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Abstract—Splitting complex model inference between multiple
computing devices can overcome latency and energy constraints at
the edge. Newer edge accelerator devices with higher computing
capacity and energy efficiency, enable more fine-grained offload
throughout layers of the network, leading to the potential for
multiple split configurations. However, optimizing a DNN for
inference across networked devices requires a precise performance
model that can guide design choices. In this paper, we demonstrate
that existing models for computation and communication latency
are inaccurate due to system considerations and propose a new
empirical model based on structured benchmarking, considering
data ingestion overhead due to transfers between devices as well
as within a device for data to reach the GPU. We validate our
split inference performance model using VGG16 and ResNet50
networks on two heterogeneous platforms, showing it achieves
a mean absolute error of no more than 4% for both DNNs,
significantly outperforming previous models with errors of more
than 15%. We also validate the practical utility of our model by
incorporating it into existing split inference search algorithms
under multi-split, dynamic bandwidth, and multi-tenant scenarios,
demonstrating its effectiveness in navigating the split inference
search space.

Index Terms—Deep learning inference, hardware acceleration,
edge computing.

I. INTRODUCTION

Resource-constrained edge devices struggle to perform low-
latency inference with complex DNN models. Split inference
addresses this by partitioning DNN execution between the edge
and cloud, enabling efficient inference on a constrained edge
device while leveraging cloud performance [1]-[4]. While the
performance benefit of cloud computing can be enough to
overcome the newly introduced communication latency, this
communication latency remains significant, precluding split
inference from use in a variety of latency-sensitive scenarios.

New generation edge hardware based on GPUs such as the
Nvidia Jetson Orin Nano [5] and AGX Orin [6], FPGAs [7],
or in-memory computing devices [8] dramatically increases
computational capability at or near the edge. These offer an
intermediate offload target for split inference by constrained
edge devices, potentially in combination with a traditional cloud
where necessary, or with multiple splits across such accelerators.
Unlike traditional “cloudlet” servers further up the network,
these can be deployed within a few hops of the edge, potentially
integrated into infrastructure such as mobile base-stations [9],
[10]. This would allow inference deployments with multiple
splits involving edge device(s), near-edge accelerator(s), and
potentially, the cloud.

Edge accelerators do not offer as much raw computational
performance as cloud servers, and when multiple splits are used,
communication overheads must be carefully considered. Given
that for many DNNs intermediate activations can be large [1],
[11]-[13], inserting splits can have a significant adverse effect
on communication latency. Compressing intermediate activation
data has been explored to reduce communication latency, using
tensor low-rank decomposition [14], quantization [15], [16],
and inserting autoencoders [2], [17].

Considering the design space of multiple split positions,
the relative computational capabilities of the platforms, and
communication compression, optimizing latency and energy
is challenging, requiring precise models. Existing split DNN
search space optimization algorithms [3], [18]-[20] all rely
on such fundamental computation and communication models.
In this work, we develop a detailed, structured benchmarking
approach to enable more accurate modeling and characterization
of split inference systems using near-edge accelerators to
support such optimizations, which are orthogonal to our
contribution. We focus on single-model inference scenarios
as in prior work [2], [4], [19], [21], though we show how
the model can be applied to other scenarios (Sec. V-D). Our
contributions in this paper are:

o Show experimentally that autoencoder-based communica-
tion compression offers higher accuracy and compression
ratio than quantization and tensor low-rank decomposition.

o Propose a precise computation and communication formu-
lation that matches measurements from practical deploy-
ments, considering system characteristics of GPU data
ingestion and packet-based network data transfer.

o Build a real system comprising multiple accelerators
and validate our proposed split DNN approach with the
VGG16 and ResNet50 models on the CIFAR-100 dataset
in a single-split setup with different batch sizes, reporting
our model’s accuracy.

e Show use of the performance model to guide multi-split,
dynamic bandwidth, and multi-tenant search scenarios.

II. RELATED WORK

Accurate end-to-end modeling is required to optimize split
DNN inference. Graph-theoretic algorithms [3], [18], deep
reinforcement learning [22], dynamic programming [20], and
other optimization algorithms [23] have been applied to
tame the search space, but the underlying computation and



d near-edge near-edge
edge accelerator 1 accelerator M
network 1 network 2 network M

Fig. 1: Split DNN system architecture.

communication models can be overly simplistic, leading to
a discrepancy between theoretical optima and achievable
performance. The work in [21] eliminates offline profiling
by heuristically adapting the split during runtime to minimize
latency, but this approach does not scale to multiple splits.

A common approach for modeling the computation latency
of DNN segments is to sum profiled latencies of individual
layers. This approach is used in various split methods, including
graph-theoretic split search [3], [12], [18], co-optimization of
wordlengths and split points [15], and Neural Architecture
Search (NAS) [24]. However, this approximation is inaccurate
due to compilers applying cross-layer inference optimization
in hardware. To avoid the cost of profiling, several works
instead build latency models. [25] modeled execution latency
considering resource availability, partition point, and cross-
DNN interference, but only considered CPUs. Other approaches
predict per-layer execution latency using regression models over
layer types [1], [26], fully-connected neural networks across
platforms [27], collaborative filtering [4], or formulations based
on layer computational load and device peak performance [28].
These approaches all predict the latency of an individual layer,
so when summed to determine segment latency are inherently
less accurate than profiling. Offline profiling of all possible
DNN segments was used in [2], but this is not feasible when
considering a large number of DNN segments and multiple
split positions with various autoencoder configurations.

Communication latency is often unrealistically modeled
as data size divided by bandwidth. Round-trip latency was
additionally considered in [13], [16], [19], where [16] quantized
inputs at each split, [13] co-optimized financial costs, and [19]
used autoencoders, extending to two splits. However, such a
communication model does not accurately reflect the packet-
based nature of network transmission. Network wake-up time
and transmission time were considered in [29], but without a
general formulation. DNN segments exchange data that exceeds
the size of a single packet so transport layer characteristics
can have a significant impact on model accuracy.

Finally, the latency of data movement between the network
interface (NIC) and GPU/accelerator within a compute platform
is not negligible, especially for resource-limited edge and near-
edge accelerators [30]. This has been considered in the cloud
GPU setting [31], but not in near-edge accelerators, where this
factor is even more significant.
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Fig. 2: Accuracy comparison of VGG16 on the CIFAR-100
dataset with autoencoder, low-bit quantization, and SVD.
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III. MOTIVATION
A. Overview

We consider a system comprising an edge device and M
near-edge accelerator devices, as shown in Fig. 1. The DNN
is split at M positions leading to (M + 1) partitions, which
are executed on the edge and M near-edge accelerators in a
chain. Input data is captured by the edge, where the first DNN
partition is executed. Intermediate activations are transmitted
from the edge to the first near-edge accelerator that executes
the second DNN partition. This process continues sequentially,
with activations forwarded to subsequent accelerators until the
M'th near-edge accelerator executes the (M + 1)th partition
to complete inference. Autoencoders are used to compress
intermediate activations at each split.

B. Communication Compression

Splitting more than once can introduce significant commu-
nication latency. Hence, it is critical to compress intermediate
activations with minimal accuracy loss in order for such a
multi-split setup to be feasible. Quantization and Singular Value
Decomposition (SVD) have been proposed in the past, and
require no modifications to the model [14], [15]. Alternatively,
autoencoders can be added and fine-tuned [2], [17], [32]. In
this setting, an encoder is deployed at the source to compress
the transmitted data, and a decoder is deployed at the sink
to decompress. We explore the lightweight convolutional
autoencoder design in [17], and adjust convolutional layer
parameters to control the compression ratio and accuracy trade-
off.

To understand how well these compression methods perform
in practice, we evaluate their compression ratios and impact
on model accuracy for a single split applied to VGG16 on
the CIFAR-100 dataset in Fig. 2. We evaluate quantization
to 2, 4, 8, and 16 bits with fine-tuning, explore a range of
tensor ranks for SVD, and include a range of autoencoder
configurations. Autoencoders offer much better compression
with marginal accuracy drop, while other methods suffer much
more significant accuracy drop.

C. Limitations of Previous DNN Split Models

Edge-cloud split inference has traditionally been considered
in the context of edge devices with low computational ca-
pability. Newer edge accelerator hardware with much higher
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Fig. 3: Illustration of measurement setup showing the measurement machine that initiates measurements and the measured

components.

capability, introduces more opportunities for latency and energy
optimization, but also demands a more accurate model to
guide DNN split inference. Previous performance models
neglect important system considerations such as cross-layer
DNN inference optimizations in hardware, data movement
between the network and accelerator hardware, and packet-
based network transmission, leading to inaccurate predictions,
which are more problematic in a multi-split setting.

To demonstrate this, we measure the real inference latency of
VGG16 pretrained on the CIFAR-100 dataset with a single split
(thus two DNN segments) in an edge and near-edge accelerator
system as shown in Fig. 3. The edge device is an Nvidia Jetson
Orin Nano, which executes the first DNN segment, while the
near-edge accelerator is an Nvidia Jetson AGX Orin, which
executes the second DNN segment. Intermediate activations
are transmitted over a 1 Gbps wired network. Consistent with
prior work [33], [34], we use User Datagram Protocol (UDP)
for activation transmission. While these studies consider loss-
aware split DNN inference, we adopt a simple policy that
discards an input if any of its UDP packets are lost. Since
DNN segments are statically determined, the number and
size of input and output UDP packets for communication
are known upfront. A separate measurement machine with an
Intel Core i7-11700 CPU at 2.50GHz running Ubuntu 20.04,
wired to the same switch, is used to measure the end-to-end
latency. This measurement machine sends the DNN input to
the edge device via consecutive UDP packets and records
the timestamp of the last packet (7.50). This is to reduce
the influence of the measurement machine on forming and
sending data, and allows us to characterize the edge device’s
ingestion characteristics, should it also be used for offload.
When the edge device receives a full input, it moves the data
to its GPU for inference on the first DNN segment, before
moving the resulting intermediate activations to its NIC for
transmission to the near-edge accelerator. Meanwhile, the edge
device records the start and end times of each step (751 to
TS4) as shown in Fig. 3. A similar process occurs at the
near-edge accelerator, which records timestamps 7'S5 to T'SS.
Once the near-edge accelerator completes execution, the result
is transmitted to the measurement machine which records the
timestamp of receiving the result (7°59). Note we only compare
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Fig. 4: Comparison between measured latency and predicted
latency of the naive model on VGG16.

timestamps recorded by the same device. The measurement
machine measures the interval between sending the last UDP
packet to the edge and receiving the result from the near-edge
accelerator as the end-to-end latency (759 — T50). During
inference, the measurement machine does not interfere with the
edge and near-edge accelerator, completing 200 closed-loop
measurements. Without loss of generality, we select both the
middle and last split positions among all the split candidates
for a single split and conduct the measurement with various
batch sizes. Fig. 4 compares the average measured end-to-end
latency with the latency predicted by a naive model as used in
previous work [19]. The results show a significant discrepancy
due to the inaccuracy of the computation and communication
models, and NIC-to-GPU data movement being ignored.

IV. PROPOSED APPROACH

Based on this analysis, we propose an end-to-end latency
model for the system in Fig. 1, that accounts for packet-based
communication, cross-layer inference optimization, and NIC-
GPU data movement. To demonstrate that our formulation is
not restricted to a single hardware architecture, our empirical
measurements, baseline profiling, and subsequent model vali-
dations are conducted and verified across two heterogeneous
computing platforms, namely the Nvidia Jetson Orin Nano
and the Jetson AGX Orin. The overall split DNN execution
process is shown in Fig. 5. We map a DNN comprising
N + 1 layers, and therefore N potential split positions to
M near-edge accelerators. A split s,, € {1..N} can be
implemented using an autoencoder k., € K, where K is the
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Fig. 5: Overall split DNN execution process. The edge executes
the first DNN segment, moves intermediate activations from
GPU to NIC then sends them as UDP packets to the first
near-edge accelerator. This receives packets, moves data to the
GPU to execute the second DNN segment, and transfers the
resulting activations to the second near-edge accelerator. This
process continues sequentially across the chain of M near-edge
accelerators until inference completion.

TABLE I: Model coefficients for computation. All coefficients
are in x10~* ms/layer.

Platform (V) VGG16 ResNet50

Co,y Ci1,y Co,y C1,y
Orin Nano (£) 6.75 -239 5.16 0.77
AGX Orin (M) 534 186 520 -0.54

set of possible autoencoder configurations and m € {1..M}
since there is a split for each near-edge accelerator. We consider
the computation latency, the communication latency, and the
data processing latency between the NIC and GPU in each
device. Our framework provides a general model for these three
latency components. Specifically, the computation model in
Sec. IV-A explicitly incorporates the compressing autoencoder,
where the encoder and decoder are simply considered as
additional DNN layers. Correspondingly, the communication
model in Section IV-B and the network data processing model
in Section IV-C account for the data volume after compression.

A. Computation Latency Model

First, we profile execution of the individual N + 1 DNN
layers (or portions where splits are feasible), as well as different
autoencoders, K, on the different hardware devices: edge
(€) and near-edge accelerators (N). We denote the execution
latency of the nth layer or portion on the edge and near-
edge as Tewec, ¢, and Texec, s, respectively. For a given
autoencoder configuration k, we denote the execution time
of the encoders on the edge and accelerators as Tezecenc,, e
and Tezecenc, n respectively. We also denote the execution
time of the decoders on the accelerators as Tezecgec,, n (the
edge is never a sink). Second, we profile the execution latency
of combined DNN segments with varying numbers of layers
on each device, to determine the latency discrepancy between
summed and combined executions. Based on this, we derive
linear regression constants Cg 1y,¢ (in seconds per layer), and
C{o,13,n (in seconds) for the edge and near-edge accelerators,
respectively. Cp ¢ X 51 4+ C ¢ represents a latency correction
term (in seconds) for a segment with s; layers. These constants
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Fig. 6: Comparison of measured, naive summation, and our
model’s predicted latencies for ResNet50 (batch size 1) on
Jetson Orin Nano (+) and AGX Orin (—).

are DNN and device dependent. Fig. 6 shows that this linear
regression offers an accurate approximation of actual segment
latency, compared to traditional summed latency approaches,
with mean absolute percentage errors of 9.28% and 2.07% for
Jetson Orin Nano and AGX Orin, respectively. These derived
values for the computation model are shown in Table L.

The total computation latency of the first portion of DNN
layers and the first split encoder on the edge is hence:

51—1

Texecg = Z Tezec; ¢ + Texecene,, & — (Co’g X 81+ Cl’g)
i=0
(H

where s; is the first split position and k; is the autoencoder
configuration for the first split.

The execution latency of the decoder, the portion of DNN
layers, and the encoder on the mth near-edge accelerator is
then:

Sm,+1—1
Tezecys,, = Texecdeckm N+ E Texec; p
1=8m
+ Tewecenckm N

—(Con X (Smg1—sm+2)+Cin) (@

where m € {1,2,..., M}, s,, is the chosen mth split position
and k,, is the chosen autoencoder configuration for the mth
split. The Mth near-edge accelerator does not have an encoder,
while Eq. 2 can be readily adapted accordingly.

Hence, the total execution latency is:

M
Texec = Texecg + Z Tezecy,,

m=1

3

B. Communication Latency Model

Previous work failed to consider the latency overhead
due to packet-based data communication. Our latency model
comprises two components: the latency for the first packet to
be sent and arrive at the receiver and the latency from that
first packet until reception of the last packet. We measure
communication latency without DNN execution in Fig. 7. A
measurement machine (receiver) exchanges UDP packets with
the edge device over a wired connection. The receiver sends
UDP packets to the sender, and records 7'S10 for the last packet



device First pkt Last pkt
Receiver
(Measure

Send UDP pkts Receive UDP pkts

. to Sender from Sender
machine)
Sender First pk_t transmit Pkts reception
(Orin Nano, Retransmit UDP pkts
AGX Orin) to Receiver

TS10 TS11 TS12  time

Fig. 7: Communication measurement setup.

TABLE II: Model coefficients for communication.

Qo,y Q1,y Trry
Platform (Y) . 1-3"11/KB) (ms) (ms)
Orin Nano (£) 8.58 -0.57 1.59
AGX Orin (\) 832 054 167

sent, which approximates the sender’s first packet transmission
due to negligible single-packet latency over a wired connection.
After receiving packets, the sender retransmits them to the
receiver. The receiver records 7'S11 and 7'S12 for the first and
last received packets. We compute the first packet transmission
latency as 7'S11 — TS10, and packet reception latency as
TS12 — TS11. Fig. 8 (a) illustrates these latencies across
varying data sizes for sender-receiver systems tested separately.
We employ linear regression to model packet reception latency
(TS12 — TS11) as a function of data size, while modeling
first packet transmission latency (7.S11 — T'S10) as a constant
averaged across data sizes. The mean absolute percentage errors
of the packet reception latency are 2.54% and 3.12% for Jetson
Orin Nano and AGX Orin, respectively. Fig. 8 (b) compares
the absolute percentage prediction error of our model with
a naive communication model based on bandwidth measured
using iperf3 [35], demonstrating the accuracy of our model.
The Jetson Orin Nano and AGX Orin exhibit comparable
communication latencies, due to their similar CPU performance.

We profile the first packet transmission latency from the
upstream edge device or (m — 1)th near-edge accelerator to
the downstream mth near-edge accelerator, denoted as Trp ar.
We also profile the packet reception latency for the mth near-
edge accelerators, and derive the linear regression constants as
Q{0,1y,n- We denote the output data size of autoencoder k,
as dg,,. These derived values for the communication model
are shown in Table II.

Thus, we model the communication latency of the network
from the edge device or (m — 1)th near-edge accelerator to
the mth near-edge accelerator as follows:

Tcommy;,, = (Qon X di,, + Qin) +Trp (4
where m € {1,2,...,M}.
The total communication latency is then:
M
Tcomm = Z Tcommyyy,, 5)

m=1

C. Network Data Processing Model

Network data processing latency is another significant source
of latency. It is the time required to transfer input data from the
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Fig. 9: Proportions of total end-to-end latency due to computa-

tion, network data processing, and communication for VGG16

(+) and ResNet50 (—).

NIC to CPU for packet ingestion and tensor reshaping, then
to the GPU for DNN execution via on-chip interconnect (NIC-
GPU latency), and the reverse (GPU-NIC latency). To quantify
its significance, we split VGG16 and ResNet50 at various single
split positions, and measured end-to-end execution latency and
network data processing latency using the experimental setup
in Fig. 3. The edge records 7'S1 upon receiving all UDP
packets from the measurement machine, and 7'S2 after moving
data into the GPU for DNN execution. NIC-GPU latency is
TS2 — TS1. It records DNN execution completion (7°53), and
the point where output data is ready for transmission (7°54).
GPU-NIC latency is thus 754 — TS3. The same is done at
the near-edge accelerator for 7'S5 to 7'S§. The proportion of

total end-to-end latencgl consumed by data processing is thus
(TS2—TS1)+(TS4— Tﬁggt(Ti:qsoﬁ— TS5)+(TS8—TS7) Fig. 9 shows
this constitutes approximately 25% and 15% for VGG16 and

ResNet50, respectively, across different split configurations.
To confirm that this measurement is not DNN-specific, we
use a simple single ReLU layer for profiling. We validate this
approximation by comparing the latencies of this setup against
a convolutional DNN with five layers, adjusting the channel
configurations of the first and last layers to achieve different
data sizes. As shown in Fig. 10, the ReLU measurement
shows acceptable correspondence to a full convolutional
segment on both the Jetson Orin Nano and AGX Orin, for
both NIC-GPU and GPU-NIC latencies, across different data
sizes. Consequently, we can compute a linear regression for
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the NIC-GPU and GPU-NIC latencies using a single-layer
ReLU network as a function of data size. The mean absolute
percentage errors are 2.21% and 4.66% for NIC-GPU latency
on Jetson Orin Nano and AGX Orin, and 8.34% and 7.53%
for GPU-NIC latency, respectively.

We profile the NIC-GPU and GPU-NIC latency on the edge
and the near-edge accelerators, and employ linear regression
for each. The NIC-GPU regression constants are denoted
as Pyn, w3~ for the near-edge accelerators, and the GPU-
NIC constants as Pyg, ¢,1,{e,.n} for the edge and the near-
edge accelerators. These derived values for the network data
processing model are shown in Table III.

We incorporate this network data processing latency into the
model. At the edge:

TpTOCg = PGU,S X dkl + P01 £ (6)
At the near-edge accelerator:
Tprocyy, = (PNU,N X dg,, + Pn, ,N)
+ (Pgyn X di,, .y + P, ) @)
where m € {1,2,...,M}.
The total network processing latency is:
M
Tproc = Tprocg + Z Tprocyy,, 8)
m=1
And the total latency of the system is:
Tiotai = Texec + Tcomm + Tproc ©)]

Recall that this can be extended to arbitrary splits and the
devices can be homogeneous or heterogeneous.
We calculate the total energy consumption as

Eiotar = (Texecg + Tprocg) X pe+
M
(Tezecy

m

+ Tprocy,, + Tcommy,,) X DA,
m=1
(10)
where pe and pps represent the power consumption during
execution of the edge and near-edge respectively. These power
consumption values are profiled with jetson-stats [36]

TABLE III: Model coefficients for network data processing.

Platform (V) NIC—GPU GPU—NIC
P,y Pn,y Pg,y,y Pg,,y
(x10~* ms/KB) (ms) (x10~% ms/KB) (ms)
Orin Nano (€) 1.63 1.12 3.94 0.70
AGX Orin (N) 1.15 0.75 2.77 0.09

using the same structured benchmarking approach, which
allows for accurate energy prediction given the precision of
our runtime model.

D. Profiling New DNNs and Devices

Our model can be applied to a new DNN and/or device D as
follows. For the computation latency model, profile execution
latency of individual DNN layers and a limited number of
selected combined DNN segments—this is both DNN and
device dependent. In practice, we find that selecting the same
number of combined segments as individual layers is sufficient
to accurately model the discrepancy between summed and
combined latencies. Specifically, for a DNN with N potential
splits, profiling 2V + 1 configurations is adequate. Based on
these measurements, obtain 0{071}73.

For the communication model, profile first packet transmis-
sion latency Trp p and packet reception latency per device
Q{0,1},p- For the network data processing model, profile the
NIC-GPU and the GPU-NIC latency for each device, denoted
as Pyy, n,y,p and Pq, q,1,p respectively. We profiled for 20
data sizes from 1-10 UDP packet(s) to cover all possible inter-
mediate activation sizes. The communication and network data
processing models are device-specific rather than DNN-specific,
thus, evaluating new compression mechanisms, autoencoders,
or even different DNN architectures requires no re-profiling of
these infrastructural delays. Consequently, only the execution
times of the modified DNN layers require re-profiling and
modeling. Ultimately, the profiling overhead of communication
and network data processing is effectively amortized across
subsequent explorations of new split configurations.

As in prior work [11], we consider the deployed DNN
applications to be predetermined, and profiling individual
layers and combined segments can be fully automated through
scripting, making profiling effort acceptable for an accurate
model that can also be used for dynamic resource allocation.

V. EVALUATION

A. Experimental Setting

Our system is based on GStreamer [37] and NNStreamer [38],
[39], using PyTorch version 1.11.0 as deep learning backend.
The hardware configuration comprises an Nvidia Jetson Orin
Nano 8GB as the edge and an Nvidia Jetson AGX Orin 64GB
as the near-edge accelerator. We employ Linux Traffic Control
to simulate dynamic bandwidth, which is the underlying tool
of WonderShaper [40] used in [13], [41].
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Fig. 11: Normalized latency comparison of proposed model and
naive model for VGG16 (+) and ResNet50 (—) on CIFAR-
100 across batch sizes and split positions.

B. Validation of Proposed Model

We compare our model with previous models such as the
one in [19], using VGG16 and ResNet50 pretrained on the
CIFAR-100 dataset for a single split across an edge and near-
edge accelerator. We evaluate inference batch sizes of 1, 2,
4, 8, 16, and 32, measuring end-to-end latency in a closed-
loop manner. Fig. 11 shows predicted latencies normalized
against measured latency. Our proposed model achieves mean
absolute percentage errors of 3.7% and 2.2% on VGG16 and
ResNet50, respectively, significantly outperforming previous
models with errors of 38.9% and 15.7%. Furthermore, the
maximum absolute percentage error of our model across all
split positions and batch sizes remains below 15%, compared
to over 60% for previous models.

C. Extending to Multiple Split Positions

Our goal in this section is not to propose a new split-
search algorithm, but rather to demonstrate that the pro-
posed performance model can be seamlessly incorporated
into existing optimization frameworks to identify near-optimal
multi-split configurations. We modify the multi-split search
approach in [19], which identifies the near-optimal two-split
configurations with autoencoder compression under a user-
defined acceptable accuracy loss threshold, optimizing end-to-
end latency and energy. Specifically, [19] utilizes single-split
accuracy as a proxy for two-split accuracy to shrink the search
space, and then exhaustively searches the remaining space
using the latency and energy models to obtain near-optimal
trade-offs. Here, the second split offloads to an Nvidia A100
GPU. Fig. 12 shows determined split configurations with the
proposed model for VGG16 and ResNet50, with energy and
latency normalized against full execution on the edge. Grey
points show the full set of possible configurations, with green
points representing the true Pareto front, identified through
exhaustive search. Integrating the proposed model into the
existing search algorithm successfully identifies near-optimal
split strategies, shown in red, the vast majority of which meet
the accuracy loss threshold after fine-tuning (red stars), while
a few do not (red circles). For VGG16, 28% of split strategies
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Fig. 12: Experimental results for multiple splits on VGG16 (1)
and ResNet50 ({) for CIFAR-100 (batch size=1).

meet an accuracy loss threshold of 0.01, while for ResNet50,
66% of split strategies satisfy this threshold. For both DNNss,
the average additional latency and energy overhead introduced
by the autoencoders in these near-optimal split strategies is
below 5% and 7% of the total, respectively.

D. Use in Dynamic Bandwidth and Shared Offload Settings

Our proposed model can be used in a dynamic bandwidth
scenario, adapting the split position to available network
bandwidth. Fig. 13 (a) shows how different optimal split
positions are identified in response to network bandwidth
changes. As an example, we fix the autoencoder compression
ratios at the split positions (bx for VGG16 and 20x for
ResNet50), thereby avoiding an exhaustive search over all
compression configurations. From 100 Mbps to 400 Mbps,
the optimal split position of VGG16 moves from 7 to 4, and
subsequently to 2, offloading more layers from the edge to the
near-edge accelerator, due to reduced communication overhead,
achieving a 22.5-34.5% reduction in total latency compared
to the edge-only execution. The optimal split position for
ResNet50 moves from 9 to 5, and subsequently to 2, achieving
a 17.5-47.7% reduction.

Previous work has established a linear relationship between
batch size and execution latency on GPUs [42]-[44], and our
own measurements confirm this for these near-edge devices. By
using this insight, the near-edge accelerator can dynamically
modify the split position depending on the number of offloading
clients. Fig. 13 (b) shows our model identifies optimal split
positions in a multi-tenant scenario where multiple edge clients
offload to a shared near-edge accelerator connected via a 200
Mbps network. Each client processes a single input batch
through the first DNN segment and offloads the second segment
to the near-edge accelerator, which aggregates intermediate
activations from multiple clients to form a larger batch for
inference of the second DNN segment. Our model accurately
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Fig. 13: Experimental results for single split on VGG16 and
ResNet50 for CIFAR-100 under dynamic bandwidth and with
multiple clients.

predicts execution latency for batch size 1 on both edge and
near-edge accelerator, and the linear relationship provides a
prediction for batched execution on the near-edge accelerator.
As the number of edge clients increases from 2 to 16, the
optimal split position of VGG16 moves from 2 to 4, then to 7,
achieving a 27.8-37.4% reduction in total latency compared to
the edge-only execution. The optimal split position of ResNet50
moves from 2 to 9, achieving a 4.7-23.2% reduction. (Note
that more complex considerations on batching windows are
beyond scope.)

VI. CONCLUSIONS

We have proposed an accurate end-to-end latency model
for split DNN inference. By modeling cross-layer DNN
optimizations, packet-based communication, and network data
processing, combined with structured profiling, we were able
to demonstrate accurate modeling of split DNN inference on
different edge and near-edge devices. Experiments on VGG16
and ResNet50 show that our proposed model dramatically
reduces latency prediction error for DNN segments, achieving
mean absolute percentage errors of 3.7% and 2.2% on VGG16
and ResNet50, respectively, down from 38.9% and 15.7%
for previous models. We also showed that this model can be
incorporated into more complex scenarios including multiple
splits, dynamic bandwidth, and multi-tenant offload to find
feasible splitting strategies to guide split search. Our model
can be used as a drop-in replacement within existing split
optimization frameworks, enhancing their capability to make
accurate splitting decisions. We plan to investigate DNN split
inference across multiple homogeneous or heterogeneous edge
devices with consideration of dynamic batching, as well as

applying it to more complex DNNSs, such as vision transformers.
We believe the new embedded ML accelerators will further
enable efficient distributed DNN execution by facilitating com-
putation at the edge or near-edge, thereby reducing dependency
on the cloud and improving both performance reliability and
energy efficiency.
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