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Deadline-Guarded Edge Inference with FPGA
Preemption

Zhuoran Chen, Jiale Chen, Rui Tan, Wenjing Yang, and Mo Li

Abstract—Deep neural networks (DNNs) are increasingly being
employed in delay-sensitive edge applications such as autonomous
driving, industrial automation, and extended reality. However,
due to the use of complex computing hardware and algo-
rithms, the execution time of a DNN is stochastic and follows
a distribution usually with a long tail exceeding the specified
deadline. To guard the deadline, we propose a real-time and
preemptive GPU-FPGA heterogeneous computing system that
continuously monitors the progress of the DNN execution on
the GPU and predicts deadline miss. Upon prediction of a miss,
the system activates the FPGA as a deadline guardian to run a
smaller DNN for the same task to meet the deadline. We design
lightweight predictors based on offline data of progress versus
final completion time and hardware status readings. Moreover,
to deal with the performance loss due to resource contention
on the FPGA, we further propose a simulation method to find
the optimal preemption plan in multitasking scenario. Extensive
evaluation with a Jetson AGX Orin GPU and a Xilinx ZCU102
FPGA shows that our system achieves up to 20 times reduction
on miss rate and improves effective accuracy by more than 10%.

Index Terms—Edge AI, Deadline Miss Prediction, GPU-FPGA
Heterogeneous Computing, Preemption, Real-Time Inference

I. INTRODUCTION

DEEP neural networks (DNNs) are increasingly employed
in delay-sensitive mobile perception applications [1]–[3],

such as autonomous driving, robots, and augmented reality.
For example, to achieve safe autonomous driving, the driv-
ing agent must adhere to an end-to-end processing latency
requirement of less than 100 milliseconds for sensing data
processing [3]. However, a known issue of the deployed DNNs
is the large time jitter in DNN executions, e.g., more than
300 milliseconds in Apollo’s [4] perception and planning
modules [5], [6]. For a vehicle traveling at 120 kilometers
per hour, every additional 0.3 seconds of delay increases its
stopping distance by 10 meters, thereby degrading driving
safety.
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Fig. 1. Design Overview.

To reduce the impact of jitters, recent studies [6]–[9] have
primarily focused on constructing the execution pipeline based
on the worst-case execution time (WCET) analysis of GPU-
based applications. In this approach, the WCET (e.g., 99th
percentile of execution time) of each candidate model is
estimated at first. The model with the WCET closest to the
given deadline is deployed on the device. However, the latency
profile of a DNN often exhibits long-tail behavior, i.e., the
maximum latency is much larger than the average latency,
while the frequency of long latency instances is low. Due
to this, the WCET approach can be overly conservative and
leads to low utilization of computational resources. Another
approach is early exit [10]–[12], which inserts early-exit
classifiers into some intermediate layers of a DNN model.
Whenever the prediction confidence is high, the execution exits
via an inserted classifier to reduce average latency. However,
the execution time of the model with early exits is unpre-
dictable and depends on the input data. It may still exceed the
deadline, especially when no early exits are used due to not
high enough confidence through the course. Essentially, early-
exit strategies reduce average inference latency to maximize
throughput, while it cannot guarantee the timely inference
before a deadline. However, in real-time applications, timely
model execution before the deadline is important for decision-
making to avoid accidents. As a result, early-exit is not suitable
for such real-time applications. Moreover, both WCET and
early-exit approaches fall short of countermeasures to deal
with potential deadline misses directly.

In this study, we propose a real-time and preemptive het-
erogeneous computing system that comprises a GPU-based
primary computing unit and a Field-Programmable Gate Array
(FPGA)-based deadline guardian. As illustrated in Fig. 1, our
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system executes multiple DNNs on a primary GPU for each
inference task. Concurrently, on the host CPU of the GPU
platform, a lightweight prediction model works to persistently
forecast potential deadline misses. This prediction is informed
by a combination of inputs: timestamps reported from pre-
defined progress waypoints within the DNNs, and integrated
real-time GPU hardware status readings. If a deadline miss is
forecast, the CPU sends an activation command to a standby
FPGA, which serves as the deadline guardian. This guardian
then executes a smaller, faster model using the same inference
input, acting as a preemptive measure to ensure a result is
delivered before the deadline.

Our design exploits the near-zero jitter property of FPGA
computation for deterministic algorithms including DNNs.
Running a small model on FPGA can ensure timely comple-
tion of the inference even when the deadline miss is predicted
at the late phase of the GPU inference process. As a result,
the predicted deadline miss can be avoided with the cost
of reduced model accuracy. In safety-critical domains like
autonomous driving, systems face strict real-time constraints
where a late inference result is considered a system failure
[13]. For these applications, the consequence of a missed
deadline is far more severe than the potential reduction in
model accuracy from using a smaller, faster model. This
preemptive mechanism is therefore designed to improve the
system’s functional accuracy by ensuring a timely output is
always available, preventing the zero-utility outcome of a late
result.

The design of our system mainly faces two key challenges.
The first challenge is the difficulty in real-time deadline miss
prediction. Making accurate predictions on real-time DNN
inference latency is hard. While existing works [14]–[17]
present different methods to predict the average latency of
a DNN based on the network structure, such offline latency
predictors are inaccurate for online deadline miss prediction,
due to the latency variance or jitters in real deployment.
The increased latency variability in multitask, resource con-
tention scenarios further exacerbates the problem. Moreover,
the available time for deadline miss prediction is limited. For
example, considering a real-time stream processing application
operating on an image sequence captured at 30 frames per
second, the per-frame inference time should be within 33 ms
before the next image comes in. Under such conditions, the
deadline miss predictor has a time budget of milliseconds or
even less, which is very tight for sophisticated predictors.

The second challenge arises from resource contention on
the FPGA when protecting multiple DNNs in parallel. Specif-
ically, in multitask scenario, each DNN on GPU has its
guardian DNN on the FPGA. Only one guardian DNN can
be executed at a time. Therefore, the guardian DNN may fail
to run when the FPGA is busy running another guardian DNN,
leading to potential deadline miss and degradation of overall
effective accuracy.

To address the first challenge, we perform offline profil-
ing of each DNN’s latency and design a lightweight online
deadline miss predictor. The profiling and predictor are based
on carefully chosen progress inspection waypoints for each
DNN. Specifically, for each waypoint, we select a guardian

model and train four prediction models of predicted inference
time versus the elapsed time to reach the current waypoint. For
each combination of waypoint, guardian model, and prediction
model, we calculate the expected system performance with the
profiling dataset and select the combination with the highest
performance. As such, the waypoint, guardian model, and
prediction model can be used to predict deadline miss when
the inference progresses to the waypoint.

To address the second challenge, we propose a Monte Carlo-
based simulation method to simulate the resource contention
on FPGA and select the combination of offloading plans,
consisting of a set of waypoint, guardian model and decision
model that maximizes the overall effective accuracy of the
multitask scenario. Specifically, first, we identify the best
preemption plans at each waypoint of each DNN. Then,
we simulate the parallel execution of DNNs on the GPU,
with each DNN implementing one of its preemption plans.
We employ the Monte Carlo method to simulate preemption
operations, recording all preemption attempts and their corre-
sponding guardian workloads on the FPGA. Following this, we
pinpoint all conflicts on the FPGA and calculate the expected
overall system performance, taking into account some failures
in preemption attempts. Finally, we select the combination of
plans that ensures the maximum overall performance.

Our main contributions are summarized as follows:
• We propose a heterogeneous edge computing system

consisting of a GPU-based main computing unit and an
FPGA-based deadline guardian to greatly reduce deadline
misses of DNN inference.

• We design a waypoint-based DNN inference progress
monitoring approach and lightweight deadline miss pre-
dictors based on the monitoring result.

• We propose a Monte Carlo-based simulation approach
to address FPGA resource contention in multitasking
environments by selecting optimal offloading plans, en-
hancing the overall effective accuracy of parallel DNN
protection.

• Evaluation results show that our system achieves up to
20 times reduction in miss rate and improves effective
accuracy by up to 10%.

The remainder of this paper is organized as follows. Sec-
tion II reviews related works. Section III presents the back-
ground and motivation of our work. Section IV introduces
our system model and formally defines the general multi-task
optimization problem that we aim to solve. We then present
our two-stage solution to this problem. Section V details
the first stage: a methodology for generating high-quality
preemption plans for individual tasks. Section VI describes the
second stage, where we use a Monte Carlo simulation to solve
the full multi-task problem by finding the optimal combination
of these plans under resource contention. Section VII presents
our comprehensive evaluation results. Finally, we conclude the
paper in Section VIII.

II. RELATED WORK

A. Real-time DNN Inference at Edge
Meeting strict real-time requirements for edge DNN infer-

ence remains challenging. Early heuristic approaches relied on
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deploying models with a Worst-Case Execution Time (WCET)
shorter than the deadline [6]–[9]. However, due to execution
jitters, WCET-based methods are overly conservative and often
lead to severe under-utilization of computational resources.

To improve computational efficiency and overall system
throughput, subsequent research has focused on schedul-
ing and resource isolation. Task-level optimizations in-
clude earliest-deadline-first scheduling [18], streaming frame-
works [19], and heterogeneous CPU-GPU co-scheduling [20].
At the hardware and execution levels, proactive techniques
such as spatial partitioning [21], stream-level priority schedul-
ing [22], [23], and resource-adaptive frameworks [24] are
deployed to maximize hardware utilization and optimize ex-
ecution flows. While these proactive techniques successfully
optimize execution, they cannot entirely eliminate the residual
tail latency that persists under concurrent workloads, nor do
they offer a hard safeguard against actual deadline misses
for individual inferences. To address this critical gap, we
propose a deadline-guarded, real-time edge inference approach
utilizing a GPU-FPGA heterogeneous system. Our framework
is complementary to existing scheduling methods: rather than
just optimizing typical execution, it provides a vital, reactive
safety net that explicitly guarantees execution deadlines for
every single DNN task.

B. Early-exit Approach

Early-exit is a category of approaches which allows the
model to terminate early if the prediction confidence is high
enough [10]–[12]. BranchyNet [10] is an early study on
this, which uses the cross entropy of the prediction at each
classifier as the early-exit confidence. MSDNet [11] introduced
a multi-scale early-exit model to maintain coarse-level features
throughout the network and reduce the interference between
the intermediate classifiers, using the maximum as the early-
exit confidence. Different from using manually set confidence
threshold, the study in [12] used a variational Bayesian ap-
proach to learn when to stop predicting during the model
training. In summary, early-exit represents an opportunistic
method to reduce average inference latency, but it lacks
awareness of deadline misses. Differently, our work features
mechanisms of deadline miss detection and prevention.

C. DNN Latency Prediction

Existing studies [14]–[17] proposed various methods for
DNN latency prediction. Many studies predict the latency only
based on DNN model features. For example, the studies [14],
[15] simply use Floating Points Operations (FLOPs) and
Multiply-accumulate Operations (MACs) of the DNN to either
directly predict model latency or use these as feature inputs of
regressors to make predictions. These methods are inaccurate
because they ignore execution conditions and runtime imple-
mentations. Other studies [16], [17] propose to predict the
latency of operators. The predicted model latency is the sum of
the latency of all the operators. For instance, NeuralPower [16]
predicts the model latency by summing up the latency of all
sequential layers. Moreover, nn-Meter [17] predicts the latency
of the kernels, i.e., the fusion of multiple operators. The model

latency is estimated by summing up the latency of all kernels.
However, both categories of existing prediction methods differ
from our work in terms of purpose and approach of prediction.
The purpose of existing methods is to estimate model latency
without implementing the models; the predicted latencies are
used in the early stages of model design and selection. On
the other hand, ours makes online predictions on whether a
specific run will miss its deadline during the serving stage. In
addition, we predict by conducting profiling runs and training
on historical data.

D. GPU-FPGA Heterogeneous Computing

Several studies [25]–[27] propose the use of GPU-FPGA
heterogeneous computing systems to improve latency and
accuracy. The study in [26] proposed a GPU-FPGA hetero-
geneous system that runs the fully connected layers of a
DNN on FPGA and the convolutional layers on GPU to
achieve faster computation and lower power usage. Study [27]
proposed to implement the feature extraction on FPGA and the
classification on GPU to achieve efficient data processing. The
study presented in [25] capitalizes on the energy-efficiency
of FPGAs, maintaining continuous FPGA operation as an
auxiliary system to augment main GPU-based system’s per-
formance. When the main system’s hardware components fail,
the FPGA can step in as a contingency backup system. Our
approach diverges in its purpose of deploying a heterogeneous
system. Rather than dividing a single DNN’s workloads and
offloading to different devices or using extra hardware to
provide auxiliary support to optimize performance, we aim
to bolster reliability of a real-time system. We position the
FPGA as a latency guardian by utilizing the time stability of
FPGA-based DNN execution.

III. BACKGROUND AND MOTIVATION

This section outlines the core problem of GPU latency vari-
ability, evaluates the practical limitations of existing software-
only solutions for our target domain, and provides empirical
evidence to motivate our proposed GPU-FPGA heterogeneous
system.

A. The Challenge of GPU Latency Variability

GPUs are known to suffer from latency variability due to un-
predictable and non-deterministic behavior in their underlying
closed-source runtimes and drivers. Previous researches [6],
[7], [28], [29] have identified key reasons for this, including
branch divergence within single instruction, multiple data
(SIMD) execution, inefficient interaction between the CPU and
GPU, and dynamic memory and thread management in the
CUDA driver stack. This unpredictability poses a significant
risk for time-critical systems, such as those in robotics and
autonomous driving, where meeting deadlines is paramount.

B. Quantifying Latency Variability on GPU and FPGA

To motivate our work, we first quantify the difference in
latency variability between GPUs and FPGAs, demonstrating
that the unpredictability of GPUs poses a significant risk
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Fig. 2. Latency distribution for ResNet-50, highlighting the significantly
higher variability and long-tail behavior on the Nvidia Jetson GPU compared
to the highly deterministic performance of the Xilinx FPGA.

for time-critical applications. While GPUs are powerful, their
performance jitter can be so severe that it undermines their
suitability for tasks with strict deadlines, whereas FPGAs
provide highly deterministic execution.

To understand how this problem impacts real-world appli-
cations under typical conditions, we conducted a preliminary
study on two common hardware platforms. The first is Jetson
AGX Orin GPU, a popular choice for mobile perception,
and the second is Xilinx Zynq UltraScale+ MPSoC ZCU102
FPGA. For the GPU, we deployed ResNet-50 using PyTorch,
evaluating both a full-precision model and an 8-bit quantized
model using TensorRT 8.4. For the FPGA, we ran the 8-bit
quantized ResNet-50 from the Vitis AI 3.5 library [30]. On
both platforms, we used a common set of 10,000 inputs of
size 224 × 224 and a batch size of 1, typical for streaming
applications. All results were obtained under controlled ideal
conditions: no resource contention, no power limits, and ideal
cooling.

The results, shown in Fig. 2, expose the GPU’s severe
latency variability. For the full-precision model, the GPU
delivered a mean latency of 17.18 ms but exhibited a long
tail, with a standard deviation of 0.25 ms and a range of 7.450
ms—approximately 43.4% of the mean. The problem worsens
with quantization; although the mean latency for the quantized
model reduces to 5.14 ms, the standard deviation dramatically
increases to 3.14 ms, and the latency range explodes to 12 ms,
which is approximately 240% of the mean. As suggested in
[3], tail latencies are the critical metric for evaluating time-
critical applications. To better understand the severity, we
consider the field of system safety, where “latency attacks”
aim to compromise a system’s responsiveness [31]–[34]. The
scale of tail latency we observe relative to the mean is similar
to what many latency attacks achieve [31], [33], rendering the
system’s performance profile akin to one under attack.

In contrast, the FPGA demonstrates highly predictable per-
formance. The results for the FPGA, also shown in Fig.2, indi-
cate a much narrower latency distribution. It achieved a mean
latency of 10.36 ms with a standard deviation of just 0.009 ms,
and a range of only 0.419 ms—approximately 4.04% of the
mean. This makes the GPU’s standard deviation over 340 times
larger than the FPGA’s for the same quantized model. Similar
results are also found in [35] on a different FPGA platform.
According to [36], the lower latency variability is due to the
deterministic hardware and custom data flow architectures for
DNN implementation.

This preliminary study highlights that even under ideal
conditions, the GPU’s long-tail latency poses a severe risk of
breaching latency constraints, and its level of unpredictability
can lead to dangerous situations [31]. The FPGA’s determin-
istic, low-jitter behavior, however, makes it a more reliable
platform for guaranteeing deadline adherence.

C. FPGAs as a Practical Guardian

Beyond determinism, the practical advantages of FPGA
make it an ideal choice for a deadline guardian. As a guardian
platform, the FPGA is only responsible for running a smaller,
lightweight DNN when triggered. For this task, its high power
efficiency is a major advantage; our experiments show the
FPGA typically consumes 50% to 80% less energy than the
GPU for a comparable inference, minimizing the overhead
of adding the guardian. This cost-effectiveness extends to
the budget. While the primary computing unit (the Jetson
AGX Orin) is a high-performance, $2000 platform, a low-cost
FPGA, at a fraction of that price ($100+), is sufficient to act
as a guardian. This small incremental cost yields a significant
improvement in system reliability by reducing deadline misses,
making the integration of an FPGA a practical and economical
solution.

TABLE I
QUALITATIVE COMPARISON OF GPU AND FPGA ARCHITECTURES IN THE

PROPOSED SYSTEM

Metric/Feature GPU FPGA

Latency High variability Highly deterministic
Power Efficiency Lower High
Unit Cost High Low
Accuracy Full precision Quantization required
Ecosystem Mature Hardware-centric
Iteration Speed Rapid Slow
Scalability High Low

However, an FPGA-only system would be insufficient due
to the trade-offs shown in Table I. First, FPGAs require
quantization (typically INT8), lowering accuracy compared to
full-precision GPU execution. Second, the hardware-centric
workflow yields slow iteration speeds compared to rapid
software development on GPUs. Finally, limited physical
resources restrict FPGA scalability for executing multiple large
DNNs simultaneously.

In summary, we propose a GPU-FPGA heterogeneous sys-
tem to leverage the complementary strengths of both archi-
tectures. The GPU handles high-throughput, complex multi-
DNN execution, while the FPGA serves as a reliable latency
guardian, utilizing its highly deterministic execution to ensure
critical deadlines are met.

IV. SYSTEM OVERVIEW AND PROBLEM FORMULATION

This section first describes the core components of our
proposed GPU-FPGA system and details its operation flow.
We then formally define the system’s decision variables and
formulate a general optimization problem. Finally, we ana-
lyze the key challenges that motivate our two-stage solution
approach.
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A. System Components

For each task k in a multi-task system, we first define a
set of components that constitute the building blocks of our
architecture:

Waypoints (Wk): A set of candidate waypoints, Wk =
{wik|1 ≤ i ≤ Nk

w}, is identified within the DNN’s execution
flow, where Nk

w is the total number of candidate waypoints
for task k. Each wik is a specific point where we can measure
the elapsed time.

Guardian Models (Gk): A corresponding set of guardian
models, Gk = {gik|1 ≤ i ≤ Nk

w}, is prepared on the FPGA.
Each guardian model gik is uniquely optimized for and tightly
coupled with its associated waypoint wik. As such, the choice
of a waypoint implicitly determines the guardian model.

Prediction Models (P ): A common set of candidate pre-
diction model types, P = {Pj | 1 ≤ j ≤ Np}, is defined,
where Np denotes the total number of available predictor
types. These include lightweight models like linear regression
and more complex ones like decision trees. A suite of models
is prepared because the latency profiles of different DNNs
exhibit varying degrees of unpredictability due to inherent
DNN design and GPU operating conditions. A simple, linear
model may suffice for a stable task, while a more complex,
hardware-aware model is required to accurately predict the
latency of a more jitter-prone task.

B. Execution Flow

Using a mobile perception system with K models running
concurrently as an example, we now overview how our system
prevents deadline misses at runtime using the components
defined above. First, in an offline phase, a progress waypoint
(w ∈ Wk) is determined for each DNN model on the GPU.
Based on the timing constraints implied by this waypoint, a
suitable guardian model is selected for the FPGA by trading
off its accuracy and latency. The subsequent online phase, as
illustrated in Figure 3, consists of four key steps: Concurrent
Data Dispatch, Monitoring and Prediction, Decision and Pre-
emption, and Guardian Execution.

Concurrent Data Dispatch: The host CPU orchestrates the
inference process by dispatching the input data simultaneously
to both the primary GPU and the guardian FPGA for each task.
For the FPGA, the raw input is transmitted over a dedicated
point-to-point Gigabit Ethernet link. The data volumes are
modest: approximately 150 KB for a 224 × 224 image and
1.9 MB for a KITTI point cloud. Over the 1 Gbps link, these

transfers complete in under 2 ms and approximately 16 ms,
respectively—well before the earliest waypoints at 3.3 ms and
98.7 ms. The transfer latency is therefore fully masked by the
GPU’s primary execution and does not consume the guardian’s
time budget. Immediately after data dispatch, the GPU begins
its inference computation. Concurrently, the FPGA receives
the input and stores it in its local memory buffer. However,
it does not initiate the inference computation on the hardware
engine; instead, it holds the data in reserve and waits for an
activation trigger. This strategy ensures that while multiple
tasks can safely buffer their data on the FPGA simultaneously,
the limited computational resources are only consumed if
and when a specific guardian is explicitly activated. While a
production deployment could employ PCIe or AXI DMA for
higher bandwidth, the analysis above demonstrates that even
standard Ethernet provides sufficient throughput for the input
sizes in our target workloads.

Monitoring and Prediction: An integrated controller, run-
ning on the CPU of the main computing platform, monitors
the GPU’s progress. When the execution reaches the pre-
determined optimal waypoint (w∗), the controller records the
elapsed time and queries the current hardware state. It feeds
this information into the selected lightweight prediction model
(P ∗ ∈ P ), which also runs on the host CPU, and estimates
the final completion time (Tf ).

Decision and Preemption: The controller compares the
predicted latency with the task’s deadline (D).

• If Tf ≤ D (No Miss Predicted): The GPU continues
its execution uninterrupted to provide the final, high-
accuracy result. The controller sends a signal to the FPGA
to abandon its standby state and discard the buffered
input.

• If Tf > D (Miss Predicted): The controller issues a
guardian activation command via an SSH signal over
a direct point-to-point Ethernet link. The GPU task is
immediately terminated to save power and resources.

Guardian Execution: Upon receiving the guardian ac-
tivation command, the FPGA transitions from standby to
active and immediately begins processing the input it has
already buffered, using its designated guardian model (G∗).
The guardian processes the original input sample from scratch
rather than receiving intermediate tensors from the GPU.
While transmitting intermediate GPU results to the FPGA
could theoretically save computation time, we avoid this
approach because modern perception DNNs (e.g., those using
encoder-decoder or Feature Pyramid Network structures [37])
maintain large intermediate tensors whose transmission latency
often far exceeds the execution time of running a lightweight
guardian model from scratch. Furthermore, relying on inter-
mediate transfers imposes strict architectural coupling between
the GPU and FPGA, which eliminates the flexibility to dy-
namically place waypoints and seamlessly swap heterogeneous
guardian models.

This process ensures that the system defaults to the high-
performance GPU while maintaining a robust fallback mech-
anism to meet every deadline.
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C. Decision Variables and Problem Formulation

In a realistic mobile perception system, multiple (K) DNN
tasks run concurrently on the GPU, all guarded by a single,
shared FPGA. Our central goal is to select an optimal config-
uration for each task to maximize the overall system utility.

We define a preemption plan for task k, denoted Oijk,
which is defined by the choice of a waypoint wik (which
implies a guardian gik) and a predictor type Pj . While our
formulation is general, our solution methodology (detailed in
Section V) will show that we first find the best predictor for
each waypoint before tackling the system-wide optimization.

To evaluate system performance across heterogeneous tasks
(e.g., classification, detection, segmentation), a unified utility
function is required. However, the native performance metrics
for these tasks, such as Top-1 accuracy for classification and
mean Average Precision (mAP) for detection, are not directly
comparable, making a simple weighted sum meaningless. To
address this, we define a normalized effective accuracy
(Acce). The key to this metric is normalizing each guardian
model’s performance relative to its own task’s high-accuracy
GPU model. By dividing the guardian’s accuracy (Accgik )
by the main model’s accuracy (AccGk

), we create a unitless
quality score for each preemption. This allows the system’s
overall utility to be expressed as the expected value of this
normalized accuracy, as shown below:

Acceijk = (NFijk
· Accgik
AccGk

+NGijk
· 1)/Ntotal k (1)

For task k using plan Oijk: NFijk
and NGijk

are the on-
time samples on FPGA and GPU, Accgik and AccGk

are the
accuracies of the guardian (associated with wik) and main
models, and Ntotal k is the total sample count.

The general optimization problem is to find the set of binary
decision variables αijk that maximizes the weighted sum of
this metric across all tasks:

argmax
αi,j,k

K∑
k=1

Nk
w∑

i=1

Np∑
j=1

αijk · λk ·Acceijk (2)

subject to
Nk

w∑
i=1

Np∑
j=1

αijk = 1 ∀k ∈ 1...K (3)

K∑
k=1

λk = 1 (4)

where αijk is a binary decision variable that is 1 if the
plan Oijk consisting of waypoint wik and predictor Pj is
selected for task k, and 0 otherwise. λk is a weight assigned to
prioritize tasks based on their importance, and the constraint
in Eq. 3 ensures exactly one plan is chosen for each task.

D. The Challenges of Optimization

1) Achieving Accurate Real-Time Prediction under Un-
certainty: As highlighted in the Introduction, DNN inference
latency exhibits significant jitter and relies on tight time
budgets, making accurate deadline miss prediction highly
difficult. Offline profiling alone is insufficient to capture run-
time variance. This difficulty directly impacts the selection

of the optimal preemption plan (Oijk). There is a critical
tension created by prediction uncertainty: predicting at an
early waypoint leaves ample time to run a high-accuracy
guardian on the FPGA, but the remaining GPU variance
makes the prediction unreliable. Conversely, predicting at a
late waypoint minimizes variance and improves prediction
accuracy, but severely restricts the time budget, forcing the use
of a lower-accuracy guardian. Therefore, the challenge is not
just selecting a model, but determining the specific waypoint
and predictor type that can reliably overcome real-time jitter
to trigger the guardian only when necessary.

2) Quantifying Inter-Task Contention: Even with optimal
plans for each individual task, their combined performance in
a multi-task scenario is not simply the sum of their parts. Since
all tasks share a single FPGA, their preemption attempts inter-
fere with one another. A plan that preempts frequently might
perform well in isolation but could fail often in a congested
system, degrading its own effective accuracy and that of other
tasks. Evaluating this coupled performance is intractable to
profile directly due to the combinatorial explosion of multi-
task plan combinations, making it impossible to measure the
true values of NFijk

and NGijk
for the global system.

To address these challenges, we propose a two-stage
approach. First, we develop a methodology to solve the
prediction-preemption trade-off for single tasks (Section V).
Second, we introduce an efficient simulation-based technique
to resolve the inter-task contention and find the globally
optimal set of plans (Section VI).

V. SINGLE-TASK PREEMPTION PLAN GENERATION

This section details our methodology for solving the first
challenge identified in Section IV-D: finding an optimal pre-
emption plan for a single task by systematically navigating the
prediction-preemption trade-off. This trade-off is central to our
system: predicting at an early waypoint leaves ample time for a
high-accuracy guardian but yields unreliable predictions due to
remaining GPU variance, while predicting at a late waypoint
improves prediction accuracy but restricts the guardian to a
smaller, less accurate model. Our approach consists of three
steps: (1) generating waypoint and guardian candidates, (2)
training a suite of prediction models, and (3) evaluating all
combinations to select the best-performing plans. The output
of this process is a set of high-quality candidate plans for each
task, which serve as the input to the multi-task optimization
stage described in Section VI.

A. Waypoint and Guardian Candidate Generation

To determine the set of candidate waypoints W = {wi|1 ≤
i ≤ Nw}, we adopt a filtering-based approach. Theoretically,
a progress monitoring waypoint can be inserted after the
execution of any computational operator. Therefore, for a DNN
model comprising L layers (including convolution, pooling,
normalization, etc.), we first consider all L layer boundaries
as potential candidates, as shown in Step 1 of Fig. 4. However,
not all layer boundaries are viable or effective for monitoring
in a real-time system. We refine this initial set of L layers into
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the final candidate set W by applying three sequential filtering
rules.

Second, as depicted in Step 2 of Fig. 4, we filter out candi-
dates based on compiler constraints and kernel fusion. Modern
DNN compilers may optimize performance by merging con-
secutive operations, such as convolution, batch normalization,
and activation, into a single computational kernel. Placing a
waypoint within such a fused sequence is invalid, as the host
CPU cannot interrupt or inspect the GPU’s status inside a
running kernel. Consequently, we remove all layer boundaries
that are optimized away by the compiler, effectively reducing
the candidate pool from the total number of logical layers to
the number of executable kernels.

Third, we filter out candidates based on topological con-
straints (Step 3). Waypoints located inside parallel branches
of the network structure are excluded. A timestamp recorded
within a specific branch only reflects the completion of that
path, leading to ambiguous progress measurements regarding
the overall inference status. Therefore, we restrict candidates
to the backbone or sequential join points of the network.

Fourth, we apply a sparsity constraint to determine the
final set size Nw (Step 4). While many points may remain
valid after the first two filters, dense monitoring at every
kernel boundary introduces excessive communication over-
head between the CPU and GPU. Instead, we select a small,
representative subset from the remaining valid points. As
illustrated in the final step of Fig. 4, these are chosen to be
evenly distributed across the expected execution timeline (e.g.,
waypoints W1, W2, and W3 at roughly 20%, 60%, and 80%
of average latency). This distribution is designed to sample
the prediction-preemption trade-off: early waypoints provide
a larger time budget (allowing for higher-accuracy guardians),
while late waypoints provide more accumulated runtime data
(allowing for more accurate deadline miss predictions). The
optimal balance between these two competing factors cannot
be determined analytically and is resolved empirically in
Section V-C.

For each selected waypoint wi ∈ W , we then generate a
corresponding optimal guardian model. Let Twi

be the mean
latency to reach waypoint wi and D be the task deadline.
The remaining time budget available for the FPGA guardian
is D − Twi . To find the optimal guardian Gi, we generate
a pool of potential guardian models (via training lightweight
architectures or compressing the original model) and process
them through the Xilinx Vitis AI toolchain for INT8 quan-
tization. We deploy these candidates to the FPGA to profile
their execution latency (Tg) and accuracy (Accg). From this
pool, we filter for models that satisfy the timing constraint
Tg < D − Twi

and select the one with the highest accuracy.
This procedure yields the final set of tightly coupled waypoint-
guardian pairs {(wi, Gi)|1 ≤ i ≤ Nw}.

B. Prediction Model Training

1) Data Collection: With the waypoint candidates defined,
we collect a dataset for training our prediction models under
dynamic resource contention. We execute the target DNN con-
currently with a secondary background DNN to simulate the
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Fig. 4. Overview of the filtering-based waypoint selection process. The initial
candidates from all logical layers are sequentially filtered by kernel fusion
constraints, topological checks, and sparsity requirements to yield the final
set W .

resource contention characteristic of multi-task environments.
The purpose of this background setup is to introduce controlled
system-level variability, ensuring our dataset captures latency
profiles across a wide spectrum of contention states, from idle
to saturation. To generate diverse interference levels, we peri-
odically vary the computational load of this background DNN.
Specifically, we cyclically adjust the neuron count in its first
layer through a wide range (e.g., from 1 to 32,768), holding
each configuration for a fixed period (e.g., 30 seconds). This
approach creates sustained epochs of low, medium, and high
GPU load, allowing us to effectively profile the target DNN’s
behavior under varying interference.

In each profiling run, we record the inference time Twi
at

each waypoint candidate wi, and the total inference time Tf .
Moreover, we also record the platform’s real-time hardware
state Swi , which includes GPU and CPU workload, memory
workload, GPU and CPU temperature, and CPU frequency,
using Nvidia Jetson’s tegrastats tool. The query of these
readings has a sub-millisecond overhead and does not af-
fect the overall DNN latency. After profiling, data tuples of
(Twi

, Swi
, Tf ) for each waypoint are stored in a dataset. This

final, aggregated dataset is then partitioned into training and
validation sets.

Functional block 1
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…
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Input

DNN execution

…

Waypoint 1

Waypoint n-1

Functional block 3
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GPU hardware 

status monitor

Latency & 
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Fig. 5. Schematic of gathering training dataset at different waypoints.

2) Model Training: The choice of prediction model is not
incidental: it directly affects preemption quality. An inaccurate
predictor either triggers unnecessary preemptions (reducing
effective accuracy by substituting the guardian for the GPU) or
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Fig. 6. Selecting the optimal preemption plan for a single DNN task by
evaluating a set of waypoint candidates and their associated prediction models.

fails to detect true deadline misses (leaving them unguarded).
Because the latency profiles of different DNNs exhibit varying
degrees of unpredictability depending on DNN design and
GPU operating conditions, no single predictor type is uni-
versally best. We therefore train a suite of Np = 4 models
for each waypoint candidate, spanning a range of complexity,
and let the evaluation in Section V-C select the best one per
waypoint.

The simplest model is a linear regression of Tf on Twi
.

While it has minimal overhead, its accuracy degrades at early
waypoints or under high contention, where latency standard
deviation can increase up to 5 times. To capture the non-linear
hardware–software interactions that drive this variance, we
also train three hardware-aware models that use the real-time
hardware state Swi

in addition to Twi
: (1) multiple regression,

which learns a linear mapping over the combined feature set;
(2) a decision tree, which performs implicit feature selection
to identify the most influential hardware metrics; and (3) a
random forest, which aggregates multiple trees for improved
robustness. All four models run in sub-millisecond time on
the host CPU, ensuring negligible impact on overall inference
latency.

C. Optimal Candidate Plan Selection

After generating all waypoint-guardian pairs and training
the prediction models, we conduct a two-step process to find
the best candidate plans for a single task. This selection
process is visualized in Fig. 6, which shows how each way-
point candidate placed between the DNN’s execution stages is
associated with a suite of prediction models on the CPU and
a dedicated guardian model on the FPGA.

This evaluation step is where the prediction-preemption
trade-off is concretely resolved. First, for each waypoint can-
didate wi, we determine its single best prediction model, P ∗

ij .
We do this by evaluating all Np predictors for that waypoint
using the effective accuracy metric, Acceij , on our held-out
validation dataset:

Acceij = (NFij
·Accgi +NGij

·AccG)/Ntotal (5)

where NFij
and NGij

are the number of on-time samples
executed on the FPGA and GPU, respectively, based on

Guardian A

Task B

Waypoint

Task A

Waypoint

Task C

Waypoint

Guardian CIdleIdle

Preemption fails

Deadline B missed

Fig. 7. Resource contention on the shared FPGA guardian.

the predictions of Pij . The predictor that yields the highest
effective accuracy is selected for that waypoint.

This results in a set of optimized waypoint plans, {O∗
i =

(wi, Gi, P
∗
ij)|1 ≤ i ≤ Nw}. Each O∗

i now represents the
best possible configuration for a given waypoint. Comparing
across waypoints then reveals the optimal operating point on
the trade-off curve: for example, in our ResNet-50 evaluation
(Section VII-C1), Waypoint 3 with a simple regression predic-
tor outperforms earlier waypoints paired with more complex
models, because the improved prediction reliability at that later
stage more than compensates for the smaller guardian.

Finally, we rank these optimized waypoint plans based on
their effective accuracy scores. This process is repeated for
each task k in the system, yielding a ranked list of high-quality,
optimized candidate plans. This list serves as the direct input
for the final multi-task optimization stage.

VI. MULTI-TASK PREEMPTION OPTIMIZATION

This section addresses the challenge of inter-task contention
on the shared FPGA guardian. As illustrated in Fig. 7, when
multiple tasks run concurrently, a preemption attempt by one
task acts as a resource block for others, potentially preventing
a critical guardian execution if the FPGA is already busy.
Consequently, the individually optimal plans derived in Sec-
tion V may underperform in a global context, and the single-
task profiling metrics (NFijk

and NGijk
) become inaccurate

as preemption success now depends on the coupled behavior
of all tasks. Since profiling every possible combination of
plans is computationally intractable due to the combinatorial
explosion, we propose an efficient simulation-based approach
to estimate global system performance and select the optimal
set of plans.

To overcome this intractability, we introduce an efficient,
simulation-based methodology. This approach allows us to
accurately model the sequential execution and potential queu-
ing delays on the shared FPGA, providing a fast and reliable
estimation of the true, coupled performance metrics for any
given set of preemption plans. With this simulation frame-
work established, we can then proceed to solve the general
optimization problem from Section IV.

A. Simulation-Based Optimization

To efficiently solve the general optimization problem, we
introduce a simulation algorithm based on the Monte Carlo
method. This simulation allows us to rapidly evaluate the
performance of any given combination of preemption plans
without costly real-world profiling.
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The inputs to our optimization process are the ranked lists
of optimized waypoint plans {O∗

i } generated for each task
in Section V. For each of these optimized plans, we compute
its empirical preemption rate (Ppi

) from the validation dataset.
This rate is the ratio of preemption attempts made by its chosen
predictor (P ∗

ij) to the total number of samples, and it serves
as a statistical proxy for the plan’s behavior.

The simulation algorithm, detailed in Algorithm 1, then
models the parallel execution of all K tasks, each configured
with a specific preemption plan. It simulates preemption out-
comes over a large number of time steps, using the preemption
rate Ppi to stochastically model preemption attempts. By
tracking the FPGA’s availability, the simulation calculates the
crucial preemption success rate (P k

ps) for each task, which
is the ratio of successful preemptions to total attempts.

Algorithm 1: Monte Carlo simulation for calculating
preemption success rate under contention.

Input: A set of K preemption plans, one for each
task.

For each task k: Deadline Dk, waypoint time Twk
,

guardian latency LGk
, and preemption rate Ppk

.
Tsteps: number of simulation steps; tl: simulation step
length.
Output: Preemption success rates {P 1

ps, ..., P
K
ps}.

1 t← 0; γ ← zero-array of length Tsteps;
2 for k ← 1 to K do
3 Nk

attempts ← 0; Nk
success ← 0;

4 end for
5 for i← 1 to Tsteps do
6 t← t+ tl
7 for k ← 1 to K do
8 if (t ≥ Twk

) && ((t− Twk
) mod Dk = 0) &&

(rand() ≤ Ppk
) then

9 Nk
attempts ← Nk

attempts + 1;
10 if γ[i] = 0 then
11 Nk

success ← Nk
success + 1;

12 Set γ[i : i+ LGk
/tl] to 1;

13 end if
14 end if
15 end for
16 end for
17 for k ← 1 to K do
18 P k

ps ← Nk
success/N

k
attempts;

19 end for

The logic of Algorithm 1 is as follows. The algorithm
first initializes a timeline vector γ to all zeros, representing
an idle FPGA, and sets statistical counters for attempts and
successes for each task to zero. The main loop then iterates
through time in discrete steps tl. In each time step, it checks
every task to see if a preemption event should occur. The
core logic resides in the conditional check: the condition
(t − Twk

) mod Dk = 0 simulates a periodic task arrival,
triggering only at the precise moment a task’s waypoint is
reached in each of its execution cycles. A preemption is then
attempted stochastically based on the plan’s preemption rate

Pp. If an attempt occurs, the algorithm increments the task’s
attempt counter. Crucially, contention is modeled by checking
if the FPGA is idle (γ[i] == 0). If it is, the preemption is
deemed successful, the success counter is incremented, and
the γ vector is marked as busy (set to 1) for the duration of
that guardian model’s latency. If the FPGA is already busy,
the attempt fails. After the simulation completes, the final
preemption success rate for each task is calculated.

With the preemption success rate P k
ps for a given set of

plans, we can accurately calculate the expected values of NFijk

and NGijk
and thus compute the overall system objective

function (Eq. 2). We can then embed this simulation within
a search algorithm. Given the manageable number of high-
quality candidate plans per task from Section V, an exhaustive
search over the top few candidates for each task becomes
feasible. This allows us to find the combination of plans
{α∗

ijk} that maximizes the global system performance for final
deployment.

VII. EVALUATION

In this section, we present the evaluation results of our
proposed system under different scenarios.

A. Evaluation Metrics

To evaluate the performance of our framework for a single
DNN task, we use two key metrics. The primary indicator
is the Effective Accuracy (Acce), as defined in Eq. 5. This
metric correctly captures the combined utility of the system,
rewarding high-accuracy GPU completions and appropriately
valuing the slightly lower-accuracy (but on-time) guardian
completions. Additionally, to directly measure the system’s
reliability, we report the Miss Rate, defined as the percentage
of total inferences that fail to meet their deadline.

For the multi-task scenario, performance is assessed using
a single, comprehensive system-wide metric: the Weighted
Mean Normalized Effective Accuracy. This directly corre-
sponds to our objective function from Eq. 2. The contribution
of each task’s Normalized Effective Accuracy (Acce) to the
final score is scaled by a weight, λk. We assign this weight
to be proportional to a task’s average execution latency on
the GPU. This design choice is critical for system balance.
Without it, a simple average would be dominated by high-
frequency, low-latency tasks. Our weighting scheme ensures
that less frequent but potentially more critical, long-running
tasks are given appropriate priority in the optimization, en-
suring the final score reflects true utility across the entire
heterogeneous workload. In addition to this primary metric, we
also report per-task miss rates and resource utilization statistics
for a more detailed analysis.

B. Experiment Setup

In terms of software and hardware configurations of DNN
implementations, we follow the same setup outlined in Sec-
tion III. We implement the monitoring and preemption control
modules using Python 3.8 on a Jetson AGX Orin running
Jetpack L4T 35.1.0.
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The selected deadline prediction model and its associated
control logic are executed on the Arm Cortex-A78AE CPUs
of the Jetson AGX Orin. Importantly, this lightweight model
does not involve any deep learning components and runs
entirely on the CPU, ensuring that it does not interfere with
GPU resources or the execution of the primary inference task.
Communication between the FPGA and GPU is established
via a lightweight SSH connection. Instead of transmitting any
intermediate results, we send only a compact control signal to
trigger preemption. This design choice minimizes overhead,
and detailed breakdown study is provided in evaluations.

On the FPGA side, we employ a Xilinx ZCU102 board
configured with the DPUCZDX8G (B4096) overlay. This
implementation consumes 52,161 LUTs, 98,246 registers, 255
BRAMs, and 710 DSP slices. While the ZCU102 is a high-
end edge development board, our single-DPU configuration
occupies only a fraction of its available fabric, and comparable
resource budgets are available on lower-cost edge FPGAs, en-
suring the design generalizes beyond this prototype platform.

C. Evaluation of Protection for a Single DNN Task

1) Example on ResNet-50: Firstly, we evaluate the perfor-
mance of our preemption method protecting a single DNN
task on GPU. We first focus on the popular ResNet-50 [38] as
our GPU side example. The nominal latency requirement for a
typical 60 FPS streaming task is approximately 16 ms. To eval-
uate performance under varying levels of deadline strictness,
we define four deadlines based on their Z-scores relative to this
mean. The Z-score is computed as: Z = (X − µ)/σ, where
X is the latency deadline, µ = 16ms is the mean latency,
and σ = 0.5ms is the standard deviation. We select Z-scores
of −2, 0, 2, and 4, which correspond to latency deadlines of
15 ms, 16 ms, 17 ms, and 18 ms, respectively.

We test our method and two baseline methods with dif-
ferent deadline settings and compare their performances. Our
approach’s implementation includes GPU and FPGA profiling,
preemption decision-making, and online deployment. Initially,
we identify 4 monitoring points within the ResNet-50 model
and select corresponding guardian models for each waypoint,
as described in Section V-A. Then, we generate training
datasets by profiling on 10,000 images in ILSVRC dataset,
under varied GPU loads. Next, we train different models to
predict deadline misses. The online deployment stage involves
a preemption controller on Jetson, managing GPU-FPGA com-
munication and executing tests to collect data for evaluation.

2) Baseline Methods: Our work introduces an application-
level reactive controller designed to guard standard DNN
deployments against unpredictable, dynamic latency jitter. For
a fair comparison, we select baselines that represent alter-
native application-level strategies. We therefore distinguish
our approach from the broad class of proactive system-level
optimizations. This class includes everything from static en-
hancements (e.g., pruning, custom accelerators) to dynamic
hardware schedulers (e.g., those that partition GPU resources).
These powerful techniques are complementary to our work,
not directly competitive. They aim to reduce the sources of
latency jitter, creating a better-behaved baseline system. Our

（a） （b）

Fig. 8. System performance using different protection methods with different
deadline settings. (a) Miss Rate. (b) Effective Accuracy. WCET method’s miss
rate is 0 at all deadlines and is not shown in (a).

controller, in contrast, is designed to react to the remaining,
unmitigated jitter that persists even in such optimized systems.
Given this focus on application-level control, we selected
two representative baselines that embody the most relevant
alternative philosophies:

WCET: This baseline represents the common strategy of
ensuring deadlines by choosing a model that is statically
provisioned to be fast enough. It embodies the philosophy of
all static enhancements when applied to hard deadlines. To
implement this, we selected the PyTorch pretrained ResNet-18
model, as its 99.9th percentile inference latency of 14.6 ms fits
within our target deadlines, making it a robust representative
of this “safe-by-design” approach.

Early-Exiting: While our method adapts dynamically to
system latency, the most established alternative adapts to
input difficulty. Early-exiting DNNs are the primary example
of this philosophy. They are not designed to guard against
system jitter, but they represent the state-of-the-art in dynamic
accuracy-latency trade-offs, making them the most relevant
conceptual baseline. To implement this, we trained an early-
exit enabled ResNet-50 following standard procedures [39].
During inference, this results in a dynamic latency profile
where approximately 26% of inputs exit early across its two
exit branches.

3) Result Evaluation: We identify that our method performs
best when making predictions with simple regression model
at Waypoint 3 and using MobileNetV1 as guardian. As shown
in Fig 8(a), in general, all methods provide certain level of
miss rate reduction compared to the default situation in which
no protection is provided. Our method outperforms early-exit
method by reducing miss rate to under 1% under all deadline
settings. WCET methods have a constant zero miss rate,
however, it is achieved with compromised effective accuracies.
As shown in Fig 8(b), our preemption based approach signif-
icantly outperforms the two baselines on effective accuracy.
Our method has effective accuracies ranging from 0.74 to
0.756, which is very close to the ideal accuracy of 0.76 on
GPU without any deadline requirements. In contrast, WCET
has constant effective accuracy of 0.70, while early-exit causes
significant accuracy drop to around 0.6. Although the baseline
methods both achieve miss rate reductions, they offer little
protection on maintaining the system’s effective accuracies.

Specifically, for WCET method, although it achieves 0 miss
rate, it is achieved by deploying a much lighter-weight and
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（a） （c）（b）

Fig. 9. System performance on different DNNs (a) ResNet-50. (b) Faster-RCNN. (c) PointPillars.

less accurate DNN. As explained in Section I and II, due
to the long-tail distribution of DNN execution latency, the
WCET of a DNN is much longer than its median latency.
In our implementation, although the WCET of the deployed
ResNet-18 is close to the deadlines, its median execution time
is only 6.2 ms. This difference causes under-utilization of GPU
resources and leads to compromised accuracy.

For early-exit method, the effective accuracy is much lower
compared to others. The reason is twofold. First, the funda-
mental concept of early-exit is to trade accuracy for decreased
latency. Specifically, the accuracy of the main branch of an
early-exit enabled model is affected by its early-exit branches.
During the training of an early-exit enabled model, the overall
loss is calculated by the linear combination of each early
exit branch’s loss and the main branch’s loss. Studies in [40]
show that assigning higher weights to early exits can result in
more assertive early decisions, but it may compromise overall
accuracy. Fine-tuning of these parameters is required to find
the best setting that mitigates the accuracy loss, but it requires
much extra training efforts. Specifically, we set the early exits
with default weights of 0.1 and 0.3 as in [39], and the final exit
is weighted as 1.0 - (0.1 + 0.3) = 0.6. Second, although similar
to our deadline-guarding methods, early-exiting methods are
developed with the aim to improve system throughput by
reducing average latency of processing one input. It is less
effective in streaming scenario that inputs arrive at constant
rate and the throughput requirement of the system is fixed, in
which reducing average latency by early-exiting a proportion
of inputs does not provide direct protection against deadline
misses. As illustrated in Fig. 8(a), when the task is subject to a
deadline, the miss rate of early-exiting remains high compared
to other methods, resulting in even lower effective accuracy.
Finally, if we integrate our deadline miss decision model with
the early-exit model, the inference will be forced to exit when
we decide a run will miss the deadline even if the confidence
threshold is not met. Under those circumstances, it is obvious
that there is no performance improvement forcing the model
to exit without a reliable prediction result.

4) Protection Performance on Different DNNs: We also
benchmark the performance of our preemption method when
protecting other types of DNNs. In addition to ResNet-50,
we introduce two other DNNs as examples. Specifically,
for the common tasks of 2D detection and 3D point cloud
detection, we select Faster R-CNN [41] and PointPillars [42]
to evaluate the generalizability of our methods across different
tasks. These models mirror typical tasks in mobile perception,

and also represent light, medium, and heavy computational
workloads. Using the same procedure, we develop preemption
plans for each DNN and evaluate the protection performances.
Specifically, each DNN is executed individually on the GPU.
We use COCO [43] dataset for 2D detection, and KITTI [44]
dataset for 3D point cloud detection. Deadlines are set to allow
10%–20% of samples to miss the deadline, balancing loose
and strict conditions. Loose deadlines focus on identifying
rare long-tail latency outliers, while strict deadlines require
models to capture finer distinctions in input features for precise
predictions.

TABLE II
PREEMPTION PROTECTION PERFORMANCE FOR DIFFERENT

GPU DNN MODELS

GPU DNN Acc Miss Rate%

Protected Default Protected Default

ResNet-50 0.98 0.90 0.5 10.0
Faster-RCNN 0.97 0.85 1.7 15.0
PointPillars 0.96 0.80 1.0 20.0

Fig. 9 shows the performance of our system when using
different prediction models to control preemption at different
waypoints for the three different DNNs. The y-axis is normal-
ized effective accuracy (Acc) described in Section VI. The
figure shows that hardware-aware decision models (multiple
regression, decision tree, and random forest) are able to
outperform simple regression model. This proves that using
real-time hardware status information to help with deadline
miss prediction is effective. For ResNet-50, multiple regression
has the best performance at waypoints 1 and 2; for Faster-
RCNN and PointPillars, random forest excels.

Table II shows the overall protection performance compared
with default after selecting the best waypoint and prediction
model for each DNN. Specifically, according to Fig. 9 we use
simple regression at waypoint 3 for ResNet-50, random forest
at waypoint 1 for Faster-RCNN and PointPillars. It is obvious
that our method creates significant performance improvement
with preemption compared with the default situation for all
DNNs. It offers 9 to 20 times reduction on miss rate and 0.08
to 0.16 increase on Acc across three DNNs.

D. Evaluation of Protection for Concurrent Real-world Tasks

1) Experimental Setup and Compared Strategies: This ex-
periment evaluates our system’s ability to find a globally
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optimal preemption strategy in a realistic, multi-task sce-
nario, demonstrating its superiority over naive or heuristic
approaches.

Setup: We create a representative real-world environment
by running three distinct DNN tasks concurrently on the
GPU, all protected by a single FPGA guardian. The tasks,
detailed in Table III, are chosen for their relevance to robotics
and autonomous systems [29], [45], covering a variety of
workloads from 2D classification to 3D detection. Table III
also summarizes the design space, including the candidate
waypoints and their corresponding guardian models for each
task.

To complement the design space overview, Table IV pro-
vides a detailed characterization of the optimized waypoint
plans generated for each task, as described in Section V.
For each waypoint candidate, this table shows the specific
prediction model that was selected after our evaluation, along
with its key performance metrics.

We evaluate the quality of each predictor using the Negative
Predictive Value (NPV). NPV is critical for our system as
it measures the reliability of a “no preemption” decision.
It is calculated as NPV = TN / (TN + FN), where TN
(True Negatives) is the number of times the model correctly
predicted that no deadline miss would occur, and FN (False
Negatives) is the number of times it incorrectly predicted no
deadline miss when one was actually imminent. A high NPV,
therefore, directly corresponds to a low rate of un-guarded
deadline misses.

The table also reports the resulting empirical preemption
rate. This rate, the percentage of inferences the predictor flags
for preemption on the validation dataset, serves as the key
input (Pp) for our multi-task contention simulation in Sec-
tion VI. Notably, for earlier waypoints with higher uncertainty
(e.g., Task 1 at 3.3ms), more complex hardware-aware models
like Multiple Regression were chosen, while for later, more
predictable waypoints, simpler models were sufficient.

Compared Strategies: We implement and empirically eval-
uate the performance of four distinct preemption strategies.
Each strategy represents a different philosophy for selecting
the combination of waypoint plans for the three tasks. The
four strategies are:

1) Individually Optimal (Greedy Approach): This base-
line represents the most intuitive but naive strategy. It
combines the best-performing preemption plan for each
task as if it were running in isolation. Based on our
single-task analysis, this corresponds to the waypoint
combination (wp3, wp1, wp1). This strategy ignores the
potential for inter-task contention on the FPGA.

2) Simulation-Optimized (Our Method): This is the strat-
egy identified by our proposed methodology. We use
the Monte Carlo simulation from Section VI to analyze
the full design space of candidate plans, accounting
for FPGA contention. The simulation identified the
combination (wp4, wp1, wp1) as the one that maximizes
the expected overall system performance (Acce).

3) Earliest-Preemption (Heuristic 1): This strategy forces
all tasks to use their earliest possible waypoint: (wp1,

wp1, wp1). It serves as a boundary case evaluation,
representing a highly aggressive preemption policy.

4) Latest-Preemption (Heuristic 2): This strategy forces
all tasks to use their latest possible waypoints: (wp4,
wp2, wp1). This represents the opposite boundary case:
a conservative policy that minimizes preemption at-
tempts.

(a) 2D classification; label: recreational
vehicle, RV

(b) 2D detection

(c) KITTI road image and 3D point cloud detection

Fig. 10. Inference examples of three tasks. (a) 2D image classification. (b)
2D detection. (c) KITTI road image and point cloud detection.

2) Results and Analysis: The empirical results of deploying
these four strategies are presented in Table V (for effective
accuracy) and Table VI (for miss rate and resource utilization).
The analysis clearly demonstrates the effectiveness of our
system-level optimization.

Overall Effectiveness: First, all three preemption-based
strategies dramatically outperform the “Default” (no protec-
tion) configuration. The mean Acce improves from 0.823 to
over 0.95, and the deadline miss rates for all tasks are reduced
from a baseline of 10-20% to below 3.5%. This confirms
that our fundamental approach of using an FPGA guardian
is highly effective.

Analysis of Heuristics: The two heuristic strategies re-
veal the critical trade-offs. The “Earliest-Preemption” (wp1,
wp1, wp1) policy, while providing the most time for ac-
curate guardians, suffers from high FPGA contention. This
is evidenced by its relatively low preemption success rate
(Pps) for Task 1 (86.7%) and consequently higher miss rate
(3.4%). Conversely, the “Latest-Preemption” (wp4, wp2, wp1)
policy minimizes contention, achieving the highest Pps and
lowest miss rates. However, its reliance on less accurate, last-
minute guardian models results in a lower overall Acce than
the optimized approaches. This demonstrates that a simple
heuristic is insufficient to find the optimal balance.

Benefit of Simulation-Based Optimization: The core re-
sult is the comparison between the “Individually Optimal”
(greedy) and our “Simulation-Optimized” strategies. While
both perform very well, our simulation-optimized plan (wp4,
wp1, wp1) achieves the highest mean Acce of 0.963, surpass-
ing the greedy approach.
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TABLE III
MULTITASK SYSTEM OVERALL DESIGN SPACE

Task GPU DNN AccG D (ms) Default mr% WP (ms) Guardian Accg Accg FPGA Latency (ms)

2D classification ResNet-50 0.762 (Top1 acc) 16 10 3.3 ResNet-50(8-bit) 0.756 0.99 11.7
6.6 MobileNetv2 0.719 0.95 4.5

11.6 MobileNetv1 0.678 0.89 2.6
13.8 MobileNetv1’ 0.519 0.68 0.7

2D detection Faster-RCNN 0.311 (mAP) 111 15 27.0 YoloV3 0.279 0.90 68.0
48.2 SSDMobileNet 0.220 0.71 6.3

3D detection PointPillars 0.790 (car3D) 180 20 98.7 PointPillars 0.691 0.87 34.0

Note: AccG denotes GPU-side DNN model’s accuracy. D denotes deadline. Accg and Accg denote guardian model’s accuracy and its
normalized value (Accg/AccG), respectively. Default mr% denotes the default miss rate. MobileNetv1’ is a further compressed version of
MobileNetv1 to reduce latency.

TABLE IV
CHARACTERIZATION OF OPTIMIZED WAYPOINT PLANS: BEST PREDICTORS AND PERFORMANCE METRICS

Task GPU DNN Waypoint (ms) Selected Predictor Model Predictor NPVa Preemption Rate (%)b

2D Classification ResNet-50

3.3 Multiple Regression 0.97 11.3
6.6 Simple Regression 0.98 9.7

11.6 Simple Regression 0.99 9.9
13.8 Simple Regression 1.00 9.9

2D Detection Faster-RCNN 27.0 Random Forest 0.99 15.6
48.2 Random Forest 0.99 15.6

3D Detection PointPillars 98.7 Random Forest 0.99 20.3
a Negative Predictive Value (NPV) measures the reliability of a “no miss” prediction.
b The Empirical Preemption Rate is the probability (Pp) of a preemption attempt, used in our Monte Carlo simulation.

TABLE V
Acce RESULTS FOR DIFFERENT PREEMPTION STRATEGIES

Strategy Mean Acce
Acce per Task

Task 1 Task 2 Task 3

Default (No Protection) 0.823 0.900 0.850 0.800

Earliest-Preemption 0.959 0.960 0.968 0.954
(wp1, wp1, wp1)

Latest-Preemption 0.958 0.965 0.948 0.967
(wp4, wp2, wp1)

Individually Optimal (Greedy) 0.960 0.970 0.968 0.954
(wp3, wp1, wp1)

Simulation-Optimized (Ours) 0.963 0.957 0.970 0.959
(wp4, wp1, wp1)

The reason for this subtle but important victory is revealed
in Table VI. The greedy approach selects “wp3” for Task
1. Our simulation, however, recognized that Task 1 is the
most frequent and chose the even later “wp4”. This strategic
choice has a key consequence: it drastically reduces the
FPGA utilization from Task 1 (from 3.2% down to 0.9%).
By intentionally using a less aggressive plan for the most
common task, our method frees up the FPGA. This, in turn,
slightly increases the preemption success rate (Pps) for the
other, longer-running tasks (e.g., for Task 2, from 95.1% to
95.9%). This small gain in reliability for the other tasks,
enabled by a system-level view, is what leads to the higher
overall system utility. This result validates our central thesis: a

global, contention-aware optimization finds superior solutions
that a local, greedy approach cannot.

E. Overhead Analysis

Our framework is designed to impose minimal overhead
during online operation. We analyze the latency and power
consumption overheads when a preemption event is triggered.

1) Online Latency and Power Overhead: Fig. 11 illustrates
a detailed breakdown of system overhead for the ResNet-50
example. As shown in Fig. 11(a), the control mechanism’s
latency impact is negligible. This overhead is composed of two
main parts: the inference time of the prediction model and the
communication latency for the preemption signal. To isolate
and quantify the communication overhead, we conducted a
separate experiment measuring the Round-Trip Time (RTT)
of the SSH signal over our direct, point-to-point Ethernet
link across 1,000 trials. The one-way trigger latency is then
estimated as half of this RTT. While this RTT/2 approximation
may not be perfectly accurate, it provides a reliable and
conservative estimate for a dedicated link. Our measurements
yielded a mean one-way latency of 0.58 ms with a low
standard deviation of 0.11 ms. This empirically measured sub-
millisecond and stable signaling overhead, combined with the
prediction model’s own sub-millisecond latency, constitutes
the negligible control overhead of less than 6%, as shown
in Fig. 11(a). This confirms its suitability for our system,
especially as this relative overhead becomes even smaller
when serving heavier DNN models. We also acknowledge that
while SSH was chosen for prototyping flexibility, production
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TABLE VI
DETAILED PERFORMANCE METRICS (MISS RATE, FPGA UTILIZATION, PREEMPTION SUCCESS RATE) FOR

DIFFERENT STRATEGIES

Strategy Miss Rate (%) FPGA Utilization (%) Pps (%)

Task 1 Task 2 Task 3 Task 1 Task 2 Task 3 Task 1 Task 2 Task 3

Earliest-Preemption 3.4 1.7 2.1 14.7 48.7 36.5 86.7 93.3 93.8
Latest-Preemption 0.4 0.8 1.0 1.9 10.6 87.5 95.2 97.3 99.3
Individually Optimal 1.8 1.5 1.9 3.2 55.4 41.4 85.8 95.1 95.0
Simulation-Optimized 1.4 1.5 1.7 0.9 56.9 42.2 85.7 95.9 95.3

deployments could use GPIO or PCIe interrupts for sub-
microsecond signaling, further reducing overhead.

Fig. 11(b) demonstrates the energy efficiency of our ap-
proach. When activated, the FPGA guardian consumes only
12 W of power, a stark contrast to the GPU’s 50 W. By ter-
minating the power-hungry GPU task early and delegating to
the efficient FPGA, our system not only guarantees deadlines
but also provides significant energy savings in cases where
preemption is necessary.

（a）

（b）

Fig. 11. Breakdown of (a) latency and (b) power consumption overhead in
the proposed framework when the FPGA guardian is triggered in the ResNet
example.

2) GPU Termination Overhead: A natural concern is
whether aborting the GPU inference introduces jitter or stalls
that could affect the guardian or subsequent frames. To quan-
tify this, we measured the termination process over 500 trials
on the Jetson AGX Orin using ResNet-50. The CPU-side
preemption decision, i.e., setting the abort flag and dispatching
the FPGA trigger, takes approximately 0.7µs. This is the only
step on the critical path, as the FPGA is activated immediately
after on independent hardware. All GPU cleanup proceeds
in the background: stream synchronization (∼0.03 ms), cache
clearing (∼0.27 ms), and full model teardown (∼4.32 ms, p99:
5.8 ms). Since even the worst-case teardown completes well
within a single frame period (16 ms at 60 FPS), it neither
introduces jitter to the current guardian execution nor causes
cascading delays on subsequent frames.

3) Profiling and Migration Overhead: The offline overhead
of our system primarily arises from three components: training
guardian models (Section V-A), conducting data collection
and training deadline prediction models (Section V-B), and
performing Monte Carlo-based simulations (Section VI).

Among these, training guardian models is the most time-
consuming, with durations ranging from 1 to 10 GPU hours

depending on dataset size and model complexity. While we
evaluate multiple architectures for comprehensiveness, in prac-
tice, several guardian models can be derived from a single base
model using compression techniques such as quantization and
pruning. For example, the MobileNetv1 and its compressed
variant MobileNetv1’ (Table III) are generated through such
transformations. Once the base model is trained, additional
variants require only minimal calibration using a small sample
set.

In contrast, the overhead for data collection, deadline model
training, and simulation is significantly lower. For each GPU-
side DNN, data across all sequential waypoints can be col-
lected in a single profiling run taking less than 10 minutes.
Deadline prediction models are lightweight and train in under
1 minute on a standard desktop CPU. Though device-specific,
these tasks adapt quickly with little extra cost when transi-
tioning to new device combinations. Similarly, Monte Carlo
simulations are computationally light—100 million steps can
be executed in under 5 minutes on a desktop CPU.

When migrating to new hardware or application domains,
the overhead remains manageable. Guardian model adaptation
relies on compression and calibration rather than retraining.
Deadline prediction models remain efficient to retrain. While
data collection time scales with device speed, measurements
on a constrained platform like Jetson Orin Nano show that
profiling time only doubles (to 20 minutes), with no significant
increase in total overhead. Public benchmarks such as those
from NVIDIA [46] further confirm that system setup remains
efficient even on resource-limited devices.

F. Complementarity with GPU Scheduling Methods

We conducted additional experiments to characterize GPU
latency variability under several GPU-side optimization strate-
gies that are available on our platform. The purpose of these
experiments is not to replicate the full evaluation of our
system, but to demonstrate a general property of GPU execu-
tion: that tail latency persists across scheduling configurations
and cannot be eliminated by GPU-side methods alone.

DNN models tested: On the same Jetson platform, we
select three models of increasing computational weight to
represent the light (ResNet18), medium (ResNet50), and heavy
(ResNet101), workload tiers typical in mobile perception
pipelines. These models are not identical to those in our main
evaluation; the purpose of this experiment is to characterize
a general property of GPU execution behavior rather than
to replicate task-specific results. The solo-execution mean la-
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Fig. 12. Latency distributions for each task under five GPU scheduling strategies (overlaid, color-coded). Dashed vertical lines mark deadlines (1.2× solo
mean). No single strategy meets all deadlines: concurrent strategies suffer jitter, MPS starves light tasks, and serial execution introduces fatal queuing delays.

TABLE VII
GPU LATENCY STATISTICS AND MISS RATES UNDER FIVE

SCHEDULING STRATEGIES.

Strategy Task Mean Std P99.9 Jittera Miss
(ms) (ms) (ms) (%) (%)

Solo
T1 5.4 0.02 5.5 6 0.0
T2 13.4 0.03 13.5 5 0.0
T3 26.0 0.05 26.2 3 0.0

Default
T1 8.9 0.24 9.7 21 100
T2 19.5 2.31 23.3 34 100
T3 32.2 6.73 44.6 60 51.9

CUDA Pri.
T1 8.8 0.26 9.8 64 100
T2 19.3 2.29 24.0 48 100
T3 32.2 6.56 45.1 71 51.2

MPS Part.
T1 6.7 0.66 8.3 53 63.0
T2 14.2 0.84 16.9 26 3.6
T3 26.9 0.85 29.6 16 0.0

Serial RR
T1 5.6 0.03 5.9 16 0.0
T2 19.1 0.06 19.7 7 100
T3 45.3 0.10 46.1 5 100

a Jitter is calculated as max−mean
mean .

tencies are 5.38 ms (Task1 Light), 13.35 ms (Task2 Medium),
and 25.96 ms (Task3 Heavy).

Deadline setting: For each task, the deadline is set to
1.2× its solo mean latency, yielding deadlines of 6.5,ms,
16.0,ms, and 31.1,ms, respectively. These settings correspond
roughly to real-world execution rates of 150, 60, and 30
frames per second (FPS). This represents a moderate deadline
that is easily met in isolation but becomes challenging under
contention, a realistic scenario for edge systems.

1) Solo: Each task runs alone (zero contention, upper
bound).

2) Default: All three tasks run concurrently with no isola-
tion.

3) CUDA priorities: Tasks assigned stream priorities by
deadline tightness (−3 to 0), following the mechanism
underlying Pantheon/Orion-style approaches.

4) MPS partitioning: NVIDIA MPS enabled with
SMs equally partitioned (33% each), emulating
GSLICE/MIG-style resource isolation.

5) Serial round-robin: Tasks execute sequentially, elimi-

nating all contention at the cost of queuing delay.
Table VII and Fig. 12 reveal a consistent finding: no GPU-

only strategy simultaneously eliminates jitter and meets all
deadlines. CUDA stream priorities produce distributions vir-
tually identical to the unscheduled default—once large DNN
kernels saturate the SMs, dispatch ordering has no effective
lever to pull. MPS partitioning is the strongest concurrent
option: it tightens Task 2 and Task 3 distributions substantially
(Task 3 miss rate drops from 51.9% to 0%). However, the
benefit is zero-sum across the fixed SM budget: Task 1,
starved to one-third of the SMs, sees its mean rise from 5.4
to 6.7 ms with a 63% miss rate. Serial round-robin elimi-
nates contention-induced jitter entirely, but queuing delays
push Task 2 and Task 3 far beyond their deadlines (100%
miss rate for both). These five strategies span the GPU-only
design space and expose an inescapable trade-off: concurrency
introduces jitter or starvation, while serialization cannot meet
concurrent deadlines.

These results confirm that our FPGA guardian addresses
a fundamentally different layer of the problem. Rather than
reshaping the GPU’s latency distribution, it monitors each in-
ference and intervenes only when the tail threatens a miss. The
two approaches are complementary: deploying our guardian
atop MPS would retain MPS’s benefits for Task 2 and Task 3
while providing essential protection for Task 1 and for the
residual tail events that MPS cannot eliminate.

VIII. CONCLUSION

In conclusion, this paper presents a deadline-guarded real-
time and preemptive GPU-FPGA heterogeneous computing
approach. To deal with the deadline miss caused by the long-
tail latency of DNN execution time, we integrate an FPGA-
based computing unit, running a guardian model when the
deadline miss is predicted on GPU. We introduce a set of
procedures including waypoint and guardian selection, deci-
sion model training, and optimal plan searching for online
deployment. Moreover, a simulation-based method is further
proposed to help select the overall best offloading plan with
the multitasking scenario on GPU and potential resource
contention on FPGA. Extensive evaluation with a Jetson AGX
Orin GPU and a Xilinx ZCU102 FPGA shows that our system
achieves up to 20 times reduction on miss rate and improves
effective accuracy by more than 10%.
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