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ABSTRACT

Modern electronic commerce increasingly relies on artificial-intelligence capabilities such as visual search and product
recommendation, yet for most mid-sized enterprises building and hosting the complete intelligence stack in-house remains
impractical. A pragmatic alternative is to compose the required capability from managed cloud services; the engineering cost of such
composition, however, is concentrated not in the models themselves but in the integration layer of the application. The paper
investigates the architectural and engineering aspects of integrating five heterogeneous cloud services — a managed vector search
index, a serverless inference platform, an object storage, a public model hub and a managed relational database — into a production
web application for image-based dress search operated by a wedding fashion manufacturer whose catalog contains about twenty-nine
thousand items and whose retail network spans more than three hundred sixty stores in seventy-five countries. A three-tier reference
architecture is proposed in which every external service is isolated behind a dedicated adapter, authentication is encapsulated in a
dedicated facade, and interchangeable embedding providers are implemented with the Strategy design pattern, enabling replacement
of the vision-language model without modification of the business logic. The engineering decisions are formalized with analytical
models: the availability of the synchronous composition of services, the success probability and worst-case latency overhead of a
bounded retry scheme, and a break-even model for choosing between local inference and a per-call cloud interface. Experimental
evaluation of the production deployment shows that external interactions dominate the request lifecycle: background removal
through the serverless platform accounts for about three-fifths of the mean end-to-end response time of nearly four seconds, whereas
the managed vector search contributes only about seventy milliseconds, or less than two percent. The local deployment of the
domain-specific encoder surpasses the general-purpose cloud embedding interface in both retrieval quality and latency at the cost of
several hundred megabytes of resident memory. During a four-week industrial trial, forty-five consultants executed more than
eighteen hundred queries, and more than four-fifths of the queries received positive feedback, which confirms the practical viability
of the proposed integration architecture.
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Relevance. Artificial intelligence has become a differentiating capability of electronic
commerce. Visual search, in which the query is a photograph rather than a text string, removes the
semantic gap between what a customer sees and what a catalog taxonomy can express, and large
marketplaces have made such functionality an expected part of the shopping experience. For a mid-
sized manufacturer, however, reproducing the in-house platforms of technology corporations is
unrealistic: dedicated research teams, GPU clusters and custom serving infrastructure lie far outside
a typical engineering budget. A pragmatic alternative is offered by managed cloud services: vector
databases offered as a service, serverless inference platforms, public model hubs and managed
storage and database offerings. Composing a production feature out of such services shifts the
center of gravity of the engineering effort from model development to systems integration — an
observation consistent with the argument that machine-learning code constitutes only a small
fraction of a real system, while the surrounding infrastructure dominates the total cost of ownership
[11], and with surveys of deployment practice that identify integration and operation as the main
obstacles between a trained model and a working product [12].

Integrating several independently operated cloud services into one interactive feature raises
questions that belong to software architecture rather than machine learning: how to isolate
heterogeneous authentication schemes and interface styles behind stable internal contracts; how to
keep the latency of a multi-service call chain within an interactive budget; how to remain
operational when an external dependency degrades; how to prevent silent behavioral changes when
a provider updates a model; and how to retain the ability to replace a provider without rewriting
business logic. Although these concerns are individually addressed by classical works on design
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patterns [15], microservice architecture [16] and production stability [17], their joint application to
the composition of cloud artificial-intelligence services in e-commerce has received little systematic
attention.

The paper studies these questions using a production system as the research material: Milla Al
Assistant, a web application for image-based wedding dress search developed for the manufacturer
Milla Nova, whose catalog contains approximately 29,000 dress models and whose retail network
spans 366 stores in 75 countries. The system composes five external cloud services within a single
request path bounded by a five-second response-time requirement and has passed a four-week
industrial trial in retail stores of five countries. The contribution of the paper is threefold: a
reference integration architecture that isolates every cloud service behind a dedicated adapter with
centralized authentication and configuration; a set of analytical models that make the reliability,
latency and cost consequences of integration decisions explicit; and a quantitative evaluation of the
resulting system in production, including a comparison of local and cloud deployment of the
embedding model.

Literature review and problem statement. The algorithmic foundation of visual product
search is formed by neural image representations. The Vision Transformer treats an image as a
sequence of patches and produces a dense embedding vector of fixed dimensionality [1]; contrastive
vision-language pre-training aligns image and text embeddings in a shared space [2], and SigLIP
improves it by replacing the softmax-based contrastive objective with a pairwise sigmoid loss [3].
For narrow domains, specialized derivatives outperform general-purpose encoders: in the fashion
domain, the publicly distributed Margo FashionSigLIP model is fine-tuned on apparel data and is
available through the Hugging Face Hub [4]. Similarity search over embedding collections is served
by the Hierarchical Navigable Small World graph algorithm, which provides approximate nearest-
neighbor search with logarithmic complexity and high recall [5], and by libraries such as FAISS
that extend such search to billion-scale collections [6]; a recent survey of vector database
management systems catalogs the rapidly growing landscape of dedicated engines and managed
services [14], and commercial offerings such as Google Vertex Al Vector Search package the
HNSW index as a fully managed service.

Industrial visual search systems have been described by the engineering teams of eBay [7],
Pinterest [8] and Alibaba [9]. These reports confirm the practical value of embedding-based
retrieval at the scale of hundreds of millions of images, but they document in-house platforms
operated by large dedicated teams; the architectural problem of assembling a comparable capability
from rented cloud services, under the constraints of a mid-sized enterprise, is left outside their
scope. Salient-object segmentation models such as U2-Net [10] are relevant as a preprocessing step
that removes background noise from real-world query photographs. From the software engineering
side, the integration of external services rests on the catalog of object-oriented design patterns [15],
including Strategy, Adapter and Facade; the microservice architectural style [16]; stability patterns
for distributed systems — timeouts, bounded retries, fail-fast validation and bulkheads [17]; and the
OAuth 2.0 authorization framework that governs access to most commercial cloud interfaces [19].
Serverless computing, which underlies pay-per-call inference platforms, has been analyzed together
with its economic and operational trade-offs in [18]; engineering-oriented studies of machine-
learning systems consistently emphasize that integration and operation, not modeling, dominate
practical effort [11], [12], [13].

Two trade-offs recur across this literature. The first is managed versus self-hosted operation of
the vector index: a self-hosted engine offers full control over parameters and cost, but transfers to
the application team the burden of memory provisioning, replication and index rebuilds, which the
survey [14] identifies as the dominant operational complexity of vector search; a managed service
converts this burden into an interface call at the price of per-query fees and provider dependence.
The second is the economics of serverless inference: pay-per-call platforms remove idle-capacity
costs and scale transparently, but introduce cold-start latency variance and rate limits that must be
absorbed by the calling application [18]. Both trade-offs are resolved quantitatively for the studied
system in the results section.
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In the author's previous work, the ranking logic of the studied system [20] and a three-level
methodology for evaluating the quality of visual recommendations [21] were examined; those
publications deliberately leave the integration architecture out of consideration. The review thus
reveals a gap: the literature offers mature building blocks — embedding models, managed vector
search, serverless inference, integration patterns — but no documented reference architecture that
composes several heterogeneous cloud services within one latency-bounded interactive request path
of an e-commerce application operated by a mid-sized enterprise. Open questions include the
division of responsibilities between local computation and rented services; the encapsulation of
provider-specific authentication, configuration and versioning; the containment of partial failures of
external dependencies; and the quantitative assessment of what each integrated service contributes
to the end-to-end latency, quality and cost of the feature. These questions define the problem
addressed in this study.

The aim and objectives of the research. The aim of the research is to develop and
experimentally substantiate an integration architecture that composes heterogeneous cloud artificial-
intelligence services into a production e-commerce web application under an interactive latency
budget.

To achieve this aim, four objectives are addressed:

1) to design a reference architecture that isolates each external service behind a dedicated
adapter with centralized authentication, configuration and version management;

2) to formalize the reliability, latency and cost implications of the integration decisions with
analytical models;

3) to measure the contribution of every external interaction to the end-to-end behavior of the
deployed system;

4) to compare local and cloud deployment options for the embedding model and validate the
architecture in industrial operation.

General organization of the system. Milla Al Assistant follows a three-tier architecture with a
strict separation between the presentation, business-logic and data layers. The presentation tier is an
Angular single-page application compiled to a static bundle and served through a content delivery
network; it captures or uploads a photograph and displays ranked catalog results with relevance
percentages. The business tier is a stateless NestJS (Node.js) server that orchestrates the entire
processing of a search request. The data tier combines three PostgreSQL databases (product catalog,
materials, and analytics) with a managed vector index. Five external cloud services are attached to
this core, each with its own protocol, authentication scheme and role (Fig. 1 and Table 1).
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Fig. 1. Integration architecture of the Milla Al Assistant system
Source: compiled by the author
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Table 1. External cloud services integrated into the system

Service

Protocol /
authentication

Role in the system

Interaction mode

Pinning / limits

ANN search over 768-D

Google Vertex Al REST / OAuth2 . synchronous, endpoint and index
. embeddings, Top-30 . .
Vector Search (service account) . critical ID in env vars
neighbors
background removal (851- |synchronous, model version

Replicate

REST / API token

labs/background-remover)

critical, retry < 3

pinned

storage of query images;

store: sync; URL

bucket name in env

Google Cloud Storage | SDK / OAuth2 signed URLSs signing: async vars
Hugging Eace Hub HTTPS/ distribution of startup only, model revision
gging anonymous FashionSigLIP weights cached in RAM fixed
TCP/SSL / . asynchronous, non- | pool < 20; timeouts
Supabase PostgreSQL credentials query logging, user feedback critical 55/30s

Source: compiled by the author

Isolation and integration patterns. Every external service is accessed exclusively through a
dedicated adapter service registered in the dependency-injection container. The adapter owns the
wire format, the error taxonomy and the credentials of its service, so a provider change is confined
to a single class, and every provider-specific detail — endpoint, credential, wire format, failure
taxonomy — occurs in the code base exactly once. Authentication with Google Cloud is centralized
in an OAuth2 facade that obtains and refreshes service-account tokens and signs outgoing requests
for both the vector index and the object storage; business services never handle raw credentials.
Incoming requests are validated at the system boundary in a fail-fast manner: the image format is
detected from binary signatures rather than from the declared MIME type, HEIC and WebP inputs
are converted to JPEG, and the request body is limited to 20 MB, so malformed traffic is rejected
before any paid external call is made.

The embedding subsystem is built around the Strategy pattern (Fig. 2). An EmbedderService
interface defines a single contract — the transformation of an image into a numeric vector

v = fo(I) € RY, 1)

where f, is the encoder with parameters 6 and d is the embedding dimensionality — and three
interchangeable implementations provide it: local ONNX Runtime inference of Marqo
FashionSigLIP (d = 768), the cloud Google Multimodal Embedding API (d = 1408) and local
Fashion CLIP (d = 512). The active provider is selected by an environment variable at startup;
switching neither touches the orchestration logic nor requires recompilation, which turns a vendor
decision into a configuration decision.

«interface» EmbedderService

+ generateEmbedding(image): float[768]
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J

Fig. 2. Interchangeable embedding providers implemented with the Strategy pattern
Source: compiled by the author
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Reliability model of the synchronous composition. A request succeeds only if every service
on its synchronous critical path succeeds. Assuming independent failures, the availability of a serial
composition of m services is the product

Apatn = Ay - Az - oo A, (2)

which decreases monotonically with every added dependency: four external calls of 99.5 %
availability each already bound the path at about 98 %. This multiplicative penalty motivates the
first architectural rule of the system: an external interaction is placed on the critical path only if the
response cannot be formed without it. Analytics writes and signed-URL generation are therefore
executed in a fire-and-forget manner: their failures are logged but never propagate to the user.

For the unstable serverless dependency (background removal), a bounded retry scheme with a
fixed delay is applied. If a single attempt succeeds with probability a, the probability of success
within n attempts is

hp=1-(0-a" 3)

so even a degraded service with a = 0.9 yields Pz = 0.999. The price is a bounded worst-case
latency overhead

Taddmax =m-1) - (¢, + d), (4)

where t, is the per-attempt timeout and d is the inter-attempt delay; with the production
configuration n = 3 and d = 3 s the scheme remains within the interactive tolerance of the
application.

The expected latency overhead is far smaller than the bound (4), since only the fraction of calls
that fail on the first attempt pays the retry cost:

E[T]=t+ A - a) - (t, + 4d), (5)

where £ is the mean single-attempt duration; for availability close to unity the expected overhead is
negligible, although the worst case (4) must still be budgeted when the response-time requirement is
stated for the 95th percentile. Version pinning complements retries: the exact revision of the
external model is fixed in configuration, which excludes silent behavioral drift when the provider
updates the default model.

Local versus cloud inference. The embedding step admits two deployment forms with
different cost structures. A per-call cloud interface converts every query into marginal cost, whereas
local inference converts the same workload into a fixed infrastructure cost — chiefly the 500-700
MB of resident memory occupied by the FashionSigLIP weights and the ONNX Runtime session
that are loaded once at application startup and cached for the lifetime of the process.

Denoting by c the provider fee per call and by C the monthly increment of infrastructure cost
attributable to local hosting, the break-even monthly query volume is

N* = =; (6)

c

above N* local inference is strictly cheaper, and it additionally removes a network round trip and an
external failure mode from the critical path. This model, together with the quality comparison
reported below, justified the choice of local inference for the production system, while the Strategy
pattern keeps the cloud option available as a fallback configuration.

Index maintenance workflow. The maintenance of the vector index as the catalog evolves and
as the embedding model changes is deliberately decoupled from the interactive path. A dedicated
command-line utility walks the catalog databases, generates an embedding for every product image
through the same EmbedderService abstraction that serves user queries, and emits a JSONL file in
the import format of the vector service; the file is then imported into the index as an offline batch
operation. Because the identifier of the deployed index is a configuration value, a re-indexing
triggered by a model replacement follows a blue-green scheme: the new index is built and validated
next to the old one, and the switch is a single environment-variable change with instant rollback.
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Treating the index as an immutable, versioned artifact produced by a reproducible batch job
removes the hardest consistency problems of vector-database integration from the runtime entirely.

Security of the integration layer. Attaching five external services multiplies the attack and
leakage surface of the application, so the integration layer enforces a uniform security discipline.
Credentials never appear in the repository or in the build artifact: all tokens and service-account
keys are injected through environment variables, each service uses its own credential, and the
Google service account is restricted to the minimal scopes required by the vector index and the
storage bucket, so a compromise of one integration does not grant access to the others. All channels
are encrypted, and the OAuth2 token lifecycle is confined to the facade, so access tokens never leak
into business code or logs. On the inbound side, the server accepts requests only from the front-end
origins enumerated in the CORS whitelist, limits the request body to 20 MB and validates the image
format against binary signatures before any processing; query images are never exposed through
public bucket permissions — a time-limited signed URL is generated instead. All environment-
specific values are externalized to environment variables, so the same stateless build artifact runs
unchanged in staging and production.

Measurement methodology. All measurements were performed on the production deployment
of the system — the stateless server process with a warm model cache, connected to the live vector
index containing embeddings of the full catalog of about 29,000 dress models. Latency was profiled
over a sample of 100 search requests, recording the mean and the 95th percentile (P95) for every
interaction of the request lifecycle. Retrieval quality was evaluated on a labeled set of 200 query
images whose composition models the real usage scenarios of the system: 60 official catalog
images, 80 real consultant photographs, 30 competitor brand images and 30 synthetic modifications
testing robustness to rotation, cropping and brightness changes. The ground truth was defined at the
level of the product rather than the individual image, and the standard information-retrieval metrics
Precision@K, Hit Rate@K and mean average precision (MAP@30) were computed for each
embedding provider under an otherwise identical pipeline [21].

Measured characteristics of external interactions. Fig. 3 shows the sequence of interactions
of the server with the external services while processing one search request, and Table 2
summarizes the latency measurements.

SPA client ]

NestJS API }

Cloud Storage ’ ‘ Replicate ’ ‘ Vertex Al ’ ‘ PostgreSQL |

POST /detect (base64)

L »' 1 ] 1 1
1 bt 1 1 1 1

\store original image (=180 ms),

ol

| | async: signed URL, analytics | i i ]
: e » : i ;
' : remove background ('F‘Z 340 ms, retry £3x=) ] ' i

B
>

'
PNG stream

' -

' |“ ' ' 1 1

i [!oml ONNX inference: Pashlon.&lgLIP embedding (=890 ms)]
i flm1Nelghb0r> Top-30 (~608 m>i

i
' ' 1
: : ' IDs + similarity scores
] ] 1 1 ] ]
! -+

. . ! c
enrich with productmetadata (=125 ms)
i

: : ! rops : :
I IJ 1 L L J
ranked pmducl list (avg end-to-end =3 fiSO ms)

[
s i
l 1

Fig. 3. Interactions of the API server with external services while

processing one search request
Source: compiled by the author
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Table 2. Measured characteristics of external interactions (100 production requests)

Interaction Mean, ms P95, ms Shareoz‘ time, Failure handling
%;g;e Cloud Storage: store query 180 310 4.7 non-blocking side effects isolated
Replicate: background removal 2340 3870 60.8 retry <3 x 3 s; pinned version
Vertex Al Vector Search: Top-30 OAuth2 facade; env-switchable

68 95 1.8 .

query index
PostgreSQL: metadata enrichment 125 210 3.2 pooling; connect/idle timeouts
Local processing (validation, - )
embedding, serialization) 1137 — 29.5 in-process; warm model cache
End-to-end request 3850 5420 100.0 —

Source: compiled by the author

The measurements confirm the architectural expectations. The managed vector search — the
only service on the critical path that is queried at catalog scale — costs a mere 68 ms on average,
demonstrating that a rented HNSW index imposes no practical latency penalty. The dominant
contributor is the serverless background-removal call, which accounts for 60.8 % of the mean end-
to-end time of 3,850 ms; its P95 of 3,870 ms is also the main driver of the end-to-end P95 of 5,420
ms, which slightly exceeds the five-second budget in the worst tail. The asynchronous side
operations contribute nothing to the response time, validating the fire-and-forget separation, and
during the measurement campaign the bounded retry scheme absorbed transient failures of the
serverless platform without a single user-visible error.

Comparison of embedding providers. The Strategy-based embedding module makes provider
comparison an inexpensive experiment: each provider was activated by configuration, a separate
vector index was built with the same catalog images, and the labeled query set was executed against
each index. Table 3 combines the retrieval quality metrics with the operational characteristics of the
three providers.

Table 3. Embedding providers: retrieval quality and operational profile

Provider Deployment Dim. P@1 P@5 | MAP@30 Cost profile
. local, ONNX fixed: 500-700 MB
Margo FashionSigLIP Runtime 768 0.875 [0.794 |0.762 RAM
Google Multimodal cloud API (Vertex -
Embedding Al) 1408 0.810 |0.738 |0.698 per-call billing + RTT
Fashion CLIP local, ONNX 512 (0745 |0672 |0.621 |fixed: lower RAM
Runtime

Source: compiled by the author

The domain-specific local model dominates on every quality metric: Precision@1 of 0.875
against 0.810 for the general-purpose cloud encoder and 0.745 for the lighter local alternative. The
result carries an integration lesson: the highest-quality option in this case is also the one that
removes an external dependency from the critical path, and the architecture made this comparison —
and any future revision of it — a configuration-level experiment rather than a redevelopment effort.

Industrial validation. The integrated system passed a four-week industrial trial in 12 retail
stores across five countries. Forty-five consultants executed 1,847 search queries through the
production deployment; 83.1 % of the queries received a positive rating through the built-in
feedback mechanism, 8.9 % a negative one, and 42 of the 45 consultants assessed the system as
useful for daily work. Throughout the trial the degradations of non-critical services remained
invisible to users, and no incident required manual intervention in the integration layer. The analysis
of the negatively rated queries showed that the dominant causes were queries for styles absent from
the catalog, images of very low quality or extreme zoom, and searches for a specific detail rather
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than an overall silhouette; none of the negative cases was attributable to a failure or timeout of an
integrated service, which indicates that the residual quality risk of the feature lies in the model and
data domain rather than in the integration layer [21].

Discussion of the results. The measurements substantiate an integration doctrine that can be
transferred to other mid-scale e-commerce systems. Renting the most infrastructure-heavy
component — the ANN index — is essentially free in latency terms (1.8 % of the request time) and
eliminates the operational burden of index hosting, whereas renting a per-request GPU computation
(background removal) is the principal latency and availability liability; when a cloud service sits on
an interactive critical path, its latency profile matters more than its accuracy alone. The local-
versus-cloud decision for the embedding model is not a dichotomy but a configuration governed by
the break-even volume (6) and by quality: in this system the domain-specific local model wins on
both axes, but the Strategy pattern preserves the cloud option for scenarios with low traffic or
constrained memory. The multiplicative availability model (2) provides a simple design discipline
— every candidate integration must justify its presence on the synchronous path — which in
practice moved two of the five services entirely off that path.

Several limitations should be acknowledged. The latency figures were collected from one
geographic deployment over a bounded observation window, so absolute values will differ in other
configurations, although the structural conclusions are expected to transfer. The quality comparison
relies on a 200-query labeled set constructed with the participation of domain experts, and the study
rests on a single industrial case; the analytical models deliberately use independence assumptions
and worst-case bounds rather than full queueing analysis. The retry scheme uses a fixed delay and
no circuit breaker, so stability patterns such as circuit breakers and bulkheads [17] are a natural next
step. The identified bottleneck also defines the optimization route: replacing the external
background-removal call with a local segmentation model of the U2-Net family [10] is projected to
reduce the mean end-to-end time to about 1.5 s while removing the least available dependency; the
integration architecture localizes this change to one adapter.

It is instructive to contrast the resulting composition with the in-house platforms documented
by eBay, Pinterest and Alibaba [7], [8], [9]. Those systems achieve lower absolute latency by
owning every component, but at the price of dedicated infrastructure teams that a mid-sized
enterprise cannot sustain. The architecture presented here reaches interactive latency and
production-grade quality with a two-component footprint — a statically served front end and one
stateless server process — by renting exactly the components whose self-hosting would dominate
operational cost, and by keeping the exit door open: the embedding weights are consumed in the
standard ONNX format, the index is populated from a portable JSONL export, and every provider
binding is a configuration value. The lock-in risk of building on rented services is thereby reduced
to the cost of rewriting single adapters.

Conclusions. The paper has examined the integration of heterogeneous cloud artificial-
intelligence services into a production e-commerce web application from the standpoint of software
architecture and engineering, using the Milla Al Assistant visual search system as the research
material. The following results were obtained.

1) A reference integration architecture has been proposed in which five cloud services are
attached to a stateless three-tier core through dedicated adapters, authentication is concentrated in
an OAuth2 facade, non-critical interactions are moved off the synchronous path, and
interchangeable embedding providers are realized with the Strategy pattern, so that provider
selection becomes a configuration decision.

2) Analytical models of the integration decisions — the availability of a serial service
composition, the success probability and worst-case latency overhead of bounded retries, and the
break-even volume between per-call cloud billing and fixed-cost local inference — have been
formulated and applied to justify the production configuration.

3) Production measurements have quantified the contribution of every external interaction: the
managed HNSW vector search adds only 68 ms (1.8 %) to the mean 3,850 ms request, whereas
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serverless background removal dominates with 60.8 % and defines the P95 tail of 5,420 ms; the
local domain-specific FashionSigLIP encoder surpasses the cloud embedding interface in quality
(Precision@1 of 0.875 versus 0.810) while eliminating an external dependency at the cost of 500—
700 MB of memory.

4) A four-week industrial trial (45 consultants, 1,847 queries, 83.1 % positive ratings) has
confirmed the operational viability of the architecture, with no user-visible incidents caused by the
integrated services.

5) The proposed architecture is transferable beyond the studied case: any interactive e-
commerce feature composed of rented artificial-intelligence capabilities faces the same set of
decisions — critical-path composition, retry budgets, provider interchangeability, index maintenance,
secrets management — and the presented models make these decisions explicit and checkable.
Future work includes replacing the dominant external dependency with a local segmentation model,
extending the integration layer with circuit-breaker and bulkhead patterns, and continuous
monitoring of model drift in operation.
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APXITEeKTYPHI Ta iH:K€HEPHi aCNeKTH iHTerpanii XMapHHUX cepBiciB
IITYYHOI'0 IHTEJIEKTY Y Be03aCTOCYHOK €JICKTPOHHOI KOMepil

Tucknii Xpucrusn Muxaiizosny?
ORCID: https://orcid.org/0009-0005-7830-3938; kristiantyskyi@gmail.com
D Jlyupkuit HatioHaNbHUI TeXHiYHUI yHiBepcuTeT, Byi. JIbBiBehka, 75. JIynbk, 43018, Ykpaina

AHOTALISA

CydacHa eleKTpOHHA KOMEPIIis e/lalli MIHUpIIe CIIHPAETHCS HAa MOXKIIMBOCTI IITYYHOTO 1HTENEKTY, 30KpeMa Bi3yallbHUH MOIIYK
Ta peKOMEH/Iallii TOBapiB, MPoTe IS OLIBIIOCTI CepeiHiX MAMPUEMCTB CaMOCTiiHA MOOY/I0Ba Ta CYIIPOBI/I OBHOTO CTEKa ITYYHOr'O
IHTENEKTY 3aJUIIAI0THCS MPAKTHYHO HEJOCSHKHIMU. [IparMaTHIHOIO albTePHATHBOIO € KOMITO3HILSI TOTPiOHOT (yHKIIIOHAIBHOCTI 3
KEpOBaHMX XMapHHUX CEpBICIiB; IH)KeHEpHa CKJIaJHICTh TAaKOl KOMIIO3MIIi 30Cepe/pkeHa He B MOJAENSAX, a B IHTErpaliiiHOMYy Mapi
3aCTOCYHKY. Y CTaTTi JOCHTI/DKEHO apXiTeKTypHI Ta iH)KEHEpHI acmeKTH iHTerpamii mSITH pPi3HOPIAHUX XMapHUX CEpBICIB —
KEPOBAaHOTO BEKTOPHOrO iHIEKCY, Oe3cepBepHOi iH(epeHc-TIathopMu, 00'€KTHOrO CXOBHINA, MyOmidHOro Xxady Mopeneidl Ta
KepoBaHOI pessilifiHoi 6a3u JaHuX — y NPOMHUCIOBHI Be0O3ACTOCYHOK TMOIIYKY BECIIBHUX CYKOHb 3a 300pa)KCHHsM, IO
EKCIUTyaTyeThCS BUPOOHUKOM BECUTBHOI MOJH, KaTaJOT SKOTO Halliuye OJM3BKO ABAJIATH JEB'ATH THCSY MOJETCH, a TOProBeNbHA
Meperka OXOILTIOE TTOHA]] TPHCTA MIICTAECAT CAJIOHIB y CIMIECSTH I'SITH KpaiHaX. 3alpONOHOBAHO €TAIOHHY TPHUPIBHEBY apXiTEKTypY,
B SIKiif KOJKEH 30BHIIIHIN CepBic 130JIbOBAHO 32 OKPEMHM aJalTepoM, aBTCHTH(]IKAIIIO 1HKAICYThOBaHO B OKpeMoMy (acani, a
B3a€MO3aMiHHI TOCTaYaIbHUKHA BEKTOPHMX MOJAHb 300pakKeHb peai3oBaHi 3a MAaTEpPHOM MpPOeKTyBaHHs CTpareris, 10 Ja€ 3MOTy
3aMiHIOBaTH Momenb Oe3 momudikarii GizHec-noriku. [HmkeHepHi pinreHHs (HOpPMaTi30BaHO AHATITHYHUMH MOJCISIMU JOCTYITHOCTI
MOCJTITOBHOI KOMIO3UIII{ CEpBiCiB, 0OMEKEHOI CXEMH MOBTOPHHUX CIPOO Ta TOYKU OE330MTKOBOCTI MK JIOKATBHUM iH(EPEHCOM i
XMapHUM i1HTepdercoM 3 MomTy4HOr TapHudikamiero. ExcriepiMeHTanpHa OIiHKA TPOMECIOBOIO PO3TOPTAHHS IOKas3ana, IIo
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30BHIIIHI B3a€EMOJI{ JTOMIHYIOTh y JKUTTEBOMY LIUKJI 3aIUTy: BUAAJICHHS (OHY depe3 Oe3cepBepHy IaT(opMy CTAaHOBUTH OIHM3BKO
TPBOX M'ITHX CEPEeAHBOTO HACKPI3HOIO Yacy BiJIIOBIJ, 0 HE MEPEBUIIYE YOTHPHOX CEKYHJ, TOAI SK KepPOBAaHWN BEKTOPHUII MOIIYK
JIO/1a€ JUIe OJM3BKO CIMIECATH MiTiCEKyHJI, TOOTO MEHIIE HiX JiBa BiJICOTKH. JIOKaNbHE pO3rOpTaHHS JOMEHHO-CIIEIiali30BaHOTO
€HKOZiepa IepeBepIlye YHIBEpCaJbHUH XMapHUH CepBic BEKTOPH3aLil SK 3a SKICTIO TONIYKY, TaK i 3a 3aTPHMKOIO. YTIPOIOBXK
YOTHPUTHKHEBOI NTPOMHCIIOBOI arpo0ariii cOpoK I'sITh KOHCYJIbTAaHTIB BUKOHAJIM ITOHA] THUCSAIY BICIMCOT 3aIlUTIB, i TIOHAX YOTHUPH
ISITUX 3alWTIB OTPHMAlHM MO3UTHBHY ONIHKY, IO MiJATBEP/PKYE INPAaKTHYHY HPHIATHICTH 3alpONIOHOBAHOI 1HTerpamiifHol
apXITEeKTypH.

KirouoBi cioBa: XMapHi CepBiCH IITYYHOTO IHTENEKTY; apXiTeKTypa IpOrpaMHOro 3abe3leueHHs; IHTerpamis CHCTEeM;
€JIEKTPOHHA KOMEPILisl; Bi3yalIbHUI MOIIYK; 1H)KEHepisl MporpaMHOro 3abe3nedeH s
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