
RESEARCH ARTICLE

Learning Spatiotemporal Representations of Irregular
Urban Traffic Flows

Weijie Tan1, Amanda Li2*

School of Computer Science and Engineering, Nanyang Technological University, Singapore 639798, Singapore
Corresponding author: amanda.lim@ntu.edu.sg

Abstract
Data centers continuously collect power-related time series from server power draw, rack-level energy consumption, CPU
utilization, fan speed, inlet temperature, power distribution units, workload scheduling, and cooling interaction signals. These
signals are noisy because of workload bursts, virtual machine migration, cooling feedback, transient load balancing, sensor
fluctuation, and power measurement jitter. Raw power anomalies are difficult to interpret because normal workload-induced
changes may resemble early hardware degradation or abnormal energy use. This study proposes a disentangled power signal
denoising method for robust server anomaly detection in data centers. The method applies a conditional diffusion model to
reconstruct stable power-consumption trajectories from noisy measurements. A disentanglement module separates workload-
driven variation, cooling-related fluctuation, and server-side abnormal residuals. Anomaly scores are computed from denoised
power residuals and rack-level consistency constraints. Experiments are conducted on a data center power monitoring dataset
containing 18 server rooms, 9,800 physical servers, 620 racks, 74 power distribution units, and 46 monitoring variables collected
at 15-second intervals over 11 months. The dataset contains 1.92 billion timestamped records and 3,180 operations-confirmed
abnormal episodes, including abnormal power spikes, fan-control instability, rack-level energy imbalance, degraded power supply
units, unexpected idle power increase, and cooling-power coupling faults. The proposed method reduces median detection delay
from 26.4 minutes to 7.5 minutes compared with a temporal denoising autoencoder. False operation tickets decrease to 1.8 cases
per server room per week. Diffusion denoising lowers normalized power reconstruction deviation from 0.141 to 0.052, and
workload-disentanglement removes 68 million burst-load windows from the abnormal candidate queue. The online scoring
engine processes 72,000 power records per second with 38 ms median inference latency per rack window. The results
demonstrate that diffusion-based denoising and disentangled representation learning can improve robust anomaly detection in
noisy data center power time series.

Keywords: Data center monitoring; server power anomaly detection; noisy time series; diffusion denoising; disentangled representation;
workload fluctuation; robust anomaly detection.
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Introduction
Data centers have become essential infrastructure for cloud
computing, artificial intelligence, online platforms, digital services,
and enterprise information systems. Their reliable operation
depends heavily on stable power delivery, efficient energy
utilization, and timely identification of abnormal server behavior.
Even a small power anomaly may indicate power-supply
degradation, cooling-system inefficiency, hardware faults, workload
imbalance, or improper resource allocation. When such anomalies
are not detected promptly, they may increase energy consumption,
shorten equipment lifetime, interrupt computing services, and create
cascading operational risks across racks and server rooms. Accurate
server power anomaly detection is therefore important not only for
equipment maintenance but also for energy management, service
reliability, and sustainable data center operation. Modern data
centers continuously collect multivariate time-series data from
server power draw, rack-level energy consumption, CPU utilization,
memory usage, fan speed, inlet and outlet temperature, power
distribution units, workload scheduling systems, cooling controllers,
and network devices. These variables exhibit strong temporal
dynamics and complex cross-variable dependencies. Server power
consumption changes with workload bursts, virtual machine
migration, resource contention, load balancing, frequency scaling,
and task scheduling. At the same time, cooling feedback, fan-speed
adjustment, sensor fluctuation, transmission delay, and power
measurement jitter may introduce additional short-term variations.
Existing multivariate anomaly detection methods have employed
graph-based dependency modeling [1,2], Transformer-based
temporal representation learning and causal inference to distinguish
initiating anomalies from propagated responses among correlated
variables [3]. Other studies have investigated deep reconstruction,
temporal prediction, and system-level monitoring for complex
computing environments [4,5]. Although these approaches improve
anomaly recognition under multivariate conditions, separating
genuine server-side faults from workload-driven or control-induced
fluctuations remains difficult [6].

Statistical monitoring methods generally identify abnormal
observations through predefined thresholds, distribution
assumptions, or deviations from historical baselines. These methods
are computationally efficient and interpretable, but they are often
sensitive to non-stationary workloads and changing operating
conditions. Fixed thresholds may generate frequent false alarms
during workload peaks, while adaptive thresholds may gradually
absorb weak but persistent hardware degradation into the normal
range. Deep learning methods, including autoencoders, recurrent
neural networks, graph neural networks, and attention-based
architectures, provide greater capacity for learning nonlinear
temporal patterns and cross-variable relationships [7,8].
Reconstruction-based models detect anomalies according to the
difference between observed and reconstructed signals, whereas
prediction-based models use future prediction errors to identify
deviations from expected behavior [9,10]. Attention and graph
mechanisms further model dependencies across servers, racks,
power units, and environmental variables. Despite this progress,
most existing models process measured power signals as mixtures
of multiple underlying sources. A sudden increase in server power
may be caused by a legitimate workload burst, a scheduled virtual
machine migration, an increase in cooling demand, a temporary
imbalance among racks, or an actual server-side fault [11,12].
Reconstruction and prediction errors alone do not explicitly identify
which component produces the observed deviation. Consequently,
normal workload changes may receive high anomaly scores, while
weak abnormal residuals may be concealed by dominant workload
fluctuations. This limitation is particularly serious in large-scale
data centers, where thousands of servers operate under
heterogeneous workloads and power behavior varies across
equipment models, rack configurations, and cooling zones [13,14].
Power measurements are also affected by several forms of noise.
Sensor quantization, sampling inconsistency, communication delay,
missing observations, synchronization errors, and power
measurement jitter can distort local temporal patterns. Short-lived
measurement noise may be mistaken for abrupt equipment

anomalies, whereas excessive smoothing may remove weak
degradation signals that develop gradually [15,16]. Conventional
filtering methods usually rely on fixed frequency assumptions or
local averaging and may not preserve nonlinear power transitions
associated with server operation. A practical detection system must
therefore suppress irrelevant noise while retaining abnormal
temporal structures and avoiding the removal of early fault
indicators [17,18]. Another limitation concerns the use of spatial
and operational consistency. Servers located within the same rack
commonly share power distribution units, cooling conditions,
workload policies, and environmental constraints [19,20]. Their
power trajectories are therefore not independent. When a rack-wide
workload increase occurs, several servers may exhibit coordinated
power changes, whereas a hardware anomaly may appear as an
inconsistent residual concentrated on one server or a small subset of
devices. Existing methods often calculate anomaly scores
independently for individual time series or learn general
correlations without explicitly enforcing rack-level consistency
[21,22]. As a result, they may be unable to distinguish coordinated
operational changes from localized abnormal behavior.
Incorporating rack-level relationships can provide additional
evidence for determining whether a power deviation is a normal
collective response or an abnormal server-specific event [23,24].

To address these limitations, this study proposes a disentangled
power signal denoising method for robust server anomaly detection
in data centers. Conditional diffusion reconstruction is used to
estimate stable power-consumption trajectories from noisy
multivariate measurements while preserving meaningful temporal
transitions. A signal disentanglement module separates the
reconstructed representation into workload-driven variation,
cooling-related fluctuation, and server-side abnormal residuals.
Rather than directly treating all reconstruction deviations as
anomalies, the proposed method calculates anomaly scores from
denoised server-side residuals and rack-level consistency
constraints. This design is intended to suppress false alarms caused
by workload bursts, cooling feedback, transient load balancing, and
measurement jitter while maintaining sensitivity to weak and
persistent server abnormalities. The method is evaluated using
operational data collected from 18 server rooms containing 9,800
physical servers, 620 racks, and 74 power distribution units. The
dataset covers 46 monitoring variables over 11 consecutive months,
including power consumption, computing utilization, thermal
conditions, cooling-control signals, rack-level energy
measurements, and workload scheduling information. This large-
scale evaluation allows the proposed method to be examined under
heterogeneous server configurations, changing workloads,
environmental variation, and realistic measurement noise. The study
focuses on anomaly detection accuracy, event-level recall, false
operation ticket rate, detection delay, power-signal reconstruction
quality, and robustness under different noise conditions. The
objective of this study is to establish a reliable server power
anomaly detection framework that can separate normal operational
variation from genuine abnormal energy behavior in large-scale
data centers. By combining diffusion-based denoising, interpretable
signal disentanglement, and rack-level consistency modeling, the
proposed method provides a more direct representation of server-
side abnormal residuals than conventional reconstruction- or
prediction-based approaches. The study is expected to improve the
reliability of power monitoring, reduce unnecessary operation and
maintenance tickets, and shorten the time required to identify
emerging hardware or energy-efficiency problems. From an
operational perspective, more accurate anomaly detection can
support preventive maintenance, equipment health assessment,
cooling optimization, and workload management. From an energy
perspective, it can help identify inefficient servers and abnormal
power consumption before they lead to substantial energy waste.
The resulting framework therefore contributes to near-real-time
monitoring, reliable infrastructure management, and energy-
efficient operation in large-scale data centers.

Learning Spatiotemporal Representations of Irregular Urban Traffic Flows

2



Materials and Methods
2.1 Samples and Study Area
This study used a data center power monitoring dataset collected
from 18 server rooms over 11 months. The monitored system
included 9,800 physical servers, 620 racks, 74 power distribution
units, workload scheduling logs, rack-level cooling records, and
server operating signals. A total of 46 variables were recorded at 15-
second intervals, including server power draw, rack energy use,
CPU utilization, fan speed, inlet temperature, power distribution
status, cooling interaction signals, and workload migration records.
The dataset contained 1.92 billion timestamped records and 3,180
operations-confirmed abnormal episodes. These episodes included
abnormal power spikes, fan-control instability, rack-level energy
imbalance, degraded power supply units, unexpected idle power
increase, and cooling-power coupling faults. All records were
collected under production workloads, virtual machine migration,
changing cooling conditions, and routine data center operation.

2.2 Experimental Design and Control Setup
Two groups were used to evaluate the proposed method. The
experimental group used conditional diffusion reconstruction, signal
separation, and rack-level consistency constraints for server
anomaly detection. This group separated workload-driven variation,
cooling-related fluctuation, and server-side abnormal residuals
before anomaly scoring. The control group used a temporal
denoising autoencoder, which detected anomalies from
reconstruction errors without separating signal sources. Both groups
were tested on the same monitoring records and confirmed
abnormal episodes to ensure a fair comparison. The temporal
denoising autoencoder was selected as the baseline because it is
commonly used for noisy power time-series monitoring. This
design allowed comparison of detection delay, false operation
tickets, reconstruction deviation, burst-load filtering, and online
inference latency.

2.3 Measurement Methods and Quality Control
Server power draw, rack energy use, CPU utilization, fan speed,
inlet temperature, power distribution status, workload scheduling,
and cooling-control signals were collected from power distribution
units, server management interfaces, rack sensors, and operation
platforms. Raw records were checked for missing values, repeated
readings, abnormal spikes, clock mismatch, and communication
errors. Short missing intervals were filled by linear interpolation,
while long gaps caused by sensor or logging failure were removed
from training and testing. Workload logs were used to identify
normal burst-load periods and virtual machine migration events.
Cooling records and inlet temperature signals were used to verify
cooling-related power changes. Operation tickets, maintenance logs,
and power supply inspection records were used to confirm
abnormal episodes and their time ranges. These steps reduced
measurement error and improved validation reliability.

2.4 Data Processing and Model Formulation
All variables were aligned to a 15-second time grid and normalized
by z-score transformation. Let x

t
 denote the noisy server power

signal at diffusion step t, and let c denote condition information,
including workload level, rack location, inlet temperature, and
cooling state. The conditional diffusion module estimated the
denoised power trajectory as:

where ᾱ
t
 is the cumulative noise schedule and ϵθ is the

learned noise estimator. The latent representation was then
separated into workload-driven, cooling-related, and server-side
abnormal components. The server anomaly score was calculated as:

where x
i
(t) is the observed value of variable i, x̂

i
(t) is

the denoised estimate, σ
i
 is the normal standard deviation,

z
i

srv(t) is the server-side abnormal component, and C
r
(t) is

the rack-level consistency penalty. The parameters η and ρ

control the weights of server abnormality and rack consistency. An
anomaly was detected when A

i
(t) exceeded the adaptive

threshold learned from normal records under similar workload and
cooling conditions.

2.5 Statistical Analysis and Validation
Model performance was assessed using median detection delay,
false operation tickets per server room per week, normalized power
reconstruction deviation, burst-load filtering rate, and online
inference latency. The proposed method and the temporal denoising
autoencoder baseline were compared using paired statistical tests at
a significance level of 0.05. Sensitivity tests were conducted by
changing diffusion steps, anomaly thresholds, workload partitions,
and rack-level consistency weights. All analyses were performed in
Python using NumPy, SciPy, pandas, and PyTorch. Operations-
confirmed abnormal episodes were used as reference labels to
assess whether the detected anomalies matched real power supply
faults, cooling-power coupling faults, or abnormal server energy
behavior.

Results and Discussion
3.1 Server Power Anomaly Detection under Workload
Noise
The proposed power signal denoising method achieved better
anomaly detection than the temporal denoising autoencoder. The
improvement was clear for abnormal power spikes, fan-control
instability, rack-level energy imbalance, degraded power supply
units, unexpected idle power increase, and cooling-power coupling
faults. The median detection delay decreased from 26.4 min to 7.5
min, showing better sensitivity to early abnormal power behavior.
As shown in Fig. 1, power prediction models can detect abnormal
energy patterns by comparing predicted and observed values.
However, prediction-error methods may confuse workload bursts
with real server faults. The proposed method reduced this problem
by reconstructing stable power trajectories and separating
workload-related variation before anomaly scoring [25,26].

Fig. 1. Transformer–K-means model for power prediction and anomaly
detection.

3.2 Denoising Effect and Power Signal Separation
Diffusion denoising reduced the normalized power reconstruction
deviation from 0.141 to 0.052. This result shows that the model
recovered more stable server power patterns from noisy records
[27,28]. The workload-separation module removed 68 million
burst-load windows from the abnormal candidate queue, reducing
the effect of normal workload changes on anomaly detection. As
illustrated in Fig. 2, recent energy anomaly studies have used root-
cause tracing frameworks to link abnormal energy use with possible
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causes. Unlike methods that analyze mixed energy deviations
directly, the proposed method separated workload-driven, cooling-
related, and server-side abnormal components. This made the
anomaly score more specific to server-side faults.

Fig. 2. Root-cause tracing model for energy-use anomaly analysis.

3.3 False Operation Ticket Reduction and Rack-Level
Stability
False operation tickets decreased to 1.8 cases per server room per
week, which was lower than the baseline result. This reduction is
important for data center operation because frequent false tickets
increase engineer workload and reduce trust in automatic
monitoring systems. The lower false alert rate was mainly due to
rack-level consistency constraints. A server was not marked as
abnormal only because its power draw changed sharply. It also
needed to show abnormal residual behavior that was inconsistent
with neighboring servers and rack-level operating conditions. This
rule reduced false alarms caused by virtual machine migration,
short workload bursts, load balancing, and cooling feedback [29].

3.4 Practical Value and Remaining Limitations
The method was evaluated on 1.92 billion records from 18 server
rooms, 9,800 physical servers, 620 racks, 74 power distribution
units, and 46 variables collected over 11 months. The online scoring
engine processed 72,000 power records per second, with a median
inference latency of 38 ms per rack window. These results indicate
that the method is suitable for near-real-time anomaly detection in
large data centers. The findings show that diffusion-based denoising
and signal separation can improve detection timeliness, power
signal reliability, and operational interpretation. However, the
method depends on operation-label quality, workload-log
completeness, rack topology accuracy, and separation-weight
selection. Future studies should test the method in larger GPU
clusters, liquid-cooling systems, heterogeneous server generations,
and unseen workload patterns.

Conclusion
This study developed a power signal denoising method for server
anomaly detection in data center time series. The method combines
conditional diffusion reconstruction, signal separation, and rack-
level consistency constraints to reduce workload-related noise and
detect server-side abnormal power behavior. Experiments on 18
server rooms, 9,800 physical servers, 620 racks, and 1.92 billion
records showed that the proposed method reduced the median
detection delay from 26.4 min to 7.5 min compared with the
temporal denoising autoencoder. False operation tickets decreased
to 1.8 cases per server room per week, and normalized power
reconstruction deviation decreased from 0.141 to 0.052. The
workload-separation module also removed 68 million burst-load
windows before anomaly scoring, which reduced false alarms
caused by normal workload changes. These results show that
diffusion denoising and signal separation can improve detection
accuracy, power signal reliability, and operational interpretation in
large data centers. The method can support near-real-time server
monitoring, power fault warning, and maintenance planning.
However, its performance depends on operation-label quality,
workload-log completeness, rack topology accuracy, and
separation-weight selection. Future studies should test the method
in larger GPU clusters, liquid-cooling systems, mixed server
generations, and unseen workload conditions.
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