-
Augmented Generation (RAG) systems for LLMs [15,
29, 4, 41, 30]. In addition, approximate vector search
applications behind RAG systems usually require
some form of training [7, 8] and/or tuning [32], which
requires exact search to obtain groundtruth results.
In such scenarios, DaiSy can significantly accelerate
the groundtruth generation process, and represents
the current state-of-the-art solution for this task.

DaiSy exposes a unified interface for all supported
algorithms and is available in both C++ and Python
to facilitate adoption by users. DaiSy is open sourced
and available at: https://github.com/MChatzakis/
DaiSy.

Contributions. We summarize our main contribu-
tions as follows:

• We present DaiSy, the first scalable library for
exact data series, as well as vector, similarity search
that integrates multiple state-of-the-art algorithms
within a unified framework.

• We describe how DaiSy enables efficient data se-
ries similarity search across a wide range of config-
urations and systems, by supporting disk-based, in-
memory, GPU-accelerated, and distributed execu-
tion environments.

• We design an extensible similarity search library
architecture for DaiSy, accompanied by comprehen-
sive benchmarking frameworks, and we provide both
C++ and Python interfaces, facilitating easy adop-
tion across diverse domains and applications.

2. BACKGROUND
Data Series. A data series S = {p1, . . . , pn} is a
sequence of n points, where each pi = (ui, ti) repre-
sents a value ui at position ti.

iSAX Summary. The iSAX summary [43] discretizes
a data series by dividing the x-axis into equal seg-
ments (represented by their mean) and the y-axis
into regions based on normal distribution breakpoints.
Each region is assigned a symbolic representation
with a specific cardinality, enabling hierarchical iSAX-
based index trees [35].

Similarity Search. Given a collection C and a query
S, similarity search identifies the top-k series in C
most similar to S according to a distance measure.

Distance Measures. The L2 (Euclidean) Distance
is L2S(T, S) =

√∑n
i=1(ti − si)2. The distance be-

tween iSAX summaries provides a lower-bound to
the real distance. Dynamic Time Warping (DTW)
allows non-linear alignments by computing the mini-
mum cumulative cost over all valid warping paths [25].

2.1. Related Work
Data Series Indexes. Various indices, specific to
data series, have been proposed in the literature [14,
12]. DSTree [46] is an index based on the APCA
summarization [26]. The DSTree can adaptively
perform split operations by increasing the detail of
APCA as needed. The iSAX index is based on the
SAX summarization, and its extension, iSAX [43].
Other iSAX-based indices have been proposed in the
literature [5, 38, 37, 36, 50, 6, 27, 13, 22, 11, 31, 18,
48], summarized in [35] and evaluated in [16].

Similarity Search Libraries. FAISS [10] is a library
that implements a wide range of algorithms for ap-
proximate vector similarity search. It is conceptu-
ally the most closely related system to DaiSy; how-
ever, it targets application scenarios in which the
exactness constraint can be relaxed, e.g. Retrieval
Augemented Generation (RAG) [30]. FAISS pro-
vides a limited functionality for exact similarity search
through a naive bruteforce search implementation.
In addition, UCR Suite [39] and TSSEARCH [20]
are libraries for subsequence similarity search in C++
and Python respectively. They both tackle a similar
variant of similarity search, but they do not pro-
vide various different methods to perform indexing
or search. AEON [33] and TSLEARN [44] are ma-
chine learning oriented Python libraries for data se-
ries processing, with strong focus on analytics tasks.
Although they provide some functionalities for com-
puting distances between data series, they are not
libraries for scalable data series similarity search and
they do not expose any interface for indexing or
search.



3. SYSTEM DESIGN
DaiSy’s architecture follows a layered design cen-
tered on a C++ core that implements indexing, dis-
tance computation, and search functionality, while
exposing the same conceptual model through a Python
interface. Foundational primitives provide distance
evaluation, data access, and reusable lower bounds,
while an index layer encapsulates the iSAX index as
an internal service [5]. On top of these, multiple ex-
ecution models realize exact similarity search under
different assumptions on data placement and avail-
able resources. The same abstractions are exposed
in both C++ and Python, ensuring a uniform user-
facing interface independent of the execution back
ends enabled at build time.

3.1. Architecture
Design principles and abstractions. DaiSy is struc-
tured around a set of design principles that empha-
size modularity, enforcing a strict separation of con-
cerns along three orthogonal dimensions. Distance
computation is encapsulated in a dedicated compo-
nent responsible for exact distance evaluation and
lower bounds, independent of data storage and ex-
ecution strategy. Data access is handled through
an explicit adapter-based abstraction [1], which de-
couples indexing and search logic from the physical
layout and location of the data and enables support
for heterogeneous data sources, including in-memory
and on-disk representations. Execution strategy is
treated as a separate concern, while search algo-
rithms are implemented as interchangeable compo-
nents exposing a common interface.
Core primitives layer. The core primitives layer pro-
vides the shared foundation on which all indexing
structures and search algorithms in DaiSy are built.
It deliberately implements no index or search strat-
egy; instead, it factors out functionality common
across algorithms and execution models to avoid du-
plication. Distance-related logic is encapsulated in
a unified abstraction supporting exact evaluation
and lower bounds, and is independent of data place-
ment and execution strategy. Data access is ex-
posed through a stable adapter-based interface that
models datasets as streams of data series, keeping
higher-level components agnostic to in-memory or
on-disk storage. The layer also provides shared re-
duced representations and lower bounds enabling
safe pruning while preserving correctness, forming
a stable, metric- and storage-agnostic substrate for
higher layers.
Index layer. The index layer encapsulates the iSAX
index as an internal service that provides structured
access to data series data, without prescribing a

search strategy. Index construction is encapsulated
by a single configuration object that defines repre-
sentation parameters, buffer sizes, and storage mode.
Importantly, the index layer does not implement
search logic. By treating iSAX as a service rather
than as an algorithm, DaiSy decouples index man-
agement from execution strategy and allows the same
index implementation to be reused across multiple
execution models.
Similarity Search layer. The similarity search layer
in DaiSy is organized by execution model rather
than by individual algorithm implementations. Each
execution model defines how exact similarity search
is carried out under specific assumptions about data
placement and available resources, while reusing the
same core primitives and index services. Taken to-
gether, these models position DaiSy as an execu-
tion framework that instantiates a single conceptual
search pipeline through multiple back ends. DaiSy
supports a variety of similarity search algorithms
in this layer, covering use cases in disk-based, in-
memory, GPU-accelerated and distributed environ-
ments. ParIS+ [36] is an algorithm designed for
disk-based exact similarity search, and its tailored
for situations where the dataset size exceeds the
main memory capacity of the system. MESSI [37]
is an exact similarity search algorithm that operates
entirely in memory and relies on an iSAX index to
guide candidate selection and refinement. It follows
a multi-phase search pipeline that combines index-
guided exploration with exact refinement while pre-
serving exactness. The SING index [38] leverages
GPUs to accelerate the search procedure. It is or-
ganized into two main stages: in-memory index con-
struction and multi-phase query answering with GPU
offloading. Odyssey [6] is a distributed framework
for exact similarity search built on MPI, designed
for multi-node environments where datasets can be
accommodated in distributed memory. DaiSy also
supports two exhaustive search implementations.
The first one, Bruteforce, simply performs all real
distance computations over the raw data. The sec-
ond one, LbBruteforce, applies lower-bounding, thus,
avoiding real distance computations when the lower
bound is larger than the BSF distance.

3.2. Distance Measures
DaiSy supports L2 Squared and DTW for exact sim-
ilarity search, both exposed through a unified dis-
tance computer abstraction. Our library supports
both optimized SIMD and scalar implementations,
to ensure compatibility with different hardware con-
figurations. Distance computations support early
termination via an optional upper bound, allowing
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Figure 1: Component Diagram of DaiSy.

evaluation to stop once the partial distance exceeds
the current best-so-far value [39]. In addition, DaiSy
provides exact lower-bound functions for both mea-
sures.

3.3. Z-normalization
DaiSy supports both z-normalized (i.e., each data
series, or vector, has mean 0 and standard devia-
tion 1) and non z-normalized data. Though, the al-
gorithms are more suited to Z-normalized data (we
use the default iSAX breakpoints [43], which have
been optimized for z-normalized data).

4. USING DAISY

4.1. API and Tooling
DaiSy exposes a simple API to enable easy use in
both C++ and Python.

• buildIndex. Initializes and builds the index
structure for the selected algorithm.

• searchIndex. Performs the top-k index search
for the given queries, returning the most simi-
lar data series from the index.

Furthermore, reproducibility and systematic evalu-
ation are supported through a set of shared utili-
ties, demos, benchmarks, and tests. Demos are pro-
vided in both C++ and Python and exercise the
same pipelines exposed to end users. Benchmarks
enable controlled performance evaluation across ex-
ecution models and configurations, while tests val-
idate correctness and integration. All tooling com-
ponents consume the same APIs as the core library,
ensuring consistency between usage, evaluation, and
experimentation.

Start
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Figure 2: Algorithm selection decision tree of DaiSy.

4.2. Hyperparameter Setting
As expected, the methods implemented in DaiSy in-
volve a number of algorithm-specific hyperparame-
ters. The library allows experienced users to explic-
itly configure all relevant hyperparameters for each
supported algorithm. At the same time, DaiSy does
not require the user to manually specify these pa-
rameters, as it initializes them to the values rec-
ommended in the original publications of the corre-
sponding algorithms.

4.3. Algorithm Selection
As we demonstrated, DaiSy provides efficient sim-
ilarity search algorithms tailored for different exe-
cution environments. Figure 2 summarizes the al-
gorithm selection logic based on dataset size and
available resources. When the dataset fits in main
memory, DaiSy first considers whether a distributed
environment is available and, if so, selects Odyssey
to exploit distributed memory. In the absence of a
distributed setting, the choice is driven by the avail-
able hardware accelerators: SING is used when a
GPU is present, while MESSI is selected for CPU-
based in-memory execution. When the dataset does
not fit in main memory, DaiSy resorts to ParIS+ for
disk-based execution.
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Figure 3: Query answering time for 100 queries when
varying k (48 hyperthreads).

We would like to stress that, apart from data se-
ries, DaiSy is equally applicable to vector data, as
well, where it exhibits state-of-the-art performance.
For example, DaiSy is the solution of choice for ap-
plications that need exact answers in vector search,
or for analysis tasks that involve vector approximate
search and need to compute the groundtruth an-
swers. As evidence, we present the results of the
following experiment (rigorous experimental evalu-
ations can be found in previous studies [16, 17, 6]).
We conduct an in-memory evaluation against FAISS-
IndexFlat, the most widely used library for such
tasks, focusing on exact similarity search for two
datasets: Deep100M [2] (100 million 96-dimensional
image embeddings) and Seismic100M [21] (100 mil-
lion 256-dimensional seismic data series). IndexFlat
is the FAISS solution used to compute exact an-
swers: it stores the full vectors and performs an ex-
haustive search. Both libraries are compiled with
identical settings using g++ 11.4.0, configured for
in-memory execution, and execution times are mea-
sured using the GoogleBenchmark 1 framework. Fig-
ure 3 reports the total query execution time for 100
queries on each dataset, when varying k between 10-
1000, using 48 hyperthreads.
The results show that DaiSy-MESSI consistently

outperforms FAISS-IndexFlat, calculating the exact
answers for the entire workload 12× faster for the
Deep100M vector collection. The same observation
is true for the Seismic100M data series collection,
where DaiSy-MESSI is 14× faster. Speed-up in-
creases with the number of threads. Similar results
hold for other vector datasets, as well.

4.4. Examples
We provide two examples of using DaiSy in C++
and Python to demonstrate the convenience our li-
brary provides for similarity search. Without loss
of generality, in our examples we use the MESSI al-
gorithm and the L2 Squared distance. In C++, a
typical use case of DaiSy is depicted below.

1https://github.com/google/benchmark

#include <vector>
#include "daisy/daisy.hpp"
int main() {

daisy::idx_t d = 256; // dimensionality
daisy::idx_t n_db = 10000; // dataset size
daisy::idx_t n_q = 100; // queries size

// Load or generate input data series.
float* db = /* load or generate database series */;
float* q = /* load or generate query series */;

// Build index using squared Euclidean distance.
daisy::Messi messi(daisy::DistanceType::L2_SQUARED);
messi.buildIndex(db, n_db, d);

// Execute exact k-NN similarity search.
const daisy::idx_t k = 5;
std::vector<daisy::idx_t> I(static_cast<size_t>(n_q)*k);
std::vector<float> D(static_cast<size_t>(n_q)*k);
messi.searchIndex(q, n_q, k, I.data(), D.data());

return 0; }

Using DaiSy with Python follows the same API, as
shown below.

from daisy import DistanceType, Messi

d = 256 # dimensionality
n_db = 100000 # dataset size
n_q = 1000 # queries size

# Load or generate input data.
db = ... # load or generate database series
q = ... # load or generate query series

# Build the index using squared Euclidean distance.
index = Messi(DistanceType.L2_SQUARED)
index.buildIndex(db)

# Execute exact k-NN similarity search.
k = 5
I, D = index.searchIndex(q, k)

5. FUTURE WORK
DaiSy serves as the foundation for several planned
future efforts aimed at further improving and ex-
tending the library. In particular, we plan to in-
corporate additional algorithms for exact similarity
search, such as DumpyOS [48], including methods
that do not rely on the iSAX index, such as Her-
cules [11] and SOFA [42], which is enabled by the
modular architecture of DaiSy. We also plan to ex-
tend the library to support range queries [16], as
well as subsequence similarity search [39, 19, 31, 49],
streaming data series [28], and early termination [22,
13, 7]. We also intend to introduce automatic hy-
perparameter tuning capabilities for the supported
algorithms, such as Bayesian optimization [9]. Our
immediate priorities will focus on integrating non-
iSAX-based systems and on supporting range-based
queries.

6. CONCLUSIONS
We present DaiSy, a novel library for scalable exact
similarity search on large collections of data series,
as well as general high-dimensional vectors (e.g., deep



embeddings). It supports efficient search algorithms
across a wide range of hardware configurations. We
open source DaiSy and provide carefully designed
C++ and Python interfaces.
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N. Goyal, H. Küttler, M. Lewis, W.-t. Yih, T. Rocktäschel,
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