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Introduction — The Structural Shift in SIEM

Why the evolution of SIEM is architectural, not incremental

Security information and event management (SIEM) has not changed in the last five years primarily
through the addition of new features. Its most important evolution has been structural. Over time, the
growth of security telemetry, the increase in detection content, and the expansion of connected data
sources created pressures that the traditional database-oriented SIEM model was not designed to
absorb. As environments became larger and more complex, the gap between when an event occurred
and when that event was identified grew increasingly difficult to manage. This delay was not merely an
inconvenience. It reflected a deeper architectural problem in how security data was being stored,
searched, and operationalized.

Traditional SIEM designs were built around the assumption that security data could be collected into a
central platform, indexed, and then queried to determine whether a detection condition had been met.
That model was workable when data volumes were smaller, retention periods were shorter, and rule
sets were relatively limited. It became far less effective as organizations began ingesting dramatically
more telemetry from endpoints, networks, cloud platforms, applications, identity systems, and
third-party services. The result was not simply more data, but more analytical burden. More signatures
had to be evaluated, more relationships had to be understood across sources, and more compute had
to be spent repeatedly searching for what mattered.

The deeper issue was that a SIEM is not valuable merely because it stores records. Its value

lies in helping an organization make security decisions.

What emerged from this pressure was not a minor tuning problem, nor a simple need for a better
database. The deeper issue was that a SIEM is not valuable merely because it stores records. Its value
lies in helping an organization make security decisions. That requires analytics, context, prioritization,
and timely interpretation of events at scale. In other words, the real problem was not just data
management. It was decision-making under conditions of expanding data volume and operational
complexity.

This is why the modern SIEM market is being reshaped by three architectural advances: the adoption
of data lakes and lakehouse models for scalable and economically durable retention, the rise of data
fabrics or telemetry pipelines for controlling and enriching data in motion, and the emergence of
streaming analytics as a means of performing continuous, stateful detection rather than relying solely
on retrospective queries. These are not isolated product features. They are structural responses to the
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failure of the older query-centric model to keep pace with modern security operations.

Just as importantly, this shift is not a matter of vendor preference or marketing language. It is visible
across the market in platform design, infrastructure strategy, and acquisition activity. Major vendors
and hyperscalers are converging on the same core architectural principles because they are solving
the same underlying problem: how to perform meaningful analytics and support security
decision-making when telemetry has reached massive scale. Fluency's position is grounded in that
same reality. The company's approach aligns with this broader market direction, and in several
respects anticipated it by treating analytics and decision support, rather than raw data accumulation, as
the central purpose of the SIEM.

This paper examines those three shifts in turn and argues that they collectively define the most
important enhancements in SIEM over the last several years. More than a change in tooling, they
represent a redefinition of what a SIEM must be: not simply a place where data is stored and searched,
but an architecture built to produce security intelligence and support decisions at scale.

Market Validation — The Industry Has
Already Chosen This Direction

Acquisitions and investment patterns confirm the architectural shift

A useful way to distinguish between architectural theory and architectural reality is to examine where
the market commits capital. Vendors can describe many directions in product messaging, but
acquisition strategy reflects where they believe long-term competitive advantage must be built. In the
SIEM market, the last several years have shown a consistent pattern: large security vendors are
investing in capabilities that directly align with the structural shifts described in the previous section.

This pattern is particularly notable because it mirrors a problem that had already begun to surface
earlier in the decade. As early as 2015, Fluency's development efforts were focused on addressing the
growing disconnect between data accumulation and operational decision-making. The underlying
observation was straightforward but critical: the ability to store large volumes of telemetry and search it
quickly did not, by itself, solve the problem of effective security operations. The challenge was not only
scale, but the ability to identify where analysts should begin, what mattered most, and how to reduce
the time between activity and understanding. This led to an architectural approach that emphasized the
combination of scalable storage, controlled data flow, and real-time analytics as components of a
decision-oriented SIEM.
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At the time, this perspective ran counter to the prevailing assumption that improvements in database
performance alone would sustain SIEM evolution. Over the following years, however, the broader
market began to converge on the same conclusion, and that convergence is visible in acquisition
activity.

The first wave of acquisitions focused on scalable log storage and analytics. CrowdStrike's acquisition
of Humio and SentinelOne's acquisition of Scalyr were both positioned around the need to ingest,
store, and query large volumes of telemetry more efficiently. These moves reflected a recognition that
traditional indexing models were becoming cost-prohibitive and operationally limiting at scale. In effect,
vendors were decoupling storage and compute, even if not yet fully embracing lakehouse
terminology.

A second wave of acquisitions followed, this time targeting control over data before it reached storage
and analytics systems. CrowdStrike's announced acquisition of Onum and SentinelOne's announced
acquisition of Observo Al both emphasize telemetry pipeline management, including filtering,
enrichment, and routing. These capabilities address a different but equally important problem: not all
data should be treated equally, and the cost and effectiveness of downstream systems depend heavily
on how data is shaped before it arrives. By investing in pipeline technologies, these vendors are
acknowledging that ingestion is not a passive process, but a strategic control point.

Across both waves, a consistent trajectory becomes visible. Vendors first addressed the limitations of
storage and query performance, and then turned to the upstream problem of managing data flow and
cost. At the same time, their product messaging increasingly highlights real-time analytics and
low-latency detection, signaling a shift away from purely retrospective, query-driven models toward
continuous evaluation of telemetry.

Taken together, these moves are not isolated reactions to competitive pressure. They form a coherent
pattern that aligns directly with the three architectural shifts outlined earlier: decoupled storage through
scalable data platforms, controlled ingestion through telemetry pipelines, and an increasing emphasis
on real-time, streaming-oriented analytics.

CrowdStrike - Humio (2021)

High-performance log management and analytics platform acquired to support large-scale data ingestion
and search, establishing a scalable storage and analytics foundation.

SentinelOne - Scalyr (2021)

Cloud-native log analytics platform acquired to enhance ingestion, correlation, and search capabilities at
scale, mirroring the move toward decoupled storage and analytics.
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CrowdStrike - Onum (2025)

Real-time telemetry pipeline platform acquired to enable filtering, routing, and in-pipeline processing of data
before it reaches downstream SIEM systems.

SentinelOne - Observo Al (2025)

Al-driven telemetry pipeline platform acquired to provide real-time data ingestion, enrichment, and routing,
reinforcing the pipeline as a control layer in modern SIEM architecture.

The significance of this pattern is not that every vendor has adopted identical implementations, but that
they are investing in the same areas of leverage. When multiple market leaders independently allocate
resources toward the same architectural components, it reflects a shared recognition of where existing
approaches are insufficient. In this case, the conclusion is clear: the SIEM market is not experimenting
with incremental improvements to legacy designs. It is converging on a new model built to support
analytics-driven, decision-oriented security operations at scale.

Data Lakes and Lakehouses — Fixing the
Storage Problem

Decoupling storage from compute to enable scalable, cost-effective retention

The first major structural shift in SIEM architecture addresses a fundamental limitation of the traditional
model: the tight coupling between storage, indexing, and analysis. Historically, SIEM platforms were
designed to ingest data into a centralized system where it would be parsed, indexed, and stored for
later query. This approach assumed that the system responsible for detection would also be
responsible for retaining the entirety of the organization's security telemetry.

MODERN SIEMs | Fluency Security



DATA LAKEHOUSE ARCHITECTURE

DATA SOURCES CONSUMERS

Cloud Platforms SIEM Analytics

Endpoints / EDR s N
INGESTION

Schema Normalization .

Threat Hunting KEY SHIFT
OCSF/ECS/CIM
Network / FW o
Parsing & Valdation

J
Applications ¢

-
OBJECT STORAGE W
3rd-Party SaaS Parquet / ORC Columnar Al/ML Models

S3 / Azure Blob / GCS

l Identity / 1AM ETL / Streaming Ingest

Long-Term Retention EBA
¢ )

~
LAKEHOUSE LAYER w 3
Compliance / Audit

Schema Enforcement
Metadata & Catalogs

DECOUPLED STORAGE + COMPUTE
Figure 1 — Data Lakehouse Architecture

At smaller scales, this model was effective. As data volumes increased, however, it introduced a series
of constraints that became increasingly difficult to manage. Indexing all incoming data required
significant compute resources, and those costs scaled with both ingestion volume and retention
duration. Organizations were therefore forced into tradeoffs, often choosing between retaining data for
longer periods or maintaining acceptable query performance. In practice, this meant that large portions
of potentially valuable telemetry were either discarded or heavily summarized to control cost.

The limitation was not simply economic. By concentrating storage, indexing, and analysis into a single
system, the architecture also restricted flexibility. Data stored within a SIEM was often bound to that
platform's schema, query language, and performance characteristics. As a result, expanding analytical
approaches or introducing new tooling frequently required additional ingestion pipelines or duplication
of data, further increasing complexity and cost.

Instead of treating the SIEM as the system of record for all telemetry, modern architectures

separate storage from analysis by leveraging object storage platforms capable of holding
large volumes of data in open formats.

The transition to data lakes represents a direct response to these constraints. Instead of treating the
SIEM as the system of record for all telemetry, modern architectures separate storage from analysis by
leveraging object storage platforms capable of holding large volumes of data in open formats.
Columnar storage formats such as Parquet and ORC enable efficient compression and selective
access, allowing large datasets to be stored economically while remaining accessible for downstream
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processing. This shift changes the economics of retention, making it feasible to preserve far more
historical data without incurring the same indexing overhead associated with traditional SIEM designs.

The lakehouse model extends this concept by introducing structure and performance optimizations on
top of data lake storage. Rather than sacrificing queryability for scalability, lakehouse architectures
combine open storage formats with features such as schema enforcement, metadata management,
and optimized access paths. This allows data stored in object storage to be accessed in a manner that
approaches the usability of traditional databases, while retaining the flexibility and cost advantages of a
decoupled storage layer.

This architectural direction is not theoretical. It is reflected clearly in hyperscaler and vendor offerings.
AWS Security Lake, for example, normalizes security data into a common schema and stores it in
Parquet within object storage, enabling multiple consumers to access the same underlying dataset.
Microsoft's Sentinel data lake similarly emphasizes open formats such as delta-parquet and explicitly
separates storage from compute to improve both cost efficiency and analytical flexibility. Even
platforms historically associated with tightly integrated storage models have adapted. Splunk's
SmartStore and Elastic's tiered storage approaches both move toward separating hot compute from
lower-cost storage, acknowledging the limitations of maintaining all data within a single
high-performance tier.

Taken together, these developments represent a clear shift in how storage is conceptualized within
SIEM. The system responsible for detection is no longer expected to be the sole repository of all
telemetry. Instead, storage becomes a shared, scalable foundation that can support multiple analytical
processes, tools, and workflows. This not only improves cost efficiency but also enables greater
interoperability, as data stored in open formats can be accessed by different systems without requiring
proprietary translation.

However, while this shift resolves the problem of storage scale and retention economics, it does not by
itself address the broader challenge of effective detection. Storing more data, even in a more flexible
and cost-efficient manner, does not inherently improve the ability to identify meaningful security events.
Without additional mechanisms to control, prioritize, and analyze incoming telemetry, a data lake risks
becoming a passive repository rather than an active component of security operations.

This limitation is critical because it highlights the next architectural requirement. If storage is no longer
the bottleneck, then the focus must shift to how data is managed before it reaches analytical systems,
and how it is evaluated in motion. This is the role fulfilled by data fabrics and streaming analytics, which
together transform raw telemetry into actionable intelligence rather than simply preserving it.
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Data Fabrics — Controlling the Flow of
Telemetry

The pipeline as a strategic control layer for modern SIEM

As storage has been decoupled from analysis, a new bottleneck has emerged in modern SIEM
architectures: ingestion. The problem is no longer simply where data is stored, but how it is shaped,
prioritized, and routed before it reaches downstream systems. In large environments, the volume of
telemetry is not only high but uneven in value. A significant portion of collected data is repetitive,
low-signal, or operationally irrelevant to security decisions, yet it is often forwarded indiscriminately into
high-cost analytics platforms.
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Figure 2 — Data Fabric Architecture

This creates a structural inefficiency. Systems designed for detection and analysis are forced to
process large volumes of data that do not materially contribute to outcomes, increasing both cost and
latency. As a result, the focus has shifted upstream. Instead of treating ingestion as a passive step,
modern architectures introduce a dedicated control layer responsible for managing telemetry in motion.
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This layer is commonly referred to as a data fabric or telemetry pipeline. Its role is to actively shape
data before it is consumed. At a fundamental level, this includes filtering unnecessary events, sampling
high-volume streams, and routing data to appropriate destinations based on its intended use. It also
includes enrichment and normalization, ensuring that data arriving at analytical systems is already
structured, contextualized, and aligned to a consistent schema. In more advanced implementations,
the same pipeline can deliver data to multiple destinations simultaneously, allowing a single collection
stream to support security, observability, and compliance use cases without duplication.

Beyond transformation and routing, one of the most critical functions of a data fabric is flow control. At
scale, telemetry does not arrive at a steady rate. Bursts of activity, outages, or upstream changes can
produce spikes that overwhelm downstream systems. Without proper control mechanisms, these
spikes lead to queue buildup, increased latency, and, in some cases, system instability. Concepts such
as backpressure, buffering, and controlled queueing are therefore not optional features but
foundational requirements. A well-designed data fabric absorbs variability in input, regulates
throughput, and protects downstream storage and analytics layers from overload.

Instead of being a conduit that forwards everything indiscriminately, the data fabric becomes

a control plane that determines what data is valuable, where it should go, and how it should
be prepared.

This capability fundamentally changes the role of ingestion within a SIEM architecture. Instead of being
a conduit that forwards everything indiscriminately, the data fabric becomes a control plane that
determines what data is valuable, where it should go, and how it should be prepared. This not only
reduces cost by limiting the amount of data sent to expensive systems, but also improves analytical
effectiveness by ensuring that downstream processes operate on higher-quality inputs.

This architectural shift is increasingly visible across the market. Telemetry pipeline platforms
emphasize reduction, routing, and enrichment as primary value propositions, and major vendors have
invested in pipeline technologies to gain control over data before it reaches storage and analytics
systems. These investments reinforce the idea that the point of leverage in modern SIEM is no longer
only in how data is stored or queried, but in how it is managed in motion.

Within this model, Ingext represents a dedicated implementation of the data fabric layer. It is designed
to operate upstream of SIEM and data lake systems, providing granular control over how telemetry is
collected, transformed, and routed. By enabling filtering, enrichment, normalization, and
multi-destination delivery, Ingext allows organizations to reduce unnecessary data volume, align
telemetry to consistent schemas, and ensure that downstream systems receive data that is both
relevant and analytically useful.

Equally important, Ingext addresses the operational realities of flow control. By managing throughput,
buffering bursts, and maintaining stability across distributed ingestion pipelines, it protects both storage
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and analytics layers from the variability inherent in real-world telemetry. This ensures that the broader
SIEM architecture remains resilient and performant, even under fluctuating load conditions.

The introduction of a data fabric layer therefore completes a critical part of the modern SIEM
architecture. Storage can now scale economically, and data can be shaped before it incurs cost or
analytical overhead. However, even with controlled ingestion and improved data quality, the problem of
detection remains. Data must still be evaluated in a way that produces timely, meaningful insights. This
requirement leads directly to the next architectural shift: the adoption of streaming analytics for
continuous, stateful detection.

Streaming Analytics and UEBA — Detection
In Motion

From periodic queries to continuous, stateful evaluation

While data lakes address storage scale and data fabrics bring control to ingestion, neither directly
solves the core purpose of a SIEM: detection. The final architectural shift, and arguably the most
important, is how telemetry is evaluated to produce meaningful security outcomes. This is where the
transition from query-based detection to streaming analytics fundamentally changes the nature of
SIEM.
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Figure 3 — Streaming Analytics Architecture

Traditional SIEM systems rely heavily on query-driven detection models. In this approach, data is
stored, indexed, and then periodically searched to identify patterns or conditions of interest. Each
detection rule effectively scans a defined window of data, and as the number of rules increases, the
system must repeatedly reprocess overlapping datasets. This introduces inherent inefficiencies. The
same data is evaluated multiple times, latency increases as query workloads grow, and scaling
requires proportional increases in compute.

Even with optimizations, the model remains fundamentally retrospective: detection occurs after data
has been stored and re-examined. Streaming analytics reverses this model. Instead of repeatedly
querying stored data, events are evaluated as they arrive. The system operates continuously,
maintaining state across incoming telemetry and updating its understanding of behavior in real time.
Each event is processed once, contributing to an evolving analytical context rather than being revisited
through repeated scans. This shift from repeated evaluation to continuous evaluation is the defining
characteristic of streaming systems.

Many security problems are not defined by isolated events but by patterns over time. User

and Entity Behavior Analytics (UEBA) depends on establishing baselines and identifying
deviations from those baselines — inherently stateful operations.

The importance of this model becomes clear when considering modern detection requirements. Many
security problems are not defined by isolated events but by patterns over time. User and Entity
Behavior Analytics (UEBA), for example, depends on establishing baselines and identifying deviations
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from those baselines. This requires maintaining historical context, comparing current activity to prior
behavior, and understanding relationships across multiple events and entities. These are inherently
stateful operations. Attempting to implement them purely through periodic queries leads to inefficiency
and delayed insight, as the system must reconstruct context repeatedly rather than maintain it
continuously.

Streaming analytics provides a more natural fit for these requirements. By maintaining state within the
processing pipeline, the system can track behavior as it evolves, detect anomalies as they emerge, and
generate insights with minimal delay. This enables a transition from reactive detection toward
continuous situational awareness, where the system is always evaluating, rather than periodically
searching.

It is important, however, to distinguish true streaming analytics from simple real-time alerting. Many
systems are capable of generating alerts shortly after data ingestion, but this does not necessarily
imply a streaming architecture. Rule engines that trigger on individual events or short windows of data
may operate with low latency, yet still lack the ability to maintain rich state or perform deeper behavioral
analysis. Streaming analytics, by contrast, is defined not only by speed but by its ability to sustain
context over time and perform continuous, stateful evaluation.

The practical impact of this shift is significant. Detection latency is reduced because events are
evaluated as they occur rather than after storage. Computational efficiency improves because data is
processed once rather than repeatedly scanned. Most importantly, signal quality increases because
the system can incorporate context, history, and relationships directly into its analysis rather than
approximating them through repeated queries.

Within this architectural model, Fluency's approach is centered on treating detection as a continuous
analytical process rather than a retrospective search problem. By operating on data in motion and
maintaining state across events, it focuses on identifying meaningful patterns and reducing the volume
of low-value alerts that typically arise from atomic rule matching. This aligns directly with the broader
shift toward behavioral and contextual detection, where the objective is not simply to identify events,
but to understand their significance within a larger operational context.

The introduction of streaming analytics completes the transformation of SIEM from a system that stores
and searches data into one that continuously interprets it. Data can now be retained at scale, controlled
before it incurs cost, and evaluated in real time to produce actionable insights. What remains is to bring
these components together into a cohesive architecture that defines what a modern SIEM actually is.
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Convergence — What a Modern SIEM
Actually Is

Three layers, one architecture: the new definition of SIEM

When the three architectural shifts described in the previous sections are viewed together, a clearer
picture of modern SIEM emerges. What was once a single system responsible for ingesting, storing,
and analyzing security data is now better understood as a coordinated set of layers, each optimized for
a specific function. This is not a subtle evolution. It is a redefinition of the system itself.

At a high level, modern SIEM architecture can be understood as consisting of three distinct but
interdependent components. The first is a data fabric, which operates as a control plane for telemetry.
It determines how data is collected, filtered, enriched, and routed, ensuring that only relevant and
properly structured information flows into downstream systems. The second is a data lake or
lakehouse, which provides scalable, cost-effective storage for large volumes of telemetry in open
formats, enabling long-term retention and flexible access. The third is a streaming analytics layer,
which continuously evaluates incoming data, maintains state, and produces detections in real time
rather than relying solely on retrospective queries.

This separation of responsibilities is critical because it allows each layer to solve a specific class of
problem without inheriting the constraints of the others. Storage systems no longer need to support
every aspect of real-time detection, and analytical systems no longer need to carry the full burden of
long-term retention. The result is an architecture that scales more naturally as data volumes increase,
without forcing exponential growth in cost or complexity.

The advantages of this model are not incremental. By controlling data before it reaches expensive
systems, organizations can significantly reduce the cost associated with ingestion and processing. By
decoupling storage from compute, they can retain more data for longer periods without compromising
performance. By shifting detection into continuous, stateful analytics, they can reduce latency and
improve the quality of insights generated. These benefits reinforce one another. Better data control
improves analytical efficiency. Scalable storage supports richer context for detection. Continuous
analytics reduces the need for repeated computation.

Just as importantly, this architecture introduces flexibility that was difficult to achieve in earlier models.
Because data is stored in open formats and managed independently of any single analytical engine,
organizations can evolve their tooling over time without restructuring their entire pipeline. New
detection methods, analytics platforms, or reporting systems can be introduced as additional
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consumers of the same underlying data. This modularity reflects a broader trend in distributed system
design, where loosely coupled components replace monolithic systems that attempt to do everything
within a single platform.

A SIEM is no longer best understood as a database with a set of correlation rules layered on

top. It is a distributed system designed to transform raw telemetry into actionable
intelligence.

The most important implication of this convergence is conceptual. A SIEM is no longer best understood
as a database with a set of correlation rules layered on top. It is not a single product that ingests logs
and produces alerts. Instead, it is a distributed system designed to transform raw telemetry into
actionable intelligence through a coordinated set of processes. Data is controlled before it is stored,
stored in a way that preserves flexibility, and analyzed continuously to support decision-making.

This shift in perspective is essential because it changes how organizations evaluate and design their
security operations. The question is no longer which system can store and search the most data, but
which architecture can most effectively reduce noise, preserve context, and produce timely, meaningful
insights. In this model, the value of a SIEM is measured not by the volume of data it contains, but by
the quality of decisions it enables.

Fluency's Position — Purpose, Not
Afterthought

How Fluency's architecture maps to the modern SIEM model

The preceding sections have established a clear pattern. The SIEM market is converging on an
architecture built around three principles: scalable and open storage, controlled telemetry ingestion,
and continuous, stateful analytics. These are not isolated innovations, but coordinated responses to the
same underlying problem: how to make timely, meaningful security decisions in environments defined
by large-scale, complex telemetry.

Fluency's approach is grounded in that same problem. From its earliest development, the focus was
not simply on improving how data could be stored or searched, but on how security operations could be
made more effective. The central observation was that the value of a SIEM does not come from its
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ability to accumulate data, but from its ability to identify what matters and guide action. This led to an
architecture that emphasizes analytics and decision support as primary functions, rather than
secondary outcomes of data storage.

Within the modern SIEM model described in this paper, Fluency operates as the analytical layer that
interprets data in motion. It is designed around a streaming-first approach, where telemetry is
evaluated continuously as it arrives, and where state is maintained across events to support behavioral
and contextual analysis. This allows detection to move beyond isolated rule matching and toward a
more holistic understanding of activity, where patterns, deviations, and relationships are identified in
real time.

This positioning also aligns Fluency with the broader shift away from query-centric detection. Rather
than relying on repeated searches over stored data, Fluency focuses on inline processing, where
events are evaluated once as they flow through the system. This reduces latency, limits redundant
computation, and supports more efficient use of infrastructure. More importantly, it enables a different
type of outcome: instead of generating large volumes of atomic alerts, the system produces
higher-level insights that reflect the actual state of the environment.

In this context, Fluency can be understood as operating alongside, rather than replacing, traditional
SIEM platforms. As organizations adopt data fabrics and lake-based storage, Fluency enhances these
environments by providing an analytical layer that reduces noise, enriches context, and identifies
meaningful patterns before or alongside downstream processing. This has led to the concept of a
"SIEM of SIEMs," where Fluency acts as an intermediary intelligence layer, improving the quality of
data and signals that reach operational systems.

The practical impact of this approach is not measured in data volume, but in operational outcomes. By
focusing on continuous analysis and contextual understanding, Fluency reduces the number of
low-value alerts that require human attention. Analysts are presented with more relevant information,
allowing them to move more quickly from detection to understanding and response. Investigations
become more efficient because the system provides context upfront, rather than requiring analysts to
reconstruct it through manual queries. In turn, this reduces fatigue, improves consistency, and
increases the overall effectiveness of security operations.

Ultimately, Fluency's role within this architecture reflects the broader transformation of SIEM itself. As
the industry moves away from monolithic, database-driven systems toward distributed,
analytics-focused designs, the emphasis shifts from collecting data to producing intelligence. Fluency is
built around that shift. It exists not to store more information, but to help organizations interpret what
they already have and act on it with greater speed and clarity.
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Conclusion — The Future of SIEM

From data accumulation to decision intelligence

The evolution of SIEM over the past several years is best understood not as a progression of features,
but as a shift in how security systems are designed to operate. The traditional model — collecting data,
storing it in a centralized platform, and relying on queries to identify issues — was built for a different
scale and a different set of assumptions. As telemetry expanded and detection requirements became
more complex, that model began to show clear limitations. Latency increased, costs escalated, and the
gap between activity and understanding widened.

What has emerged in its place is a more deliberate and structured approach. Data is no longer treated
as something to be indiscriminately ingested and retained, but as a resource that must be controlled,
shaped, and evaluated continuously. Telemetry is filtered and enriched before it reaches analytical
systems. Storage is separated from compute, allowing organizations to retain more data without
incurring unsustainable cost. Detection is performed in motion, with context and state preserved over
time, rather than reconstructed through repeated queries.

It is no longer a database with alerting capabilities layered on top. It is a system designed to

produce intelligence by coordinating how data is collected, processed, and interpreted.

This transformation changes how SIEM should be understood. It is no longer a database with alerting
capabilities layered on top. It is a system designed to produce intelligence by coordinating how data is
collected, processed, and interpreted. The value of the system is not measured by how much data it
holds, but by how effectively it reduces uncertainty and supports decisions.

The distinction between the old and new models can be summarized simply. The earlier approach
focused on storing data and searching for meaning after the fact. The emerging model focuses on
controlling data as it arrives, processing it continuously, detecting patterns in real time, and retaining it
in a form that preserves long-term context. This is not a subtle improvement. It is a change in how
security operations are executed.

Organizations that adopt this architecture are not only better positioned to handle growing data
volumes. More importantly, they are able to improve detection quality as they scale. By reducing noise,
preserving context, and evaluating activity continuously, they move closer to the original goal of SIEM:
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enabling timely, informed responses to security events. In an environment defined by complexity and
volume, that outcome is not achieved by collecting more data, but by designing systems that can
understand it.
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