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Abstract. The aim of the study was to generalise approaches to coordinating decisions at the stages of planning,
execution, and physical level of data representation in information systems under the dominance of resource
constraints when operating with massive sets. The methodology was based on system-analytical formalisation,
comparative-analytical generalisation and typology, comparative analysis, systematisation and integrative synthesis.
It was established that linear algebra formalises the representation of data as matrices/vectors and calculations
as a sequence of transformations. The generalisation of operations (semirings) extends these primitives to graph
and Boolean problems, and Graph Basic Linear Algebra Subprograms standardises the implementation for sparse
structures. Efficiency is determined by the consistent chain of ‘rewrite—cost model—physical execution”: rewrite
reduces intermediate data, and the cost model chooses a plan based on data input/output, memory, sparsity, and
parallelism, without it, heuristics remain. Factorised representations have been found to reduce redundancy and
pressure on memory and data input/output (for joins/groups) with system support. Randomised Numerical Linear
Algebra and sketching reduce costs and manage the “accuracy-resources” trade-off in streaming processing. Matrix
compression (low-rank representation,reduced precision) reduces memory and trafficand speeds up computations with
a controlled loss of precision. In vector database management systems and distributed systems, the bottleneck is data
input/output and redistribution between nodes, so DShuffle moves some processing closer to the data, emphasising
the role of infrastructure optimisation. The linear algebraic representation of computations provides a basis for
consistent optimisation of rewriting, plan selection, and execution, reducing materialisation and data movement under
input/output, memory, and bandwidth constraints. The practical significance of the results lies in the possibility of the
application by information-systems developers and engineers for the consistent selection of data formats, execution
plans, and computational primitives to reduce materialisation and I/0, memory, and network overhead
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INTRODUCTION

Modern information systems of the 21 century work
with large amounts of data in various storage formats
(data lakes, lake-house) and perform complex analytical
workloads, some of which are reduced to linear alge-
bra operations (matrix and vector multiplication, system
solution, factorisation, gradient and aggregate calcu-
lations). The performance of such tasks is determined
not only by calculations, but also by the costs of data
movement, the choice of physical representation (row/
column, dense/sparse) and the ability of the optimiser
to take into account the algebraic properties of opera-
tions.Analytical and Machine Learning (ML) calculations
are performed in different engines and on different data
formats, which leads to conversions, materialisation of
intermediate results and additional input/output (I/0)
costs. Because of this, local optimisations of individual
components do not provide stable acceleration at the
level of the entire pipeline, therefore, a coordinated
approach is needed that combines the linear-algebraic
representation of calculations with the choice of stor-
age format and optimisation of execution plans.

The current scientific discourse outlines several in-
terrelated directions, in particular trade-offs between
data formats in analytical database management sys-
tems. The study by C. Liu et al. (2025) summarised that
the physical format determines the cost profile for scan-
ning,decoding,compression, vectorisation,and predicate
access, and that there is no “universal” choice - optimal-
ity depends on the queries and the hardware envi-
ronment. This approach underpins the argument that
processing optimisation begins with the correct phys-
ical representation. The work of F. Geerts et al. (2021)
substantiated that linear algebraic query languages can
express a wide range of calculations typical of analytics
and machine learning problems, and formally outlines
which operators and extensions are needed to represent
key algorithmic schemes. This allows for setting limits
on the expressive power of such languages, which di-
rectly defines the class of transformations that the op-
timiser can apply correctly and systematically, rather
than as heuristics. Continuing this trend, T.M. Serrano et
al. (2024) showed that for conjunctive queries in linear
algebraic formalism, the efficiency of execution depends
on which language fragments allow for low-latency
result enumeration and support for cost-effective up-
dates. Working with dynamic data requires not a one-
time “quick fix”, but a structured approach to query rep-
resentation and supporting data structures that provide
stable performance as input sets change.

There is growing interest in factorised and polyglot
approaches in machine learning pipelines,as significant
costs arise from materialising intermediate results and
re-passing through data. Z. Li et al. (2024) found that
factorised representations reduce the amount of inter-
mediate data and speed up typical operations, provided
that the system preserves factorisation between stages

and makes it consistent across languages/engines. This
indicates that critical losses occur at the boundaries be-
tween formats, operators, and runtimes, not just within
a single engine. At the storage level for a data lake, a
study by G.Jin et al. (2022) highlighted that performance
is determined not only by the columnar format, but also
by adaptive caching and physical transformations of
the data for repetitive read patterns. For linear algebra-
ic workloads, this is critical because the same features/
matrix representations are often reused multiple times
in different analysis stages. At the hardware-oriented
level, PA. Lane & J.D. Booth (2023) showed that Sparse
Matrix-Vector Multiplication (SpMV) is a memory-lim-
ited computational kernel and requires tuning of the
storage format and execution parameters taking into
account the sparsity structure of the matrix and the mi-
croarchitecture of the device. This means that universal
optimisations do not guarantee portable performance
across platforms.

M. Boehm et al. (2023) demonstrated that the effi-
ciency of tensor and linear algebraic computations in
data systems is determined by automatic transforma-
tions at the compilation and execution levels, in par-
ticular, representation selection, computational graph
rewriting, and memory management. This demonstrates
that the alignment of linear algebra with optimisation
mechanisms of data processing systems allows for re-
duced overhead and increased performance without
changing the application logic. In the context of Ukrain-
ian research, OV. Hordiichuk-Bublivska & L.P. Fab-
ri (2022) substantiated the feasibility of matrix factor-
isation for big data problems in industrial systems as
a way to reduce dimensionality and obtain a compact
representation. Factorisation can simultaneously reduce
storage requirements and reduce the cost of subsequent
analytical calculations. S.P. Striamets & YuV. Opot-
yak (2021) focused on an architectural approach to par-
allel matrix processing, proposing a homogeneous com-
puting environment with a specialised computational
‘cell” for performing matrix operations. This means that
such hardware-oriented solutions increase the through-
put and predictability of linear algebraic routines, which
is critical for data processing systems.

Despite significant progress in research on storage
formats, linear algebraic query languages, factorised
representations,and optimisation of individual routines,
a holistic approach that reconciles these levels into a
single optimisation loop is lacking. It remains insuffi-
ciently studied how the linear algebraic representation
of calculations can coordinate the choice of data for-
mat, materialisation strategy, planning and implemen-
tation of basic operations taking into account dom-
inant resource constraints (I/0, memory, bandwidth).
Therefore, the purpose of the study was to systematise
approaches to coordinating planning, execution and
physical representation of data in information systems
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taking into account dominant resource constraints. To
achieve the goal, the following tasks were set: to gen-
eralise the representation of data and analytical proce-
dures in terms of vector-matrix objects and basic linear
algebraic primitives, to substantiate the framework of
coordinated optimisation through the sequence ‘re-
writing rules—cost model—physical operators/execu-
tion strategies”, to systematise tools for reducing the
resource cost of linear algebraic calculations according
to the impact on memory and data input/output costs.

MATERIALS AND METHODS

The study combined the methods of system-analytical
formalisation, system-structural analysis and synthesis,
comparative-analytical generalisation and typology,
comparative analysis, systematisation and integrative
synthesis to generalise approaches to optimising Linear
Algebra (LA)-oriented workloads in modern information
systems. Using the method of system-analytical formal-
isation with elements of cost-based interpretation, het-
erogeneous data and calculations were compared and
conceptually reduced to a matrix-vector representation
and a set of standard LA primitives, the space of alter-
native implementations and the principles of the cor-
rect rewriting were determined and correlated with the
execution level through the standardised Graph Basic
Linear Algebra Subprograms (GraphBLAS) interfaces
(GraphBLAS Forum, n.d.) and the practice of LA query
processing in systems (Sun et al., 2025). This was done
in order to describe optimisation not as separate heu-
ristics, but as a consistent mechanism “expression—re-
writing/plan—cost  selection—physical  execution”
taking into account sparsity, materialisation of interme-
diate results, memory locality, parallelism, and input/
output costs. Using the method of system-structural
analysis and synthesis of scientific sources, approaches
to optimisation of LA expressions and execution plans
were generalised in the form of an integrated plan con-
trol loop consisting of three interdependent levels - re-
writing rules, cost model and physical operators/exe-
cution strategies by role in optimisation, LA specificity
and typical risks in the absence of support. These levels
were chosen because of corresponding to three neces-
sary components of any planned optimisation: gener-
ation of equivalent alternatives, the cost ranking and
selection, operationalisation of the selected plan at
the execution level. This approach made it possible to
formalise the necessary mechanisms that ensure stable
optimisation of LA workloads in the system.

Using the method of comparative-analytical gener-
alisation and typology of scientific sources,Randomised
Numerical Linear Algebra (RNLA) (Udell & Frangel-
la, 2023), sketching properties (Ahfock et al., 2023)
and sliding windows (Yin et al., 2024) were compared,
selected as components describing the goal (optimisa-
tion), guarantees (quality) and operating mode (online/
dynamics). The comparison was performed according
to four criteria: conceptual formulation (principle of
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using randomness/stability/incrementality), approx-
imation object (matrices, operators, subspaces/spec-
tral properties, sliding window sketch), system con-
sequences (impact on Central Processing Unit (CPU)/
memory/l/0O costs, update latency, quality degradation
control), typical application mode (batch analytics, crit-
ical paths, streaming processing). This allowed com-
paring the types of RNLA/sketching with system sce-
narios and justify the choice of approach according to
the operating mode and the trade-off “resource econ-
omy<«quality control”. Using the comparative analysis
method, structural (low-rank) and structural-numerical
(low-rank+low-precision) compressions were analysed:
weighted low-rank factorisation (for compression of
language models) and randomised low-rank factori-
sation with quantisation (low precision) according to
the following criteria: compression principle, quality
control and system effect (memory footprint, memory
traffic, potential acceleration of multiplications). The
choice of low-rank and low-precision is due to the fact
that these approaches represent the two basic and
most widely used classes of compression (structural
and numerical), which directly affect the amount of
parameters, memory traffic and performance, provid-
ing a manageable trade-off “‘quality-resources”. This
approach provided a choice between low-rank and
low-precision compression, linking compression pa-
rameters to the quality-resources trade-off and the
expected system effect. Additionally, DShuffle (Ding et
al., 2025) is presented as a representative example of
infrastructure optimisation, selected based on the cri-
teria of relevance to the shuffle bottleneck in distribut-
ed LA workloads and the presence of a measurable sys-
tem effect (traffic, bandwidth, CPU load). In this study,
DShuffle is used only to illustrate the system-level re-
source-result effect, without a detailed comparison of
alternative infrastructure solutions.

Using the method of systematisation and integra-
tive synthesis of scientific sources, the directions for
optimising LA-oriented loads in information systems
are generalised — optimisation of the execution of an-
alytical/ML queries in database management systems,
approximate matrix methods for accelerating calcula-
tions, streaming processing (sliding window), matrix/
model compression, physical representation of big
data, vector databases, and similarity search. These
directions were chosen because of representing the
main “points of influence” in LA pipelines: reduction of
intermediate materialisations, controlled trade-off “ac-
curacy-resources’, reduction of data volume and traf-
fic, and coordination of plans with the execution and
infrastructure levels. The generalisation is performed
according to unified criteria: direction of application,
dominant resource constraint, method/class of meth-
ods, principle of action, target metrics (time, bandwidth,
I/0, memory, accuracy/error), limitations, and risks. This
was done in order to systematise LA-oriented workload
optimisation tools for selection under specific resource
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constraints and quality/performance requirements,
linking methods to effect metrics and application risks.

RESULTS AND DISCUSSION

Linear algebraic optimisation of queries

and computational plans

Linear algebra provides a formal apparatus for repre-
senting data as vectors and matrices and describing
computations as compositions of transformations. Tab-
ular, feature, graph, and network data can be treated
as dense or sparse matrix objects, and analytical pro-
cedures can be reduced to a limited set of primitives:
matrix-vector and matrix-matrix multiplications, ele-
ment-wise operations, reductions, and permutations/
projections. This type of unification is the basis for
system optimisation, as it allows expressing heter-
ogeneous ML/data science workloads in a common
algebraic language and treating queries as sequenc-
es of LA operators (Sun et al., 2025). The existence of
equivalent implementations of many transformations
(in particular, due to different multiplication orders and
different materialisation decisions) creates a basis for
a systematic search for efficient execution strategies,
which is consistent with enumeration-oriented optimi-
sation of LA workloads (Munoz, 2025). The extension
of the semantics of operations to generalised algebra-
ic structures (in particular, semirings) makes the same
primitives applicable to graph and Boolean problems,
and GraphBLAS fixes a standardised interface for per-
forming such operations on (mostly sparse) matrices
and vectors (Brock et al., 2021).

Representing computations in the form of LA ex-
pressions makes algebraic properties (associativity, dis-
tributivity, equivalence of factorisations) explicit and
thereby enables correct rewrites to reduce execution
costs: changing the order and grouping of operations,
choosing alternative implementations, and controlling
the materialisation of intermediate results. Since the
LA representation is relatively declarative, it supports
cost-based selection of physical operators and execu-
tion strategies, including the use of sparsity, blocking,
and (where applicable) approximations. A critical sys-
tem-level effect is also the reduction of intermediate
data: in many analytical tasks, it is the materialisation
of large intermediate matrices/vectors that determines
the pressure on memory and 1/0, and optimisations
such as fusion, operation permutations, and sparsity
exploitation reduce the number of intermediate struc-
tures and the total cost (Sun et al., 2025; Munoz, 2025).

The practical effectiveness of LA optimisations is
determined not only by the possibility of rewriting ex-
pressions and planning, but also by how accurately and
with minimal overhead the generated plans are repro-
duced at the execution level, taking into account spar-
sity, locality of memory access and parallelism. In this
context, standardised APIs play a pivotal role, due to
specifying a consistent set of primitives and ensuring
portability of optimisations between implementations.

A prime example is GraphBLAS (GraphBLAS Forum,n.d.),
which formalises the interface of operations on matri-
ces and vectors (multiplication, element-wise trans-
formations, reductions, operations for constructing/
modifying structures) and supports parameterisation
of semantics through generalised algebraic constructs
such as semirings (Brock et al., 2021). For information
systems, this means the presence of an actual “target
platform” for executing LA plans: the optimiser gener-
ates plans in terms of standard operations, and the exe-
cution level implements those plans in a specific hard-
ware-software stack. A standardised set of primitives
also unifies the space of alternatives and increases the
reproducibility of optimisation solutions, since algo-
rithmic ideas formulated at the level of LA expressions
do not require re-designing low-level operators in each
environment (Brock et al., 2021; Sun et al., 2025).

In practical ML pipelines, calculations correspond-
ing to sequences of LA operators are performed in a
fragmented manner across database management
systems and external libraries/services, which leads to
excessive materialisation of intermediate results, data
duplication,and movement overhead. The LA query pro-
cessing approach consists in presenting the ML query as
a single LA expression for optimisation at the expres-
sion level: through equivalent algebraic transformations
(reordering and regrouping of operations), merging ad-
jacent transformations, and selecting physical imple-
mentations taking into account data properties (in par-
ticular, sparsity), which reduces dominant costs - data
movement, temporary structures, and repeated reads
(Sun et al., 2025). Data science workloads are character-
ised by a multiplicity of equivalent implementations of
the same LA expression, so performance is determined
by the global structure of the plan.The enumeration ap-
proach forms the space of alternatives and selects the
best strategy according to cost criteria, taking into ac-
count the order of calculations, the degree of materiali-
sation, implementation options for basic operations,and
structural properties of the data (Munoz, 2025).

The transfer of ML and analytics into information
systems, in turn, requires support for new classes of
operators and rules that are not fully covered by the
traditional relational apparatus. LA computations are
characterised by specific equivalence spaces, where
algebraic rewrites, the choice of operator implemen-
tations, and control over the materialisation of inter-
mediate results are decisive. Accordingly, the optimiser
must be extensible: it must allow the introduction of
new logical operators, rewriting rules, cost components,
and physical implementations without radically re-
building the optimisation kernel. In the literature, this
is considered an engineering mechanism for controlled
extension while maintaining the correctness and pre-
dictability of optimisation (Ding et al., 2024). In this
sense, extensibility is a basic prerequisite for system
support for both LA query processing for ML queries
and planned search for alternatives for LA workloads
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in data science. Given this, the practical integration of
LA logic into the optimiser requires not only conceptual
support for new expressions, but also mechanisms for
controlled rewrites, cost-based selection of plans, and
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executable implementation of alternatives. In general,
these mechanisms can be reduced to three levels: re-
writing rules, cost model, and physical operators/exe-
cution strategies, as presented in Table 1.

Table 1. Structure of the integrated computational plan control loop

Extensibility level Key role

Specifics for LA workloads

Typical risks without support

Allow equivalent
transformations of
expressions

Rewriting rules

Regrouping/reordering, fusion,
less intermediate data

Rewriting cycles, unmanaged alternative
space, lack of domain-specific optimisations

Compares alternative

Cost model PR
plans by “price

Choosing a plan considering
1/0, memory, sparsity,
parallelism

Degradation to heuristics, incorrect
comparisons of plans, ‘optimisation” without
the predicted effect

Physical operators
and execution
strategies

Implement logic in
efficient execution

Algorithmic options, data
structure specialisations,
efficient execution strategies

The inability to operationalise alternatives
at the execution level leads to the lack of a
measurable optimisation effect

Source: compiled by the authors based on B. Ding et al. (2024), W. Sun et al. (2025), T. Munoz (2025)

Table 1 summarises the mechanisms through which
the optimiser is extensible for LA workloads and shows
these mechanisms as an interdependent chain from
logical transformations to efficient execution. Rewriting
rules specify semantically equivalent transformations of
expressions and create the basis for optimisation: such
rules allow changing the order and grouping of opera-
tions, applying fusion, and reducing the amount of in-
termediate data. Without the controlled application of
rules, rewriting cycles and uncontrolled expansion of
the space of alternatives are possible. The cost model
provides a choice among the alternatives generated by
rewrites, taking into account the dominant costs (I/0,
memory, sparsity, locality of access, parallelism). In the
absence of an adequate cost model, optimisation de-
grades to heuristics or gives unstable results due to
incorrect plan comparisons. Physical operators and exe-
cution strategies convert logical alternatives into meas-
urable performance gains through algorithmic options,

data structure specialisations,and appropriate execution
strategies. If this level is not supported, the alternatives
remain formal and do not give a practical effect. There-
fore, the extensibility of the optimiser for LA workloads
is effective only if there is a consistent triad: the rules
shape the space of alternatives, the cost model provides
a reasonable choice, and the physical layer guarantees
an executable gain. Weakening any component reduces
the efficiency of the others and limits the practical value
of the optimisation. Since the extensible optimiser pro-
vides controlled rewriting, cost-effective selection, and
executable implementation of alternatives, it is a natu-
ral “loop” for implementing approximate LA methods as
part of system optimisation. In this context, RNLA and
matrix sketching are of interest, which allow reducing
computational complexity and resource consumption
with a controlled error. The main characteristics of these
approaches and typical application modes are summa-
rised in Table 2.

Table 2. Characteristics of RNLA and matrix sketching in information systems

Approach/ Conceptual presentation Approximation object | Systemic consequences Typical application
component mode
Controlled use of randomness Large Matrlces Reducing computational Batch analytics and
RNLA for for approximate calculations and Linear and resource costs optimisation problems
optimisation ! Operators (Sketch (CPU/memory/1/0) with .
with controlled error Representation) acceptable accuracy on big data
A Justification of Integrating
Sketching PrObab'.l'St'F guararl[tees czjf Norms, subsp;aces, parameterisation and approximations into
properties approxnt;].at.tlon quality an h spectral control of the risk of critical processing/
stability regimes characteristics quality degradation decision-making loops
- Incremental maintenance . . .| Limiting in-memory state Streaming (online)
S.l'd'ng of approximation when Slldlng.wmdow matrix and reducing update analytics and
windows ! w » object sketch :
updating the data “window latency streaming systems

Source: compiled by the authors based on D. Ahfock et al. (2023), M. Udell & Z.Frangella (2023), H.Yin et al. (2024)

Table 2 summarises three complementary directions
of application of approximate LA methods in information
systems: RNLA as a way to reduce the resource cost of
calculations, theoretical properties of sketching as the
basis of reliability, and sliding-window sketching as a
mechanism for working in streaming modes.The common
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basis is the replacement of operations on full-dimen-
sional matrix objects with calculations on compact rep-
resentations with a controlled error. RNLA is focused on
acceleration and savings of CPU/memory/I/O through
sketch-representation of matrices and operators in batch
analytics problems. Analysis of sketching properties
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provides probabilistic quality guarantees (for norms,
subspaces and spectral characteristics), which supports
parameter selection and control of degradation risk. The
sliding-window approach provides incremental sketch
updates when the data “window” changes, limiting the
state in memory and reducing the latency of updates in
streaming systems. The system value of RNLA/sketching
is determined by a combination of three components:
practical cost reduction, availability of quality guaran-
tees and adaptation to the processing mode (batch or
streaming). In short, approximate LA methods are not
only mathematical techniques, but also an engineer-
ing scaling tool that allows balancing the accuracy of

results with memory limitations, /0O and execution
time requirements. Along with approximate calcula-
tions through RNLA and sketching, a critical direction
for optimising resources in systems is the compression
of the matrix representations - both data and model
parameters. Compression of matrices and models in in-
formation systems comes down to two complementary
mechanisms: low-rank, when a matrix object is approxi-
mated by a lower internal dimension, and low-precision,
when the bit depth of the element representation is re-
duced. Both approaches reduce memory and bandwidth
requirements, and can also speed up matrix operations
with a controlled loss of accuracy (Table 3).

Table 3. Comparative characteristics of low-rank and low-precision matrix and model compression approaches

Approach Compression principle

Quality management Main system-level effect

Weighted low-rank
factorisation (for compression
of language models)

Low-rank approximation of
parametric matrices

Weights in the loss function
specify uneven approximation
accuracy (component
prioritisation)

Reducing the amount of
parameters and potentially
speeding up multiplications

with controlled loss of quality

Combination of structural
(rank) and numerical
(precision) compression

Randomised low-rank
factorisation with
quantisation (low precision)

The rank and bitness
parameters determine
the “accuracy-resources”
tradeoff, criticality is the total
consideration of errors

Reduced memory footprint
and memory traffic + possible
acceleration of calculations
on low-precision hardware

Source: compiled by the authors based on Y-C. Hsu et al. (2022), R. Saha et al. (2023)

Weighted low-rank factorisation is focused on prob-
lem-specific quality preservation: the weights in the loss
function allow for differentially distributing the approx-
imation error, providing more accurate reproduction of
critical components and more “aggressive” compres-
sion of less significant ones. Randomised low-rank and
low-precision factorisation combines two independent
compression mechanisms - structural (rank reduction)
and numerical (bit size reduction), which directly re-
duces the storage volume of factors and traffic between
memory levels, and can also increase computational ef-
ficiency on hardware optimised for low precision. At the
same time, the combination of low-rank and low-preci-
sion increases the requirements for total error control,
since the contributions of rank approximation and quan-
tisation accumulate. In general, factorisation compres-
sion can be constructed as an adaptive precision con-
trol (through weights) to preserve quality in the target
problem, or as a system-oriented combined compression
(low-rank+low-precision) aimed at minimising memo-
ry footprint and memory access costs. Both approaches
implement the “precision-resources” trade-off, but do so
with different “leverages”: weighted low-rank factori-
sation - through component prioritisation, randomised
low-rank factorisation with quantisation - through si-
multaneous limitation of the internal dimensionality and
bitness of the representation. This emphasises the role
of linear algebra as a tool for engineering optimisation,
where factorisation parameters serve as a means of tun-
ing performance to specific system constraints.

The results of the study showed that the effectiveness
of LA optimisations in sparse computing is determined

not only by the correctness of algebraic rewrites, but
also by the execution mode, in particular, the way of
materialising intermediate results and organising
memory access. This is consistent with the conclusions
of A. Mastoras et al. (2023), who found that the tran-
sition to nonblocking semantics in GraphBLAS makes
deferred execution and fusion of sequences of opera-
tions possible, which reduces the volume of intermedi-
ate structures and changes the memory access profile.
The authors also showed that the performance gain is
parameter-dependent: it is determined by the configu-
ration of parallelism and block sizes, and can degrade
in the event of an unsuccessful choice due to the over-
head of execution management. The approach taken
in both studies concretises the “bottleneck” between
the optimiser and execution: algebraically equivalent
plans require execution mechanisms that are able to
transform rewrites and planning into a real reduction in
memory/I/O pressure and obtain measurable speedup.

The results of the study showed that structural low-
rank compression of tensor representations reduces
memory and storage requirements at the cost of a con-
trolled loss of accuracy, and the effect is determined by
the approximation parameters. This is consistent with
the study by T. Kwon et al. (2025), who proposed Ten-
sorCodec based on neural tensor-train decomposition
and showed that the compression quality is further im-
proved by folding into a higher-order tensor and reor-
dering modes to better detect structural dependencies.
The authors experimentally demonstrated an improve-
ment in the ‘compression degree - reconstruction er-
ror” trade-off compared to the basic alternatives, which
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confirms the parameterised nature of tensor compres-
sion: resource savings are achieved not “for free”, but
through a controlled choice of the compression level,
which directly specifies the permissible quality deg-
radation. A sustainable acceleration effect is achieved
only with a coordinated optimisation of plans, execu-
tion primitives and infrastructure that removes network
and 1/0 constraints.

In the study by Z. Shen et al. (2025), the researchers
found that the use of matrix operations in storage sys-
tems (via erasure coding) is key to overcoming resource
constraints while ensuring fault tolerance. The authors
emphasised that the evolution of coding methods is
aimed at minimising the I/O overhead during data re-
covery, which requires deep integration of LA primitives
into the physical layer of the system. This correlates
with the results of this study on the role of linear al-
gebra as an engineering optimisation tool, where the
choice of storage format and materialisation strategy
determines the 1/0 profile of the entire system. Both ap-
proaches emphasise that a sustainable speedup effect is
achieved only with a coordinated optimisation of plans,
execution primitives, and infrastructure that removes
network and I/O constraints. Thus, linear algebra unifies
data representation and analytical/ML procedures in the
form of LA expressions, which allows for correct rewrites
and cost-effective plan selection with minimal interme-
diate materialisation. The practical effect is determined
by the consistency of rewriting rules, cost model, and
physical implementation, which sets real trade-offs be-
tween performance, memory/I/0, and accuracy.

Optimisation of storage, access,

and execution of LA computations

Matrix representations are natural in big data prob-
lems, but matrices are mostly sparse, so dense stor-
age incurs unnecessary memory and 1/0 overhead and
slows down computations by handling zero elements.
Sparse formats store only non-zero values and indices,
reducing data size and the cost of passes. Critically, the
choice of sparse format affects not only compactness
but also the cost of LA operations: formats optimise
row/column access, updates, and parallelisation differ-
ently, determining which operations will be relative-
ly “cheap” or “expensive” in LA pipelines (Marichal et
al., 2021). Columnar storage is fundamental to analyt-
ical systems, as queries selectively read attributes and
perform scans with filters and aggregations, with per-
formance determined by the speed of reading the re-
quired columns, the overhead of encoding/decompres-
sion, and cache management, i.e., the storage format
as a key factor in the I/O profile. For LA workloads, this
means that feature preparation and data transforma-
tion often boil down to intensive scans, where I/0 and
decoding can dominate arithmetic. Accordingly, the
throughput of reading/processing columns determines
the cost of building matrix representations from tabu-
lar data (Zeng et al., 2023).
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Unlike sparse and columnar, which optimise phys-
ical storage at the element or column level, factorised
databases reduce redundancy at the result-structure
level. In queries with joins and groupings, factorised
representations compactly encode dependencies and
common subexpressions instead of fully materialising
all combinations, which potentially reduces the size of
intermediate results, memory pressure, and 1/0, pro-
vided that the optimiser and execution layer support
it (Olteanu, 2023). In the context of LA workloads, fac-
torised representations are a complementary level of
compactness alongside sparse (zero minimisation) and
columnar (efficient attribute scans): together, these
approaches emphasise the multi-level nature of stor-
age optimisation and its impact on the performance of
LA-oriented plans (Marichal et al.,2021; Olteanu, 2023).
The spread of embeddings has formed a separate class
of vector database management systems focused on
storing high-dimensional vectors and similarity queries
(Nearest Neighbours (NN)/Approximate Nearest Neigh-
bour (ANN)) or hybrid queries with metadata filters. The
performance is determined not only by the search al-
gorithms, but also by the storage architecture, indexes,
query execution framework and resource management.
A typical architecture includes storage subsystems
(vector/metadata placement), indexing (ANN and the
“accuracy-speed” trade-off), execution (scheduling, fil-
ters, similarity calculations) and background support
(reindexing, compaction), with the computational foun-
dation directly relying on linear algebra operations
(Pan et al., 2024).

In practical vector search, the bottleneck is not
similarity calculations, but 1/0 and the cost of data
access. In storage-based ANNs, vectors and indices do
not fit entirely in RAM, so performance is determined
by storage characteristics, access patterns, and cach-
ing. Under such conditions, ANN should be treated as
a system optimisation problem that requires coordinat-
ed co-design of indices, physical representation, com-
pression/quantisation, and execution strategies; local
speedup of one component may not yield any benefit
without coordination with others. Thus, vector search
is a class of workloads that combine LA computations,
compression, and access optimisation, and the result is
determined by the system consistency of these compo-
nents (Pan et al., 2023; Pan et al., 2024). The effective-
ness of LA methods depends not only on the optimiser,
but also on the execution primitives. Standardised
programming interfaces specify a unified set of oper-
ations and create a basis for low-level optimisations
(parallelisation, vectorisation, and sparsity). GraphBLAS
formalises matrix/vector operations and parameterises
semantics via semirings, acting as a “bridge” between
LA representation and productive execution; standardi-
sation also increases portability of optimisations across
implementations (Brock et al., 2021).

In distributed systems, performance is limited not
by arithmetic but by shuffling data between nodes, so
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LA optimisations can lose the effectiveness if infra-
structure costs dominate. DShuffle is an example of
an infrastructure optimisation of data redistribution
in large-scale processing, where the bottleneck is the
internode exchange of intermediate data and the over-
head of the central processor. The approach is based
on the use of a data processing unit (DPU) to offload
some operations, which reduces the load on the CPU
and improves system performance (traffic, throughput)

in distributed scenarios (Ding et al., 2025). Together,
GraphBLAS and DPU-oriented shuffle illustrate the
principle of co-design: sustained speedup is achieved
by concerted optimisation of LA plans, execution prim-
itives, and infrastructure that removes network and
I/0 constraints. Based on the approaches considered,
a generalisation of linear algebra approaches is pre-
sented in Table 4 by application areas, types of resource
constraints, metrics, and risks.

Table 4. Generalisation of linear algebra approaches for optimising data processing
and storage in modern 21 century information systems

memory bandwidth

rank+low-precision
factorisation

quantisation

Direction Resource Method (linear Principle Taraet metrics Limitations
of application constraint type algebra/related) of operation 9 and risks
Optimisation of Linear algebraic Equivalent
analytical/ML Materialisation . expression .
query execution of intermediate queer)y(/pprreoscstiegzmg, transformations, bgflsdwir(]jii t;g% / icr?s(;[grpac'z?:r:’
in database results, ineffective o . operator fusion; . ’ .
management plans rewriting, dynamlc intermediate data write (1/0), RAM complexity
scheduling .
systems reduction
Approximate Random Accuracy-speed
matrix methods CPU, sometimes | RNLA, randomised p;g]ne]ctllicr)]ns/ Computation time, trade:;{égtai:)anmeter
for accelerating RAM sketching dimensﬁong[ity RAM, error dependence’on
calculations reduction data properties
Error control,
. . . dependence
S;c(r)iaersrlli:g CPU for msalﬁfg:s”:)gn Incremental sketch b':isd’wiréﬁj[g\i;l on window
P >Ing calculation, RAM A . updates ’ ’ parameters,
(sliding window) a sliding window error complexity of
implementation
. Quality
RAM/video (Iv_voeviv ;’1‘225) Approximation deterioration,
Matrix/Model memorv. storage factorise?tion low- with fewer Size, memory accumulation of
Compression Y, ge, y parameters, usage, speed, error | errors, validation,

and calibration

formats

compression

required
Physical Sparse storage Storing non- E’;%?g;'evse
. (compressed rows/ | zeros, reading the | 1/0, volume, query : ’
representation of I/0, RAM columns), columnar | required columns, time possible CPU
big data bottleneck shift

(decompression)

Vector databases
and similarity
search

Mostly 1/0, indexes,
storage

Vector database
management
systems, I/0-aware
ANNs

Indexing; reading

Response time, I/0,

Accuracy-speed
tradeoff, vector

reduction, volume, accuracy/ distribution
candidate selection completeness dependency, I/0
dominance

Notes: Materialisation (materialisation of intermediate results) — execution of a query operator with physical formation and
temporary storage of its output data set (e.g., in a temporary table or file) for further processing by subsequent operators

Source: compiled by the authors based on R. Marichal et al. (2021), Y-C. Hsu et al. (2022), R. Saha et al. (2023), D. Ahfock et
al. (2023), M. Udell & Z.Frangella (2023), X.Zeng et al. (2023), B. Ding et al. (2024),H.Yin et al. (2024),).J. Pan et al. (2024),W. Sun et

al.(2025), T. Munoz (2025),Z. Ren et al. (2025)

LA-oriented optimisation in information systems is
reduced to managing the interrelated trade-offs between
performance and correctness of the result. Approximate
approaches (RNLA, sketching, low-rank, low-precision)
provide a reduction in time and memory costs, but require
controlled parameterisation and quality validation proce-
dures,especially in incremental update modes.At the same
time, in practical workloads, the determining factors are

not arithmetic operations, but the costs of data access and
movement (I/0, caches, exchange between nodes), which
is manifested in storage-based vector search configura-
tions. Therefore, a stable optimisation effect is achieved
only by coordinating optimisations at the expression/plan
level with the cost model and physical implementations
of operators, otherwise the optimisation remains partial
and vulnerable to system bottlenecks.
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Given the set of results considered, the choice of
LA methods and system mechanisms for the implemen-
tation should be made taking into account the dom-
inant resource constraints and the type of workload.
For ML queries and data science pipelines, the alge-
braic representation of calculations in the form of LA
expressions is a priority, since it supports rewriting and
cost-based selection of plans, reducing the materialisa-
tion of intermediate results and integration overhead.
Under the conditions of operator evolution and the
emergence of domain-specific rules, the extensibility
of the optimiser (rewriting rules, cost model, physical
implementations) is decisive, without which the opti-
misation effect becomes unstable. When the execution
profile is compute-bound and approximation is permis-
sible, RNLA and matrix sketching are applicable,and in
streaming modes, sliding-window sketch maintenance
mechanisms are used to maintain quality during incre-
mental updates. When memory and bandwidth con-
straints dominate, low-rank and low-precision factori-
sations are appropriate, which reduce the footprint and
potentially speed up multiplication while controlling
the total error. In terms of storage, the format should
be consistent with the operations: sparse and columnar
representations determine the I/O profile and decoding
overhead, and factorised approaches reduce the struc-
tural redundancy of materialisations. For vector search,
the co-design of indexing, execution, and storage is
critical, particularly in storage-based modes, where the
scaling limit is set by I/0 characteristics. In general, the
effectiveness of LA optimisations depends on the “ver-
tical” consistency of planning, execution primitives (in
particular GraphBLAS), and, in distributed scenarios, the
infrastructure costs of the network and shuffle.

The results of the study confirmed that in prac-
tical vector search workloads, the main bottleneck
is 1/0 costs and data access costs, which directly de-
termine the scaling limits for storage-based systems.
The revealed pattern justifies the need for coordinated
co-design of indexes, physical representation, and exe-
cution strategies as a key means of overcoming infra-
structure limitations. This approach is consistent with
the findings of Y. Pan et al. (2023), who showed that to
ensure scalability on large data volumes, the transition
to disk-oriented structures with low RAM usage (LM-
DiskANN) is critical. The authors argued that optimising
graph indexes directly for disk-specificity allows main-
taining high performance of ANN queries even under
strict RAM limitations. Within the framework of system
logic, both works confirm that the real efficiency of vec-
tor systems is determined not only by the chosen algo-
rithm, but also by the architectural integrity with the
storage, where it is I/O characteristics that become the
determining factor of global performance.

X.Bao et al. (2024) found that integrating machine
learning models directly into the logical rules of a data
cleansing system (Rock) reduces the overhead associ-
ated with the gap between declarative semantics and
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procedural ML components. The authors showed that
‘embedded” execution of ML models within the logical
plan avoids external calls, intermediate materialisa-
tion, and data duplication, which directly affects per-
formance and predictability of execution. These results
are consistent with current research on the need for
an algebraic representation of ML calculations as part
of the optimisation core of the system, rather than as
external black boxes. In particular, the authors’ ap-
proach illustrates that the extensibility of the optimiser
through the introduction of new rules and operators is
a critical prerequisite for effective support of LA work-
loads in data science, since it is at the level of algebraic
representation that consistent rewriting, planning, and
cost-effective execution selection become possible. At
the same time, the approach of X. Bao et al. has an ap-
plied focus on the data cleaning problem and does not
consider the general space of linear algebraic rewrites
and cost-based optimisation for a broader class of ML
and analytical workloads. In contrast to the system
framework formulated in this study, the authors’ work
is limited to analysing the impact of physical operators
and execution parameters (memory, parallelism, 1/0)
on the global cost of the plan. Integrating ML into the
declarative core is feasible, but requires LA-oriented
optimisation at the logical, cost, and physical levels.

B.Tian et al.(2024) found that offloading part of the
ANN search computations to SmartSSDs (solid-state
storage) allows for scaling queries to billions of vol-
umes while reducing latency and increasing energy effi-
ciency. The authors showed that in storage-based ANNs,
the bottleneck is not the similarity calculation itself,
but the data transfer between the storage and the host,
so near-storage computing reduces the pressure on the
transmission bus and reduces host overhead. The effec-
tiveness of this approach depends on the redistribution
of functions between the device and the host (organisa-
tion of accesses, candidate selection, execution of some
operators on the SSD side), i.e., on the architectural
consistency of the execution loop. This correlates with
the results of this study on infrastructure optimisation
(DPU/DShuffle) as a way to remove network and 1/0
constraints in distributed scenarios: the acceleration is
achieved not by local optimisation of a single opera-
tor, but by moving critical processing stages closer to
the data and reducing the amount of inter-component
traffic. Thus, the obtained results confirm the principle
of co-design: a sustainable performance gain is formed
under the condition of coordination of the execution
plan (including LA operators that implement selection/
aggregation/similarity calculation) with the available
hardware primitives and the limitations on bandwidth
and data exchange.

The results of the study showed that the key factor
in the effectiveness of LA optimisations is the “vertical”
consistency between the planning process and specific
physical execution strategies, especially in conditions of a
shortage of fast memory. Minimising the materialisation
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of intermediate results by choosing optimal execution
plans allows increasing system performance and reduc-
ing resource load. This conclusion is supported by the
results of the work of Z. Zhang et al. (2024), where it
was demonstrated that the implementation of ordered
pipeline processing allows efficiently executing vector
queries, even if the amount of data exceeds the avail-
able video memory of the GPU. The authors confirmed
that careful control of the order of operations in com-
bination with overlapping calculations by data transfer
allows successfully levelling out materialisation de-
lays. The acceleration effect discovered by Z. Zhang et
al. serves as a practical validation of the approach
proposed in this study to the systematic minimisation
of intermediate data through the consistency of the
planning and execution levels. Thus, the effectiveness
of LA-oriented optimisation is determined by the “ver-
tical” consistency of planning with physical execution
and the ability to minimise the materialisation of inter-
mediate results; a sustainable effect is achieved only
with the operation of a consistent chain “rewriting—-
cost model—physical execution”.

CONCLUSIONS

The results showed that matrix representations are
natural for large datasets, but the prevailing sparsity
makes dense storage a source of excessive memory and
I/O overhead and slowdown due to processing of zero
elements. Sparse storage formats reduce the size of the
data by storing only non-zero values and indices, re-
ducing the cost of passes. The choice of sparse format
affects not only compactness, but also the “price” of LA
operations due to different efficiencies of row/column
accesses, updates, and parallelisation. For analytical
systems, columnar storage determines the 1/O profile
of queries, and performance depends on the speed of
reading the required columns, the overhead of encod-
ing/decompression, and the behaviour of caches. In LA
workloads, feature preparation and transformations
often boil down to intensive scans, where 1/0 and de-
coding can dominate arithmetic. Factorised databases
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AHoTauis. MeTot focnifKeHHs 6yno y3aranbHUTK NiAX0AM 4,0 Y3rOLKEHHS pilleHb HA eTanax NiaHyBaHHS, BUKOHAHHS
Ta Gi3MYHOro piBHS MNOAAHHSA AAaHUX B iIHPOPMALIMHMX CMCTEMAX 33 [LOMiHYBaHHS PecypCHUX 0bMexXeHb nif Yac
onepyBaHHS MAaCMBHWMM HabopaMu. MeToponoria 6asyBanacs Ha CUCTEMHO-aHANITUYHIN GopMani3aLii, NopiBHINbHO-
QHaNITMYHOMY y3aranbHeHHi Ta TMNonorisauii, NOPiBHAHHOMY aHanisi, cMcTeMaTu3aulii Ta iHTerpaTUBHOMY CUHTE3I.
BcTaHoBneHo, Wo niHiMHa anrebpa dopManisye NoLaHHN AaHUX K MaTPULLb/BEKTOPIB | 06UYMCIEHHS K NOCNIA0BHICTb
nepeTBOpPEHb. Y3arasbHeHHs onepawili (HanmiBKiNbLg) NOWKUPIOE Li NpUMITUBU Ha rpadoBi Ta bynesi 3apavi, a
Graph Basic Linear Algebra Subprograms ctaHfapTU3ye iX BUKOHAHHS ANS PO3PiJXKEHUX CTPYKTYp. EQekTuBHicTb
BM3HAYaETbCA Y3rOMKEHMM NAHLIOTOM “NiepenuncyBaHHS — BapTicCHa Mofesb — hi3uYHe” BUKOHAHHS: NepenucyBaHHs
3MEHLUYE NPOMIXHI AaHi, a BapTicHa Mofenb 00MpaE NnaH 33 BBeAEHHS/BUBELEHHS AAHWX, NAMATTHO, PO3PiAXEHICTHO
Ta napaneniamoM, 6e3 Hei MLLATbC eBPUCTUKK. BusBneHo, o GakTopu3oBaHi NOAAHHS 3MEHLLYIOTb HAAMLLKOBICTb
i TUCK Ha NaM'ATb Ta BBEAEHHS/BUBEAEHHS AaHUX (NS NPUEAHAHB/TPYNYBaHb) 3a NiATPUMKM cucTeMoro. Randomized
Numerical Linear Algebra i CKETUMHT 3HMXKYIOTb BUTPATM Ta KEPYIOTb KOMNPOMICOM “TOYHICTb-pecypcu” B MOTOKOBI
06pobui. Komnpecia MaTpumLb (HU3bKOPAHTOBE NOLAHHS, 3HWXKEHA TOYHICTb) 3MEHLUYE NaMaTb | Tpadik Ta NPUCKOPHOE
064YMCNEHHS 33 KOHTPOBOBAHOI BTPATU TOYHOCTI. Y BEKTOPHUX CUCTEMAX KepyBaHHA 6a3aMu AaHUX | po3nogineHux
cucTeMax BY3bKMM MiCLLEM € BBEAEHHS/BUBEAEHHS laHMX | Nepepo3nofin Mix By3namu, oMy DShuffle nepeHocuTb
4yacTuHy 06pobKM BanxYe [0 AaHWUX, NiIAKPECTIOYM poNb iHDPACTPYKTYpPHOT onTuMi3auii. JliHiMHO-anrebpaiyHe
noAaHHs 06UYMCNIEHb CTBOPKOE OCHOBY A1 Y3rOAXKEHOT ONTMMI3auii nepenucyBaHHs, BUOIp NNaHiB i BUKOHAHHS,
3MEHLUYIYM MaTepiani3auito Ta nepeMilleHHs JaHUX 33 0OMeXxeHb BBEAEHHS/BUBELEHHS, NaMaTi 1 NPOMNYCKHOT
30aTHOCTI. [TpakTUYHa 3HAYMMICTb pe3ynbTaTiB NOAAra€e Y MOXIIMBOCTI iX 3aCTOCYBaHHS PO3pOOHMKAMU Ta iHXKeHepaMu
iHQOPpMaLiHUX CUCTEM NS Y3roLKeHOro BU6opy popMartiB faHWX, MNaHiB BUKOHAHHSA 1 06UMCTIHOBANIbHUX NPUMITUBIB,
W06 3MEeHLWNTM MaTepiani3aLito Ta BUTPATM Ha BBEAEHHS/BUBEAEHHS, NaMTb i MepexeBuit 0BMiH

KniouoBi cnoBa: onepalii; MaTpuLi; pecypcHi 0B6MeXeHHs; po3piMKeHHICTb; MaTepianisauig; 6a3un faHux
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