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Abstract: In multi-tenant and multi-model concurrent AI inference backends, system behavior exhibits
high dynamics and complex structure. This property poses significant challenges to monitoring mechanisms
based on rules or single metrics. From the perspective of system behavior modeling, this paper proposes a
learning driven backend monitoring approach. Multi-source observations generated during inference
execution are mapped into a unified latent representation space. This mapping captures the global evolution
of system states. By jointly modeling temporal consistency and global consistency of behavior
representations, the method forms stable and discriminative behavior structures in the latent space. These
structures provide a reliable basis for runtime state assessment. On this foundation, a unified monitoring
scoring mechanism is constructed. It quantifies the deviation between the current system state and the
overall behavior pattern. This design enables effective identification of anomalous behavior. Comparative
analysis with multiple monitoring methods shows that system behavior learning based monitoring achieves
clear advantages in discrimination stability and false alarm control. The method adapts well to complex
operating conditions in inference backends. This work presents a system-level modeling perspective for
reliable AI inference backend management. It supports the practical adoption of learning based monitoring
methods in real-world backend systems.
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1. Introduction
As artificial intelligence models are widely deployed in online services, backend inference systems become a
core infrastructure for the stable operation of intelligent applications. From recommendation and search
ranking to multimodal content generation, an increasing amount of business logic relies on continuous and
high-concurrency model inference. Compared with traditional backend systems, AI inference backends
exhibit stronger dynamics and higher complexity in their runtime behavior[1]. Execution is affected by
request arrival patterns and scheduling policies, as well as by model architectures, computation graphs, and
internal inference states. This multi-factor coupling leads to highly nonlinear and non-stationary behavior,
which introduces new challenges for system stability and reliable monitoring[2].
In real-world environments, AI inference backends usually operate under multi-tenant and multi-model
concurrency. Service instances share computation, storage, and communication resources. Resource
contention, workload fluctuation, and model heterogeneity jointly drive continuous changes in system states
over time and space. Under such conditions, anomalies rarely appear as obvious deviations in a single metric.



They are often reflected in coordinated changes across multiple behavioral dimensions. For example,
structural imbalance may arise among inference latency, resource utilization, and scheduling behavior, while
each metric remains within an acceptable range. If such anomalies are not detected in time, risks accumulate
during long-term operation and may eventually degrade service quality or trigger system-level failures.
Effective modeling and monitoring of inference backend behavior, therefore, becomes essential for system
reliability.
Conventional backend monitoring and anomaly detection methods mainly rely on predefined rules or
statistical assumptions. Key metrics are selected based on human experience, and fixed thresholds are applied
to judge system states. These approaches are useful when system structures are stable and workload patterns
are predictable. However, they are often ineffective for complex AI inference backends. Fixed rules cannot
adapt to rapidly changing inference workloads or evolving model behavior. Monitoring based on isolated
metrics also fails to capture interactions among system components, which leads to missed structural
anomalies. As system scale and operational diversity increase, monitoring mechanisms that depend on strong
prior assumptions show limited adaptability and higher risks of misjudgment.
Learning driven approaches provide new opportunities for modeling complex system behavior. By learning
from historical runtime data, system behavior patterns can be captured without explicitly defined rules. In AI
inference backends, inference requests, resource allocation, and execution feedback form time series with
inherent consistency and correlation[3]. This property offers a natural foundation for behavior learning.
Unlike traditional methods that focus on local metric variations, behavior-based monitoring has greater
potential to understand system states at a global level. It enables the identification of coordination among
components and the evolution of system dynamics, which supports more discriminative anomaly detection
and runtime assessment.
From the perspective of system behavior modeling, developing a learning driven monitoring framework for
AI inference backends is therefore of significant importance. Such a framework supports the transition from
static rule-based monitoring to adaptive learning based mechanisms[4]. It allows the system to maintain
continuous awareness of its own state under complex operating conditions. Moreover, structured
representations of inference backend behavior provide a more robust basis for reliability assessment. A
behavior-centric monitoring paradigm contributes to improved stability and controllability of long-running
AI inference services. It also opens new research directions for the operation and management of intelligent
infrastructure.

2. Overview of Existing Work
Early studies on backend system monitoring and anomaly detection mainly focused on rule-driven and
statistical modeling approaches. These methods are usually based on prior understanding of system behavior.
Key performance metrics are manually selected, and thresholds or statistical distributions are defined to judge
whether the system deviates from normal states. Such approaches achieved practical results in traditional
service architectures and relatively stable workload environments. They are especially interpretable when
system behavior changes are limited, and anomaly patterns are clear. However, these methods rely on strong
assumptions, such as stationarity of system state distributions or independence among metrics. Once
operating conditions change significantly, monitoring rules require frequent adjustment, which limits their
long-term adaptability to complex system evolution[5].
As system scale increases and runtime environments become more dynamic, some studies introduce data-
driven anomaly detection methods. These approaches learn normal behavior patterns from historical runtime
data. Feature modeling, distance measurement, and probabilistic inference are commonly used to represent
multidimensional monitoring data. This reduces reliance on manually defined rules. To some extent, learning
based methods improve robustness to workload variation and noise. However, most existing studies focus on
metric-level modeling. They emphasize numerical distributions or time series characteristics[6]. Explicit
modeling of structural relationships among system components and execution stages is often missing. As a



result, modeling capacity remains limited in complex inference pipelines and multi-model collaborative
scenarios.
For monitoring AI inference systems, recent work also investigates performance analysis and anomaly
identification during model execution. These studies usually focus on metrics such as inference latency,
throughput, and resource consumption. The goal is to assess system status through key statistical properties of
the inference process. However, AI inference backends differ from traditional services. Runtime behavior is
influenced not only by scheduling and resource allocation, but also by model architecture, input data
characteristics, and inference execution paths. In multi-tenant and multi-model concurrent settings,
interactions among inference tasks further increase behavioral complexity. Monitoring methods based on a
single performance perspective, therefore, struggle to reflect overall system behavior[7].
Recent studies further indicate that backend reliability requires coupling monitoring with adaptive control and representation-level
anomaly modeling. Reinforcement learning has been used for container elasticity under changing workload intensity [8], while
cloud-edge collaborative inference partitions DNN execution across heterogeneous resources to balance latency, throughput, and
energy constraints [9]. Semantic log representations improve robustness to unstable system events and changing log templates [10],
and learning-based cluster scheduling demonstrates how learned policies can guide large-scale distributed runtime decisions under
stochastic arrivals [11]. Production time-series anomaly detection services further show that online monitoring pipelines need data
ingestion, real-time scoring, and experimentation support to remain effective in operational settings [12]. Transformer-based
multivariate anomaly detection improves temporal context modeling for complex operational signals [13]. Taken together, these
studies show that backend monitoring should not be limited to isolated thresholds or single metrics. Instead, monitoring logic needs
to combine behavior representation, execution context, adaptive control, and time-series anomaly scoring, which is consistent with
the system behavior learning perspective adopted in this paper.

In summary, existing research provides a solid foundation for backend monitoring and anomaly detection.
However, unified modeling at the system behavior level remains insufficient. Most methods fail to capture
the coordinated evolution of multi-source information in AI inference backends from a global perspective.
This limits the ability to reveal underlying behavioral structure. In addition, behavior consistency and drift
patterns during long-term inference operation are still underexplored. From a system behavior learning
perspective, structured modeling of AI inference backends offers a promising direction. It can bridge the gap
between metric-level monitoring and system-level understanding. This perspective supports the development
of more reliable and scalable backend monitoring mechanisms.

3. Framework Design
3.1 Overall Framework Description
This paper treats the AI inference backend as a continuously running dynamic system, exhibiting evolving
behavior over time as it processes inference requests. The overall model architecture is shown in Figure 1.
At each time step, the system exposes a set of observable signals to characterize operational features such as
request processing status, resource usage, and scheduling decision results. This multi-source information is
uniformly modeled as a snapshot of system behavior, serving as the foundational representation for backend
monitoring. Formally, the system behavior at time step � is represented as a multi-dimensional observation
vector:
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Different dimensions correspond to different operational attributes of the inference backend at that time step.
As the system continues to run, a system behavior sequence {��}�=1

� is obtained, which characterizes the
overall evolution of the backend execution state. The goal of the method in this paper is to learn a stable and
compact representation of system behavior from this behavior sequence without relying on manual rules or
fixed thresholds, providing a unified modeling foundation for backend operation monitoring.



Figure 1. Overview of the proposed method.
3.2 System Behavior Representation Learning
To characterize the intrinsic relationships between different attributes in system behavior, this paper maps the
original observation vectors to a latent behavior space to obtain a structured representation of system
behavior. This mapping is implemented through a learnable function to compress high-dimensional
observations and highlight key operational modes. The latent behavior representation at time step � is
defined as:
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Here, ��( ∙ ) represents the parameterized behavior mapping function. To ensure the stability of the latent
behavior representation in the time dimension, a behavior consistency constraint between adjacent time steps
is introduced to suppress irrelevant fluctuations caused by short-term perturbations. This constraint is
achieved by minimizing the differences between consecutive latent representations:
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3.3 Behavioral Consistency Modeling
Relying solely on local temporal consistency is insufficient to characterize the overall behavioral features of a
system over a longer operating period. Therefore, this paper further constructs a global behavioral reference
in the latent space to describe the overall behavioral patterns of the system under stable operating conditions.
This reference behavior is obtained by time-averaging the latent representation:
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Based on this, the deviation between the potential behavior representation at each time step and the global
reference behavior is regarded as the basis for characterizing the degree of behavioral consistency, and
corresponding consistency constraints are defined:
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By simultaneously modeling local temporal continuity and global behavioral consistency, the latent
behavioral space can take into account both short-term dynamic changes and long-term operational patterns,
providing a stable representation for understanding system-level behavior.
D. Monitoring Score Construction
Based on the learned system behavior representation, this paper further constructs a unified monitoring score
to quantify the deviation between the current system state and its overall behavior pattern. For any time step
� , the system behavior offset score is defined as:
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This score reflects the degree of change in the system's behavioral state at that moment relative to the global
reference behavior. To obtain a smoother and more stable monitoring signal, the scores at single moments are
aggregated over time to obtain the overall system state indication:
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The aforementioned monitoring and scoring method is based on the learned representation of system
behavior, providing a unified and scalable modeling foundation for the continuous perception and reliable
monitoring of the AI inference backend's operating status.

4. Experimental Analysis
4.1 Dataset
This study uses the Alibaba Cluster Trace Dataset as the experimental data source. The dataset is collected
from a real large-scale data center operating environment and records job scheduling, resource allocation,
and system load variations during continuous cluster operation. The data are organized as a time series and
cover multiple computing nodes and a large number of concurrent tasks. They reflect dynamic behavior
characteristics of complex backend systems under real operating conditions. Since the data originate from
production environments, the operating patterns exhibit strong heterogeneity and non-stationarity. This
property makes the dataset suitable for modeling system behavior evolution over time.
The dataset contains diverse observations closely related to backend operating states, including task arrival
and execution processes, resource utilization, and scheduling-related events. These multi-source signals
form continuous system behavior trajectories along the temporal dimension. They support system-level
modeling of backend operation processes. By organizing observation signals at different time steps in a
unified manner, behavior sequences that represent overall system states can be constructed. This process
provides fundamental inputs for subsequent behavior representation learning and monitoring modeling. The
dataset design avoids excessive reliance on single metrics and enables characterization of system behavior
from a multi-dimensional perspective.
As a publicly available dataset, the Alibaba Cluster Trace Dataset offers strong reproducibility and broad
research applicability. It has been widely used in studies on distributed system analysis and resource
management. Its data scale and temporal span cover diverse operating state variations, which gives it strong
representativeness for research on backend system behavior modeling, operational monitoring, and anomaly
identification. Researching this dataset helps validate the applicability of the proposed method in real



complex system environments. It also provides realistic data support for monitoring studies targeting
practical AI inference backends.

4.2 Experimental Results
This article first presents the results of the comparative experiments, as shown in Table 1.

Table 1: Comparative experimental results

Method Precision Recall F1-score False Positive
Rate

DeepLog [14] 0.81 0.76 0.78 0.14

LogAnomaly [15] 0.83 0.79 0.81 0.12

OmniAnomaly [16] 0.85 0.80 0.82 0.11

MTAD-GAT [17] 0.86 0.82 0.84 0.10

Anomaly Transformer [18] 0.87 0.83 0.85 0.10

Ours 0.90 0.87 0.88 0.07

Comparative analysis across multiple monitoring approaches shows that modeling based on system behavior
representations delivers more stable performance across several dimensions of anomaly discrimination.
Methods that rely on unified behavior patterns capture runtime dynamics more comprehensively than
approaches based on isolated features or local metrics. As a result, even under complex conditions with
workload fluctuation or resource contention, the method preserves an accurate description of system states.
This leads to a more robust trend in detection accuracy.
From the perspective of anomaly capture capability, conventional methods often fail to identify fine-grained
state deviations promptly. This limitation mainly arises from their reliance on local statistical features.
Behavior representation learning jointly models temporal sequences and structural relationships. State
variations are therefore amplified in the latent space. This property provides an advantage in anomaly
detection. Comparisons with multiple methods indicate that unified behavior modeling is more sensitive to
state shifts and achieves higher completeness in anomaly discovery.
In terms of overall discrimination performance, monitoring mechanisms based on behavior consistency
achieve a more balanced trade-off between precision and recall. Traditional approaches may exhibit bias in
certain scenarios due to excessive dependence on single signals, which results in unstable decisions. By
strengthening structural consistency and temporal consistency in representations, behavior modeling
frameworks maintain coherence of monitoring signals across different execution phases. The resulting
decisions are more stable and self-consistent. This comprehensive behavior indicates that system-level
structured modeling is more effective in preserving reliable discrimination under dynamic conditions.
Clear differences are also observed in reducing false alarm risk. Because behavior modeling constructs a
relatively stable reference pattern in the latent space, monitoring scores remain smooth when the system
operates within normal regimes. Sensitivity to transient noise or local disturbances is reduced. Consequently,
the overall false positive rate remains low. This helps avoid excessive alarm triggering and aligns monitoring
outcomes with real operating conditions. Such a property is particularly important for long-running inference
backends and provides a more reliable basis for runtime state assessment.



The unified representation dimension characterizes the expressive capacity of system behavior in the latent
space. Its value directly determines the degree of information compression and the preservation of structural
integrity. Different dimensional settings modify the distribution of system states in the representation space.
This variation affects the stability of subsequent monitoring and decision processes. To analyze the influence
of this factor on system monitoring capability, it is necessary to examine how relevant performance evolves
under multiple representation dimension configurations, and the experimental results are shown in Figure 2.

Figure 2.The impact of changes in a unified representation dimension on the system's ability to discriminate
behavior and the stability of monitoring.

Under different representation dimension settings, system monitoring performance exhibits clear nonlinear
variation patterns. This behavior reflects the direct influence of unified representation capacity on system
behavior modeling. At lower dimensions, the latent space has limited ability to characterize runtime
information. It fails to fully represent the multidimensional behavior structure of complex inference backends.
As the representation dimension increases, the distribution of system behavior in the latent space becomes
more distinguishable. This allows the monitoring mechanism to capture critical changes in runtime states
more effectively. These observations indicate that unified representations play an important role in balancing
information compression and structural preservation.
Changes in discrimination-related performance show that larger representation dimensions are not always
beneficial. When the dimension lies within a moderate range, latent representations achieve a reasonable
balance between expressive power and discriminative constraints. This balance improves the system's ability
to distinguish among different runtime states. When the dimension increases further, redundant features are
gradually introduced. The latent space structure becomes more dispersed. This dispersion weakens the
consistency of system behavior discrimination. The phenomenon suggests that excessive representational
freedom can negatively affect behavior modeling.
From the overall trend of discrimination capability, the impact of the representation dimension on different
performance aspects is not fully consistent. This difference reflects internal structural adjustments of system
behavior under varying representation capacities. It indicates that unified representation influences more than
individual discrimination outcomes. It also reshapes the global organization of system behavior in the latent
space. With appropriate control of representation dimension, the system can maintain more stable behavior
structures across different runtime phases. This contributes to improved reliability of overall monitoring.
With respect to false alarm-related behavior, variation in the representation dimension also has a significant
effect on monitoring stability. An appropriate dimension allows normal operating states to form more



compact distributions in the latent space. This reduces the risk of misjudgment caused by local perturbations.
When the dimension is excessively high, the looser latent structure tends to amplify irrelevant fluctuations.
This leads to instability in monitoring signals. These results further demonstrate that selecting a suitable
unified representation dimension is critical for building a reliable system behavior monitoring mechanism.
The figure below shows a comparison of the overall performance of different methods in terms of decision
benefits, stability, and the quality of state and representation modeling, and the experimental results are
shown in Figure 3.

Figure 3. Analysis of the impact of changes in resource competition intensity on the stability and
discriminative characteristics of system behavior monitoring.

The resource competition intensity rating of 1-5 represents a discrete five-level classification of the system's
resource "strain" within the same time window, from low to high. Quantitatively, it uses the overall resource
utilization range: Level 1 indicates low competition (comprehensive utilization of key resources such as
CPU/GPU/memory is approximately 0-60%, with virtually no queuing); Level 2 indicates mild competition
(approximately 60-75%, with some queuing but quickly resolved); Level 3 indicates moderate competition
(approximately 75-85%, with frequent queuing and scheduling, and increased state fluctuations); Level 4
indicates high competition (approximately 85-95%, with resources nearing saturation and significant
congestion and jitter); and Level 5 indicates extremely high competition (approximately 95-100%, with
prolonged saturation accompanied by significant queuing/preemption/rate limiting). Therefore, the horizontal
axis from 1 to 5 corresponds to a gradual transition from "resource surplus" to "near or near saturation" in the
operating environment, used to evaluate the stability and quality of the monitoring method under different
competitive pressures.
As resource contention intensifies, the intrinsic structure of system behavior gradually changes. This
evolution places higher demands on the stability of unified behavior representations. In environments with
low contention, system state evolution is relatively smooth. Behavior distributions remain well aggregated in
the latent space. The monitoring mechanism, therefore, maintains consistent discriminative characteristics.
When contention becomes stronger, interference among inference tasks increases significantly. System
behavior exhibits higher volatility and uncertainty. This situation challenges behavior modeling and state
discrimination. These observations indicate a direct impact of environmental complexity on the structural
properties of system behavior.



From an overall monitoring perspective, changes in resource contention do not affect all discriminative
properties in a uniform manner. Instead, contention influences monitoring outcomes indirectly by reshaping
behavior distributions. Under certain contention levels, system behavior still forms relatively clear structural
boundaries in the latent space. This supports effective discrimination by the monitoring mechanism. At
higher contention levels, behavior patterns become more entangled. Monitoring signals are more sensitive to
local disturbances. These results suggest that behavior learning based monitoring methods show a degree of
adaptability in complex resource environments. Their stability, however, remains closely related to the
intensity of runtime contention.

5. Conclusion
This work addresses the reliability of monitoring AI inference backends under complex operating conditions.
From a system behavior modeling perspective, it proposes a learning driven monitoring approach. Unified
representations and structured characterization of backend execution enable continuous perception and
discrimination of system state variations. This study moves beyond the reliance of traditional monitoring
methods on local metrics and static rules. It allows monitoring mechanisms to understand runtime
characteristics from a holistic behavior perspective. It provides a more robust technical foundation for
backend operation management in multi-tenant and multi-model concurrent scenarios. The proposed behavior
modeling framework improves stability and controllability of inference services during long-term operation.
It also introduces a new paradigm for automated operation and maintenance of intelligent infrastructure.
Looking forward, this work establishes a basis for applying learning based behavior modeling to a broader
range of backend management tasks. It has the potential to promote intelligent monitoring techniques in
large-scale distributed inference services, cloud platforms, and emerging intelligent systems. It further offers
sustained support for building more adaptive and trustworthy intelligent service backends.
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