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Abstract—Distributed sensing through video, audio, radar
and other sensors is strongly growing with application areas
such as smart homes and Internet of Things. The concept of
edge computing proposes shifting signal and data analysis from
centralized servers close to the sensors, providing reduction in
data communication bandwidth requirements and centralized
server computation load as well as improving data privacy.
Previous works in the domain of edge computing have paid
little attention to formal modeling of computing across devices.
This work proposes the VR-PRUNE-E model of computation
that is based on the well-known dataflow abstraction. Within
VR-PRUNE-E, a specific type of resilient network graph is
introduced, which allows the distributed system to continue its
operation after the failure of any single node or connection.
Besides the formal model, the manuscript introduces the Edge-
PRUNE software framework that supports the proposed dataflow
abstraction, as well as concrete experimental results on real
edge computing scenarios. The explored setups cover networks
with up to 128 endpoint nodes and two servers. Application
examples cover popular machine learning applications of image
classification, object detection and radar signal processing, built
on CNN and transformer architectures, extended with redundant
system configurations that provide fault tolerance. The proposed
work is also benchmarked in terms of processing time and shown
to outperform previous work by 34% in computation efficiency.

Index Terms—Dataflow computing, signal processing, machine
learning, edge computing, fault tolerance.
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I. INTRODUCTION

DGE computing is becoming increasingly important with

applications such as smart homes [1], surveillance [2] and
machinery condition monitoring [3]. The analytics algorithms
involved in these applications are commonly at the core of
signal processing, or from closely related fields such as machine
learning.

Edge computing provides a variety of benefits to the deploy-
ment of algorithms and applications: the possibility to flexibly
distribute the computing load between endpoint devices and
edge servers, reducing communication bandwidth needs, and —
while less obvious — increasing the degree of privacy [4] for
the signal measured by the sensing endpoint devices, which
is especially important in smart home contexts and with video
type signals.

Although a variety of works have been published on edge
computing and collaborative edge-cloud signal/data analytics
[5], [6], [7], [8], existing frameworks for edge computing have
either been developed without considering computation models
at all, or resorting to less formally specified DAG (directed
acyclic graph) based models of computation that do not cap-
ture details of computation and data, which are important to
signal processing: definitions of samples, sampling rates and
feedback loops. In contrast, a well-defined, formal model of
computation allows analyzing application correctness at design
time, preventing the introduction of subtle application design
mistakes that can lead to costly error correction after system
deployment.

Dataflow [9], [10] has provided a well-defined model of
computation (MoC) across a variety of signal processing ap-
plications [11], and more recently also for machine learning
[12], [13]. In the context of signal processing and machine
learning (SPML) systems, the general form of dataflow can
be viewed as encompassing a large class of more specialized
models of computation [10], which are streamlined for specific
application domains, platform types or other usage or analysis
scenarios (e.g., see [14]). This paper contributes a framework
for dataflow-based modeling and design that is geared towards
efficient implementation of SPML systems on edge computing
platforms.

Consider Fig. 1, which depicts a toy example of a dataflow
graph for camera image-based face detection and recognition
(facedet and facerec blocks). Here, the camera block
emits images as data packages called rokens. Each image token
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Fig. 1. An example of a dynamic dataflow graph. Rectangles represent
actors, whereas solid arrows denote dataflow edges. Capital letters associated
with dashed lines depict partition points.

is received by the facedet block and by the switch block.
If the facedet block detects a face in the input image, it
transmits an “enable” token to the blocks switch, facerec
and select — otherwise it sends a “disable” token to these
blocks. Upon an “enable” token, the switch block relays the
camera image to the facerec block, which performs face
detection and sends the output to the select block that finally
triggers the notify block. Otherwise, if switch receives
a “disable” token from facedet, the camera image is not
forwarded to facerec, and the select block outputs a null
value that does not cause a notification event in the notify
block.

In an edge computing scenario, we can consider distribut-
ing the computations associated with the blocks between two
systems. Assuming a smart camera with some processing ca-
pacity and an edge server with abundant processing resources,
Fig. 1 depicts five different partition points denoted with letters
A through E. For example, applying partition point A would
mean that the smart camera executes only the camera block,
transmits the camera output over a remote communication
channel to the edge server, and lets the edge server process all
the remaining blocks.

The most suitable partition point among A through E can be
selected based on a variety of criteria that can include com-
munication bandwidth minimization, or balancing of the com-
putation load. However, the question of partitioning becomes
radically changed if we consider that the remote connection
between the smart camera and the edge server is unreliable,
with a chance of data loss. It turns out that with unreliability,
partition points B, C and D have severe disadvantages: loss or
unavailability of a token emitted by the facedet block can
cause synchronization problems around the facerec block
such that recognition is triggered for images that do not contain
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a face and vice-versa. More severely, if over a long period of
time, more and more tokens emitted by the facedet block are
lost, unprocessed image tokens start accumulating at the input
of the switch block causing eventually a buffer overflow with
possibly catastrophic consequences.

In contrast, if partition point A or partition point E is selected,
token loss has only mild consequences: individual images (point
A) or individual notifications (point E) can be lost, but internal
system synchrony is maintained, and buffers do not accumulate
tokens. In dataflow terminology, uncontrolled accumulation of
tokens is related to a concept called “consistency’; in particular,
one possible consequence of a dataflow graph being inconsis-
tent is that there may be no way to execute the graph iteratively,
over an indefinitely large input stream, without having an un-
bounded number of tokens accumulate on one or more buffers
within the graph. In contrast, consistent dataflow graphs permit
the handling of arbitrarily large input streams while provid-
ing guarantees of bounded buffer memory requirements. This
provision for bounded memory execution on indefinitely large
input streams is important in embedded signal and information
processing systems, where there is often no pre-specified bound
on the duration of the input signals, and even when a bound is
available, there is typically insufficient storage space available
to hold an entire input stream all at once. Reliable execution
under such conditions requires that the system operate under a
bounded memory guarantee, where the memory bound is less
than the storage capacity of the target platform.

Consistency analysis is one of the fundamental tasks in
dataflow-based application modeling. For most [10], [15], [16]
dataflow models of computation that are expressive enough to
describe a dynamic system such as in Fig. 1, decidable consis-
tency analysis is not guaranteed — that is — the consistency
analysis cannot be performed in finite time.

This paper proposes VR-PRUNE-E, an edge computing elab-
oration of the recent VR-PRUNE dataflow MoC [17]. The VR-
PRUNE-E MoC is flexible, allowing the modeling of dynamic
computations (similar to Fig. 1) ranging from individual im-
age processing filters to neural network layers, and enabling
application execution mapping from individual processor cores
across networked distributed edge scenarios. VR-PRUNE-E has
been developed with error-resilience in mind: following for-
mal design rules ensures that the dataflow graph consistency
analysis is a decidable problem. Furthermore, VR-PRUNE-E
specifies graph topologies that provide fault tolerance such that
the overall system remains operational even in the case when a
single component (node, connection) fails. Details on how VR-
PRUNE-E relates to and goes beyond VR-PRUNE will be given
in Section IV-D.

Besides the theoretical VR-PRUNE-E MoC, this paper also
presents the Edge-PRUNE Framework that implements the VR-
PRUNE-E MoC and allows deploying applications to real-life
distributed systems. A preliminary version of Edge-PRUNE has
previously been presented in [18] and its fault-tolerance aspects
have been discussed in [19]. This paper provides:

1) A complete coverage of the VR-PRUNE-E model of

computation,
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2) A description of the Edge-PRUNE software framework!,
3) Experimental results on real edge computing devices and
applications, and

4) Evaluation against previous work.
Compared to [18], [19], items #1, #3 and #4 are fully novel
content in this manuscript. An early description of the Edge-
PRUNE framework was presented in [18], however it did not
include, e.g., description of the Open Neural Network Exchange
(ONNX) support that is of key importance for Edge-PRUNE.

The rest of the paper is organized as follows: Section II
presents relevant related works, Section III presents the VR-
PRUNE MoC, Section IV elaborates the MoC to distributed
computing, Section V presents the Edge-PRUNE framework,
Section VI shows experimental evaluation of the proposed
work, Section VII discusses the results and concludes the paper.

II. BACKGROUND
A. Dataflow

Dataflow is a MoC that has gained significant popularity
as a formal abstraction of signal processing systems [9], [20]
and more recently in the field of machine learning [12]. The
dataflow abstraction captures the flow of data samples be-
tween computations, enabling formal analyses [21], as well as
practical tools for software deployment [22]. Several signif-
icant dataflow models of computation have been introduced
in the past, and in general the MoCs provide different trade-
offs between expressiveness and analyzability. On one extreme
there are fully design-time analyzable static MoCs such as
Synchronous Dataflow [9], and on the other side fully dy-
namic dataflow MoCs such as Dataflow Process Networks [10].
Whereas fully dynamic dataflow MoCs allow modeling almost
any type of application behavior, means for application cor-
rectness analysis remain limited. Between the two extremes,
there are a number of dataflow MoCs which allow capturing
restricted types of dynamic application behavior, such as pa-
rameterized SDF [20], PiSDF [23], and VR-PRUNE [17]. VR-
PRUNE allows describing signal processing applications that
are allowed to change their run-time behavior under formally
defined restrictions that preserve application design time an-
alyzability. VR-PRUNE can be considered as a predecessor
of VR-PRUNE-E; whereas VR-PRUNE addressed applications
that are executed on a single system, the proposed VR-PRUNE-
E MoC focuses on distributed dataflow computing and fault
tolerance.

B. Collaborative Inference and Distributed Computing

The developments of machine learning (ML) have recently
become a driving force in technology. Many of the central math-
ematical operations (e.g., convolution) and algorithm patterns
of ML stem from signal processing, making the fields closely
related. In the context of Edge-PRUNE, collaborative machine
learning inference is an especially relevant application area,
where the computations of a deep neural network (DNN) are

! Available at https://gitlab.com/jboutell/vprf/-/tree/edge-prune
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partitioned between a low-resource endpoint device (such as
the smart camera of Fig. 1) and a more powerful edge server.

One of the pioneering works in collaborative inference, Neu-
rosurgeon [24], proposed a prediction-based scheduler on top of
Caffe, for automatic partitioning of DNNs between mobile de-
vices and data centers. Autodidactic Neurosurgeon (ANS) [25]
elaborated on [24] by introducing adaptive learning-based par-
tition point optimization. Simultaneously with [24], the DDNN
framework [30] proposed homogeneously distributed machine
learning with early exits across cloud, edge and multiple end-
point devices. Recently, the DDNN framework has been imple-
mented within the Adaptive Computing Framework (ACF) [31].
In contrast to endpoint-server collaborative inference, several
works [6], [29], [32] have proposed the distribution of DNN
inference across multiple endpoint devices.

Edgent [5] (and its successor Boomerang [26]) continued in
the vein of Neurosurgeon, proposing DNN right-sizing using
early exits (similar to DDNN [30]), with an implementation
based on the Chainer deep learning framework. In contrast,
IONN [33] proposed an incremental offloading scheme, where
a client device uploads partitions of a DNN model to a server
for distributed inference; like Neurosurgeon, IONN is Caffe-
based. JointDNN [34] formulated the partitioning of computa-
tions as a graph shortest path problem, also paying attention
to autoencoder and generative model type DNNs, where out-
put size grows towards the last layers. JALAD [35] proposed
an optimization framework for distributing DNN computations
between edge and cloud, considering the possibility of feature
compression, accuracy and latency optimization.

DADS [27] proposed the DAG based edge-cloud DNN infer-
ence model (ECDI) that can be used to optimize the edge-cloud
partitioning of more complex than chain-like DNN structures.
For the practical implementation, DADS relies on a modified
version of Caffe. Similar to DADS, the industrial effort Auto-
Split [28], and D? [36] are DAG-based. D? follows the three-
layer (device, edge, cloud) concept of DDNN [30], as well
as parallel distribution across edge nodes like, e.g., MODNN
[32]. SPINN [7] is a PyTorch-based framework for distributed
inference that leverages concepts of early exit and dynamic
splitting, which can accommodate to run-time changes of the
environment. The successor of SPINN, DynO [8], introduced
several optimization targets and bit-width optimizations.

On the distributed computing front, TensorFlow (TF) [12]
represents a major commercial tool for distributed machine
learning; compared to Edge-PRUNE, the underlying dataflow
model of TF does not provide similar design time analyzabil-
ity [17]. DASK [37] is a Python-based library for distributed
computing with mentions on fault-tolerance features. Finally,
DAL [38] is a Kahn Process Networks (KPN) [39] based model
for distributed computing, with fault tolerance support. KPN,
unfortunately, does not provide design time analyzability of
application correctness.

Recently, the concept of semantic communication systems
[40] has been proposed, where instead of transmitting the whole
source bit sequence, only the key information is transmitted,
eliminating irrelevant information without any performance
degradation [41]. Sun et al. [41] have formulated a semantic
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TABLE I
COMPARISON OF REPRESENTATIVE EDGE COMPUTING WORKS

Work ML Fault Open Formal
support toler. source model
Edge-PRUNE ONNX Yes Yes VR-PRUNE-E
Neurosurg. [24]  Caffe No No No
ANS [25] TF+Pytorch No Yes No
Boomer. [26] Chainer No No No
DADS [27] Caffe No No DAG
Auto-Split [28]  TF/C++ No No DAG
EdgeSP [29] Unknown  No No No
DynO [8] PyTorch No No DAG
Py
q(CA)
T Px2 DPai DPas py] [lrI’ url]
Py 1 1 1 1 [0, 1]
Fig. 2. An example of an application graph G that forms a minimal DPG.

Control relationship between an input control port (black triangle) and a DRP
(white triangle) is depicted by a dashed line.

computation rate maximization problem, considering computa-
tion offloading decisions, among others, in the context of aerial-
ground networks [42].

Table I shows a summary of previous works and compares
them to Edge-PRUNE. Compared to the related works, Edge-
PRUNE offers a unique combination of a formally defined
dataflow MoC with design time analyzability, as well as support
for distributed computing with fault tolerance. The table shows
that besides the general lack of support for fault tolerance
among previous works, very few works have released a soft-
ware infrastructure that could be used for further works. In the
following two sections, the MoC of Edge-PRUNE is presented.

III. MODEL OF COMPUTATION

In this section we compactly describe the key concepts that
are common between the VR-PRUNE [17] MoC and its pro-
posed elaboration VR-PRUNE-E to make the MoC presentation
self-sustained and unambiguous.

In VR-PRUNE(-E), the top-level entity for describing an
application (for instance, a DNN) is the application graph G =
(A, F), where the set of nodes A represent computations (e.g.,
DNN layers or operations), and the set of directed edges F
represent data buffers between nodes. The edges carry data in
first-in-first-out (FIFO) order. The connection point between
an edge f € F and a node a € A is called a port p, such
that f = fifo(p,) and parent(p,) = a. Fig. 2 shows a minimal
example of a graph G, where A = {q, x, a, y} such that x and y
are a pair of dynamic actors, and ¢ is an associated control actor
(See Section III-A for an explanation of actor types). Here, for
example, f1 = fifo(ps2) = fifo(pa1) and parent(pe1) = a.

Within edges, data flows in the form of fokens that are data
packets of pre-defined size. In the machine learning context,
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tokens equal to tensors — matrices of intermediate features
between DNN layers. In classical signal processing tokens can
be interpreted as samples.

In dataflow MoCs, nodes are called actors. Computation in
an actor is triggered based on data availability: an actor can
start to compute (it fires) when all the input edges of that actor
have a sufficient number of tokens available — for each input
port of each actor, the input token rate indicates the number of
tokens required for one firing. Upon firing, the actor consumes a
number of tokens (indicated by the token rate) from each input
edge and produces a number of tokens to each departing edge
of that actor — specified by the output token rate that is defined
for each port with output direction.

Each edge f € F' of the graph G is connected to exactly
one output port p* of an actor, and to exactly one input port
p~ of an actor. The port p* = source(f) is referred to as the
source port of edge f and p~ = sink( f) is referred to as the sink
portof f.1f p™ = source(f) and p~ = sink(f), p™ and p~ are
connected ports. In the context of Fig. 2 we could write pf, =
source( f1) and p,, = sink(f1) if the port directions need to be
emphasized.

In the application graph G, each edge f € F represents the
classical bounded-size FIFO channel that is assumed to carry
all data tokens from the source port p™* of f to the sink port p~
of f without data loss; this is emphasized in VR-PRUNE-E by
denoting edges within the graph G as regular edges. Two actors
a,be G are adjacent, if p} = source(f) and p, = sink(f).
The maximum token capacity of edge f € G is indicated as
capacity( f). The current token count in edge f is expressed by
tokencount(f) such that 0 < tokencount(f) < capacity(f).
Initial tokens (delays) on edges f € F are denoted as delay(f).

Ports of graph GG actors A exist in three different types:

Static regular port (SRP). An SRP has a token rate that is
fixed to a positive integer value.

Control port (CP). A CP is similar to an SRP except that
its token rate is required to be fixed to 1.

Dynamic regular port (DRP). As the name suggests, the
DRP allows some flexibility in its token rate. At design time,
for each DRP p, a lower rate limit (/r]) and an upper rate
limit (url) are fixed such that 0 <[rl(p) <wurl(p). At runtime
the active token rate, atr(p), of a DRP can vary such that
Irl(p) < atr(p) < url(p).

The VR-PRUNE(-E) MoC has two features that set it apart
from other dataflow models of computation: a) support for vari-
able token rates, and b) the symmetric token rate requirement.
Whereas the variable token rate feature allows the token rate of
port p to vary at runtime within [r(p) and url(p), the symmetric
token rate requirement, on the other hand, necessitates that for
actors a, b € A always holds atr(p,) = atr(py) if p, and p, are
connected ports.

A. Actor Types

Each actor a € A belongs to one of the four actor types: static
processing actor (SPA), dynamic actor (DA), configuration
actor (CA), or dynamic processing actor (DPA).
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Static processing actor. The SPA type of actor can have
zero or more input SRPs, and zero or more output SRPs. In
terms of behavior (dataflow firing rules) the SPA resembles
the classical synchronous dataflow [9] actor: in order to fire,
the SPA needs to have tokencount(fifo(p~)) > atr(p~) tokens
available on each input port p~, and capacity(fifo(p™)) —
tokencount(fifo(p™)) > atr(p™) of free token space for
the edge associated with each output port p™ such that
parent(p™) = parent(p~) = a.

Configuration actor. The CA is required to have one or more
output CPs and may additionally have zero or more SRPs with
input or output direction. In terms of firing rules, configuration
actors behave identically to SPAs.

Dynamic actor. A DA has one or more DRPs of input
direction, or one or more DRPs of output direction — a DA
cannot have both input and output DRPs. In addition to the
DRPs, a DA must have one input CP and may have any number
of SRPs (input or output direction). Due to the presence of
DRPs, a DA has more than one firing rule, which are however
set deterministically by the value of the token consumed from
the input CP.

Dynamic processing actor. A DPA must have one or more
DRPs of input direction, and one or more DRPs of output
direction, as well as exactly one input CP. A DPA is not allowed
to have any SRPs. Similar to DAs, DPA firing rules are deter-
ministically set by token values read from the DPA’s control
port.

B. Control Table

In the application graph G, actors with DRPs (DPAs and
DAs) are only allowed to exist within (sub)graphs called Dy-
namic Processing Graphs (DPGs) explained in Section III-D.
Restricting the appearance of dynamic computation and com-
munication behavior to clearly defined graph structures enables
decidable graph analyzability. The DPG concept is flexible in
the sense that the application graph G may consist of several in-
terconnected DPGs, however the VR-PRUNE(-E) Design Rules
that are described is Section III-C disallow individual actors
from being associated to more than one DPG.

Each DPG has an associated control table T, which defines
(1) the control relationships between CAs, DAs and DPAs,
and (2) variable token rates between DRPs. The control table
has h rows and w + 1 columns, where h is the number of
output control ports in the DPG, and w is the number of DRPs,
respectively. The first w columns of the control table contain a
binary value of O or 1, indicating whether there is (value 1) a
control relationship between the output control port (row) and
DRP (column) or not (value 0). The last column of the control
table indicates the /rl and url token rates that apply to all DRPs
controlled by the same control output port. The graph of Fig. 2
shows a minimal example of a DPG and the associated control
table.

C. Design Rules

VR-PRUNE(-E) defines a set of Design Rules that apply to
the application graph G, but not to the VR-PRUNE-E network
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graph introduced in Section IV. The Design Rules mainly
concern interactions and control of DAs and DPAs, providing
design space limits preventing application graph design faults
related to variable token rates.

The VR-PRUNE(-E) approach for consistent deployment of
variable token rates in application graphs is defined around a
pair of dynamic actors labeled x and y, and an associated con-
trol actor ¢. For an example, consider Fig. 2. To properly define
the relationships between z, y, and ¢, some formal definitions
are required:

Definition 1: Chain. A chain is a non-empty sequence of
actors S = {aj,as, ...,an } such that a; and a1 are adjacent
Vi=1,2,...,N.

Thus, S connects a; and apy. In the case that all a; are
distinct, S is a simple chain.

Definition 2: Linked ports. Ports p, and p, are called
linked ports, denoted as {p,,p,}, if (1) = and y are adja-
cent, or (2) z and y are connected by a simple chain S =
{iC, A1,A2,...; AN, y}

As a special case of linked ports, if both p, and p, are DRPs,
{ps,py} are called linked DRPs.

For all Design Rules, we assume that z and y are a pair of
dynamic actors with linked DRPs {p,,p,}, and Sy is a con-
necting subchain Sy = a1, as, ...,ay between them. In Fig. 2,
{pz2,py1} are linked DRPs, and S; consists of a single actor
a. Notice that in general there can be more than one connecting
subchain between x and y. The Design Rules are:

1) The Linked Port Control Rule requires each pair of
linked DRPs {p,, p, }, as well as every DRP within the
actors a; € Sy to be controlled by the same output control
port pg.

2) Balanced Delay Rule: The input control ports associated
with the linked DRPs {p,,p,}, and each DRP within
actors of 57 must be connected to p, with the same delay.

3) The Connecting Subchain Rule requires that for each
actor a; € S (a) a; must be of type SPA or DPA, and (b)
a; may not belong to any connecting subchain S, that is
associated with a dynamic actor z ¢ {x, y}.

4) The Single-sided Dynamism Rule requires that all DRPs
of the DA x have output direction, and all DRPs of DA
y have input direction.

5) The Encapsulation Rule. Let k ¢ {S;} be an actor con-
nected to S7. The encapsulation rule requires that (a) if
k ¢ {x,y}, k must belong to another connecting subchain
So =by,ba,...,by controlled by a set of linked DRPs
{pa2, py2} such that parent(p,2) = x and parent (py2) =
y. If (b) k € {x,y}, then k is allowed to be connect to
{z,y} only through a DRP py, such that parent(py) = k.

For illustrations and examples on Design Rules, the reader is
advised to refer to [17].

D. Dynamic Processing Graphs

VR-PRUNE(-E) actor types and Design Rules provide
generic constraints that apply to all application graphs and
their subgraphs and set a necessary basis for decidable graph
consistency analysis. Besides the formal actor and design rule
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definitions, VR-PRUNE(-E) uses the Switch DPG (sDPG) as a
graph structure for deploying actors with variable token rates in
a consistent manner. The sSDPG was originally introduced with
the VR-PRUNE MoC that is in terms of variable token rate
behavior compatible with the proposed VR-PRUNE-E MoC.
The proof for sDPG consistency analysis decidability is not
repeated here, but the interested reader can refer to [17].

A valid sDPG consists of exactly two dynamic actors = and
vy, and exactly one control actor ¢. x and y are connected by any
positive number of linked DRPs. As stated in Section III-C, a
pair of linked DRPs may be connected by a chain of actors .5,
which in the case of sDPG can contain SPAs or DPAs. For each
S, validness of an sDPG requires that no fifo(p), where p is a
DRP, may have delay(fifo(p)) > 0.

IV. THE VR-PRUNE-E NETWORK GRAPH

The previous section compactly presented the essential
model concepts shared between VR-PRUNE and VR-PRUNE-
E. In this section the MoC is elaborated to encompass dis-
tributed system concepts that are not part of VR-PRUNE [17].

The application graph G defines the computations of an
application and assumes that 1) all computations are carried
out on a single computing platform that can have one or more
execution units (CPU cores or GPUs), and 2) data transfer
between the actors of GG is error-free. It is clear that these as-
sumptions of the graph G are not well suited for distributed edge
computing scenarios. For this reason, VR-PRUNE-E defines the
network graph NV that is formally, stepwise constructed from the
graph G. N consists of a set of actors « and a set of edges P,
N = (a, ®), which are copied instances (actors, edges) from the
graph G, interconnected by additional graph primitives (ports
and edges) for unreliable remote connections:

Interface edge (IE). The IE type of edge radically differs
from the regular edge presented in Section III in that a) there is
no assumption on the boundedness of the interface edge token
capacity, and b) data loss can occur in an IE f — a token written
to the source port of f may never appear at the sink port of f.

Interface port (IP). An interface port p is required to have
Irl(p) =0 and url(p) =1, and hence the atr(p) can vary at
runtime within the range [0, 1]. An IP type of port may only be
connected to an IE type of edge. The output IP p implements
fault-tolerant writes, i.e. if the fifo(p) cannot accept tokens, the
actor parent(p) needs to omit writing to fifo(p) and continue its
operation otherwise. Each input IP p must similarly implement
fault-tolerant reads: if the fifo(p) is unreachable, e.g., due to
communication failure, parent(p) must continue its operation
otherwise.

The VR-PRUNE-E network graph N can be defined in
several different topologies that offer various features. In the
following, we define a particular type of network graph, the
bipartite network graph (BNG), show how to construct it from
the application graph G, and analyze its fault resilience.

A. The Bipartite Network Graph

The BNG is a network graph that consists of m + n nodes
and mn edges, forming a K,,, complete bipartite graph such
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that m nodes form the server set of nodes and n nodes form
the device set of nodes. Each node of the server set is directly
connected with every node of the device set, but nodes within
the same set are not connected with each other. In terms of fault
tolerance, nodes belonging to the same set can be considered
as redundant instances of the same functionality, edge server
or endpoint node. The BNG structure is very generic and can
cover a variety of computational scenarios from the MLSP
field including, but not limited to collaborative neural inference
(m =n =1), sensor network data acquisition and processing
(m =1, n> 1), and sensor networks with additional fault tol-
erance (m > 1,n > 1).

It is important to notice that in the BNG structure, individual
nodes of the sets m and n are not single actors, but sets of actors,
defined as described in the following section.

B. Constructing the Bipartite Network Graph

The BNG graph N is constructed from the application graph
G in a nine-step procedure. For brevity, we adopt the notation
nport(n,p) which is the short form for port p of node n.

1) Identify the set of bridges B € F' from graph G. Here,

a bridge is an edge f such that (a) p™ = source(f) and
p~ = sink(f) are both SRPs with alr(p*) = atr(p™) =
1, and (b) removal of f from the graph increases its
number of connected components. Discovery of graph
bridges can be accomplished by established algorithms
such as [43].

2) If the graph G has more than one bridge, select exactly
one edge from B as the partition edge p.

3) Removing p leaves GG in two connected components, G
and G,. G, is the connected component that has the
source port source(p) of the partition edge, and G is
the connected component with the sink port sink(p) of
the partition edge.

4) Determine degrees of redundancy m > 1 for G, and n >
1 for G.. Both m and n must be positive integers.

5) Delete port source(p) from actor parent(source(p)) €
G. and add m number of output IPs pl..p” to
parent(source(p)) € G..

6) Delete port sink(p) from actor parent(sink(p)) € G
and add n number of output IPs pl..p” to
parent(sink(p)) € Gs.

7) Instantiate n copies of G. € A into « such that each
Ge1,Gea, ..., Gep € v are isomorphic with G € A. The
copies of G are referred to as the device set.

8) Instantiate m copies of Gg€ A such that each
Gs1,Gs2, ..., Ggm € v are isomorphic with G € A. The
copies of G are referred to as the server set.

9) Instantiate and connect a new IE e;; € ® such that
{source(e;;) = nport(Gei,pe;) |7 € {1,2,...,m},i €
{1,2,...,n}} and {sink(e;;) = nport(Gs;,psi) | Jj €
{1,2,...,m},i€{1,2,...,n}}

This nine-step procedure results in the VR-PRUNE-E BNG
N. It is important to notice that some actors in « have IP
type of ports that make them functionally differ from the actor
types given in Section III-A that were allowed to exist in the
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Fig. 3. Phases a) through d) of constructing the BNG N from the application graph G for a configuration of m = 2 and n = 3. Phase a) illustrates Step

1, whereas phase b) corresponds to Steps 2 and 3, phase c) corresponds to Steps 4 through 6, and phase d) Steps 7 through 9.

application graph G. Fig. 3 shows the steps of constructing a
BNG N from the application graph G.

C. Faults and Error Resilience

The VR-PRUNE-E model considers two kinds of operational
faults that are relevant to edge computing systems:

Connection failure can take place in Interface Edges (again,
not in Regular Edges), and can last for an arbitrary period —
also being permanent. Upon edge f failure, the actor source( f)
cannot write tokens to f, and the actor sink(f) cannot read
tokens from f. An edge failure can but is not required to cause
data loss in edge f.

BNG resilience against connection failure. By definition, the
VR-PRUNE-E model considers the occurrence of data loss to
take place only within IE types of edges. Since IE edges are
not allowed to exist within the application graph G, but are
strictly introduced within the BNG network graph NV as defined
in Section IV-B, it can be concluded that IEs can exist in NV
only between instances of the device set and the server set.
An IE f is necessarily connected to an IP type of port both at
source(f) and sink(f). As defined previously in Section IV,
actors with IPs are required to support fault-tolerant writes for
output IPs, and fault-tolerant reads for input IPs. Hence, for the
period when edge f = fifo(p) cannot accept or provide tokens,
parent(p) will set atr(p) to zero and continue its operation.

Node failure affects all the actors within a connected compo-
nent (server set instance G'; or device set instance G ;) simul-
taneously and is considered permanent. On the VR-PRUNE-
E model level, a device failure prevents all actors within the
affected connected component from firing after the failure has
taken place.

BNG resilience against node failure. A node failure within
the server set G, j € {1,2, ..., m} prevents the actors of the af-
fected connected component G; from consuming tokens from
the attached IEs, or similarly prevents the actors from affected
the connected component G;, i € {1,2,...,n} from producing
tokens to the attached IEs. Since the remaining functioning
connected components of « are connected to the actors of

the failed component solely over IEs, the actors within each
functioning component can set the atr(p) to zero and otherwise
continue normal operation; here, f = fifo(p) is the IE between
the failed component and the functioning component.

The connection failure and node failure are abstractions of
corresponding real-world phenomena where a remote connec-
tion link (e.g., wireless connection) or node (physical server or
endpoint device) fails. Whereas the abstract model is sufficient
for theoretical analysis of system fault tolerance, it allows some
freedom to practical implementations of the described behavior.
Section V describes the proposed Edge-PRUNE Framework
that supports the VR-PRUNE-E MoC and BNGs.

D. VR-PRUNE-E vs. VR-PRUNE

As stated earlier, the proposed VR-PRUNE-E MoC is an
elaboration of the VR-PRUNE MoC [17]. VR-PRUNE-E in-
troduces the network graph (Section IV) and the new graph
elements of interface FIFO and interface port. The interface
FIFO and interface port radically differ from the regular edge
and port types introduced in VR-PRUNE; interface edges are
unbounded and can be expected to lose tokens, whereas in-
terface ports implement fault-tolerant reads/writes to mitigate
edge and node failure consequences. A brief discussion on the
future co-evolvement between VR-PRUNE and VR-PRUNE-E
is presented Section VIL

V. THE EDGE-PRUNE FRAMEWORK

The Edge-PRUNE Framework (EPRF) follows the approach
of model-based design and software synthesis (similar to, e.g.,
[44]) for specifying the application and the underlying comput-
ing infrastructure. In addition to the network graph N, EPRF
also requires an abstraction of the underlying computing plat-
forms, which is provided in the form of an undirected platform
graph that lists the processing units (such as CPU cores and
GPUs) and specifies their interconnections. Consequently, also
a mapping file, which assigns actors to processing units, is
required. Unlike the network graph, the platform graph and the
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mapping file are specific for each computing platform in the
distributed system: in each platform-specific mapping file, each
actor is defined either for local or remote execution.

Compiler. The most important software tool related to EPRF
is the compiler, which requires as input the network graph,
actor behavior files, the platform graph and a mapping file.
Given this input, the EPRF compiler produces platform-specific
software code, which is taken by the platform-specific compiler
(for instance, gcc) to produce an executable binary. The EPRF
compiler streamlines implementation of distributed computing:
at minimum, only the mapping file needs to be modified to
reflect changes in the distributed scenario. The behavior of each
actor is described in a separate file using plain C or OpenCL
language, or by invoking an ONNX? module. Each actor de-
scription has initialization, firing and deinitialization behaviors
defined.

Explorer. A central research topic in distributed DNN infer-
ence [5], [24] has been design space exploration for endpoint/
server DNN partitioning. In contrast to most frameworks, EPRF
adopts a profiling-based approach: the EPRF Explorer tool in-
dexes the |N| actors of the network graph into an ascending
order based on precedence, and generates |N| mapping file
pairs (one for the endpoint device, and one for the server)
by shifting the client-server partitioning point actor-by-actor
from the inference input towards the inference output; evidently,
only application graph bridges provide valid partition points. In
addition to the mapping files, the explorer also generates client-
side and server-side scripts that enable execution-time profiling
of all mapping alternatives. The Explorer tool is limited to net-
work graph configurations with m = n = 1. Besides the EPRF
Explorer tool, it is also possible to apply other partitioning
algorithms to Edge-PRUNE. An example of this is shown in
Appendix A.

Analyzer. The EPRF tools include a prototype graph ana-
lyzer, which analyzes application graph G consistency against
the VR-PRUNE(-E) Design Rules.

A. EPRF Runtime

The heterogeneous parallel processing and distributed com-
puting features of EPRF have been implemented to a compact
C language library, which is compiled with the actor behavior
files and the EPRF compiler-generated files into an executable,
separately for the endpoint device side and for the server side.

The EPRF runtime library is built on Linux inter-process
communication and networking functionalities. Each actor that
has been mapped for execution on a CPU core, is instantiated as
a separate thread, and actor data exchange over FIFOs is syn-
chronized by mutex primitives. Leveraging GPUs or machine
learning accelerators is achievable either through a computing
platform specific ONNX Runtime?, or by directly specifying the
GPU accelerator code in the OpenCL language. In both cases,
memory management, data transfers and synchronization are
handled by EPRF.

Zhttps://github.com/onnx/onnx
3https://onnxruntime.ai/
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TABLE II
PLATFORMS USED FOR EXPERIMENTS

Tag CPU Oper. Sys.
i7 Intel Core 17-12700H, 4.7 GHz, 14(20) cores ~ Ubuntu 22.04
i7-2 Intel Core i7-8650U, 4.2 GHz, 4(8) cores Ubuntu 22.04

Ubuntu 20.04
Ubuntu 22.04

M1 ARM Cortex-AS55, 1.992 GHz, 4 cores
ryzen AMD Ryzen 5955WX, 4.0 GHz, 32-core

The Interface Edges (IEs) for remote connections between
the endpoint devices and server(s) are implemented by Linux
sockets such that each transmit/receive FIFO pair in an appli-
cation graph receives a dedicated TCP port number.

B. Machine Learning Hardware and Software Support

EPRF supports both PyTorch and TensorFlow, as well as
GPU and accelerator leverage through ONNX, which is an
open standard for machine learning interoperability. In practice,
the application developer specifies a (deep) neural network
architecture in PyTorch or TensorFlow, and invokes a common
software tool such as torch.onnx or t £2onnx to convert a
neural network into a portable ONNX module that contains both
the neural network architecture and weights. Recent versions of
the ONNX standard have also included classical signal process-
ing operators such as ()FFT and window functions (Hamming,
Blackman, etc.).

EPREF has in-built support for executing neural network lay-
ers that are packaged into the ONNX format. In practice, each
actor within the EPRF application graph invokes an actor-
specific ONNX module, delivering the input tensor data to
the module from EPRF FIFO edges, and writing the ONNX
module output to outgoing FIFO edges of the actor. For this
purpose, Edge-PRUNE includes a software tool for decompos-
ing an ONNX module to individual DNN layers and operators.
However, keeping several ONNX nodes within a single ONNX
module allows reducing the number of dataflow actors, which
can be beneficial for increasing execution efficiency similar to
the concept of actor merging [45].

Use of the EPRF ONNX support feature is not mandatory.
Actor behavior can also be expressed in C, OpenCL, or Halide
[46] languages, or using platform-specific neural network ac-
celeration libraries such as ARM CL or OneDNN [17].

VI. EXPERIMENTAL RESULTS

The experiments cover three major areas: 1) application run-
time evaluation in collaborative inference, 2) scaling of execu-
tion time as a function of device count, and 3) observations on
EPREF fault tolerance. The device types used for experiments are
listed in Table II. In all experiments where physically distributed
processing was involved, devices were interconnected by wired
100 Mbit Ethernet.

A. CBAM ResNet-50

This experiment covers collaborative endpoint — server
inference using the ResNet-50 [47] backbone amended with


https://github.com/onnx/onnx
https://onnxruntime.ai/
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Fig. 4. The CBAM ResNet-50 dataflow graph. The 16 rounded rectangles
colored in white are bottleneck subgraphs that contain 31 actors each. Colored
nodes are dataflow actors.

Convolutional Block Attention Modules (CBAM) [48] for Ima-
geNet 1k image classification. The dataflow graph of the CBAM
ResNet-50, depicted in Fig. 4, contains 458 dataflow actors and
537 edges. Overall, the graph consists of 16 bottleneck sub-
graphs that are connected sequentially. Internally, the bottleneck
blocks contain parallel edges, which prevents partitioning the
CBAM ResNet-50 graph within bottleneck blocks. However,
considering the edges that interconnect individual bottlenecks
blocks, as well as the actors preceding and trailing the bottle-
necks, altogether 21 graph bridges can be identified.

Fig. 5 shows the CBAM ResNet-50 collaborative infer-
ence execution times using the proposed EPRF framework for
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Fig. 5. EPRF endpoint device inference time as a function of partition point
index for the CBAM ResNet-50. The endpoint device used was M1, and the
server was the i7. The dashed line shows the inference time for endpoint-only
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Fig. 6. EPRF endpoint device inference time as a function of partition point

index for the Localization CNN. The endpoint device used was M1, and the
server was the i7. The dashed line shows the inference time for endpoint-only
inference. Inference time includes endpoint-server communication.

partition points 1 through 8. Endpoint-only inference on the M1
device takes 0.995 seconds (horizontal dashed line), compared
to which the partition points 1 through 8 provide speed-ups
between 3.4 x ...2.0x, respectively.

B. Localization CNN

The 2nd use case for collaborative inference was the Lo-
calization CNN (Convolutional Neural Network) introduced in
[49] that takes radar range-angle heatmaps as input for regres-
sion, to output a location estimate. The dataflow graph of this
CNN is a simple chain until the 2nd last actor, containing 30
actors and 29 edges of which 28 are bridges. Fig. 6 shows the
endpoint-server collaborative inference time for all the 28 par-
tition points. Using partition point 1 provides an extraordinary
speedup of 20 x, whereas partition points 2 through 10 provide
a speed-up of 2.8 x compared to endpoint-only inference time
of 0.066 seconds. If the transmitted data needs to be protected
from malicious parties [4], partition point 10 is superior to par-
tition point 1, however the trade-off with throughput becomes
significant.
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Fig. 7. EPRF endpoint device inference time as a function of partition
point index for the EfficientViT-B2 transformer. The endpoint device used
was M1, and the server was the i7. The dashed line shows the inference
time for endpoint-only inference. Inference time includes endpoint-server
communication.
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Fig. 8. EPRF endpoint device inference time as a function of partition point

index for the MobileNet vl 1.0 with input frame resolution 224 x 224. The
endpoint device used was M1, and the server was the i7. The dashed line
shows the inference time for endpoint-only inference. Inference time includes
endpoint-server communication.

C. EfficientViT-B2

As an example of recent transformer-based architectures, the
EfficientViT-B2 [50] network was selected. Fig. 7 shows that
partition points 1 and 3 yield a 5.5x speedup compared to
endpoint-only inference when EPRF is used for collaborative
inference.

D. MobileNet

As an example of a mobile-oriented CNN, the MobileNet
V1 [51] 224x 224 architecture was selected. Fig. 8 shows
the endpoint processing time as a function of partition point.
It can be seen that this mobile-oriented architecture enhances
collaborative inference performance somewhat less than larger
networks; still, an inference time speedup of 2.2 x is achievable
at partition point 8 compared to endpoint-only inference.

E. Comparison Against Previous Work

Autodidactic Neurosurgeon (ANS) [25] proposes a similar
approach for collaborative inference as EPRF, and provides two
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Fig. 9.  Endpoint device inference time as a function of partition point index
for VGG16, comparison between EPRF (proposed, in blue) and ANS (in
red) [25]. The endpoint device used was M1, and the server was the i7.
The dashed line shows the EPRF inference time for endpoint-only inference,
whereas the dotted line is for ANS. Inference time includes endpoint-server
communication.
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Fig. 10.  Endpoint device inference time as a function of partition point index
for Yolo v2 tiny, comparison between EPRF (proposed, in blue) and ANS (in
red) [25]. The endpoint device used was M1, and the server was the i7.
The dashed line shows the EPRF inference time for endpoint-only inference,
whereas the dotted line is for ANS. Inference time includes endpoint-server
communication.

neural networks, VGG16 [52] for ImageNet 1k classification
and Yolo v2 [53] tiny for COCO object detection. In terms of
graph structure, both in VGG and Yolo, all edges are bridges.

For performance comparison, these neural networks were im-
plemented in EPRF, and the collaborative inference results are
shown in Figs. 9 and 10. For both Yolo and VGG applications
EPREF clearly outperforms ANS in collaborative and endpoint-
only inference. One of the major reasons behind this is that
EPREF is implemented in C/C++ and leverages ONNX whereas
ANS is completely written in Python, and leverages PyTorch.

E. Fault-Tolerant Vehicle Image Classification

The last use case highlights the EPRF support for redundant
endpoint and server nodes using a vehicle image classification
CNN [54]. The CNN consists of 19 neural network layers in-
terconnected by 18 edges, of which all are bridges. BNG graph
alternatives with 1...2 servers and 1...6 endpoint devices
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TABLE III
VEHICLE IMAGE CLASSIFICATION COLLABORATIVE INFERENCE
TIME PER FRAME IN MILLISECONDS FOR 1 < m < 2 SERVERS
AND 1 < n < 6 ENDPOINT DEVICES. UPPER HALF:
ENDPOINT-SIDE TIME, LOWER HALF: SERVER-SIDE TIME.
MEASURED ON THE 17-2 PLATFORM

N. OF ENDPOINTS 1 2 3 4 5 6
SINGLE-SERVER 47 49 52 54 62 170

DUAL-SERVER 49 51 52 55 63 7.1

SINGLE-SERVER 48 57 65 71 87 97

DUAL-SERVER 49 58 65 7.1 89 96
TABLE IV

VEHICLE IMAGE CLASSIFICATION LARGE-SCALE SYSTEM
INFERENCE TIME MEDIAN PER FRAME IN MILLISECONDS FOR
1 < m < 2 SERVERS AND 16 < n < 128 ENDPOINT DEVICES.

ToPMOST THIRD: ENDPOINT-SIDE TIME, MIDDLE THIRD:

SERVER-SIDE TIME. BOTTOMMOST-THIRD: PER-CLIENT
PROCESSING TIME OF SERVERS. MEASURED ON THE RYZEN

PLATFORM
N. OF ENDPOINTS 16 32 64 128
CLIENT (ONE-SERVER) 27 23 23 26
CLIENT (DUAL-SERVER) 26 23 24 25
SERVER (ONE) TOTAL 121 192 265 521
SERVER (DUAL) TOTAL 105 201 283 592

SERVER (ONE) PER CLIENT 7.6 6.0 4.1 4.1
SERVER (DUAL) PER CLIENT 6.6 63 44 4.6

were established. For an experiment to explore EPRF scalabil-
ity, the BNG graph alternatives were first executed as a virtual
distributed system using the multiprocessing infrastructure of
Ubuntu Linux: each endpoint and server node was fixed to be
executed on a dedicated processor core. Table III shows that
adding an endpoint increases per-node inference time by 11%
on average, whereas adding a second server for fault tolerance
causes insignificant processing time overhead.

Large-scale deployment performance scaling of EPRF was
experimented on the 32-core ryzen architecture for 16, 32,
64 and 128 endpoint nodes, following a similar setting as in
Table III. Table IV shows that EPRF-based systems scale well
to tens of endpoint devices, and that adding a second server —
expectedly — does not impose significant a performance over-
head as the redundant server is an independent entity in terms
of communication and computation. It is important to notice
that the 64 and 128 node setup performance results are to be
considered only as indicative, since with these high numbers
of endpoint nodes there is more than one endpoint process
executing per core.

Finally, physically distributed computing was experimented
on a system consisting of an i7 device and 4x M1 devices.
This setup enabled experimenting with real-life behavior of
EPRF in terms of connection failure (disconnecting Ethernet
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cable temporarily) and node failure (powering down node) for
confirming EPRF fault tolerance.

Both the virtually and physically distributed setups behaved
identically and confirmed that a BNG based fault-tolerant sys-
tem can continue its operation in the case of permanent node
or temporary connection failures.

G. BNG Efficiency and Overhead

In large-scale distributed systems communication and com-
putation needs to be organized efficiently to minimize overhead.
In the following, the BNG scalability of clients, servers, and
communication channels is discussed from this point of view.

1) Each client node is an independent entity that scales only
into one direction with the BNG graph: the number of
servers. For the use cases we have identified, 1, 2, or
perhaps 3 as realistic numbers of servers from the fault
tolerance point of view. Scaling the number of servers
from 1 to 2 or 3 only implies replicating client output
ports, and copying the data generated by the client to one
or two further outputs. The performance impact of this
copying is negligible.

2) The scalability of the point-to-point connections between
the clients and the servers depends on the underlying
communication network bandwidth. Aspects that affect
bandwidth sufficiency are application partition point (data
size, 1), the number of clients (n) and servers (m), and
communication frequency. The bandwidth requirement
of the BNG is the product nml. The BNG graph can
be executed within a possible time constraint 7" as long
as the underlying communication network has enough
bandwidth to transmit nml bytes within period 7.

3) Each server node is an independent entity that scales in
the number of input ports as the number of clients is
increased. In Table IV the BNG graph has been scaled
to reach up to 128 client nodes, which implies that each
server node has 128 input ports that it needs to monitor,
receive the data from, and process according to the appli-
cation. The scaling of the server node is clearly critical
to the BNG scalability, further discussed below.

A server node within a BNG graph needs to monitor one input
port for each client node in the network. The runtime behavior
of a server node can be divided to three activities: 1) application
processing, 2) waiting for client input, and 3) everything else.
Out of these, the last category can be interpreted as overhead
specific to the BNG server implementation. This overhead was
measured for the large-scale BNG graph configurations of 16,
32, 64 and 128 client nodes. The overhead was highest for the
32-client configuration, totaling in 385 microseconds (12 s per
client) on the ryzen platform. Percentually, this equals to around
0.2% of the total server-side runtime.

Assuming the server overhead of 12 us per client, each client
transmitting one message per second, and max. 10% of the
server node’s 1 s time budget allocated to overhead, the server
node could process the data of more than 8000 clients within
the time budget.
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VII. DISCUSSION AND CONCLUSION

The proposed VR-PRUNE-E MoC is an elaboration of the
previously introduced VR-PRUNE MoC, which may raise the
question on the future co-evolvement of the MoCs. In general,
future developments, whether theoretical (e.g., new types of
DPGs) or practical (software framework features) should pri-
marily be based on VR-PRUNE-E due to its wider applicabil-
ity. However, if a future contribution strictly applies to single-
system computing, building on VR-PRUNE could be justifi-
able. Migration of VR-PRUNE applications to Edge-PRUNE
is trivial, as only the mapping file (See Section V) needs to
be adjusted to partition the actors from local to distributed
execution across the edge computing system. To achieve the
BNG fault tolerance, the application partitioning must follow
the steps indicated in Section IV-B.

The experimental section of the paper showed that Edge-
PRUNE provides a flexible framework for deploying neural
networks across distributed systems that consist of powerful
servers and low-cost endpoint devices. Besides the fault toler-
ance features, Edge-PRUNE also provides significant perfor-
mance, as shown in the comparison to previous work [25].

In this paper we have presented VR-PRUNE-E, a model
of computation for distributed signal processing and machine
learning, which addresses aspects of fault tolerance. We have
formally defined the VR-PRUNE-E model of computation and
design rules and shown that by constructing a Bipartite Net-
work Graph results in a distributed system that can continue
its operation normally after the failure of any single computa-
tion device or communication link. The experimental section
has presented Edge-PRUNE, a framework that heeds the VR-
PRUNE-E model of computation. The experimental evalua-
tion showed that the EPRF framework is capable of running
deep neural networks efficiently in distributed scenarios and
practically implements fault tolerance functionality on physi-
cally distributed devices. Our perception is that Edge-PRUNE
provides a significant contribution to the edge computing and
signal processing communities by providing a scalable, flexible
and freely available software framework for deploying edge
computing systems. The comparison to previous works in Ta-
ble I highlighted that although several related works have been
published, software releases are scarce. Besides the software
release, the fault tolerance aspect of Edge-PRUNE can be ex-
pected to stir further research in the dataflow community, where
fault tolerance has been little explored compared to aspects such
as throughput and decidability analyses.

For future work, we regard elaboration of Edge-PRUNE to-
wards supporting semantic communication [40] as a promising
direction. Another potential direction for future work could be
studying of model-based partition point selection [24], [25],
[27] in the context of VR-PRUNE-E.

APPENDIX A
APPLICATION OF OTHER PARTITIONING METHODS

Previous literature on collaborative inference has proposed
a multitude of approaches for client-server DNN partitioning.
This section shows the results of applying the NeuroSurgeon

3313

TABLE V
VEHICLE IMAGE CLASSIFICATION PARTITION POINT
SELECTION USING THE NEUROSURGEON [24] ALGORITHM.
YT M DENOTES SUM OF CLIENT-SIDE DNN LAYER
LATENCIES, X7'C' SUM OF SERVER-SIDE DNN LAYER
LATENCIES, AND T'U DATA TRANSFER LATENCY.
LOWEST COST IN BOLDFACE, 2ND BEST UNDERLINED.
THE SERVER DEVICE USED WAS /7, CLIENT DEVICE M1,
INTERCONNECTED BY 100MBIT ETHERNET. COLUMN 2-4
UNITS ARE IN MILLISECONDS

PP INDEX XTM XTC TU NS CosT
1 1.9 3.7 11.1 16.7
2 21.7 2.6 118.0 142.3
3 25.8 2.0 118.0 145.8
4 29.1 1.6 29.5 60.2
5 65.0 0.6 29.5 95.0
6 67.4 0.5 29.5 97.4
7 68.3 0.4 7.4 76.1
8 68.9 0.4 7.4 76.6
9 69.1 0.4 7.4 76.9
10 69.5 0.4 7.4 77.3
11 69.8 0.3 7.4 77.5
12 75.2 0.0 0.0 75.2
13 75.5 0.0 0.0 75.6
14 75.7 0.0 0.0 75.7
15 75.9 0.0 0.0 75.9
16 76.0 0.0 0.0 76.0

partitioning algorithm [24, Algorithm 1] (NS) to two applica-
tion examples. The NS algorithm can select the partition point
(PP) for best energy or best latency. Here, we concentrate on
latency.

The NS algorithm PP selection introduces a cost function
with three components: sum of latencies for DNN layers ex-
ecuted on the client side (X1'M), sum of latencies for DNN
layers executed on the server side (X7'C'), and PP specific
data transfer latency (7'U). The cost function is evaluated for
each candidate PP, and the PP candidate with minimum cost
is selected as the final PP. For computing X7'M and ¥7'C the
NS algorithm leverages DNN layer-specific latency estimates,
and for T'U the inter-layer data (tensor) size divided by network
bandwidth.

Table V shows the NS cost calculation for each partition
point for the Vehicle Classification CNN (Subsection VI-F), and
Table VI, respectively, for the Localization CNN (Subsection
VI-B). Comparing the PP-wise cost of the Localization CNN
to the PP selection provided by the EPRF Explorer tool (Fig. 6)
reveals slight differences in the partitioning cost calculation:
with the NS algorithm the cost steadily increases from PP 1
through PP 16, whereas the Explorer tool shows a steady cost
from PP 2 through PP 10.

The EPRF Explorer tool PP selection is based on latency
profiling at each PP, and hence its output reflects the true la-
tency that can be perceived for a deployed system assuming
that the compute platforms and network characteristics remain
unchanged. The NS PP selection algorithm, on the other hand,
computes the PP cost assuming DNN layer-specific latency
estimates. Much of the cost calculation differences between the
NS algorithm and the Explorer can be attributed to the fact that
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TABLE VI

LOCALIZATION CNN PARTITION POINT SELECTION

USING THE NEUROSURGEON [24] ALGORITHM. X1 M
DENOTES SUM OF CLIENT-SIDE DNN LAYER

LATENCIES, X7'C' SUM OF SERVER-SIDE DNN LAYER

LATENCIES, AND T'U DATA TRANSFER LATENCY.
LOWEST COST IN BOLDFACE, 2ND BEST UNDERLINED.
THE SERVER DEVICE USED WAS 17, CLIENT DEVICE

M1, INTERCONNECTED BY 100MBIT ETHERNET. COLUMN
2-4 UNITS ARE IN MILLISECONDS

PP INDEX XTM XTC TU NS Cost
1 1.6 15.2 1.6 18.4
2 2.9 149 262 44.0
3 3.7 14.7 26.2 44.7
4 43 14.6 262 45.2
5 11.8 14.3 26.2 52.3
6 12.6 14.1 26.2 52.9
7 13.2 14.0 26.2 534
8 18.2 13.6 262 58.1
9 19.0 13.5 26.2 58.8
10 19.6 13.4 262 59.3
11 29.1 12.7 52.4 94.3
12 30.3 125 524 95.2
13 31.3 12.3 52.4 96.0
14 50.3 114 524 114.2
15 51.5 11.2 52.4 115.2
16 52.5 11.1 524 116.0
17 55.5 10.9 13.1 79.5
18 56.1 9.3 13.1 78.5
19 56.5 9.2 13.1 78.9
20 89.5 7.6 0.1 97.2
21 89.8 3.2 0.1 93.2
22 90.0 3.2 0.1 93.4
23 90.2 3.2 0.1 93.5
24 90.4 3.2 0.1 93.7
25 90.6 0.0 0.1 90.7
26 90.7 0.0 0.1 90.8

the NS latency model assumes that each DNN layer executes in
isolation, whereas the Explorer tool’s full-application profiling
includes real-life factors such as code and data locality, cache
effects, etc. that affect latency.

Both PP selection approaches have their strengths and weak-
nesses. Whereas the Explorer tool is accurate, its results are
valid only as long as all system parameters remain unchanged.
The model-based NS algorithm, on the other hand, can produce
a PP selection decision without re-profiling if a latency estimate
is available for each layer in the DNN.
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