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Abstract

The deployment of deep neural networks (DNNs) on edge de-
vices is becoming increasingly common in latency-sensitive
applications such as autonomous driving, real-time video
analytics, and augmented reality. However, modern DNNs
are rapidly growing in complexity, and edge GPUs often lack
the computational resources available in cloud counterparts.
This leads to increased inference latency and challenges in
meeting strict Service Level Agreements (SLAs).

In this paper, we introduce SEEB-GPU, a portable and ef-
ficient inference framework that addresses such challenges
through a combination of application-level and system-level
optimizations. At the system level, SEEB-GPU assigns dedi-
cated Thread Processing Cluster (TPC) masks to individual
inference tasks, preventing resource contention by spatially
isolating GPU Streaming Multiprocessors (SMs). At the ap-
plication level, it employs a deadline-aware heuristic that
dynamically adjusts batch sizes and confidence thresholds,
utilizing early-exit mechanisms in DNNs to significantly re-
duce inference latency while minimally reducing accuracy.
Experimental results demonstrate that SEEB-GPU reduces in-
ference latency by up to 15X, while maintaining competitive
accuracy compared to existing edge inference methods. To
our knowledge, SEEB-GPU is the first framework to jointly
integrate batching, early-exits, and fine-grained GPU parti-
tioning, thereby meeting SLAs and improving throughput
on edge GPUs.
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1 Introduction

Deep neural networks (DNNs) play an essential role in nu-
merous real-world applications, including driving assistance
systems [16, 20], traffic monitoring [1, 27], facial recognition
[13], mobile augmented reality, adaptive video streaming,
and vehicle re-identification. Due to rising concerns about
network overhead, data privacy, and strict latency require-
ments, developers are increasingly moving inference tasks
from cloud platforms to edge servers embedded with small
GPUs.

However, contemporary DNN models are becoming in-
creasingly complex due to the rapid growth in the number
of model parameters. Edge GPUs provide far less computa-
tional power and DRAM capacity than cloud GPUs [12]. For
example, NVIDIA’s A100 GPU [35], a high-end cloud acceler-
ator, delivers up to 19.5 TFLOPS of peak FP32 performance,
while Jetson’s TX2 [34], a commonly used edge device, offers
only 0.5-0.7 TFLOPS in FP32 (or 1.3 TFLOPS in FP16). This
represents a compute gap of over 30X. As a result, effective
optimizations are essential to ensure that edge-based infer-
ence tasks meet strict latency and throughput requirements.
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Existing research primarily focuses on application-level
optimizations to enhance model efficiency and performance.
These approaches include model pruning, which removes re-
dundant weights to reduce model size and computation [54],
low-bit quantization, which reduces the precision of weights
and activations to accelerate inference and lower memory us-
age [7], layer sharing, where parameters or computations are
reused across layers to minimize overhead, layer skipping,
which dynamically bypasses certain layers based on input
features to save computation [26], and early-exits, which en-
able intermediate predictions when confidence is sufficient,
avoiding the need to process the entire model [14]. These
optimizations largely overlook GPU-specific resource man-
agement.

GPU scheduling mechanisms strongly affect inference la-
tency and throughput, but pose several challenges [8, 12]. For
instance, temporal sharing mechanisms can lead to GPU un-
derutilization, as tasks are executed sequentially [17]. In con-
trast, spatial sharing, particularly through NVIDIA’s Multi-
Process Service (MPS), allows for some level of concurrent
task execution. However, MPS introduces significant over-
head, requires process termination to dynamically adjust
resource allocation, and lacks fine-grained control over the
precise allocation of GPU Streaming Multiprocessors (SMs).
Solutions such as GSLICE [12] attempt to adapt batching
strategies and utilize MPS proportionally, but these still re-
sult in potential oversubscription without fine-grained SM
control. To the best of our knowledge, no existing solution
simultaneously exploits application-level and GPU system-
level optimizations to address inference latency and response
time constraints comprehensively for edge inference.

To address these challenges, we propose SEEB-GPU, a solu-
tion designed to ensure Service Level Agreement (SLA) com-
pliance for diverse edge inference scenarios. SEEB-GPU takes
a unique approach to GPU resource allocation by provid-
ing precise control over Thread Processing Clusters (TPCs)
and directly managing the allocation of Streaming Multi-
processors (SMs). This level of control significantly reduces
resource contention and enables better adherence to soft
real-time latency requirements. The solution aggregates in-
ference requests at runtime and proportionally allocates TPCs
to each task according to its computational demand. At the
model level, we implement an advanced heuristic based on
the Earliest Deadline First (EDF) scheduling algorithm. This
dynamic approach determines suitable batch sizes and ad-
justs model confidence thresholds to permit early-exits. By
combining these techniques, SEEB-GPU minimizes latency,
maximizes inference accuracy, and significantly reduces SLA
violations. Notably, the proposed method is portable across
both NVIDIA and AMD GPUs, with implementation details
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and portability considerations thoroughly discussed in Sec-
tion 3. While batching, early-exits, and GPU spatial shar-
ing are individually established techniques, their integration
within SEEB-GPU is non-trivial. Prior work typically explores
these methods in isolation, which can lead to inefficiencies
such as contention or deadline misses in real-time, multi-
tenant edge scenarios. The novelty of SEEB-GPU lies in its
unified framework that jointly manages batching, exit de-
cisions, and fine-grained GPU partitioning to deliver SLA
compliance and high throughput. To our knowledge, no pre-
vious work has demonstrated such integration on resource-
constrained GPUs.
Overall, this paper makes the following contributions:

e We propose a novel pre-batching approach that ag-
gregates inference requests to allocate GPU resources,
explicitly controlling TPCs to reduce contention.

e We design a heuristic algorithm based on EDF schedul-
ing that dynamically adjusts batch sizes and confidence
levels to leverage early model exits and meet the soft
deadlines.

e We demonstrate our approach through extensive eval-
uations, showing significant latency reduction, im-
proved accuracy, and better SLA compliance compared
to existing edge inference methods.

The remainder of this paper is organized as follows. Sec-
tion 2 provides the necessary background for this work and
discusses the motivation behind our proposed solution. Sec-
tion 3 outlines the design of our proposed solution, while
Section 4 describes the experimental setup used in our eval-
uations. Hardware evaluations are discussed in Section 5,
and Section 6 reviews the related work in the field. Finally,
Section 7 presents the conclusions of our paper.

2 Background and Motivation

In this section, we review key background concepts relevant
to our work. We begin with GPU sharing techniques and
the use of early-exits in machine learning models. We then
examine several motivational results for choosing SEEB-GPU.

2.1 Background

2.1.1  GPU Sharing. 1t allows a single GPU to be used by mul-
tiple applications or users simultaneously. This is achieved
through two main techniques: spatial sharing and tempo-
ral sharing. These methods enable different tasks or pro-
cesses to access the GPU’s computational resources either
concurrently or sequentially, depending on the workload
and system configuration. GPU sharing enhances resource
utilization and system efficiency, making it essential in envi-
ronments where multiple users or applications need access
to GPU resources [44, 47, 48]. In this paper, we focus only on
spatial sharing since it allows multiple applications to access
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Figure 1: Example of temporal and spatial sharing on
GPUs.

the GPU simultaneously. Spatial Sharing divides the GPU’s
computational resources between multiple tasks, allowing
them to run concurrently on separate SMs. In NVIDIA GPUs,
a SM is the fundamental hardware unit executing parallel
threads. Each SM contains a set of cores, registers, sched-
ulers, and caches that manage and execute thousands of
lightweight GPU threads simultaneously. By using spatial
sharing, we optimize the parallel processing capabilities of
the GPU, enabling the simultaneous execution of multiple
workloads without interference while improving the overall
computational efficiency. Figure 1 shows an example of spa-
tial sharing, where latency is reduced compared to temporal
sharing, where tasks are time-sliced.

There are two ways to enable spatial sharing in NVIDIA
GPUs [17]. First, if each of the inference tasks is launched as
a separate process, we can enable spatial sharing through the
MPS (Multi-Process Service) from NVIDIA. The MPS server
schedules kernels from different processes to the GPU, al-
lowing them to run concurrently and even share the same
SMs. However, when multiple inference workloads with
varying latency and throughput requirements share GPU re-
sources, ensuring fair allocation and predictable performance
becomes critical. This is where Service Level Agreement
(SLA) mechanisms are needed. MPS supports coarse-grained
SLA through the environment variable CUDA_MPS_ACTIVE
_THREAD_PERCENTAGE, which limits the maximum fraction
of GPU thread contexts a process can use. This helps prevent
any single process from monopolizing compute resources
and enables controlled concurrency across multiple work-
loads.

Second, if all inference tasks are launched from the same
process, then spatial sharing is enabled, as only a single con-
text is present in the GPU. To achieve coarse-grained SLA
on the number of SMs assigned to a task in the GPU, we use
the libsmctrl package, which applies TPC masks to map
tasks to specific TPCs [4]. Since the Pascal architecture, each
TPC contains 2 SMs. Thus, controlling TPCs effectively en-
ables coarse-grained control over SM allocation. Assigning
tasks to different multiprocessors reduces contention and
decreases the inference latency. In addition, with libsmctrl
we load the model only once at the beginning and reassign
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SMs at runtime. It is worth noting that once a task has been
assigned to SMs via CUDA streams using TPC masking, it
cannot be preempted during execution [22]. Reassignment
is possible only after the task completes, at which point the
SMs can be reassigned with negligible overhead. In AMD
GPUs, spatial sharing is present by default [8].

We follow the second approach, where we launch all the
tasks from a single process on the edge server (receiving all
requests from different users and applications) to spatially
share the GPU. The reason is two-fold: (1) MPS does not
dynamically adjust a process’s GPU resources during exe-
cution. For example, if a process is launched with 80% MPS
threads using CUDA_MPS_ACTIVE_THREAD_PERCENTAGE and
if we want to adjust the resources assigned to the process,
we must terminate and restart the process. (2) After termi-
nation, restarting requires data copying; as a result, dynami-
cally adjusting MPS introduces 5-15 seconds of overhead [5].
Therefore, edge applications that require low overhead need
a spatial sharing mechanism capable of directly assigning
SMs to tasks.

2.1.2  Model-Specific Optimization. Designing and deploy-
ing DNNs on resource-constrained mobile and IoT devices re-
quires a careful balance between inference latency, memory
efficiency, and model accuracy. Recent research has focused
on model-specific optimization techniques to address these
challenges. These include (1) model pruning, which reduces
the network size by removing less important weights to im-
prove computational efficiency [54]; (2) low-bit quantization,
which compresses the model by reducing the precision of
weights and activations [7]; (3) layer sharing, which reuses
parameters across layers to minimize redundancy and save
memory; (4) layer skipping, which dynamically bypasses
certain layers based on input characteristics to reduce com-
putation [26]. While these static optimization techniques
significantly reduce model complexity and inference cost,
they typically lack flexibility during runtime. To enable adap-
tive computation, dynamic inference methods such as model
slicing [6], model switching [51], and early-exits [39] have
been proposed.

In this work, we adopt early-exits as our primary control
knob due to their adaptability and deployment simplicity. Un-
like model slicing [6] or model switching [51], which require
maintaining and selecting among multiple model variants
and result in higher memory usage and orchestration over-
head, early-exit networks operate within a single architec-
ture by attaching intermediate classifiers at various depths.
These classifiers enable dynamic inference by allowing early
termination when the model’s prediction confidence, typi-
cally the maximum softmax probability, exceeds a threshold
(6). This mechanism reduces latency for easier inputs while
maintaining accuracy for harder ones. Early-exits provide
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Figure 2: Comparison of conventional and early-exit
DNN architectures.

a broad latency-accuracy tradeoff controlled by 9, allowing
seamless runtime adjustment without retraining or modify-
ing the base network. Since the confidence threshold can be
adjusted at runtime, it offers a broad adaptation range; we
therefore choose it as another control knob.

Figure 2a illustrates the inference process of a conven-
tional DNN, where each input is processed sequentially from
the input layer to the output layer. Early-exit DNNs offer a
solution by allowing some inputs to exit the model sooner,
which speeds up the inference process while maintaining
accuracy. These networks incorporate multiple side branches
into the traditional DNN architecture. The inference can be
halted at a side branch if it meets predefined confidence cri-
teria. Figure 2b shows the inference process of early-exit
DNNs, in which each side branch evaluates the prediction
confidence for each input.

2.1.3  Batching. Batching is a widely studied approach that
improves the throughput of DNN inference. Instead of pro-
cessing input data individually, this method feeds the data
to the DNN in batches. This approach is particularly effec-
tive for GPU-based DNN accelerators, as it takes advantage
of the GPU’s parallel architecture to significantly enhance
throughput. Several state-of-the-art works implement batch-
ing for inference tasks to increase performance [52], [32], [2].
Batching improves overall inference throughput and amor-
tizes per-request overhead, but it introduces trade-offs in
latency. Let N be the number of requests in a batch, t, the
fixed GPU overhead (e.g., kernel launch), and ¢, the com-
pute time for a single input. Without batching, each request
takes Lno patch = fo + t, and total time for N requests is
Tho_batch = N - (t, + t.). With batching, the total execution

Subramaniyan et al.

40 6 7 7 7 7 8
7 7 8 100 5

w30 3 7 7 9

£ 6 < 80
g g
510 $

401}
02 04 06 08 02 04 06 08

Confidence Threshold Confidence Threshold

(a) Latency (b) Accuracy

Figure 3: (a) Latency increases with deeper exits. (b) Ac-
curacy improves with increased latency. The numbers
in the plot indicate the exits taken.

time becomes Thaten = to + 15 (N), where £, (N) < N - t. is the
compute time for the entire batch, and the amortized latency
1S Lamortized = T‘%\}C“ However, batching can increase end-to-
end latency for individual requests due to queuing delays
while waiting to fill a batch. Thus, while batching improves
throughput and efficiency, it must be carefully tuned (e.g.,
with a max batch size or timeout) to avoid violating latency

requirements in real-time systems.

2.2 Motivation

In this subsection, we discuss the necessity of spatial sharing
and how early-exits, TPC count, and batching have an impact
on latency and accuracy of inference tasks.

2.2.1 Impact of Confidence on Latency and Accuracy. As
mentioned in Section 2.1.2, traditional DNNs require the exe-
cution of all layers to produce a result. In contrast, early-exit
DNNs allow inference to stop at intermediate layers when
a high-confidence prediction is reached. In this section, we
show the impact of adjusting confidence threshold (6) on la-
tency and accuracy for ResNet34. We vary the threshold from
0.1 to 0.9 and observe two key trends: 1) As the confidence
threshold increases, the latency also increases, as Figure 3a
shows. 2) As the confidence threshold increases, the accu-
racy improves, as Figure 3b indicates. The model achieves
its highest accuracy after certain thresholds, but its latency
continues to rise slightly. For example, after threshold 0.3
for ResNet34, the model achieves over 90% accuracy while
maintaining nearly half the latency compared to the final
exit.

Observation 1: Selecting an appropriate confidence
threshold is crucial for effectively balancing latency and
accuracy in early-exit DNNs. A well-chosen threshold de-
termines at which exit the inference stops, enabling faster
predictions without significantly compromising accuracy.

2.2.2  Impact of TPC assignment on latency. Here, we demon-
strate the impact of TPC assignment on latency and explain
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Figure 4: As the number of TPCs (a) assigned to a task increases, the latency decreases. As the batch size increases,

(b) latency and (c) throughput also increase.

the necessity of a fine-grained TPC assignment, as mentioned
in Section 2.1.1. To illustrate this, we select three DNN mod-
els: ResNet34, MobileNetV2, and ShuffleNet. We fix the number
of images at 500 for all models, and each model is tasked with
processing images of size 128 X 128. To limit the number of
TPCs available, we use the 1ibsmctrl_set_mask function
and record the inference latencies. As Figure 4a shows, a
higher number of TPCs assigned to a task leads to a reduc-
tion in the inference latency since workload can be better
parallelized across different SMs. Nonetheless, we also ob-
serve that an increasingly larger number of TPCs assigned to
each model inference does not lead to much performance im-
provement beyond a certain point. For example, the latency
of ShuffleNet, ResNet34, and MobileNetV2 do not decrease
much beyond 3, 8, and 15 TPCs assigned, respectively.

The previous experiment considered only a single task.
When multiple tasks are executing [53], it is crucial to as-
sign non-overlapping TPCs to each instance to avoid latency
increases. To emphasize the necessity of fine-grained assign-
ment of TPCs, we measure the latency of a simple convo-
lution kernel using CUDA, repeating each experiment 30
times to report average latency values. First, we launch a sin-
gle instance of the kernel and measure its inference latency.
For this run, we manually configure the kernel to execute
exclusively on physical TPCs 10 to 20. This setup yields a
baseline latency of approximately 0.068 ms, representing a
non-contentious execution.

Next, we evaluate a concurrent execution scenario by
launching two tasks in parallel. We begin by determining
the total number of available TPCs in the GPU using the
libsmctrl_get_tpc_info_cuda and libsmctrl_get_gpc
_info APIs. We then allocate the TPCs between the two
streams: one stream uses TPCs 10-20, while the other uses
TPCs 21-31. As indicated in Table 1, the latency slightly
increases to 0.077 ms. This suggests that even though the
compute units are divided between the two streams, the

Table 1: Average kernel latency (30 runs) for TPC par-
titioning strategies.

Configuration TPC Assignment | Latency (ms)
Single kernel instance 10-20 0.068
Two instances, non-overlapping 10-20 & 21-31 0.077
Two instances, overlapping 10-20 0.128

memory subsystem remains shared, leading to some con-
tention. Finally, we test a configuration where both kernels
are mapped to the same subset of TPCs (10 to 20), resulting
in competition for compute resources. In this scenario, the
latency significantly rises to 0.128 ms, demonstrating the
impact of contention when multiple workloads compete for
the same physical resources.

Observation 2: It is important to properly assign TPC
partition resources to minimize contention and reduce per-
formance degradation.

2.2.3 Impact of batching on latency. As mentioned in Sec-
tion 2.1.3, batching occurs during model execution, where
multiple inputs are processed together in a single forward
pass. In this experiment, we investigate the impact of batch
sizes on inference latency and throughput. For this experi-
ment, we fix the number of TPCs at 42 for all three models:
ResNet34, MobileNetV2, and ShuffleNet. We test each model
using batch sizes of 2, 4, 8, 16, 32, 64, 128, 256, 512, 1024. As Fig-
ure 4b shows, increasing the batch size from 2 to 8 leads to
modest latency gains due to better utilization. However, the
latency increases significantly as the batch size grows be-
yond this point. This is because larger batches increase the
processing load per inference step, making it more demand-
ing for the GPU to handle efficiently. Although batching
increases latency, the system throughput also increases, as
shown in Figure 4c as discussed in Section 2.1.3.
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Observation 3: While batching improves GPU throughput,
it must be judiciously configured to avoid violating latency
constraints.

Batching increases system throughput by processing mul-
tiple tasks simultaneously, but also introduces additional
latency for individual requests. Consequently, throughput
maximization and latency minimization are inherently con-
flicting objectives. To quantify this trade-off, GSLICE [12]
introduced a metric called GPU utilization efficacy, defined
as the ratio of throughput to latency. However, this met-
ric does not account for online-accuracy, which becomes
particularly important in adaptive inference systems such
as SEEB-GPU that employs early-exits. Early-exits can sig-
nificantly reduce latency, but often at the cost of slightly
reduced online-accuracy. If only latency and throughput are
considered, such models could appear overly efficient de-
spite degraded output quality. To capture both system-level
performance and model quality, we propose GPU efficacy
(GE) by including the online inference accuracy as follows

_ Throughput

GE X Accuracy (1)

Latency

Since SEEB-GPU employs early-exits, this metric ensures that
it does not gain an unfair advantage in latency and through-
put through low accuracy. We report the GPU efficacy of
SEEB-GPU in our hardware experiments (Section 5).

Based on the above three observations, it is important to
dynamically adjust the appropriate batch sizes, confidence
thresholds, and TPC assignments to ensure that the SLAs are
met while maximizing accuracy. To the best of our knowledge,
this is the first work to focus on this challenging joint problem.

3 System Design

Our primary focus in designing SEEB-GPU as an edge model-
serving platform is to enable flexible and adaptive execu-
tion of inference requests for various applications. We de-
scribe SEEB-GPU’ s key design components and provide an
overview. Next, we outline the knobs in our design and go
through the architecture of SEEB-GPU. Lastly, we conclude
by discussing complexity analysis.

3.1 Overall Architecture

Figure 5 illustrates the overall architecture of SEEB-GPU. We
consider a typical edge server scenario with multiple infer-
ence requests from various applications. Each application
may submit an inference request for tasks such as image
classification, object detection, or semantic segmentation.
These requests can contain multiple images to be processed
and may originate from diverse sources such as smartphones,
edge drones, or CCTV cameras. For example, detection re-
quests from a drone and a CCTV camera can be aggregated
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Figure 5: SEEB-GPU Architecture Overview. SEEB-GPU
manages edge inference through three key compo-
nents: Worker, Scheduler, and Dispatcher. The worker
module assigns the TPCs with the libsmctrl library.
The scheduler selects batch sizes and confidence thresh-
olds to balance latency and accuracy under SLA con-
straints, while the dispatcher offloads the tasks to the
GPU.

earlier in the system and forwarded to the worker for execu-
tion. The aggregation of inference requests is employed in
frameworks like Triton [33] and TensorRT [25]. We make no
particular assumptions on the arrival rate of requests, and
design SEEB-GPU to activate upon availability of TPCs.

The main design contribution of our work is to ensure
that the inference tasks meet their SLA requirements and
incur negligible inference latency even when a burst of re-
quests may arrive at any time, which is one of the main
concerns for edge servers. The worker module, described
in Algorithm 1 and shown in Figure 5, upon availability of
GPU resources fetches the aggregated input requests and
assigns each one a certain number of TPCs. At this point, it
triggers the execution of the scheduler, which implements a
deadline-aware policy inspired by EDF, tailored for sporadic
inference workloads. For each group of requests, it leverages
a latency model trained offline by the model profiling module
to find the best configuration of batch size and confidence
threshold for the assigned TPCs. Specifically, if a predicted
configuration risks violating deadlines, the scheduler itera-
tively adjusts the batch size or confidence to find a feasible
configuration. Among feasible options, it selects the one that
has the lowest cost value, which aims at minimizing latency
and maximizing confidence. Then, the dispatcher receives
the inference request from the scheduler and dispatches it
through the driver module. In the subsequent subsections,
we describe the knobs for our design and the details of each
component.

3.2 Control Knobs

In this section, we describe the control knobs used in our
solution and justify their selection. Specifically, we leverage
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three control knobs: TPC masks, confidence thresholds, and
batch size.

We use TPC masks to spatially partition the GPU among
concurrent tasks, as introduced in Section 2.1.1. All tasks
are launched from a single process running on the edge
server (e.g., listening to requests from mobile devices) and
the 64-bit TPC mask is configured to assign non-overlapping
sets of TPCs to each aggregated request. As discussed in
Section 2.2.2, failing to isolate TPCs can lead to contention
and increased inference latency. By carefully managing the
TPC mask, we ensure that different tasks run independently
across separate SMs, reducing interference and maintaining
predictable performance.

We adopt the confidence threshold (0) as the second con-
trol knob, exploiting the dynamic nature of early-exit DNNs
(Section 2.2.1). This threshold determines whether each in-
ference should terminate at an intermediate exit or proceed
to deeper layers. A lower 0 allows the model to exit earlier
with faster response times but may reduce accuracy; con-
versely, a higher 0 enforces stricter confidence, improving
prediction accuracy at the cost of increased latency. Because
0 can be tuned at runtime without modifying the network
architecture, it provides a powerful mechanism for balancing
latency and accuracy based on runtime conditions.

Our third control knob is batch size, which directly affects
throughput and responsiveness. As shown in Section 2.2.3, in-
creasing the batch size improves GPU utilization and through-
put but can also increase latency, potentially violating ap-
plication SLAs (Service Level Agreements). We use batch
size alongside confidence threshold to ensure that the system
meets its latency requirements while maximizing perfor-
mance. Further details on this integration are presented in
Section 3.3.

3.3 Design of SEEB-GPU

In this subsection, we describe the detailed design of each
component of SEEB-GPU.

3.3.1 Worker. Algorithm 1 shows the pseudo-code of the
worker module. It is triggered when contiguous TPCs become
available at each application’s inference task and its input is
the set B of aggregated image sets B;, one per application j.
Each image set 8; includes I; images sorted by arrival time,
from earliest to latest.

The worker first calculates the total number of images
T = 2;I; (Line 1). The worker then iterates over each ap-
plication’s image set 8; Line 5 and computes a TPC count
proportional to the size of the image set relative to T (Line 6).
The allocation is capped to ensure it does not exceed the total
available TPCs (Line 7). For each application, the assigned
TPC range [t°,t¢] is computed (Lines 8-9), and the index
tracker idx and the counters are updated (Lines 10-11).
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Algorithm 1: TPC allocation and mask generation

Input: Upon availability of TPCs: Set 8 of
aggregated inference requests $B; for each
application j, each one with image count I;
sorted from earliest to latest arrival time; total
number of TPCs available A; index of the first
agailable TPC idx

T « ZL:I‘ Ij;

used « 0;

tpc_masks|g| < [0];

tpesig) < [0,0];

for j =1to |B]| do

6 Tj < max (1, l%AJ),

[

(% Y )

7 T; < min(T;, A — used);
8 15 «— idx;

9 t¢ —idx+T; - 1;

10 idx « idx + Tj;

11 used < used + Tj;

12 tpesj «— [t°, t€];

13 tpc_mask < 0;

14 fori=0toA—-1do
15 if i <t*Vvi>t®then
16 L tpc_mask «— tpc_mask V (1 < i);

17 tpc_masks; « tpc_mask;
18 if used > A then
19 L break;

20 Scheduler (B, tpc_masks, tpcs);

For example, if the total available TPCs (A = 42) and the
aggregated set 8 = {Bj, B} where $; contains 10 images
and B, contains 20 images. The total workload is T = 30,
resulting in allocations of % X 42 = 14 TPCs for B; and
28 TPCs for B,. The TPC index assignments would thus be
as follows: B, is assigned TPCs 0 to 13 and B, is assigned
14 to 41.

After assigning TPC ranges, the worker generates a corre-
sponding 64-bit mask (Lines 13-17) for each application to
enforce spatial partitioning. The mask disables all TPCs out-
side the assigned range by setting their corresponding bits to
1, leaving the allocated TPC bits to 0 (enabled). For example,
if an application is assigned TPCs [0-2], the resulting mask is
OxFFFFFFF8, disabling all but the first three TPCs. Similarly,
for a range [14-41], the computed mask disables TPCs out-
side that interval, producing a value such as OxFFFFCO3FFF.
These masks are applied using the libsmctrl_set_stream
_mask function, which sets the active mask for all kernel
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Algorithm 2: Scheduler

Input: Aggregated inference request (8), tpc_masks,
Ipcs

1 for j =1to |B]| do

2 k « I_lqu(Ij)J;

3 S—{2"|i=kk-1,...,0};

4 C* « oo;

5 B* « 0

6 0" «— 0;

7 Initialize_Weights (4, A2);

8 a, B1, P2, Ps < get_model_parameters(j);
9 dmin < minimum deadline for batch Bj;
10 7 « safety slack on deadline d,;p;

1 fors € Sdo

12 for 6 € © do

13 L<—a+ﬁ1-s+ﬂ2-9+|mcﬂﬁ;
14 if L < dpjn — 7 then

15 C—MAN-L-2Xy-0;

16 if C < C* then

17 C* « C;

18 B* «s;

19 0 «— 0,

20 if B* # () then

21 L dispatcher « (8B;, B*, 0%, tpc_masks|j]);
22 else

23 L dispatcher « (Bj, B*, Omin, tpc_masks[j]);

launches on a given CUDA stream. This allows each applica-
tion to execute on an isolated set of TPCs, even when kernels
are issued from a single host process. Although libsmctrl
is currently available only for NVIDIA GPUs (CUDA 8.0
through 12.1), similar compute unit (CU) masking primi-
tives are supported by AMD GPUs [8], enabling our design
to generalize across vendors. TPC assignments are recom-
puted every 100 ms. The choice of 100 ms is motivated by a
combination of trace-driven analysis and empirical evalua-
tion; shorter intervals introduced excessive recomputation
overhead without substantial performance benefits. In com-
parison, longer intervals led to delayed responsiveness to
workload fluctuations. Upon completion, the worker module
triggers the scheduler routine described in Algorithm 2.

3.3.2 Scheduler. As discussed in Section 3.2, the three con-
trol knobs used in our system are the confidence threshold (),
the batch size (B), and the TPC mask. Here the TPC mask is
already used in the worker module. In the scheduler module,
we utilize two control knobs at the application level: the
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confidence threshold (6) and the batch size (B). The scheduler
is invoked once the worker generates per-application TPC
masks. Algorithm 2 shows its pseudocode.

The scheduling process begins by iterating over each ap-
plication’s image group B; € 8B (Line 1). For each group, the
scheduler first computes k = |log,(I;)]| and constructs the
candidate batch size set S = {2 | i = k,k—1,...,0} (Line 3).
This ensures that batch sizes are powers of two, which aligns
well with the organization of GPU hardware. Since SMs are
grouped into TPCs, GPUs perform more efficiently when
workloads are sized in powers of two [23].

For each candidate batch size, the scheduler evaluates com-
binations of batch size and confidence threshold 6 to minimize
a cost function. Before iterating over these candidates, it ini-
tializes the cost C* «— oo, the best batch size B* <« 0, and
the best threshold 0* « 0 (Lines 4-6). It then retrieves
model-specific parameters (e, f1, B2, f3) and weight coeffi-
cients (A4, A3) (Lines 7-8). The model-specific parameters are
offline-trained coefficients obtained from latency profiling
across batch sizes, thresholds, and TPC masks, as described
in Sections 2.2.1, 2.2.2, and 2.2.3. For each application, the
scheduler then computes the tightest deadline dy,, across
all requests in B;. That is, if 8; = {ry,r,,...,r,} denotes the
set of inference requests for application j, each with its own
deadline d;, then din = min{d; | r; € B;} represents the
earliest deadline among them (Line 9). The safety slack is
defined (Line 10).

The scheduler iterates over all combinations of batch size
s € S (Line 11) and 0 € © (Line 12). For each combination,
it estimates the inference latency using the profiling-based
model: L =a+f;-s+ -0+ Itpcﬁﬁ (Line 13). The scheduler
checks whether the estimated latency L satisfies the deadline
constraint L < dyn — 7 (Line 14). By subtracting 7 from the
minimum deadline dp,;,, the scheduler enforces a stricter
condition L < dpi, — 7, which accounts for possible inac-
curacies in the offline latency model. This slack guarantees
that selected batch sizes and confidence thresholds remain
safe under real-time execution conditions, despite relying
on static latency predictions.

Among all valid candidates, the scheduler selects the con-
figuration that minimizes the cost function C = A; - L — A, - 6
(Line 15), which balances latency and accuracy preferences.
If a better configuration is found, it updates the current
best (Lines 17-19). At the end of the search, if a valid con-
figuration exists, the scheduler dispatches the group using
(B*, 0%, tpc_masks[j]) (Line 21). Otherwise, it falls back to
the minimum threshold 0,,;, to ensure no SLA violations
(Line 23). The TPC allocation tpc_masks|j] is provided by
Algorithm 1.

3.3.3 Dispatcher. The dispatcher is responsible for the launch
of inference tasks and managing their execution. When a
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task is scheduled, the dispatcher allocates the required TPCs
and runs the inference in a separate thread. It monitors the
task’s execution status and, upon successful completion, re-
leases the allocated TPCs. This ensures that GPU resources
are efficiently recycled and promptly made available for fu-
ture tasks. By operating concurrently, the dispatcher enables
parallel inference execution while maintaining fine-grained
control over GPU resource usage.

3.4 Complexity Analysis

The overhead in SEEB-GPU arises from two main components.
First, the generation and assignment of TPC masks involves
iterating over the set of available TPCs, with a complexity of
O(A), where A is the number of available TPCs. Since A is
typically much smaller than the total number of inference
requests across applications (A < N), this step remains
lightweight. Second, the latency-aware scheduler explores
all power-of-two batch sizes (log I;) and confidence thresholds
(1©]) for each application group B;, resulting in a per-group
scheduling complexity of O(|0| - logI;). Here, I; denotes
the number of images for application j, and || is typically
small.

Overall, the computational overhead introduced by SEEB-
GPU is minimal. Since both mask generation and scheduling
are triggered on demand, only when TPCs become available
rather than at fixed intervals, the system avoids unnecessary
computation. All core components operate in constant or
logarithmic time, making SEEB-GPU efficient and scalable for
real-time, multi-tenant GPU scheduling.

3.5 Discussion

Portability. An important feature of our solution is that it is
easily portable to other vendor GPUs. We can port our solu-
tion to AMD GPUs using hipExtStreamCreateWithCUMask
[37][42] and perform CU masking for CU control, equivalent
to TPC control. For TPC assignment, we specify the number
of TPCs, while we can directly assign the number of CUs
here when assigning with a mask.

Periodicity. Our current scheduling scheme is designed
for sporadic tasks, but it can be adapted to accommodate peri-
odic workloads that have either implicit or explicit deadlines.
For periodic tasks, we know the arrival times (or periods) in
advance, which enables us to pre-allocate specific TPCs and
ensure timely access to GPU resources.

Co-Scheduling. At present, our scheduling process as-
sumes that tasks arriving at the edge server are assigned
solely to the GPU, and we focus on scheduling those tasks
accordingly. Our next step is to expand this approach to in-
clude CPU+GPU scheduling, where we will schedule tasks
for both the CPU and GPU, effectively assigning tasks to
each based on their requirements.
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Power Consumption. Power optimization is not included
in the current work. Since SEEB-GPU introduces only a min-
imal runtime overhead (as noted in Section 5), its energy
consumption should be similar to that of the baseline models.
Future work could explore further savings by implementing
dynamic voltage and frequency scaling (DVFS) [30].

Scalability. We believe that SEEB-GPU has the potential
to scale beyond a single edge device and support clusters of
various sizes. However, fluctuations in network bandwidth
may lead to increased communication latency. To address
this issue and enhance the scalability of SEEB-GPU, we plan
to design a bandwidth adaptation policy.

4 Experimental Setup

Hardware. We test SEEB-GPU on an RTX 3090 GPU, which
uses the Ampere architecture, has 82 Streaming Multipro-
cessors (SMs) which are equivalent to 41 TPCs since SMs
are arranged in groups of two per TPC [4]. We set the op-
erating frequency of the GPU to 1395 MHz. As mentioned
in Section 2.1, we use the libsmctrl library to implement
spatial sharing. SEEB-GPU integrates with PyTorch by dy-
namically loading the 1ibsmctrl shared library via ctypes.
At runtime, this allows direct control of GPU SM masks and
scheduling behavior from Python without modifying the
PyTorch runtime.

Datasets and Early-Exit Training. We individually train
all DNNs used in our evaluation on their corresponding
datasets, summarized in Table 2. These datasets include Adi-
ence [15], Animals [9], GTSRB [24], and FER [19]. To train
the models, we fine-tune ImageNet-pretrained backbones
using standard pipelines. The images are resized to 224 x 224,
and we apply Adam or SGD optimization with stepwise
learning rate schedules. In all models, we attach multiple
early-exit classifiers that allow inference to terminate at in-
termediate depths. During training, predictions from all exits
(including the final classifier) are supervised, and we opti-
mize the average (or weighted average) of their cross-entropy
losses. For example, in the MobileNetV2 model on GTSRB,
we insert exits after selected inverted residual blocks at lay-
ers {1,2,3,5,7,9,11,13,15,17}. Each exit consists of a small
convolutional layer, global average pooling, and two fully
connected layers to produce logits. The training of early-exit
models is analogous to this work, and further details on the
training of early-exit models can be found in [22, 45].

Baselines. We compare SEEB-GPU with several state-of-
the-art solutions summarized below. 1) Batch is part of the
Triton Inference Server [41], which combines request data
into batches of a fixed, empirically chosen size. We set the
batch size as small as possible to minimize job latency. 2)
DeepRT uses time-slicing and adaptive batching to manage
soft real-time inference requests. It introduces the DisBatcher
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Table 2: Details of the DNN workloads used for evaluation.

Application Task Type Dataset DNN Model
General vision Animal classification | Animals [9] ResNet50
Age-aware robotics | Age classification Adience [15] ShuffleNet
Autonomous driving | Traffic sign GTSRB [24] MobileNetV2
classification
Human-Computer Emotion recognition | FER [19] ResNet34
Interaction
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Figure 6: Images per-task distribution for traces used in our evaluation. The real-world PAI trace [49] provides
empirical workload patterns. The poisson trace emulates random independent task arrivals and gamma trace

captures bursty and variable inter-arrival times.

mechanism, which packs as many requests as possible into a
batch and applies the Earliest Deadline First (EDF) policy for
prioritization [50]. 3) GSLICE is a spatial-temporal sched-
uling method for NVIDIA GPUs. It leverages Multi-Process
Services (MPS) to partition CUDA cores adaptively, priori-
tizes models with high request rates, and applies a greedy
rescheduling strategy to maintain efficient partition sizes
[12]. 4) BranchyNet is a dynamic early-exit framework that
places auxiliary classifiers at intermediate layers of DNNs.
During inference, a sample exits once a branch reaches a con-
fidence threshold, reducing average latency while preserving
accuracy [45].

Traces. We use traces to simulate request arrivals in a
repeatable, controllable way. Traces enable us to vary load,
burstiness, and variance without relying on live traffic, allow-
ing us to stress-test SEEB-GPU and compare policies under
identical conditions. We evaluate one real (PAI) and two syn-
thetic (Poisson and Gamma) arrival patterns. 1) PAI trace:
The PAI trace from Alibaba [49] captures a mix of ML training
and inference tasks on a cluster with over 6,500 GPUs during
July—-August 2020. Each task records a unique ID, start time,
duration, requested GPU memory, requested GPU utilization,
and status. We preprocess the trace by (i) excluding failed
tasks, (ii) removing tasks with zero GPU memory or GPU
utilization, and (iii) filtering out tasks with execution times
greater than 20 seconds, as these typically correspond to
training workloads [5, 43]. For the remaining tasks, we apply
the same pre-processing steps as those used in the tweet trace
in DeepRT [50] to build a 30-second burst workload. The

probability distribution of the PAI trace is shown in Figure
6a. 2) Poisson trace: We generate the trace using a Poisson
distribution with different arrival rates (¢ = 10, 15, 20, 25) to
simulate the arrival of inference tasks over time, as shown
in Figure 6b. Each trace records the arrival time, application
type, deadline, and number of images for each task. Smaller
€ values produce infrequent, well-separated bursts, while
larger € values generate rapid bursts within shorter intervals.
3) Gamma trace: This trace models task arrivals based on a
gamma distribution for inter-arrival times. For each configu-
ration, we define the mean and variance of the inter-arrival
time, which determine how tasks are spaced. We use three
configurations, as shown in Figure 6c, adjusting the shape
and scale parameters to control burstiness and timing. Each
trace records the arrival time, deadline, number of images
per task, and application type.

Metrics. We report the following metrics: queuing time,
inference latency, response time, online accuracy, throughput,
SLA violations, and GPU efficacy. Queuing time is the inter-
val from request release until it is dispatched to the GPU.
Inference latency denotes the GPU execution time of a task
and does not include model loading or initialization time.
Response time is the end-to-end time from release to comple-
tion, i.e., queuing time + inference latency. Online accuracy is
the fraction of requests correctly classified during the run.
Throughput is the number of requests completed per sec-
ond. An SLA violation occurs when the response time of a
request exceeds its deadline. We set each deadline to 120% of
its expected execution time, based on offline profiling. Each
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Table 3: Comparison of latency, throughput, accuracy, GPU efficacy, and SLA violations for the PAI trace.

Metric Batch BranchyNet DeepRT GSLICE SEEB-GPU
Latency (s) 0.152 +0.014 0.084 + 0.001 0.738 + 0.288 0.343 + 0.008 0.047 + 0.002
Throughput (tasks/s) 1.061 + 0.000 1.097 + 0.000 1.096 + 0.002 1.097 + 0.000 1.094 + 0.000
Accuracy (%) 96.260 + 0.000 | 76.622 £ 0.000 | 96.285 + 0.000 96.285 + 0 83.528 + 0.476
GPU Efficacy 6.737 £ 0.585 10.002 + 0.179 1.643 £ 0.819 2.945 £ 0.048 19.577 + 0.543
SLA Violation (%) 4.444 + 1.925 0.000 + 0.000 | 0.000 + 0.000 0.000 + 0.000 0.000 + 0.000

experiment is run three times, and the reported results rep-
resent the mean of the three runs. Standard deviation error
bars are included in all bar graphs to visualize the variance
in each run.

5 Results

In this section, we first compare SEEB-GPU using a real-
world inference trace in Section 5.1. We then evaluate its
performance on two synthetic traces, described in Section 5.2.
In Section 5.3, we present a sensitivity analysis by varying
the weights used in Algorithm 2. Section 5.4 presents an
ablation study to examine the impact of different control
knobs on overall performance. Finally, Section 5.5 provides
a detailed analysis of the overhead.

5.1 Evaluation of Real-world Traces

In this experiment, we evaluate SEEB-GPU using real-world
traces. Since there are no publicly available traces for infer-
ence tasks on edge servers, we utilize an inference trace from
Alibaba Cloud to test SEEB-GPU. The details of trace prepro-
cessing are already mentioned in Section 4. Table 3 reports
latency, throughput, accuracy, GPU efficacy, and SLA viola-
tions of all solutions for the PAI trace. SEEB-GPU achieves
the lowest latency of 0.047 s, making it approximately 3.2X
faster than Batch, 1.8 faster than BranchyNet, 7.3% faster
than GSLICE, and over 15X faster than DeepRT. SEEB-GPU
maintains zero SLA violations, demonstrating its ability to
sustain rapid response times while meeting service-level
agreement (SLA) guarantees. The throughput remains com-
parable to that of other approaches, indicating that SEEB-
GPU efficiently processes tasks without introducing bottle-
necks. The accuracy for SEEB-GPU is lower than that of the
full-depth baselines (Batch, DeepRT, and GSLICE) because
it employs early-exits to meet tight deadlines; however, it
remains substantially higher than BranchyNet, which also
uses early-exits but lacks adaptive control.

Additionally, SEEB-GPU demonstrates a superior balance
between responsiveness and reliability. The high GPU effi-
cacy highlights SEEB-GPU’s ability to maximize the useful
computational output per unit time. Specifically, SEEB-GPU
achieves a GPU efficacy of 19.58, which is approximately 3x
higher than Batch, 6x higher than GSLICE, and almost 12X
higher than DeepRT. By dynamically adjusting confidence

Table 4: SLA violation rates for the poisson trace.

Technique \ SLA Violation (%)

Batch 50.88
BranchyNet 0.00
DeepRT 45.64
GSLICE 60.23
SEEB-GPU 0.00

thresholds and batch sizes, SEEB-GPU minimizes latency
while sustaining high accuracy and throughput. Static sched-
ulers, such as DeepRT or GSLICE, fail to adapt to workload
variability, resulting in either longer delays or wasted GPU
cycles.

5.2 Synthetic Trace Evaluation

In this section, we conduct experiments using two synthetic
traces, specifically poisson trace and gamma trace, as men-
tioned in Section 4.

5.2.1 Poisson Trace. Figure 7 illustrates the comparative per-
formance of all baselines under the poisson trace. SEEB-GPU
consistently achieves the lowest inference latency, as shown
in Figure 7a. BranchyNet exhibits low inference latency, as
it employs early-exits. For Batch, the optimal batch size is
configured at runtime, ensuring that the latency remains low.
As summarized in Table 4, SEEB-GPU attains the smallest
SLA violation rate of 0.0%, outperforming all other base-
lines. This improvement comes from the adaptive confidence
control mechanism of SEEB-GPU, which dynamically tunes
the confidence threshold to ensure that requests meet their
respective deadlines. For the poisson Trace, Batch, DeepRT
and GSLICE achieve a higher accuracy compared to SEEB-
GPU as shown in Figure 7b, as it does not take early-exits.
SEEB-GPU demonstrates the highest GPU efficacy among
all methods as shown in Figure 7c.

5.2.2 Gamma Trace. The gamma trace models workloads
with bursty and non-uniform inter-arrival times, reflecting
realistic variations in request arrivals. Figure 8a shows that
SEEB-GPU achieves the lowest latency across all gamma
configurations, indicating a strong adaptability to dynamic
input rates. Since SEEB-GPU uses both early-exits and batch-
ing, we observe decreased latency with non-overlapping
resource partitioning. All solutions obtain 0% SLA violations
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for the gamma trace. For the gamma Trace Batch, DeepRT
and GSLICE achieve higher accuracy compared to SEEB-
GPU as shown in Figure 8b, as it does not take early-exits.
For the gamma Trace, SEEB-GPU achieves the highest GPU
efficacy at all points as shown in Figure 8c, indicating that
it makes the most efficient use of the GPU by maintaining
high throughput and low latency simultaneously.

5.3 Sensitivity Analysis

In this experiment, we perform a sensitivity analysis to study
how the weighting factors A; and A, in the SEEB-GPU cost

function affect the overall performance. The experiments
were conducted using the real-world PAI trace to capture
realistic request arrival patterns and workload variability.
Algorithm 2 uses these parameters to dynamically balance
latency and accuracy during scheduling decisions. When
A1 increases, the algorithm places more emphasis on mini-
mizing latency. As a result, SEEB-GPU selects earlier exits
more frequently, which reduces the average latency to ap-
proximately 0.045 s. As shown in Figure 9a, increasing 1,
prioritizes latency reduction, leading to smaller inference de-
lays. In contrast, increasing A, emphasizes accuracy, as seen
in Figure 9b, improving prediction precision while slightly
increasing latency. Conversely, when A, increases, SEEB-
GPU prioritizes accuracy by enabling deeper model exits,
achieving up to 94% accuracy but with a small increase in la-
tency (approximately 0.050 s). This analysis provides a clear
trade-off between latency and accuracy, demonstrating that
SEEB-GPU can adaptively balance both by tuning A; and A,.

5.4 Ablation Study

In this experiment, we vary two application-level control
knobs, confidence threshold and batch size, and one system-
level knob TPC-masks to evaluate their individual and com-
bined effects on inference latency, accuracy, and GPU efficacy.
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Figure 10: Evaluation of the ablation Study for the different configurations mentioned in Table 5. SEEB-GPU (con-
figuration 6) chooses the confidence threshold and batch sizes, thereby reducing the latency without compromising
accuracy.

Table 5: Experimental configurations for the Ablation

Study.
Config | Confidence Threshold | Batch Size | TPC Assignment
1 0.3 (Fixed) Tuned Disabled
2 0.9 (Fixed) Tuned Disabled
3 Tuned 2 (Fixed) Disabled
4 Tuned 128 (Fixed) Disabled
5 Tuned Tuned Disabled
6 Tuned Tuned Enabled

Table 5 summarizes the six configurations. All experiments
were conducted on the real-world PAI trace described in
Section 4, and the workloads listed in Table 2 are used for
this experiment.

In Configuration 1, the confidence threshold is fixed at
0.3, while the batch size is selected dynamically using Al-
gorithm 2, which determines the largest permissible value
without violating SLA constraints. Configuration 2 increases
the confidence threshold to 0.9, with the batch size again se-
lected by Algorithm 2. In Configuration 3, the batch size is
fixed at 2 to enable minimal parallelism, while the confidence
threshold is tuned by Algorithm 2 to maintain SLA com-
pliance. Configuration 4 sets the batch size to 128 and uses
a dynamically tuned confidence threshold. Configuration 5
jointly tunes both application-level control knobs. For Con-
figurations 1-5, TPC assignment is disabled, and all tasks are
executed in individual streams with access to all SMs. Finally,
Configuration 6 (SEEB-GPU) enables TPC assignment using
Algorithm 1 and jointly tunes both the confidence threshold
and batch size using Algorithm 2.

Figure 10a—10c show the latency, accuracy, and GPU ef-
ficacy for all ablation configurations. In Configuration 1, la-
tency is the smallest because the confidence threshold is
fixed at 0.3, causing SEEB-GPU to take the earliest exit for
most tasks. However, this aggressive early-exit policy re-
sults in low accuracy (around 40%), as shown in Figure 10b.
In Configuration 2, the confidence threshold is increased to

0.9, forcing tasks to pass through deeper exits, which im-
proves accuracy to above 90% but increases latency to about
43 ms. Configuration 3 uses the smallest batch size 2, so tasks
are dispatched almost immediately without waiting for ad-
ditional requests, resulting in moderate latency and stable
accuracy. In contrast, Configuration 4 uses the largest batch
size 128, which increases waiting time and thus leads to the
larger latency compared to Configuration 3. Configuration
5 jointly tunes both confidence and batch size, achieving a
balance between latency and accuracy without TPC assign-
ment. Finally, Configuration 6 (SEEB-GPU) enables the TPC
partitioning and adaptive tuning of both parameters, achiev-
ing the highest GPU eflicacy, as shown in Figure 10c. These
results confirm that joint optimization with TPC assignment
allows SEEB-GPU to operate efficiently while maintaining
SLA compliance.

5.5 Overhead Analysis

This section examines the overhead associated with all sched-
uling solutions. For SEEB-GPU, the overhead primarily arises
from computing the confidence threshold and selecting the
appropriate batch size. Specifically, we measure the overhead
for all solutions as the time required to compute their respec-
tive scheduling logic. In the overhead analysis, we focus on
the execution time of the algorithms because all baselines
have the same 100 ms time to collect requests, at which point
the algorithm makes a decision, which is what we report.
For GSLICE, we do not include GPU wait time in the over-
head measurement. This is because the wait time arises from
resource unavailability (i.e., lack of free GPU capacity), not
from the scheduling or algorithmic logic itself. To measure
the scheduling overhead, we record the execution time of
the scheduling algorithm for each experiment and calculate
the average runtime across all runs. In Figure 11, SEEB-GPU
shows a slightly higher scheduling overhead due to its extra
optimization logic. However, this overhead is only about 1
ms, which is negligible compared to the average inference
latency of 45 ms observed across all baselines. Therefore, the
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Figure 11: Scheduling overhead for all the solutions.

runtime overhead of SEEB-GPU is relatively small compared
to the total execution time.

6 Related Work

Extensive research in edge computing focuses on improving
latency, scheduling efficiency, and throughput. We review the
most relevant prior work, divided into two main categories:
model-level optimization and deep learning inference at the
edge.

Model-level Optimization. Several works propose meth-
ods to reduce inference latency through model-level opti-
mization [46][3]. Techniques such as weight pruning [54],
channel pruning [29], quantization [38], compression [40],
[31] and layer decomposition [18], [11] help reduce the com-
plexity of DNNs. All these solutions aim to reduce redun-
dant weights in convolutional neural networks (CNNs) since
over-parameterization leads to unnecessary correlations. Al-
though these methods can speed up machine learning in-
ference, they alter the CNN model structure offline, which
prevents them from dynamically balancing latency and ac-
curacy at runtime. Additionally, these approaches primarily
focus on model-specific optimization and overlook system-
level improvements.

Deep Learning Inference on GPUs. A variety of indus-
trial and academic efforts develop systems for DNN inference
on both cloud and edge GPUs. TensorRT [25] and Triton [33]
are general-purpose inference servers used in production,
but they do not provide SLA guarantees. Clipper [10] tar-
gets throughput and latency using a modular architecture.
Swayam [21] and GPUColo [5] use controllers to allocate
resources dynamically in environments where inference and
training share GPUs, but they do not perform model-specific
optimization. DeepRT [50] introduces adaptive batching for
edge GPUs. Pantheon [22] proposes fine-grained preemption
for early-exit DNNs. Délen [28] applies early exits to reduce
latency on GPUs.

These solutions focus primarily on model optimization, SLA
control, or GPU resource control. SEEB-GPU addresses all three
areas. Our solution combines model-specific optimization with
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Table 6: Comparison with Prior Work

Service Model GPU Resource SLA
Framework Optimization’ Control Control
TF-Serving [36] v X X
Triton [33] v v X
Clipper [10] v X v
GPUColo [5] X v v
DeepRT [50] v X v
Délen [28] v X X
BCEdge [53] v X v
GSLICE [12] X v v
BranchyNet [45] v X X
SEEB-GPU (Ours) v v v

TOptimization includes any of the following: pruning,
quantization, early exits, and batching techniques.

proportional GPU resource assignment, ensuring fewer SLA
violations as shown in Table 6.

7 Conclusion and Future Work

SEEB-GPU provides a comprehensive and efficient solution
for deep learning inference on edge GPUs, addressing model
optimization, SLA control, and GPU resource management
simultaneously. It introduces a pre-batching mechanism that
groups inference requests, allowing for proportional allo-
cation of GPU resources. Additionally, SEEB-GPU utilizes
fine-grained TPC control to minimize contention among pro-
cesses. The system employs confidence-based early-exits, dy-
namically adjusted through an EDF scheduling heuristic, to
reduce latency while maintaining high accuracy. SEEB-GPU
operates effectively with minimal overhead and remains
portable across different GPU vendors. Extensive evaluations
using various workload traces demonstrate that SEEB-GPU
consistently reduces inference latency, improves SLA com-
pliance, and maintains or enhances accuracy compared to
existing edge inference solutions. Overall, SEEB-GPU enables
scalable, SLA-aware, and latency-sensitive deep learning in-
ference at the edge, making it well-suited for real-time appli-
cations in resource-constrained environments. Future work
includes testing SEEB-GPU on more edge GPUs, including
Nvidia Jetson Orin and AMD GPUs, and including power-
aware scheduling on SEEB-GPU.
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