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Abstract: Personalization systems must continually provide and display features that are dynamic: user, product,
inventory, pricing and contextual. With e-consumers demanding a lightning-fast response, it's not a simple task to
get a site to respond quickly, while maintaining the desired consistency and data freshness of the business. This
research paper will compare the different approaches to the design of personalization-serving architectures,
distributed caching, cache invalidation strategies, the pros and cons of using either eventual consistency or strong
consistency, and the way in which features can be cached as individual features or as sequences. These are
compared to other important characteristics of the service (such as serving latency, throughput, feature freshness,
stale read rate, scalability, cache efficiency, and infrastructure requirements). Three axis classification are
provided, as a function of freshness requirement, read/written ratio and consistency tolerance to consider the
implications of workload and feature properties on architectural choices. The framework is based on
differentiating features based on their need for very up-to-the-moment information, read-heavy workload,
availability of limited staleness periods. The analysis shows that there isn't a single consistency and serving
architecture for all personalization workloads. Rather, architectural decisions must be made based on the
operational needs of individual features and their workloads characteristics. The proposed framework provides
suggestions of what actionable steps should be taken by the back-end developers and system architects of
personalization systems to design infrastructure that can balance latency, freshness, consistency, scalability, and
resource efficiency.
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1. Introduction infrastructure availability and infrastructure cost.

With the prevalence of large-scale e- This is more difficult as there is more interaction

commerce systems, real-time personalization has
emerged as a crucial part of online platforms that
dynamically fine-tune their recommendations and
user experience with the ever-evolving data.
Personalization systems have increasingly been
integrated with the product attributes, inventory,
pricing, and context, in order to produce relevant
content at runtime while the user is making a
request. The systems need to be able to retrieve
features quickly as the delay in getting up-to-date
information has a direct impact on serving. On the
other hand, personalization infrastructure needs to
deal with feature freshness, feature consistency,
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with the user and more state changes in the business.
This makes it crucial to have serving architectures
that will be able to efficiently retrieve the features
with a balance of performance, freshness and
consistency.

Different problem with personalization
serving is that there is a limitation between being
low latency and good consistency. While eventual
consistency will decrease the coordination overhead
and boost serving performance, it may introduce
stale user, inventory, or pricing features. A higher
Consistency level might give more recent state but
could also add coordination overhead, network
communication overhead and infrastructure
overhead. This is a difficult choice since
personalisation workloads will have different
requirements for freshness, read/writes ratio, and
supporting stale information. For inventory or
pricing features, a consistency strategy that is well
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suited for recommendation may not be the same for
these features. Outdated information might have
varying operational implications. It necessitates
approaches being evaluated with different
workloads, spanning different conditions instead of
expecting there to be one single approach for all
personalization workloads.

Current research tends to focus on
feature stores, distributed caching, and consistency
models separately from each other as infrastructure
problems. These areas have been deeply researched,
but only a little bit of comparative research has been
done that maps freshness requirements, read/writes,
consistency tolerance and serving latency in the
same personalization-serving framework. As a
result, there is still limited practical advice to
provide on how to separate the recommendation
ranking, inventory-aware personalization and
dynamic pricing architectures. This gap poses a
challenge for system designers to know how the
workload characteristics and feature requirements
should affect the architecture, especially in systems
with strict latency requirements and a need for
sufficiently fresh and reliable data.

Against this background, the study aims
to classify personalization-serving architectures
according to freshness requirements, read/write
ratios, and consistency tolerance; compare strong,
eventual, and hybrid consistency approaches;
measure latency, throughput, freshness, stale-read
rate, cache performance, and infrastructure
utilization; examine the effects of workload
characteristics on architectural performance; and
develop a  practical  architecture-selection
framework for real-time personalization systems.
The study therefore investigates the impact of
consistency strategy on p50-, p95- and p99-
latencies, the impact of feature update frequency on
stale read rates, the impact of read/write ratios on
architectural performance, the impact of cache TTL
on latency and freshness, and which architectural
configurations provide a good trade-off between
serving performance, freshness, consistency,
scalability and infrastructure requirements.

It is important that the study offers a
practical basis for the understanding of how real-
time personalization systems can be used to deliver
balance between serving latency, feature freshness
and consistency requirement. The findings give
measurable recommendations for backend engineers
to choose their consistency model (strong
consistency, eventual consistency or hybrid

consistency) depending on workload rather than by
consistency model. The analysis of p50, p95, and
p99 latency, stale-read rates, cache-hit rates, and
throughput and resource utilization can help design
and evaluate feature-serving infrastructure. For
system architects, the study provides a structured
framework for relating freshness requirements,
read/write ratios, and consistency tolerance to
architectural decisions. It can help select the right
combination of online feature stores, distributed
caches, update mechanisms, and consistency
strategies for various workloads, especially when
there are varying consistency requirements for
recommendation, inventory, and pricing features in
terms of data freshness and correctness. For e-
commerce organizations, the study offers practical
insight into managing rapidly changing user and
business-state information without unnecessarily
increasing infrastructure overhead. The knowledge
of how the cache TTL, update frequency, stale reads,
and serving latency relate can help in setting
reasonable performance and freshness expectations
and help allocate computing, memory, network, and
storage resources more efficiently.

2. Literature Review

2.1 Real-Time Personalization and
Feature Stores

Real-time  personalization  systems
leverage user, product, behavioral, contextual,
inventory, and pricing features to deliver suitable,
personalized recommendations in real-time. These
systems pull relevant features as needed from the
client's query, and perform model inference during
the user's request, which requires low latency of data
access. With the help of a feature store, this process
can be carried out offline and online. Offline stores
have the model data available from historical data,
while online stores have the data values available for
production inference. The choice of "hybrid
architectures" between batch and streaming updates
for improving feature availability. The selection of
"hybrid architectures" between batch and streaming
updates for improving feature availability. But it is
possible there is a time lag between offline and
online space which could lead to features that are no
longer available. The architecture of the feature-
store thus affects the following characteristics,
serving latency, relevant predictions, and freshness
of the data [1].

Figure 1 illustrates the role of feature
stores in supporting real-time data processing and
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personalization by connecting historical and current
feature data. It underscores the effectiveness of
feature management to facilitate prompt decision-
making and enhance the relevance of personalized
services.
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Figure 1: Achieving clinically meaningful

outcomes in digital health

2.2 Distributed Caching and Feature
Freshness

Distributed caching is designed to
decrease the latency when fetching a feature, by
placing it closer to the application's serving process.
Popular strategies include cache-aside, read-thru,
write-thru, and write-behind caching. Local caching
minimizes network traffic, but could cause varying
data copies for each instance of the application,
while distributed caching gives the benefit of
sharing but there will be more network overhead.
Determine the speed of availability of updated
features by using cache invalidation. There are
various ways to ensure that top-fuelled, expiration,
event-driven and version-driven invalidation, and
stale-while-revalidate strategies are set up for
satisfaction. Longer TTLs lead to better cache hit
rates but may induce a higher level of staleness;
shorter TTLs may lead to more requests going to the
backend. Therefore, caching performance depends
on balancing retrieval speed, invalidation overhead,
and feature freshness.

2.4 Count of the elements in the
mailbox

Consistency models classify how
consistent the retrieved features are with respect to
authoritative data. Strong consistency does value
consistency, but can be coordination overhead.
Eventual consistency allows for temporary
inconsistencies, bounded-staleness does not allow

for data that is too old to be used [2]. The decisions
made here have an impact on availability, scalability
and latency. Other factors in serving latency include
cache misses, feature aggregation, serialization,
model inference, communication to the network,
and database lookups. Latency measurements
including average, p95 and p99 are complementary.
The nature of the workloads also affects the
efficiency of caching. Recommendation systems
that are read-intensive can leverage the ability to
cache, whereas price and stock information can
leverage the ability to be faster updated. This study
considers read/write ratios of 10:1, 100:1, 1,000:1,
and 10,000:1 to examine these differences [3].

Figure 2 depicts two major consistency
models, Strong Consistency and Eventually
Consistent, and Bounded Staleness; its relation to
distributed  capabilities — data  freshness,
availability, and data serving — and the impact of
the models on data serving..

What are Consistency models in distributed systems?

computer computer

N

coordinate activities

Centralized and shares resources Distributed
computer ————————————>  System

system Software

Stores data
in Database
computer computer

system system
Databases

Figure 2: Consistency Model in Distributed
System

2.4 Industry Architectures and Research Gap
Archtypes like Uber's Michelangelo or

Feast have all been publicized to illustrate the online
feature store, offline processing, streaming updates,
and precomputed features approaches for supporting
low latency inference. However, publicly available
documentation does not establish the complete
proprietary  configurations or  performance
characteristics of these systems. The current
methods of architecture have provided good ideas
for designing and creating users, but do not
completely determine the most appropriate caching
strategy for any specific workload. A few points
must be noted that scale the research gap on the
limited integration of latency, freshness, consistency
and read/write workloads into the context of a
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unified comparative framework [4]. This study fills
that gap by investigating the behavior of caching
strategies on various workload ratios and freshness
requirements in terms of mean latency, tail latency,
stale-feature frequency and the propagation of
updates.

3. Conceptual Framework

3.1 Architecture
Framework

The conceptual architecture categorizes
real-time personalization architectures in terms of
three main factors: freshness requirement,
read/write ratio, and consistency tolerance. The
concept of ‘freshness requirement' refers to the
maximum possible age of a feature once retrieved
for online inference. Read Write ratio is the ratio of

Classification

feature reads to feature updates and reflects the
application workloads that the serving architecture
needs to support. Consistency tolerance represents
the degree to which temporary differences between
cached or served values and the authoritative data
source can be accepted. These are dimensions which
give a structured way to compare various feature-
serving and caching architectures [5].

Figure 3 illustrates a conceptual
framework for evaluating system performance
across different operational dimensions. This work
adapts the framework to classify real-time
personalization architectures as per the freshness
required, Read/Write ratio and the consistency
tolerance required.
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Figure 3: Improving the deep learning
monitoring system for CollegeEnglish reading
efficiency guided by neural networks

3.2 Freshness Requirement

The freshness of features is defined
experientially as very high (<1 s), high (1-30 s),
moderate (30 s to 5 min) and low (>5 min). These
thresholds are NOT industry standards, but
experimental categories created for the current
study. Very-high freshness is for features the values
from which can be instantly changed, like
operational information that changes quickly [6].
Short propagation intervals are possible when the
freshness is very high, but moderate freshness
allows for updates to be performed in a few minutes.
Low freshness indicate features that can have longer
update time. The classification makes it possible to
remove and then investigate the behavior of the
caching and synchronization mechanisms in
progressively different freshness requirements all
the way up to Internet latency [7].

3.3 Read/Write Ratio

The framework considers four workload
ratios: 10:1, 100:1, 1,000:1, and 10,000:1. These are
ratios of increasing degree of read dominance. A
10:1 workload includes a greater number of reads
and somewhat more reads/writes in a single instance
than would a 10,000:1 workload. The higher the
number, the more potential caching has to be able to
satisfy repeat service requests without accessing the
underlying feature store. But advantages of caching
need to be weighed against the number of updates,
and the potential for stale values. The ratios thus
allow for controlled experimental conditions of
evaluating the change in architecture performance as
a function of the workload intensity [8;9].

3.4 Consistency Tolerance

Consistency tolerance comes in the
various forms of strong consistency, bounded
staleness, eventual consistency and hybrid
consistency [10]. A high consistency implies a high
degree of authoritativeness of values whereas a
bounded staleness allows values to vary in a
designated interval of freshness. Eventual
consistency means that there will be temporary
differences as long as wupdates trickle down
eventually as well. Hybrid consistency is the use of
a combination of consistency modes for various
categories of features. Depending on feature
characteristics and business criticality, the
appropriate tolerance is used. Certain features may
need greater consistency because of the more
volatile behavior or price, e.g. more volatile
inventory.
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3.5 Latency—Consistency Trade-off
Model

This  framework  measures  the
performance of architecture based on features
propagation delay, stale-reads, cache-hit rates,
throughput, infrastructure utilization and latency
(p50, p95 and p99) [11]. These measures provide
"normal performance" and details about how
quickly updates come in and how often they contain
data that is missing or incorrect. The framework
assumes that improving one performance dimension
may affect another; for example, stronger
consistency or faster propagation may increase
processing or communication overhead.

3.6 Proposed Architecture Matrix

The authors propose a comparison of the
following different forms of online consistency:
"Direct strongly consistent reads," cache-based
eventual consistency, streaming feature stores,
strongly consistent online stores, and a hybrid
serving architecture [12]. To evaluate each
architecture, the relative values of each of the
categories of freshness, read/write ratio, and
consistency tolerated are established. The matrix
defines a methodology that allows to identify
measurable differences of latency, freshness,
stability, throughput, and resource usage under
controlled load conditions. The framework doesn't
presume that all architectures are equal; instead it
compares their performance for various operational
conditions.

4. Methodology

4.1 Research Design and Experimental
Environment

This study will wuse comparative
experiments to examine different architectures
designed to serve personalization under controlled
circumstances [13]. We will use the following
ranges of workload intensities, updates frequencies,
cache configurations and consistency requirements
through repeated benchmarking experiments. The
simulated environment will be made up of 3-5
application nodes, 2-3 cache or feature-store nodes,
an event-streaming layer, a persistent database, a
load-generation layer, and a monitoring and metrics-
collection layer. The same workloads will be
continually applied to the same environments being
compared.

4.2 Dataset, Workloads, and
Experimental Architectures

A synthetic dataset will be created to
contain around 1 million users, 100,000 products
and 10-50 million feature records [14]. The number
of requests per second can be from 1,000 to 20,000,
and the number of feature updates per second can be
from 10 to 1,000. Three architectures will be
considered: ~ Strong Consistency architecture,
eventual consistency architecture and hybrid
consistency architecture. The ranking against the
workload of a read is recommended, and is
composed of three types of data: read-heavy
workload, recent clicks and product affinity, session
behavior, and freshness requirements of 30-300
seconds, with a read/write ratio of about 1,000:1.
The approximative read-write ratios the inventory-
aware workload will use are around 100:1, updates
are 10-500 per second and freshness ranges from 1-
10 seconds. Approximate DPO and price updates
will be 10:1 — 100:1, 100 updates to 1,000 updates
per second will be used and the freshness
requirement will be sub-second up until around 5
seconds.

Realistic synthetic data sets were used
for test performance, as shown in Figure 4. A similar
strategy is used to create the personalization
workloads of different types of controlled workloads
for this study: user, product, feature record, request
rate, and update frequency.
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Figure 4: Realistic synthetic dataset generation
for cyber-physical systems: a performance
evaluation
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4.3 Cache, Consistency, and Update
Experiments

The different TTLs that will be used to
evaluate cache behaviour 1 second, 5 seconds, 30
seconds, 60 second and 300 seconds. These
configurations will be tested with various workload
intensities, measuring Cache-Hit rate, Cache-Miss
rate, Stale Read rate and p95 / p99 latency.
Consistency experiments will compare synchronous
updates, asynchronous updates, and bounded-
staleness propagation under low, moderate, and high
update frequencies. Special focus will be given to
feature propagation delay and stale-state exposure,
particularly when it comes to inventory and pricing
workloads where stale data might influence the
decision on what's served [15]

4.4 Performance Metrics and Statistical
Analysis

The following latency, requests per
second and error, cache-hit, stale-read percentage,
feature propagation delay will be measured and
utilized as data: CPU usage, memory usage, network
usage, storage usage, cost-per-million requests.
Means and standard deviations, median, percentile
distribution, 95% confidence interval, percentage
difference and coefficient of variation are used to
summarize the resulting data. Latency will be
compared using appropriate statistical tests between
the different architectures and effect sizes will be
reported where applicable [16]. Results will be only
reported on statistical levels when validated by the
experimental results.

Table 1: Summary of the Experimental
Methodology and Evaluation Parameters

Methodology Area | Details

Comparative  experimental
Research Design [study using  controlled
benchmarking tests.

3-5 application servers, 2—3
cache/feature-store  servers,
streaming system, database,
load generator, and|
monitoring tools.

System Setup

Synthetic dataset with about
1 million wusers, 100,000

Dataset
atase products, and 10-50 million
feature records.
1,000-20,000 t
Request Rate ’ ’ requests - per

second.

Methodology Area | Details
10-1,000 feature updates per

Update Rate
P second.
Strong consistency, eventual
Architectures consisgtenc anz hybrid
Tested Y y

consistency.

Read/write ratio of about

Recommendation |1,000:1; freshness
Workload requirement of  30-300
seconds.

Read/write ratio of about
Inventory 100:1; updates of 10—500 per|
Workload second; freshness

requirement of 1-10 seconds.

Read/write ratio of 10:1-
100:1; updates of 100—1,000
Pricing Workload [per  second; freshness
requirement of below 1-5

seconds.
TTL values of 1, 5, 30, 60
Cache Testi > T
ache Testing and 300 seconds.
Consistency Synchronous, asynchronous,
K and bounded-staleness
Testing
updates.
p50, p95, p99 latency,
Main Metrics throughput, error rate, cache-

hit rate, stale-read rate, and
feature propagation delay.

CPU, memory, network,
Resource Metrics |storage use, and cost per|
million requests.

Means, medians, standard
deviations, percentage
differences, confidence
intervals, and appropriate
statistical tests.

Data Analysis

5. Experimental Results

5.1 Serving Latency, Throughput, and
Scalability Results

Latency will be measured using the p50
and p95 values and the p99 value, to reflect typical
service performance and tail latency. The request
rates will be ramped up from 1,000 to 20,000
requests per second to see how each architecture
performs when the system is tested. Changes in p95
and p99 latency with high system stress will be of
special concern because tail latency can grow
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significantly as infrastructure hits the saturation
point. Also, throughput will be measured by the
maximum number of possible requests per second
for each architecture at varying rates of feature
updates. In addition to throughput, error rates will be
measured and reported, and the point to which
increases in workload cause instability to the system
will be determined. The results will demonstrate if
each architecture will yield consistent results as
requests and updates grow.

5.2 Feature Freshness and Stale-Read
Results

For Feature freshness, the amount of
time for a user update to the source system to take
effect in the freshness feature will be used to
measure how fresh the value is [18]. For each
architecture and workload, propagation delay
statistics will be computed: mean, median, p95 and
maximum  propagation  delays.  Stale-read
percentage will also be measured under different
feature-update frequencies to determine how often
requests receive values that are older than the
defined freshness requirement. This strong
consistency architecture will benefit from a
comparison with eventual and hybrid consistency
architecture in terms of propagation behavior and
inability to see stale states. Special focus will be paid
on inventory and pricing load because their
freshness’s are shorter than the recommended
feature. The findings will also include the
correlation between stale reads and cache TTL,
highlighting the tradeoff between wait time and the
longer caching can be set to allow serving stale
feature values.

5.3 Cache Performance, Read/Write
Workload, and Resource Utilization

Cache performance will be measured by
the cache-hit rate, cache-miss rate, cache-eviction
rate and invalidation frequency [19]. Different TTLs
(1 second, 5 seconds, 30 seconds, 60 seconds, 300
seconds) will be used to identify any impact that
expiration policies have on the efficiency of serving
data and the presence of stale data. The following
read/write ratios will be evaluated: 10:1, 100:1,
1,000:1, and 10,000:1. These experiments will show
how increasing read dominance influences cache
effectiveness and overall system performance.
Resources will also be monitored such as CPU
usage, memory usage, network usage, storage
operations, and overall infrastructure usage. These
will be used to determine the amount of computing
power and infrastructure needed to reduce the

serving latency of these measurements, or to ensure
that they are fresh.

5.4 Workload-Specific and Statistical
Results

The final results will compare
architectural behavior across the three workload
scenarios: recommendation ranking, inventory-
aware personalization, and dynamic pricing [20].
Differences will be discussed based on the time
taken, throughput, freshness, and stale-read
exposure of each workload. Recommendation
ranking is likely to be more about high reads and
more on speeding up of features and freshness of
inventory and prices. The 95% confidence intervals,
percentage differences, effect sizes and variance
measures of repeated experimental measurements
will be summarized by statistical analysis.
Statistically appropriate test is used to decide if
observed differences in the architectures are backed
up by the experimental data. Statistical significance
will only be reported when supported by the
repeated measurements and distribution

Table 2: Summary of Experimental Results and
Evaluation Measures

Result Area Key Measures / Tests
Latency, p50, p95, p99 latency, requests
Throughput & per second, error rate, and
> performance at 1,000-20,000

Scalability

requests/second.
Feature Propagation delay, stale-read

percentage, and freshness under
Freshness .

different update rates.

Cache-hit rate, cache-miss rate,
Cache eviction rate, and invalidation
Performance [frequency using TTLs of 1-300

seconds.

Performance  under 10:1-
‘Workload & (10,000:1 read/write ratios; CPU,
Resources memory, network, and storage

use.

Comparison of]

recommendation, inventory, and
‘Workload .. v

. pricing workloads based on

Comparison

latency, throughput, freshness,

and consistency.

95%  confidence intervals,
Statistical percentage differences, effect
Analysis sizes, and appropriate statistical

tests.
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6. Discussion

6.1 Interpretation of Major Findings

The experimental results show that
feature-serving architecture has a significant impact
on latency, consistency, freshness, and system
performance. Architectures react in different ways
when the number of requests and feature-updates
grows, as shown by different p50, p95, and p99
latencies. Higher serving latency for architectures
that guarantee higher consistency of the architecture
may be due to additional serialization necessary to
deliver the latest feature values to clients.
Architectures that fit in the eventual consistency
modality, in contrast, can significantly decrease
coordination overhead and potentially return other
responses sooner, but might return lesser values. The
measured freshness and stale-reads are then
important to help determine if improvements in
performance are gained while incurring a viable
consistency cost.

6.2 There are various tradeoffs between
Latency, Consistency, and Freshness.

The findings also show that consistency
and latency should not be treated separately in the
design of personalization systems in real-time
systems [21]. The consistency semantics are more
important for less time-sensitive recommendation
features, but many time-sensitive features need a
strong consistency semantics, because the data is
made available to the system later and is crucial to
making decisions in that system. The importance of
stale data will vary according to feature and how fast
the state of the feature changes. The information
about inventory and pricing is typically subject to
tight freshness requirements compared to the
behavioral recommendations that can accept short
stales periods. Thus, it is important to consider the
desired freshness of the architectural elements, and
not seek uniformity on all elements under the guise
of a consistency model.

6.3 Caching, TTL, and Workload
Characteristics

Keeping data in the network cache can
significantly enhance the performance of read-based
applications, as it decreases the need for multiple
accesses to the distributed feature stores and
minimizes serving timeouts [22]. A tradeoff of cache
efficiency and freshness is present when selecting
TTL, however. By keeping the time-to-live short,
the stale values are available for a smaller amount of
time but miss rates and backend traffic are higher. A
higher TTL value helps improve the efficiency of the

cache but can lead to stale-read rates. However,
event-driven invalidation can bring quicker updates
and increase infrastructure and operational
complexity. Likewise, if the number of feature
updates is large, this can make caching less
effective, and may increase the demands on the
network, CPU and storage. Thus, the optimal
architecture will depend on the nature/read vs write
ratio of the workload and the frequency of updates
to the workload.

6.4 Infrastructure, Cost, and
Consistency Budget

The variations in performance between
architectures also have direct conclusions about
infrastructure, cost implications. A higher request
rate and frequent changes of features lead to higher
use of CPU, memory, network and storage. A
consistency budget provides a practical way of
defining the maximum acceptable staleness for
individual features. The consistency objective for
Recommendation features may be as high as say
50% or more, while some features such as inventory
and pricing might need more comparable low limits
[23]. Raising the consistency demands can then lead
to higher infrastructure costs, e.g., due to more
coordination, data replication, and network
communication. When considering architectural
alternatives, cost per million requests and cost per
million feature updates may also be taken into
consideration, in addition to latency and freshness.

6.6 Literature @ Comparison and
Applications.

The results are similar to prior works and
industry designs that focus on the low latency
serving, consistency and scalability/operational
costs performance trade-offs [24]. Differences
between the experiments and past research can be
attributed to differences in workload intensity,
infrastructural configuration, caching strategies, and
system size. The results also show the relevance of
setting Latency SLOs and Freshness SLOs based on
criticality of features for backend engineers [25].
Using online feature stores, streaming systems along
with event driven updates, combined with
monitoring stale-reads and graceful degradation, can
help reduce infrastructure needs while ensuring
performance.

7. Conclusion

It is evaluated different real-time feature
serving architectures according to: latency of the
serving - freshness of the data served - consistency
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of the data served - scalability - infrastructure
requirements. The experimental results indicated
that the p50, as well as the p95 and p99 latency,
could vary measurably based on the architecture
chosen, as feature-updates and request-rates grew.
Read-intensive workloads have seen improvements
in terms of caching and the optimized path to serves
while feature changes have introduced additional
strings of coordination, network and processing
demands. The results also showed that higher stale-
read rates are possible with weakening consistency
models if the changes are in the serving
performance.

These findings wvalidate that latency,
freshness, consistency and scalability are not
independent properties of a system. The research
also offers a three-axis classification criterion based
on the level of freshness of the featured elements,
the ratio of read and write operations and level of the
consistency that can be achieved. This can be a
structure that enables to go out it to determine how
the various features are and really are not implied in
the selection from the supporting architectures. For
features that have to be fresh, and that are frequently
updated, such as updates, there are more ways to
ensure they're fresh at runtime than there are for
features that do not have either of those
requirements. The framework thus goes beyond just
conducting an architectural analysis based only on
latency, also covering workload and data usage
characteristics. In reality, the framework can be used
for the design and optimization of real-world
personalization infrastructure by allowing the
backend engineers to categorize its features based on
their freshness requirement, update frequency,
read/write ratio, and acceptable degree of staleness
to determine an architecture for serving the features.
This can further influence aspects of the feature and
role selection, caching, TTL, event driven
invalidation, streaming pipelines, replication, and
online feature stores. The method can also be
employed in organization to establish service level
targets on latency and freshness, which allow them
to find the right equilibrium between performance,
reliability, scalability and infrastructure costs.

A larger scale experimental testing trace
and real production traces are needed to evaluate the
framework and to collect new results in the future;
Study the generalizability of results obtained for
different workloads wused and infrastructure
conditions. A future investigation could look into
adaptive cache TTLs that adapt to feature update

patterns or at dynamic consistency policies that
adapt to the features' criticality and workload
conditions. Computerized architecture-selection
mechanisms are also a worthwhile path of research
to explore given the idea of using the characteristics
of a workload to recommend the best configuration
of the architecture. Finally, future research should
integrate personalization quality measures (e.g.,
relevance of recommendations, conversion
measures) and infrastructure quality measures (e.g.,
latency, freshness, consistency, throughput, and
cost). This integration could provide a more
comprehensive understanding of the real-time
personalization system and how the choices of
infrastructure  can  translate  into  better
personalization service and value at the end point.
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