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Abstract

The article describes the methodological foundations of Al observability for large language models
integrated into enterprise environments. The relevance is determined by the adoption of LLMs in business
alongside the emergence of specific risks: hallucinations, data leaks, and uncontrolled cost escalation that
are not covered by traditional monitoring tools. The scientific novelty lies in proposing a multi-level
framework that systematizes observability metrics across four dimensions: quality and semantics, cost and
performance, security and privacy, responsibility and ethics. The study identifies the limitations of classical
MLOps approaches as applied to LLMs and analyzes contemporary methods for detecting anomalous model
behavior. Special emphasis is placed on coupling automated metrics with human feedback mechanisms. The
purpose of the study is to construct a holistic methodology for designing LLM observability systems. To
achieve this goal, methods of systems and comparative analysis, as well as conceptual architectural
modeling, are employed. In conclusion, the practical significance of the framework is demonstrated for
minimizing risks and increasing the return on investment from LLM applications. The findings presented in
this work will be of interest to project managers in Data Science, MLOps engineers, and Al systems
architects.

Keywords: Al Observability, large language models, LLM, LLMOps, Al monitoring, enterprise Al,
hallucination detection, responsible Al, Conversational Al, MLOps.

Introduction

In the enterprise environment, the deployment of large language models (LLM) is rapidly becoming a key
technological vector. The spectrum of LLM applications, from intelligent conversational assistants to
automated document analysis systems, promises a radical transformation of business processes. At the same
time, the stochastic nature of generation and the black-box nature of the models create unprecedented
operational risks. Unlike classical machine learning systems, where understandable accuracy and error
metrics are controlled, LLMs are capable of producing plausible but factually false statements
(hallucinations), disclosing sensitive information, reproducing social biases, and triggering unpredictable
operational costs. Traditional monitoring practices prove insufficient, which dictates a shift to a deeper
paradigm of Al observability [2, 4].

The aim of the study is to develop and theoretically substantiate the methodological foundations of Al
observability, specifically oriented to the life cycle of enterprise LLM applications.
To achieve this goal, the following tasks were formulated:

1. Identify and analyze the key differences and limitations of traditional MLOps when applied
to large language models.
2. Systematize the primary dimensions of LLM observability that encompass the technical,

semantic, economic, and ethical aspects of their operation.
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3. Propose a conceptual multilayer framework and a reference architecture for the practical
implementation of Al observability within corporate IT infrastructure.

The scientific novelty lies in the transition from fragmented control of individual LLM metrics (for
example, toxicity alone or only cost) to a holistic, methodologically validated system. The proposed
framework integrates technical monitoring, semantic evaluation, analysis of business impact, and principles
of responsible Al into a single structural scheme.

The authorial hypothesis is that effective and safe scaling of LLM applications in corporations is
impossible without a specialized, multilayer Al observability system. The combination of automated metric
collection with human-centered feedback loops is a critically important mechanism for risk management and
for ensuring the long-term value of LLMs.

Materials and Methods
The theoretical and practical foundation of the study is the analysis of the contemporary scientific and
technical corpus devoted to the operationalization of large language models (LLMOps) and approaches to
their evaluation. The presented body of work splits into several overlapping clusters: evaluation and metrics
for LLMs as the core of observability (evaluation-as-observability); architectures and operational practices
of observability/monitoring in applied LLM systems; inference reliability and hallucination mitigation as an
object of operational control; safety and privacy as dimensions of observability; human/Al-in-the-loop
feedback contours as a mechanism of controlled intervention; sectoral frameworks for responsible
integration and regulatory observability. These clusters collectively form a methodological basis of
observability-by-design for enterprise LLM applications.

Within the cluster of evaluation and metrics as the core of observability. Chang Y., Wang X., Wang
J, Wu Y., Yang L., Zhu K., & Xie X. [1] establish a multilevel taxonomy of LLM evaluation (intrinsic,
extrinsic, operational metrics) and effectively treat evaluation as continuous telemetry of production
systems, a methodological foundation of evaluation-as-observability. Xu F. F., Alon U., Neubig G., &
Hellendoorn V. J. [2] demonstrate that quality measurement in code generation depends on the protocol
(prompting, execution limits, verification oracles); therefore, observability must record prompt versions,
environment, execution traces, and validation criteria as first-class artifacts. Makridakis S., Petropoulos F.,
& Kang Y. [6] link LLM successes to risk management and business KPIs, raising the question of causal
attribution of model impact in operational processes and of how observability metrics map onto managerial
indicators. Palit S., & Woods D. [8] introduce a benchmark for testing the effectiveness of safety measures
and thereby advance the idea that safety metrics should become online detectors and alerting signals, not
only offline assessments.

In the architectural and operational cluster. Shethiya A. S. [3] describes the architecture of adaptive
LLM systems as a set of policies, context, feedback channels, and telemetry; observability here is the
throughline from input to business action, ensuring reproducibility and controllability. Ganesan P.[10]
specifies monitoring and diagnosis practices: collection of semantic logs (input/output, tool use, retrieval
context), online evaluation of hallucinations/toxicity/off-topic content, and activation of remediations (re-
prompting, escalation to a human, model switching) with threshold policies and a circuit-breaker.

In the cluster of inference reliability and hallucinations as an object of control. Su W., Tang Y., Ai
Q., Wang C., Wu Z., & Liu Y. [4] focus on entity-level hallucinations and propose mitigation schemes via
external fact verification, named-entity checks, and evidence-seeking chains. For observability this implies
the implementation of detectors of entity inconsistency, risk profiling at the query level, and tracing of
sources of truth.

In the cluster of safety and privacy as dimensions of observability. Yao Y., Duan J., Xu K., Cai Y.,
Sun Z., & Zhang Y. [5] systematize threats (prompt injection, data exfiltration, attacks at training/inference
stages) and defense practices (filters, tool isolation, PIlI scrubbing, differential privacy), deriving a
requirement for bidirectional telemetry: content signals (toxicity, jailbreak templates, Pl leaks) and system
signals (anomalies in tool invocations, privilege escalations). Palit S., & Woods D. [8] describe
operationalizable test suites for assessing the real effectiveness of defenses, which facilitates translating
security into observability SLO/SLI.
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In the cluster of human/Al-in-the-loop feedback contours. Natarajan S., Mathur S., Sidheekh S.,
Stammer W., & Kersting K. [7] contrast and reconcile human-in-the-loop and Al-in-the-loop, showing that
intervention points are architectural elements with measurable SLIs (uncertainty, content risk, cost of error)
and explicit escalation policies. Observability should therefore capture not only model quality but also
metrics of human intervention (response time, annotator agreement, effect on downstream KPIs).

In the cluster of sectoral frameworks for responsible integration. Tavasoli A., Sharbaf M., & Madani
S. M. [9] propose a strategic framework for financial LLMs, where observability is aligned with compliance:
traceability of decisions, explainability, inventories of data/models, incident logs, and a managed model
lifecycle (model governance) as a process with regular reporting to risk and regulatory functions.

Overall, a convergent thesis of metrified and governed observability is evident. Nevertheless,
contradictions are visible in the literature. First, there remains tension between offline benchmarks and
online operational observability: the review [1] and sectoral recommendations [9] define a rich metricology,
but a standard for end-to-end, replicable telemetry (log schemas, correlation identifiers, versions of
prompts/content) is still lacking; applied works describe practices in a fragmented manner. Second, a
methodological divergence in the interpretation of truth is observed: Su W., Tang Y., Ai Q., Wang C., Wu
Z., & Liu Y. [4] orients toward external verifiers and entity checks, whereas many reviews allow proxy
metrics of plausibility, which generates divergent requirements for sources of ground truth and for the costs
of their maintenance. Third, the security/privacy line presupposes aggressive collection of signals (for
detection of attacks/leaks), whereas compliance frameworks limit the collection and retention duration of
sensitive artifacts; the balance between observability and data minimization is described conceptually but is
insufficiently algorithmized. Fourth, modes of human participation are recognized as critical, yet formal
SLO/SLI for human interventions (reaction time, inter-expert agreement, effect on downstream metrics) are
scarcely standardized. Fifth, specialized domains indicate a strong dependence of metrics on execution
protocols; the generalizability of such metrics to other domains (law, medicine, finance) is weakly covered.

Results

The conducted analysis of results from other studies demonstrates that an Al observability methodology for
large language models should proceed from their fundamental irreducibility to classical machine learning
problem formulations. Conventional monitoring loops relying on single scalar indicators (accuracy, RMSE,
etc.) are of limited informativeness for generative systems, since they do not capture the structural
complexity and high variability of textual responses. Consequently, evaluation ceases to be a task of
choosing a single quality metric and is transformed into a coherent set of indicators encompassing the
semantic, operational, safety, and ethical properties of the model.

The key limitation of inherited approaches is determined by the LLM output type: instead of a
number or a label, class membership is represented by unstructured text or code. For such outputs there is no
universal mathematical function that reliably measures the correctness of the result. The same response may
be stylistically impeccable but factually incorrect (hallucination); correspond to the request yet contain toxic
elements; be useful in substance yet disclose confidential information. The multidimensionality of possible
defects forces a transition from a single criterion to an ensemble of specialized indicators. Practical
experience operating observability platforms confirms that without such a transition support teams do not
adequately cope with incident response and lack effective means of root cause diagnosis [1, 2].

The systematization of observability metrics makes it possible to distinguish four interrelated but
orthogonal directions: first, quality and semantics: detection of hallucinations through comparison with
knowledge bases and primary sources; assessment of relevance to the request by means of semantic
similarity, including methods based on vector representations; as well as linguistic indicators of fluency and
coherence that register grammatical and stylistic correctness. Second, economics and performance: given the
resource intensity of generative models, it is necessary to account for processing cost (normalized by the
number of input/output tokens and provider tariffs), to monitor generation latency in interactive scenarios,
and to observe throughput as an integral measure of scalability. Third, security and privacy: continuous
detection of personally identifiable information in prompts and responses is required; identification and
neutralization of prompt-injection attempts aimed at hijacking or modifying instructions; as well as control
of data leakage when the model inadvertently reproduces training fragments or other restricted data. Fourth,
responsibility and ethics: this includes detection of toxicity and bias (identification of offensive,
stereotypical, or discriminatory lexicon) and elements of explainability; despite the LLM black box,
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techniques such as attention tracing partially clarify the mechanism for producing a specific response and
serve as auxiliary signals during audit [3, 5].

Finally, the role of the human-in-the-loop remains fundamental. It is impossible to fully automate
LLM observability at the current stage: semantic adequacy and ethical acceptability still require human
expertise. Feedback practices, from simple user ratings in the interface to expert annotation of samples, are
necessary both for rapid quality assessment and for subsequent fine-tuning and calibration of automatic
metrics [7]. Such a loop forms a productive symbiosis of algorithmic procedures and human judgment that
ensures the reliable operation of LLM in production environments.

Discussion

The results of the conducted analysis lead to the conclusion that a unified methodology is needed, capable of
systematizing all dimensions of LLM observability. In response, the authors propose the Layered LLM
Observability Framework (L20), based on a hierarchical monitoring principle—from low-level technical
indicators to the assessment of impact on business metrics. The concept is structured as a pyramidal
architecture: each subsequent tier builds on the data of the previous one, providing a progressive and
increasingly deep understanding of system functioning (Fig. 1.).

Level 4.
This level connects
LLM work to business
goals.

Level 3 (Quality and Safety) answers the
question: "How well and safely does the
model perform?" and includes:
Hallucination Assessment, Response
Relevance, Toxicity Detection, PlI
Scanning, Embedding Drift.

Level 2 answers the question "How much are we
spending?" and consists of: Cost per request, Number of
tokens (input/output), Caching factor, Prompt and
response logging.

Level 1 is the base layer without which the system does not work,
includes: Infrastructure and Operations: APl Health, Latency,
Throughput, GPU Utilization.

Figure 1. Pyramid of the L20 framework [2, 6, 8]
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Hierarchization provides organizations with the ability to introduce observability practices in stages.
At the same time, the decisive mechanism that animates the initially static pyramid is the dynamic human
feedback loop (Fig. 2.).

The LLM
application
generates a

/ response \

The updated The user
model is being provides
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metrics are aqareqated
calibrated. ggreg
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Figure 2. Human-in-the-Loop feedback loop [4, 7, 8]

This feedback loop is critically important for classes of applications such as Conversational Al,
where operationalizing the criteria of high quality dialogue is extremely difficult. For the practical
implementation of the L2O framework, a corresponding technical architecture is required, depicted for
greater clarity in Fig. 3.

The client application
sends a request to the

The agent sends a prompt

The backend service calls to the LLM API (e.g, Azure

the Observability Agent

backend service OpenAl)
Asynchronously, the Agent The agent receives the
Results from all levels are sends the text to the response, logs the
visualized on the Analysis System (L3), (prompt, response) pair,
Dashboard (Grafana, which uses Vector DB calculates L1/L2 metrics
Power BI) (Pinecone, Chroma) for and sends them to Time-
semantic analysis Series DB (Prometheus)

Figure 3. Reference architecture for L20 implementation [7, 9, 10]
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The practical significance of the present framework is determined primarily by its high adaptability.
Table 1 demonstrates how observability priorities vary with application type.

Table 1. Priority L20 metrics for different types of LLM applications [2, 4, 10]

Application type Key level 3  metrics | Key level 4 metrics (Business)
(Quality)

Customer support | Relevance, Toxicity | Customer satisfaction (CSAT),

chatbot detection Time to resolution

Document Hallucination detection, | Analyst time saved

summarization system | Factual accuracy

Code generation | Code correctness, Standards | Development acceleration
assistant compliance (Velocity)

For the practical implementation of the considered framework, both proprietary solutions and open-
source tools can be used; their comparison is presented in Table 2.

Table 2. Comparison of tools for LLM observability [2, 4, 8]

Tool Focus L20 support Open-
Source

Arize Al Full-cycle MLOps, including LLM Levels1, 2,3 No

WhyLabs / LangKit | Data profiling, drift, LLM quality Level 3 Yes

LangSmith Tracing and debugging of LLM | Levels 2, 3| No

chains (partial)
Prometheus + | Technical and infrastructure | Level 1 Yes
Grafana monitoring

That is, the proposed L20 framework is a holistic methodology that shifts practice from reactive
firefighting to systematic and proactive management of the life cycle of LLM applications. It ensures
transparency and controllability of processes and, critically, directly links the technology to real business
outcomes.

Conclusion
The study achieved its stated objective: the methodological foundations of Al observability oriented toward
enterprise applications based on LLMs have been developed.

Thus, it can be stated that Al observability is not an optional addition but a fundamental, mandatory
component of the LLMOps stack. Only through the deployment of such systems can organizations ensure
reliable, secure, and economically sound use of large language models to achieve strategic business goals.
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