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Abstract—The necessity of processing real-time data at the net-
work edge is growing. Low-power AI accelerators, especially edge
GPUs, help meet this demand by mitigating cloud-related latency
and bandwidth issues. However, GPUs remain underutilised,
even in heavy workloads, due to a limited understanding of
resource sharing in edge computing. This work analyses key GPU
metrics: utilisation, memory, streaming multiprocessors (SMs),
and tensorcores on NVIDIA Jetson devices under concurrent
vision-inference workloads. Our findings show that while GPU
utilisation can reach 100% with optimisations, SMs and tensor
cores often run at only 15–30% capacity.

I. INTRODUCTION

Deep Neural Networks (DNNs) [1] are widely used in edge
AI applications [2], [3]. Traditionally, cloud offloading [4]
has been the preferred approach, but inference-on-edge [5],
[6] is gaining traction due to its lower latency, bandwidth
usage, and power consumption. Advances in model redesign
and custom architectures are improving edge-based inference,
but hardware and software diversity complicates optimisation.
Although libraries like BLAS [7] support deep learning com-
putations, manual hardware-specific tuning is complex. Deep
learning compilers and SDKs [8]–[12] automate optimisation
through layer and operator fusion techniques. GPUs are widely
used for edge inference due to their broad support. Maximising
their efficiency requires concurrent execution [13], [14], often
managed through virtualisation. Cloud GPUs primarily use
time multiplexing [15], which degrades performance with
more applications [16], or spatial multiplexing via NVIDIA’s
Multi-Process Service (MPS) [17], [18]. Newer architectures
like Turing [19] and Ampere [20] enhance isolation, but Jetson
GPUs [21], [22] lack MPS support, relying on space or time
multiplexing. Their unified memory systems reduce CPU-GPU
communication overhead but increase memory consumption
with concurrent processes. Understanding system capabilities
is essential for designing efficient inference systems. High-
level tools like NVIDIA Triton Server [23] provide perfor-
mance insights but lack detailed GPU component analysis.
Prior studies examined Jetson devices under vision workloads
[24]–[27], while others explored multi-tenancy [28] and micro-
architectural performance [29]. However, research has largely
focused on high-level analysis using lightweight profiling
tools. This study provides a detailed evaluation of Jetson
devices, analysing both high- and low-level GPU metrics such
as SM and tensor core utilisation under concurrent workloads.
Identifying bottlenecks at these levels is crucial for optimising
performance, improving hardware efficiency, and enhancing
fault tolerance in edge AI applications.

Fig. 1: GPU Memory Usage (%) and T/P for int8,ResNet50,
FCN ResNet50, and YoloV8n models on Jetson Orin Nano

II. EXPERIMENTAL SETUP

We conduct experiments on two NVIDIA Jetson GPUs: the
Orin Nano [20] and the Nano [30]. The Orin Nano leverages
Tensor Cores, while the Nano serves as an entry-level option.
We used trtexec [31] for the execution of the TensorRT models
and Jetson-Stats [32], Nsight Systems [33] for profiling. Our
vision workload focuses on image classification with ResNet50
[34], segmentation with FCN ResNet50 [35], and object detec-
tion with YoloV8n [36] from PyTorch Hub [37]. These models
are obtained from the PyTorch hub and then converted to
TensorRT models. Due to space constraints, we present results
for the Orin Nano, with similar trends observed on the Nano.

III. WORKLOAD ANALYSIS

Throughput & GPU Memory Usage In a single-process setup,
GPU memory usage in execution runtime depends on the
model size plus twice the batch size because trtexec pre-
enqueues one batch. Each process allocates its memory for
multi-process systems, so the memory consumption for each
process is the number of processes multiplied by the sum
of the model size and twice the batch size. This means that
while increasing the batch size can improve throughput per
process, adding more concurrent processes eventually reduces
the throughput per process due to memory constraints and
resource contention. ResNet50 int8 model shows an increase
in throughput per process from 500 at a batch size of 1 to
1000 at a batch size of 8, but when scaling to 8 processes, the
throughput per process drops to nearly 200 (Fig-1).

Power Consumption Power consumption varies with preci-
sion. For Orin Nano, int8 models use less energy while



Fig. 2: SM Active and Issue Slot & TC Utilization vs Concurrent Processes

Fig. 3: Power Consumption for int8 ResNet50, FCN ResNet50
and Yolov8n model on Jetson Orin Nano

achieving the highest throughput. In Fig 3, power consumption
appears inconsistent across batch sizes and process counts.
At first glance, it increases with batch size; for example, in
the 1-process scenario, the power rises from batch size 1 to
16. However, this increase is not smooth, as power levels
eventually plateau. This happens because of Dynamic Device
and Frequency Scaling (DVFS), a mechanism that reduces the
frequency of the GPU to reduce power consumption, which
also limits throughput.

SM, Issue Slot and Tensor Core Utilisation We observe that,
ResNet50 achieves 75–90% SM active utilization across all
precisions, with tf32 reaching 100% for 15% of the runtime.
However, SM issue slot utilization remains low, mostly be-
tween 25 and 40%, indicating issue stalls. ResNet50 shows
a steep CDF, with TC utilization below 50% in int8 and
higher in fp16 and tf32. However, higher TC usage does not
always translate to higher throughput, suggesting that other
factors, such as memory bandwidth, play a role. In Fig. 2, we
compare single batch and multiprocess scenarios, analysing
active SM utilisation and issue slot. For ResNet50, SM utili-
sation is mostly 80–100% for 1 and 2 processes, with steeper
cumulative curves than 4 and 8 processes. The 2-process
setup often reaches 100% SM utilisation. Issue slot utilisation
remains around 25%, never exceeding 80%. Tensor Core (TC)
utilisation for ResNet50 averages 25% for 1–2 processes but
drops to 15–20% for 4–8. TC usage never exceeds 50%, and
its peak increases with process count. However, higher TC
utilisation does not always improve throughput due to issue
stalls, which intensify with more processes.

IV. KERNEL LEVEL PERFORMANCE ANALYSIS

The execution timeline consists of TensorRT ExecutionCon-

Fig. 4: Comparison of CPU and GPU Events for ResNet50
int8 model on Jetson Orin Nano: vs. Batch Sizes (Left), vs.
Process Counts (Right)

text (EC) events interleaved with Cuda Synchronisation (CS)
events, represented as

∑
i ECi +

∑
j CSj . With one or two

concurrent processes, ECi duration remains short (1–2 ms),
but with four or more, it increases sharply—by nearly 30×
and 70× for four and eight processes, respectively. (Fig-4)
Batch size has a linear impact on ECi, enabling higher
throughput with only a slight increase in processing time.
However, increasing concurrent processes reduces throughput
due to scheduling inefficiencies. Each ECi consists of GPU
kernel launches (Kl), CPU thread initiations (Tl), computation
time (Cl), and blocking time (Bl).The blocking time results
from the big.LITTLE [38] architecture, where heavy workloads
are assigned to a limited number of CPU cores—three on the
Jetson Orin Nano and two on the Jetson Nano.
On the Jetson Orin Nano, when four or more processes run
concurrently, time-sharing mode leads to preemption, increas-
ing process blocking time (

∑
l bl), CPU thread rescheduling

time (
∑

l Tl), and GPU kernel launch overhead (
∑

l Kl). This
also raises cache miss rates at L1 and L2 levels, extending
computation time (

∑
l Cl) and worsening execution efficiency.

Similar trends are observed on the Jetson Nano.

V. CONCLUSIONS

These findings show the role of CPU-GPU scheduling in shap-
ing GPU performance for inference workloads. They highlight
the need for further research into advanced thread scheduling
techniques and programmable architectures designed to en-
hance deep learning acceleration.
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