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Abstract

Video stream analytics has emerged as a pivotal contributor to
smart traffic monitoring services, yet the systems community lacks
publicly described datasets that jointly capture real-world traffic
dynamics and the corresponding computational overhead. This
paper introduces EdgeTraffic, a dataset derived from a live traffic
monitoring service deployed at a road intersection in Iasi, Roma-
nia. The setup features high-definition IP cameras streaming video
over a private 5G network to a GPU-powered Multi-access Edge
Computing (MEC) node hosting an Al model serving pipeline for
continuous inference. Uniquely, the dataset temporally aligns model
outputs (e.g., vehicle counts) with fine-grained system telemetry,
including GPU/CPU utilization, memory footprint, power draw,
and network activity. This alignment enables end-to-end analy-
sis linking physical events to infrastructure behavior. To enhance
utility and reproducibility, we augment the live traces with con-
trolled replay logs of the captured footage across heterogeneous
hardware targets and YOLOv8 model variants. We demonstrate the
dataset’s value through preliminary analyses that reveal diurnal
traffic patterns, quantify systematic under-counting when adopt-
ing smaller model variants, and characterize the device-dependent
correlations between inference Iatency, resource saturation, and
energy consumption.
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1 Introduction

The scalable deployment of IoT devices and HD video cameras in
urban environments, coupled with the localized processing power
of Multi-access Edge Computing (MEC), is fundamental to realizing
the vision of smart cities [13]. Although modern cellular networks
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(5G and emerging 6G) offer high-throughput connectivity, the over-
whelming volume of raw video data renders centralized cloud pro-
cessing impractical due to bandwidth costs, latency constraints, and
data privacy restrictions [18]. Consequently, intelligence is being
pushed to the network edge, where Deep Learning (DL) models
are embraced for continuous inference close to the data sources to
realize EdgeAl services such as urban observability and real-time
traffic management [5, 11].

For such deployments, operators run edge-hosted DL model serv-
ing pipelines (e.g., vehicle detection, car counting) and forward only
the resulting analytics to the cloud for storage, visualization, and
long-term analysis [12]. Although assembling and deploying such
pipelines can be relatively straightforward architecturally, optimiz-
ing them is not. Operators face complex trade-offs when selecting
hardware platforms (e.g., embedded vs. discrete GPUs), choosing
model variants (e.g., YOLO nano vs. large), and provisioning re-
source capacity to meet strict latency and energy constraints [10].
Addressing these decisions requires representative data that capture
both the stochastic nature of real-world inputs and the correspond-
ing system behavior. Without aligned traces of model outputs and
resource metrics, it is difficult to quantify trade-offs, validate as-
sumptions, or perform reliable capacity planning [2].

This need for holistic data spans two distinct research communi-
ties. From a smart-city perspective, urban planners and data scien-
tists require metrics that reflect real traffic dynamics rather than
synthetic patterns to train predictive models for traffic congestion
evolution, travel time estimation, and traffic signal optimization.
At the same time, from an IoT and systems perspective, researchers
require datasets that act as workload generators and benchmark-
ing traces. To enable reproducible benchmarking, the community
needs traces that allow for comparative studies across different
MEC configurations and hardware targets under identical and real-
istic input conditions. However, to the best of our knowledge, no
open and publicly available dataset jointly captures a real traffic
monitoring workload and the corresponding end-to-end system
behavior. Existing datasets fail to meet this dual need: they either
focus on structural and synthetic information without runtime exe-
cution metrics (e.g., Topo4MEC [17], DATA7 [3]), or they provide
telemetry tailored for security and intrusion detection rather than
the performance characterization of video stream processing (e.g.,
TON_IoT [1], IoT-23 [7]).

To address this gap, we introduce EdgeTraffic, a publicly avail-
able traffic monitoring dataset that integrates time-aligned model
outputs with fine-grained system metrics from a real-world deploy-
ment. The dataset is derived from an operational 5G-enabled smart
city pipeline in Iasi, Romania, performing continuous car detection
and counting on a MEC node. We provide traces of application-
level measurements (e.g., vehicle counts, inference latency) syn-
chronized with infrastructure metrics (e.g., CPU/GPU utilization,
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memory footprint, power draw). To increase data plurality and
support system-aware analysis, we complement the live traces with
logs generated by re-running captured video streams on heteroge-
neous GPU-enabled platforms and multiple YOLOv8 model variants.
Finally, we demonstrate the dataset’s utility through preliminary
analyses that characterize diurnal traffic dynamics and expose how
model selection and hardware platform alter the resource footprint
of edge video analytics. The dataset and respective analysis code
are open-sourced and made publicly available!.

The rest of this paper is organized as follows: Section 2 discusses
related work, while Section 3 presents the use-case and implemen-
tation. Moreover, Section 4 describes the dataset and Section 5
reports preliminary analyses and replay-based experiments. Finally,
Section 6 concludes the paper and introduces our future directions.

2 Related Work

The systems community has long relied on cloud datacenter datasets.

Notable examples include cluster traces from Google [14] and Al-
ibaba (MLaaS GPU cluster) [16], which capture job scheduling, task
duration, and resource usage in hyperscale environments. Similarly,
Cortez et al. [6] characterize VM workloads on Azure Cloud over
a 3 month period, creating a dataset capturing VM lifetime, size,
and utilization patterns. While these datasets are foundational for
cloud resource management, they are less applicable to (mobile)
edge computing scenarios. Specifically, they abstract application
logic, for instance, one can observe that a CPU spike occurred, but
not the physical event of cause. Furthermore, the assumptions of
hyperscale datacenters (e.g., infinite computing power, stable cool-
ing, homogeneous hardware) do not hold for geo-distributed edge
computing deployments.

For edge computing and IoT, researchers have developed and
open-sourced dedicated datasets. A notable example is the dataset
Topo4MEC [17], which focuses on network topology, featuring
randomly generated MEC graphs and a realistic topology based on
OpenCellID data from Milan. However, it is limited to structural
data (nodes, edges, bandwidth) and lacks runtime execution met-
rics. A popular open dataset, DATA7 [3], combines mobile tower
positions with synthetic mobility traces generated via SUMO to
simulate vehicle movement in Pisa. While valuable for simulation,
the workload is derived from algorithmic models rather than em-
pirical observation. In the security domain, the TON_IoT [1] and
IoT-23 [7] datasets capture telemetry and network traffic from re-
alistic IoT testbeds (including smart home devices). While these
include extensive logs, they are tailored for intrusion detection and
packet analysis rather than the performance characterization of
video stream processing pipelines.

In turn, the Intelligent Transportation Systems (ITS) domain of-
fers datasets with a rich environmental context but limited system
visibility. For example, the CN+ dataset [9] captures vehicle flows
at a Bremen intersection (25k vehicles over 32 hours) alongside me-
teorological data. Similarly, the Austin, Texas camera traffic counts
dataset [4] captures the number of vehicles passing through a road
intersection along with their respective direction. Additionally, the
ETH dataset [8] provides fine-grained traffic signal states in Zurich.
Finally, UA-DETRAC [15] is a computer vision dataset that features
over 10 hours of video from roadside surveillance cameras in China
under challenging weather conditions. These datasets describe the
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Figure 1. EdgeTraffic’s EdgeAl Smart Traffic Analytic Service

input to a smart city system but do not capture any information
relevant to the computational processing cost (GPU/CPU usage),
inference latency, memory footprint, or energy required to analyze
these flows in real-time.

The evaluation of Al-enabled geo-distributed IoT systems re-
quires data that reflects the complexity of both the computational
infrastructure and the physical environment. While researchers
have access to high-quality datasets in isolation that range from dat-
acenter traces to traffic flows, there is a notable absence of datasets
that couple real-world physical inputs with the resulting impact on
the underlying edge computing infrastructure.

3 Use-Case Architecture and Methodology

The EdgeTraffic dataset originates from a production-grade smart
traffic monitoring service deployed at the Podu Ros intersection in
Tasi, Romania. Access to this infrastructure was secured through
the European Union’s TriasNet Horizon-JU-SNS-2022 Research
and Innovation Programme, via an open call granting third-party
researchers access to B5G testbeds across Europe. A high-level
view of the architecture is depicted in Figure 1. The sensing layer
consists of 6 HD IP cameras streaming video at 25 frames per second
(FPS) via the Real-Time Streaming Protocol (RTSP) to a nearby
MEC node. Connectivity is provided by a commercial private 5G
network operated by Orange Romania, configured to support both
Standalone (SA) and Non-Standalone (NSA) modes. To sustain the
high throughput required for concurrent HD video streams, the
system utilizes a dedicated Enhanced Mobile Broadband (eMBB)
network slice. Camera traffic is forwarded through a Nokia FastMile
5G Customer Premises Equipment (CPE) unit, which handles traffic
differentiation via multiple VLANs on a single SIM with distinct
Data Network Name (DNN) profiles.

The software pipeline is developed by adopting Savant AI?,
which provides Python abstractions on top of the Nvidia Deep-
Stream SDK® to implement GPU-accelerated computer vision and
video analytics services. Incoming video streams are decoded via
hardware acceleration (NVDEC) and converted to raw frames for
analysis. Each frame is forwarded to a YOLOVS object detector? (in-
put resolution 640x640 px), executed through a TensorRT-optimized
ONNX runtime. Post-inference processing extracts object bound-
ing boxes and computes per-frame and aggregate counts (e.g., car
density), with internal components communicating via an asyn-
chronous pub-sub messaging model. These metrics serve as the
critical input for traffic operators to monitor real-time mobility
patterns, aiming to parameterize congestion models and optimize
traffic signal timing. Inference outputs are serialized and exported
to a Kafka queue for downstream consumption. During the live
field trials, operational privacy constraints prevented the storage

2 https://savant-ai.io/
3 https://developer.nvidia.com/deepstream-sdk
4 https://yolov8.com/
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Field Short description

fseqno Frame sequence number for the video stream

timestamp | Unix timestamp associated with the inference execution

car_count | Number of cars detected by the vision model for each frame

inf_latency | Per-frame inference latency measured at the edge pipeline

gpu_util GPU compute utilization during pipeline execution

gpu_power | GPU power draw during inference and processing

network Outgoing network traffic size from edge to cloud (in bytes)

gpu_mem | GPU memory usage while serving the model

cpu_power | CPU power draw during pipeline execution

cpu_util Host CPU utilization during pipeline execution

cpu_mem | Host memory usage during pipeline execution

Table 1. EdgeTraffic Dataset fields

of raw video content for making data publicly available. Conse-
quently, the primary dataset comprises of derived analytic insights
and time-aligned system logs rather than archived footage.

To characterize the resource demands of the DL model serv-
ing pipeline, we instrumented the edge infrastructure to synchro-
nize application-level performance with low-level system telemetry.
The field trials were conducted over a 5-day period in late Janu-
ary 2025, ensuring the capture of traffic analytics across diverse
diurnal windows and model configurations. For precise latency
characterization, we utilized Savant’s metadata processors to inject
timestamps immediately preceding and following the computer
vision model execution. With this, the delta between these markers
yields the specific per-frame inference latency. In parallel, we de-
ployed NetData® and Prometheus® to log CPU, RAM, and Network
I/O, while a wrapper around the nvidia-smi interface’ polls GPU-
specific metrics, including compute utilization, memory footprint,
and instantaneous power draw.

The live deployment of the field tests ran on a carrier-grade MEC
server equipped with an Intel Xeon Silver 4210 CPU (2.20 GHz), 32
GB RAM, and an Nvidia V100 GPU (32 GB VRAM). Beyond the live
traces, we introduce a "replay” video stream to enable controlled
comparisons across heterogeneous hardware. For this, we recorded
a 1-hour reference video stream and replayed it offline through the
same software pipeline on two additional devices: an edge server
with an Intel Xeon Gold 6230 and Nvidia T4 GPU, and an embedded
Nvidia Jetson AGX Orin (12-core Arm Cortex, Ampere GPU, 64
GB RAM). For the Orin, we modified the monitoring exporter to
parse telemetry from the tegra-stats utility as it lacks nvidia-smi
support. Across these replay experiments, we also varied the model
complexity by deploying, other than the YOLOv8-X variant, the
YOLOV8-N and YOLOv8-M variants, to allow researchers to quan-
tify the trade-offs between detection accuracy, inference latency,
and energy consumption.

4 Dataset Structure and Context

The EdgeTraffic dataset is organized as a collection of directories,
where each corresponds to a distinct experimental trial executed
on a specific hardware platform and DL model variant. Each trial
directory contains two primary files: a CSV file (data.csv) con-
taining the high-frequency time-series measurements, and a YAML
file (netadata.yaml) documenting the execution context.

5 https://www.netdata.cloud/
© https://prometheus.io/
7 https://docs.nvidia.com/deploy/nvidia-smi/index.html
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trial_id:
video_type:
duration: 120
date:
device:
name:
gpu_model:
model:
family:
variant:
input_size: [640, 640]
pipeline:
framework:
sdk:
fps: 25
time:
start:
end:
output:
csv_file:
fields:

Figure 2. YAML Metadata File

Table 1 summarizes the schema of the data. csv logs. The frame
sequence number (fseqno) serves as the unique index for the video
stream. The timestamp field records the Unix epoch time (in sec-
onds) for each inference event. We note that, since the pipeline
processes video at 25 fps, approximately 25 distinct data points
share the same second-granularity timestamp. Application-level
performance is captured by car_count (the number of objects
detected per frame) and inf_latency. The latter reports the pure
model inference time (in seconds), omitting overheads such as batch-
ing, and message serialization, as these were negligible and stable
across runs. To characterize system resource behavior, the dataset
includes two categories of telemetry. GPU metrics include utiliza-
tion (gpu_util, 0-100%), power drawn (gpu_power, in Watts), and
memory footprint (gpu_mem, in GB). Host metrics capture the cu-
mulative CPU utilization (cpu_util, 0-100%), CPU power draw
(cpu_power, in Watts), system memory usage (cpu_mem, in Bytes),
and network activity (representing outgoing traffic from edge-to-
cloud in Bytes).

To facilitate reproducibility, we provide a metadata.yaml file
for every trial run with Figure 2 depicting an example. This file
records the unique trial_id and the video_type (e.g., live or
replay), alongside the collection date and trial duration. It for-
mally documents the hardware specifications (e.g., Server with
Nvidia V100), the software stack (Savant over DeepStream), and
the model configuration (e.g., YOLOV8-X, 640x640px resolution).
By adhering to this generic schema, the dataset remains extensible,
allowing future contributions of new devices or workloads that can
be integrated seamlessly.

We note that metric availability varies by hardware target due
to driver limitations. The V100-enabled MEC server provides the
full suite of metrics detailed in Table 1. However, the T4 edge
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Figure 4. Timeline results of different YOLOv8 variations.

server and Jetson AGX Orin provide a subset: fseqno, timestamp,
car_count, inf_latency, gpu_util, and gpu_power. In turn, trial
durations vary based on the deployment environment. For the MEC
server, we provide approx 120min traces for the production model
(YOLOv8-X) captured during live deployment. Additional trials for
smaller YOLOv8 variants on the live MEC server are limited to
15min windows to minimize interference with the production ser-
vice. Nonetheless, for the replay experiments, we provide complete
60min traces embracing the YOLOv8-M and YOLOv8-N variants
run on the T4-enabled server and the Jetson AGX Orin box.

5 Dataset Utility and Preliminary Evaluation

In this section, we demonstrate the utility of the EdgeTraffic dataset
through preliminary analysis and controlled experimentation to
provide system-level characterization of accuracy, latency, and en-
ergy trade-offs. The following sub-sections detail these findings
across diverse hardware and model configurations.

5.1 Characterizing Car Count Dynamics

Figure 3 illustrates the variability of traffic intensity captured during
the live deployment, utilizing the car_count metric extracted from
the YOLOv8-X detector. The upper plot presents the raw per-frame
car count across a full 2-hour capture, indexed by frame sequence
number (fseqno). This granular view highlights rapid fluctuations
driven by immediate scene changes, such as stochastic vehicle
arrivals, departures, and transient occlusions. To mitigate high-
frequency noise, the lower plot aggregates these measurements via
a 1-second sliding window average. This smoothing reveals a clearer
trajectory while preserving the underlying short-term dynamics.
With this, the metric exhibits a distinct periodic structure, with
peaks and troughs recurring at a consistent cadence. This behavior
aligns with the operational logic of the intersection, reflecting traf-
fic signal cycles that release vehicle platoons during green intervals,
followed by phases of relative inactivity. While this periodicity is
obscured at the per-frame resolution by fine-grained volatility, it
becomes pronounced after temporal aggregation. These observa-
tions confirm that the workload is characterized by burstiness at
short time scales yet remains structured and partially predictable
over longer intervals. The aforementioned are interesting insights
for researchers attempting to correlate visual scene activity with
system resource demands.
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Figure 5. Errors for car count for YOLOv8-M and YOLOv8-N.

5.2 Comparative Analysis of Model Variants

Next, we quantify the degradation in detection accuracy across
YOLOv8 model variants. For context, these models span a wide
range of computational complexity. Specifically, the lightweight
Nano variant (YOLOv8-N) contains approx. 3.2M parameters, the
Medium (YOLOv8-M) scales to 25.9M, and the Extra-Large (YOLOv8-
X) comprises 68.2M parameters. Using a 1-hour replay video trace,
we executed an identical input stream through the DL model serv-
ing pipeline on the T4-equipped edge server while varying only
these detection models. Figure 4 reports the temporal evolution of
the car_count emitted by each model, aggregated into 1-minute
averages to attenuate frame-level noise and highlight persistent
trends. The blue curve represents the production-based baseline
YOLOv8-X, the orange curve corresponds to YOLOvV8-M, and the
green curve to YOLOv8-N. Across the full interval, all three models
reconstruct the same macroscopic temporal patterns, indicating
consistent reactivity to changes in scene activity. However, a clear
systematic offset in magnitude is evident. Specifically, the YOLOvS8-
X consistently reports higher counts than the M variant, and sub-
stantially higher counts than the N variant. This suggests that the
smaller architectures miss a significant fraction of vehicles that
is likely due to reduced representational capacity when handling
small objects or challenging lighting, with these resulting in fre-
quent false negatives. While some error is expected relative to the
production-based model, the persistent under-counting by the M
and especially N variant, highlight the accuracy penalty associated
with lightweight models.

This motivates an explicit trade-off analysis between the model
variants. To this end, Figure 5 summarizes the Mean Absolute Per-
centage Error (MAPE) of the lighter variants relative to YOLOv8-X.
Methodologically, for each reference car_count (bucket) on the
x-axis as determined by YOLOv8-X, we compute the average per-
centage deviation exhibited by the M and N variants. Two distinct
behaviors emerge from this analysis. YOLOv8-N exhibits consis-
tently higher error across almost all traffic densities, remaining
strictly above 30% except for the very first bucket (where it drops
below 20%). This flat error profile confirms that the under-counting
is systemic rather than situational. In contrast, YOLOv8-M is gener-
ally more accurate, maintaining a stable error below 20% for typical
load conditions. However, its performance degrades noticeably at
the edges of the distribution. Specifically, the error rises both when
the scene is sparse and when it approaches peak congestion (approx.
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Figure 6. Correlation matrix for production-based MEC node

19-21 detected cars). This indicates that, for this specific dataset,
the M variant struggles to maintain parity with the X model during
dense traffic phases.

5.3 Impact of Model Complexity on Resource Utilization

To understand the coupling between application and infrastructure
dynamics, we analyze the pairwise Pearson correlation coefficients
among app metrics and system telemetry for the live production-
based deployment (MEC node with Nvidia V100 GPU), as shown in
Figure 6. To ensure precise temporal alignment between heteroge-
neous data sources, we aggregate all feature values into 1-second
windows before performing the analysis as inference logs occur
per-frame while system metrics are sampled per-second.

Several distinct performance signatures emerge from the cor-
relation matrix. First, GPU utilization is effectively synchronized
with GPU memory footprint (r=0.97). This indicates that for the
YOLOvV8-X workload, periods of high compute intensity impose
a proportionally high demand on GPU VRAM, likely due to the
dynamic allocation of tensor workspaces during complex frame
processing. Second, host metrics adhere to expected physical con-
straints, where CPU power exhibits a strong positive correlation
(r=0.73) with CPU utilization. In turn, inference latency shows a
weak correlation with CPU utilization. This lack of coupling con-
firms that the critical path for performance is effectively offloaded to
the GPU acceleration and host-side processing (decoding, message
passing) does not bottleneck the pipeline. Consequently, latency
behavior is driven primarily by GPU dynamics rather than host
resource contention. Fourth, the Car Count metric shows a positive
correlation (r=0.43) with network egress traffic. This validates the
pipeline’s architectural logic where detecting more objects gener-
ates a larger volume of metadata (bounding boxes and classification
tags), directly increasing the size of the serialized messages transmit-
ted to the cloud dashboard. Finally, we observe a counter-intuitive
negative correlation between host memory usage and CPU power
(r=-0.68). This implies that the workload is compute-bound rather
than memory-bound, where phases of intense CPU processing by
Savant do not coincide with higher host memory pressure.

5.4 Device-Dependent Performance Profiles

Figure 7 presents a cross-device performance characterization of
the video analytics pipeline when adopting the 3 different YOLOv8
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Figure 7. System-level metrics for different deployments

model variants. Each panel depicts a set of boxplots, where the line
inside each box is the median, the box spans the interquartile range,
and the whiskers capture the spread of the remaining samples. The
first plot in each panel corresponds to the Jetson AGX Orin box, the
second to the edge server powered by an Nvidia T4 GPU, and the
third, the production-based MEC server with an Nvidia V100 GPU.
We note that to improve plot visibility due to many outliers, we opt
for a logarithmic scale for the y-axis for the per-frame latency and
the per-frame energy metrics.

Figure 7 (a) reports inference latency of all devices. Specifically,
the latency decreases monotonically from YOLOv8-X to M and
then to N, reflecting the reduced computational cost of the smaller
models. The absolute latency is highest on Orin and lowest on V100,
while T4 sits in between. This highlights a clear hardware effect,
where stronger accelerators reduce not only the median latency but
also its variability. Moreover, Figure 7 (b) highlights GPU utilization
during pipeline execution. Orin shows the highest GPU pressure,
particularly for YOLOv8-X, and the widest spread for the smaller
models. This is consistent with a pipeline where GPU side stages
such as decoding, batching, and pre- and post-processing become
more visible when the GPU work per frame decreases. On the
two servers, GPU utilization is substantially lower and becomes
progressively smaller from X to N, indicating that the pipeline
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becomes less GPU intensive as the model footprint shrinks and the
overall per frame processing path shortens.

For the GPU power draw (Figure 7 (c)), the server GPUs operate
at much higher absolute power than Orin, and within each server
the power draw increases with model size. This aligns with expec-
tations since larger models drive higher sustained GPU activity.
Orin exhibits much lower GPU power across all variants, reflecting
the different power envelope of an embedded accelerator.

Lastly, Figure 7 (d) shows energy per inference, which captures
the combined effect of power and latency. For every device, moving
from YOLOv8-X to M and N sharply reduces energy per inference,
showing that model downsizing yields substantial energy savings
in addition to latency gains. A key takeaway is that higher power
hardware does not necessarily imply higher energy per inference.
The V100 MEC server often achieves low energy per inference
because its substantially shorter latency compensates for its higher
instantaneous power. Overall, the figure shows the expected accu-
racy independent trade-off space at the system-level, where model
size and hardware jointly determine latency, resource pressure, and
energy cost per frame.

6 Conclusions & Future Work

In this paper, we presented EdgeTraffic, a real-world dataset that in-
tegrates video analytics inference outputs with fine-grained system
telemetry from an operational smart traffic management service de-
ployed on a MEC server. The dataset aligns application metrics, such
as vehicle counts and inference latency, with system-level logs that
include CPU and GPU utilization, memory footprint, power con-
sumption, and network I/O. To facilitate reproducibility and com-
parative analysis, we complemented the live traces with controlled
replay experiments across heterogeneous hardware targets and
YOLOvV8 model variants. Our preliminary analysis demonstrates
that real-world traffic flows are characterized by short-term bursti-
ness overlaid on periodic structures driven by intersection signaling.
Furthermore, our cross-device benchmarks reveal critical system
trade-offs: we quantified the systematic under-counting inherent to
lightweight models and highlighted that high-power server-grade
accelerators can yield lower energy-per-inference due to signifi-
cantly reduced latency. Ultimately, EdgeTraffic provides researchers
and urban planners with the empirical ground truth necessary for
benchmarking adaptive middleware, modeling workload capacity,
and designing energy-efficient edge systems.

Our future work targets a three-fold extension of the dataset.
First, we aim to broaden the environmental diversity by incorporat-
ing longitudinal data covering distinct seasonal variations, lighting
conditions, and weather events. Second, we intend to enrich the
telemetry fidelity to support deeper root cause analysis of perfor-
mance anomalies across heterogeneous hardware. Third, we will
leverage EdgeTraffic as a testbed for evaluating adaptive orchestra-
tion and selective inference policies, focusing on minimizing energy
and latency without compromising the accuracy of downstream
traffic analytics.
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