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ABSTRACT

Novel backscatter communication techniques enable battery-free
sensor tags to interoperate with unmodified standard IoT devices,
extending a sensor network’s capabilities in a scalable manner.
Without requiring additional dedicated infrastructure, the battery-
free tags harvest energy from the environment, while the IoT de-
vices provide them with the unmodulated carrier they need to
communicate. A schedule coordinates the provision of carriers for
the communications of battery-free devices with IoT nodes. Optimal
carrier scheduling is an NP-hard problem that limits the scalability
of network deployments. Thus, existing solutions waste energy and
other valuable resources by scheduling the carriers suboptimally.
We present DeepGANTT, a deep learning scheduler that leverages
graph neural networks to efficiently provide near-optimal carrier
scheduling. We train our scheduler with optimal schedules of rel-
atively small networks obtained from a constraint optimization
solver, achieving a performance within 3% of the optimum. With-
out the need to retrain, our scheduler generalizes to networks 6x
larger in the number of nodes and 10X larger in the number of tags
than those used for training. DeepGANTT breaks the scalability
limitations of the optimal scheduler and reduces carrier utilization
by up to 50% compared to the state-of-the-art heuristic. As a con-
sequence, our scheduler efficiently reduces energy and spectrum
utilization in backscatter networks.
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1 INTRODUCTION

Backscatter communications enable a new class of wireless devices
that harvest energy from their environment to operate without bat-
teries [18, 31, 53]. Recent advances have demonstrated how these
battery-free backscatter devices—tags for short— can seamlessly
perform bidirectional communications with unmodified Commercial
Off-The-Shelf (COTS) wireless devices over standard physical layer
protocols when assisted by an external unmodulated carrier [9, 22,
25, 26, 40, 43, 46]. This synergy facilitates new applications where
tags are placed in hard-to-reach locations to perform sensing with-
out the encumbrance of bulky batteries and the maintenance cost
of frequent battery replacements [40, 43]. However, for backscat-
ter tags to communicate, the Internet of Things (IoT) devices in
the network must cooperate to provide an unmodulated Radio Fre-
quency (RF) carrier. Unfortunately, providing carrier support means
a significant resource investment for the IoT devices, which may
be battery-powered. As a consequence, the efficient provision of
unmodulated carriers is crucial for system-level performance and
network lifetime.

Scenario. We consider a network of unmodified COTS wireless
IoT nodes augmented with battery-free tags that do sensing on
their behalf [40]. In this context, one can see the tags as devices
that wirelessly provide additional functionality to the IoT nodes
with simplicity akin to adding Bluetooth peripherals to our comput-
ers, but without incurring extensive maintenance and deployment
costs associated with battery-powered devices [40, 43]. Since we
aim at augmenting the sensing capabilities of unmodified standard
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Figure 1: DeepGANTT us&NNs to schedule wireless communications in a backscatter
network It takes a graph representing the wireless network as input and produces a
schedule, which directs 10T nodeB)(to interrogate every battery-free tag { with
minimal resources by reducing the number of carrie§ &nd timeslotsB needed.

Figure 2: DeepGANTT provides near-optimal schedules and generalizes well beyond the

scalability limitation of the optimal schedulBreepGANTT's performance is within 3%
of the optimum on trained problem sizes, but can be applied to much larger networks.

wireless networks, we focus on scenarios where tlod nodes
employ a time-slotted MAC protocol. Such is the case of both Blue-
tooth Low Energy (BLE) and IEEE 802.15.4/ZigBee.ldh@odes
perform their own communication and computation according to
their normal schedule. Additionally, &éag interrogation schedule
is required for the commodity devices to collect sensor readings
from the tags by coordinating among themselves to provide the
unmodulated carrier that tags need to both receive and transmit
data (see Fig. 1). An advantage of thag-augmentedcenario is
that the battery-free tags can be located in hard-to-reach locations
such as moving machinery, medical implants, or embedded in walls
and oors. Meanwhile, the more capableT nodes are placed in
accessible locations nearby, where either battery replacement or
mains power is availabledQ, 43. Consider, for instance, a health-
care monitoring application that includes implanted and wearable
sensors 23. If the battery-powered wearables cooperate to collect
measurements from the implants, they could spare the patients from
undergoing surgery just to replace the implants' batteries because
they can now be battery-free. Making these devices battery-free
is also important for sustainability reasons. Similar examples can
be envisioned for applications such as industrial machinery, smart
agriculture, and infrastructure monitoring [19, 47].

Challenges. In tag-augmented scenariogT nodes invest con-
siderable resources to enable the tags' communication, despite
the fact that they may be battery-powered or otherwise resource-
constrained. To minimize the resources allocated to supporting
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Figure 3: Optimal schedules favor maximum carrier re-&s@mple of a tag-augmented
10T network and two possible schedules: thptimal scheduléhat maximizes carrier re-
use while minimizing schedule length, andsaib-optimal schedylerhich requires two
timeslots. This is because the carriers frdand E interfere at) 2 in By, preventing

it from being interrogated and forcing an additional timeslot for that purpose.

the tags, one must devise an e cient communication schedule for
tag interrogations #1, 43. A single tag interrogation corresponds
to a request-response cycle between lai node and one of its
hosted battery-free sensor tags, while exactly one of its neighbor-
Ing loT nodes provides an unmodulated carrier. More than one
unmodulated carrier impinging on any tag causes interference and
prevents proper interrogation. Provided that collisions are avoided,
scheduling multiple tag interrogations concurrently reduces the
schedule's length, improving latency and throughput in the net-
work (see Fig. 3). Furthermore, scheduling one unmodulated carrier
to serve multiple tags simultaneously greatly reduces the required
energy and spectrum occupancy.

Computing the optimal schedule minimizing the number of
times nodes must generate carriers and minimizing the duration
of the schedule is an NP-hard combinatorial optimization prob-
lem [41]. At rst glance, tag scheduling is similar to classic wireless
link scheduling in that collisions among data transmissions must be
avoided by considering the network topology. Carrier scheduling
di ers, however, in that we must additionally select appropriate
carrier generators while avoiding collisions caused by them upon
their neighbors. Simultaneously, we must also minimize resource
utilization. The only known scalable solution is a carefully crafted
heuristic, which su ers from suboptimal performance{]. This
results in wasted energy and spectral resources, particularly as
network sizes grow. We refer to this heuristic as tie@gAlong
schedulef43 hereafter. Alternatively, one can compute optimal
solutions using a constraint optimization solver. We will refer to
this scheduler as theptimal scheduleiThis scheduler, however,
takes a prohibitively long time as network sizes grow, which limits
the capacity to adapt to network topology changes. For example,
computing a schedule for a network of 10 nodes and 14 tags can
take up to several hours.

In this paper, we leverage Deep Learnirigl)) methods to over-
come both the scalability limitations of the optimal scheduler and
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the performance shortcomings of the TagAlong scheduler. However,
the DL approach presents its own set of challenges. First, traditional
DL methods that have succeeded on problems with xed structure
and input/output sizes (e.g., images and tabular data) are not ap-
plicable to the carrier scheduling problem since the latter operates
on an irregular network structure, the size of which depends on
the number ofloT nodes and sensor tags. Hence, using traditional
DL methods would require training separate schedulers for di er-
ent network sizes. Second, any giveaT network con guration
may have many equivalent optimal solutions, which can confuse
Machine Learning NIL) models during training. This is due to
symmetries inherent to the carrier scheduling problem, i.e., the
schedules are invariant to timeslot permutations.

Approach. In this work, we presenDeep Graph Attention-based
Network Time Tablg®eepGANTT), a new scheduler that builds
upon recent advances iDL to e ciently schedule the communi-
cations of battery-free tags and the supporting carrier generation
in a network of 0T devices interoperating with battery-free tags.
DeepGANTT receives as input the network topology represented
as a graph, and generates a corresponding interrogation sched-
ule (Fig. 1). The graph representation of the network assumes there
is a link between two IoT nodes if and only if there is su cient
signal strength between them for providing an unmodulated carrier.
DeepGANTT iteratively performs one-shot node classi cation of
the network'sloT devices to determine the role each of them will
play within every schedule timeslot: either remain 0d, interro-
gate one of its tagsT), or generate a carrield, while also avoiding
collisions in the network. The objective of the carrier scheduling
problem is to reduce the resources needed to interrogate every tag
in the network. By minimizing the number of carrier generation
slots in the schedule, we reduce energy and spectrum occupancy. As
a secondary objective, minimizing the number of required timeslots
improves latency and throughput.

We adopt a supervised learning approach based on Graph Neural
Networks (GNNs) instead of other paradigms such as reinforcement
learning. This choice is mainly motivated by three facts. First, we
can leverage the optimal scheduler to generate the training data
necessary for a supervised approach. Sec@\s are particularly
successful in handling irregularly structured, variable-size input
data such as network topology graph&3 28 44. GNNs provide a
natural way of capturing the interdependence among neighboring
nodes across multiple hops, crucial to avoid collisions. Third, it is
straightforward to cast the scheduling problem as a classi cation
task, which is generally tackled with a supervised approaghdy.

The use ofGNNs allows us to train DeepGANTT only once
using a set of network topologies, to then perform inference in
other, previously unseen, network topologies of di erent size and
structure. To train our scheduler, we generate random network
topologies small enough for the optimal scheduler to handle. To
avoid the pitfalls of training with multiple optimal solutions per
instance, we add symmetry-breaking constraints to the optimal
scheduler. Such constraints alter neither the true constraints, nor
the objective of the problem. Instead, they narrow the choices of the
solver from potentially many equivalent optimal solutions down to
a single consistent one. For example, in tag scheduling, the order in
which tags are interrogated is irrelevant. Nevertheless, by adopting
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a speci ¢ order (e.g., decreasing order of tag ID) we reduce the
number of solutions from the factorial of the number of tags to one.
Contributions. We make the following speci ¢ contributions:

We present DeepGANTT, the rstfast and scalalie sched-
uler that leverage$sNNs to obtain near-optimal solutions
to the carrier scheduling problem.

We employ symmetry-breaking constraints to limit the solu-
tion space of the carrier scheduling problem when generating
the training data using the optimal scheduler.

DeepGANTT performs withirB%of the optimum in trained
network sizes. Without the need to retrain, it scales@o
larger networks while reducing carrier generation slots by
up to 50%compared to the state-of-the-art heuristic. This
directly translates to energy and spectrum savings.

We use DeepGANTT to compute schedules for a real net-
work topology ofloT devices. Compared to the heuristic, our
scheduler reduces the energy per tag interrogation18#6

in average and up t&0%or large tag deployments.
DeepGANTT's inference time is polynomial on the input
size, achieving on averagi?9msand always belowls s a
radical improvement over the optimal scheduler.

We show that DeepGANTT computes more resource-e cient sched-
ules than the TagAlong scheduler, and that these are almost as
good as those of the optimal scheduler (see Fig. 2). Moreover, Deep-
GANTT breaks the scalability limitations of the optimal scheduler
by generating schedules for considerably larger backscatter net-
works while still reducing the energy consumption and spectrum
occupancy compared to the heuristic. Finally, our scheduler's low
inference times facilitates timely reactions to changes in topology
and radio propagation conditions.

The rest of the paper is organized as follows. Sec. 2 gives back-
ground information that is useful to understand the paper. Sec. 3
formally describes the carrier scheduling problem. Sec. 4 details the
design of DeepGANTT, while Sec. 5 discusses the implementation
and training of the model. In Sec. 6, we evaluate DeepGANTT's
performance against previous alternatives and prove that it can also
compute schedules for a real 0T network. Sec. 7 discusses practical
aspects and limitations of our scheduler. Lastly, we discuss related
work in Sec. 8 and conclude our work in Sec. 9.

2 BACKGROUND

This section gives a quick overview of backscatter communications
and the concept ofag-augmentedoT networks, with an intuitive
introduction to GNNs.

2.1 Backscatter Communications

Backscatter communication devices are highly attractive because
their characteristic low power consumption enables them to operate
without batteries. Instead, they can sustain themselves by collecting
energy from their environment using various energy harvesting
modalities. This kind of device achieves its low power consumption
by o oading some of the most energy-intensive functions, such as
the local oscillator, to an external device that provides an unmodu-
lated carrier. Recent works have extended this principle to enable
battery-free tags capable of direct two-way communications with
unmodi ed COTSwireless devices using standard protocols such as
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IEEE 802.15.4/ZigBee or Bluetooth, when supported by an external
carrier [9, 22 25 26 40 43 46. Previous works have demonstrated
systems that apply these battery-free communication techniques
to augment an existing network o€OTSwireless devices with
battery-free tags40, 41, 43. We refer to this architecture as &ag-
augmentedoT network. It enables placing sensors in hard-to-reach
locations without having to worry about wired energy availability

or battery maintenance.

We adopt a model where each tag is associated with (or hosted
by) oneloT node responsible for interrogating it to collect sensor
readings. EveryoT node in the network may host zero or more
tags, and these are located in close proximity (within decimeters)
of their host. TheloT nodes in the network are equipped with radio
transceivers that support standard physical layer protocols such
as |IEEE 802.15.4/ZigBee or Bluetooth. They are able to provide
an unmodulated carrier (by using their radio test mod&)) and
employ a time-slotted medium access mechanism. The use of a time-
slotted access mechanism is motivated by its standardized use in
commodityloT devices £, 21], and its simplicity for integrating the
battery-free tags in the network. By design, a time-slotted access
mechanism prevents channel collisions among tags hosted by an
loT node, as the node can communicate with only one of its tags in
each timeslot (e.g., see hdw queries tag3 1 and) 6 in Fig. 1). The
duration of a timeslot is su cient for anloT node to interrogate one
tag by transmitting a request directed to the desired tag and receiv-
ing the response. Fig. 4a shows a tag interrogation procedure from
anloT nodeEg when assisted by an unmodulated carrier from node
Es. First, the carrier providing nodég listens for a periodasdor a
request from the interrogating nodBg at its assigned timeslot in
the schedule. Upon the request arriveg provides a carrier for the
duration Ge. The interrogating nodés transmits its request to one
of its hosted tag3 , after which the tag transmits its response back
to B. As shown in Fig. 4b, the short communication range of the
tags enables re-using an unmodulated carrier to perform multiple
concurrent tag interrogations within a timeslot. However, for 40T
node to interrogate one of its hosted tags, exactly one of its neigh-
boring 10T nodes must provide an unmodulated carrietl] 43.
Multiple impinging carriers from neighboring nodes would cause
interference on the tag, thus preventing proper communication
between the tag and its host [43].

For these reasons, a schedule is required to coordinate how the
IoT nodes cooperate among each other for providing the unmod-
ulated carrier needed to interrogate their hosted tags. When not
guerying the backscatter tags, the networklofT nodes performs its
own computation and communication tasks according to its regular
schedule. An interrogation schedule consists of one or more sched-
uling timeslotseach assigning one of three roles to evéof node
in the network: provide an unmodulated carrie€), interrogate one
of its hosted sensor tagd), or remain idle Q. Existing studies have
shown how theloT nodes invest energy to provide carrier support
in proportion to the number of carrier slots@ scheduled, and that
tags add latency proportionally to the length of the interrogation
schedule §1]. As a consequence, it is critical that we optimize the
way unmodulated carrier support is provided (see Fig. 3). For this
reason, in this work, we focus on the e ciency of the scheduler,
given that it bears total in uence on resource expenditure. At least
one of theloT nodes in the network is connected to a cloud or edge
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(a) Tag uplink and downlink communication within a time$ot

(b) Carrier re-use enabled by tags' short communication range

Figure 4: The duration of a timeslot is su cient for dnTdevice to interrogate one tag by
transmitting a request directed to the desired tag and receiving the respotitsrmore,

we leverage the short tag communication range to use one carrier provider to perform
multiple tag interrogations across nodes in the network.

server where the interrogation schedule is computed. By keeping
track of link state and node neighborhood information obtained
from the physical layer and routing protocol, theT nodes can de-
termine the connectivity graph among themselves. For purposes of
tag interrogation, an edge between twoT nodes in the connectiv-
ity graph represents a su ciently strong wireless signal for carrier
provisioning. This information can be relayed periodically or on
demand to the cloud or edge server, where it is, together with the
tag-to-host mapping, used to assemble the graph representation of
the wireless network. Our scheduler uses this graph representation
to produce a schedule, as depicted in Fig. 1.

2.2 Graph Neural Networks

GNNs have emerged as a exible means to tackle various inference
tasks on graphs, such as node classi catidrb[44, 55. Intuitively,
stacking GNNIlayers corresponds to generating node embedding
vectors taking into account its -hop neighborhood by leveraging
the structure of the graph and inter-node dependencié8 8.
These embeddings are typically further processed with linear layers
to produce the nal output according to the task of interest. For
example, one might perform node classi cation by passing each
node embedding vector through a classi cation layer. Formally,
given agraph = hte i de ned by the sets of nodeE 2 + and
edgestE+DP 2 , at GNN layer 8each node feature vectorg is
updated as:

18 10 I

h
¢« AGG B o ,
D2N1E

1 _

18 10
E E

5 @
where NP is the set of neighboring node feature vectors of
nodeE, AGG is a commutative aggregation function, abd % are
non-linear transformations 13. Among the main advantages of
using GNNs over traditionalDL methods are their capability to
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exploit the structural dependencies of the graph. Furthermore, they challenges in carrier scheduling. We then introduce DeepGANTT's
are an inductive reasoning method, i.&NNs can be deployed to system architecture.
perform inference on graphs other than those seen during training
without the need to re-train the model [16, 49, 50]. 4.1 Design Considerations

DeepGANTT is deployed at an edge or cloud server, where sched-
3 PROBLEM FORMULATION ules are computed on demand for theT network. At least one
This section formally describes the carrier scheduling problem, i.e., of the IoT nodes in the network is assumed to be connected to
e ciently scheduling the communications of sensor tags and the the Edge/Cloud server, and it is responsible for building tlo&

supporting carrier generation in a network dbT nodes interop- network topology graph, emitting the request to the scheduler in
erating with battery-free tags. We hereon refer to theT devices the Edge/Cloud, and disseminate the computed schedule to the
and to the sensor tags in the network simply a®desand tags other devices. The DeepGANTT scheduler receives as input the
respectively. We model the wirele$sT network as an undirected IoT network con guration as the tuple6 = he#y« i, ie., the
connected graph , de ned by the tuple = hrge i, where+g is wireless network topology and the set of tag#) in the network
the set of# nodes in the networkqg = ng%:Ol, and is the set of with their respective tag-to-host assignment . The scheduler
edges between the nodes= fhD+ D+ E2 +¢0. then generates the interrogation schedyle= >Bgl)'9:1 and delivers
The connectivity among nodes in the graph (edges sgis de- it to the 10T network. The scheduler may receive subsequent sched-

termined by the link state information collected as described in ule requests by théoT network either upon addition/removal of
Section 2.1, i.e., there is an edge between two nodes if and only nodes or tags, or upon connectivity changes among b€ nodes.
if there is a su ciently strong wireless signal for providing the Thus, DeepGANTT must be able to react fast to structural and

unmodulated carrier41, 43. We denote the set of tags in the connectivity changes in the wireless network.

network as#, =f)< d< :%), and their respective tag-to-host assign- From anML perspective, every possible con guration 6fyields
mentas y :)< 2#) 7! Bg2+p. Anode can host zero or more  a di erent graph representation with di erent connectivity and
tags. The role of a nodB within a timeslotBis indicated by the potentially di erent input size. Likewise, the output foé (schedule
map' g : B82+0°B2 »l+ 1% 7! 1GTeQy, where! is the schedule (8) may vary in size in terms of both the number of timesldtsand
length in timeslots. Hence, a timeslot vectByis an# -dimensional the number of nodeg in the topology (since® 2 R¥ 892 »ls 1 V)

vector containing the roles assigned to every node during the times- Moreover, at each timeslot, every node is assigned to one of three
lot: By= ' Es.iBE8 2 +o ”, S092B2xls | Y4 A timeslot duration is possible action§GTeQy(see Section 2.1) based on its neighborhood.
long enough to complete one interrogation request-response cycle  We use aGNN-based learning approach to allow DeepGANTT
between a node and a tag (see Fig. 4a). to process variable-sized inputs (network topology) and output
For a given problem instance (wireless network con guration) (interrogation schedule) sequences while learning the local depen-
de ned by the tuple6 = he# ) « y i, the Combinatorial Optimiza- dencies of a node in the network (see Sec. 2.2). For carrier sched-
tion Problem COB of interrogating all sensor values in the network  uling, exploiting the structural dependencies of the nodeshop
once using the lowest number of carrier generators and timeslots neighborhood allows to e ciently schedule carriers while avoiding

is formulated as follows: interference. Moreover, the use &NNs allow us to train theML
) model only once, and then deploy it without the need to retrain for
min 1) e ) previously unseen network con gurations in terms of the number
s.t. 8)< 2#) 9IB2xs!¥i'  p=T (©)] of nodes# , their connectivity, and the number of sensor tags
8B2x»1e!Ys B 2#) |' | B=T

4.2 System Architecture

We model the carrier scheduling problem as an iterative one-shot
where is the total number of carriers required in the schedule, i.e., node classi cation problem. The inner workings of DeepGANTT
= ' g = C: Bg2+0*B2 »l+ | Yag Constraint (3) enforces thattags  are illustrated in Fig. 5a: on each iteratidh DeepGANTT's in-
are interrogated exactly once in the schedule. Additionally, con- ference module assigns each node in the topology to one of three

straint (4) prevents channel collisions among carriers by ensuring classes corresponding to the possible node actié@sTeQy. Hence,
that there is only one carrier-providing neighbor per interrogated  each iteration9generates a timeslot vect@. Each predicted times-
tag in each timeslot. The objective function (2) is designed to pri- ot is checked for compliance with the constraints in Eq. 3 and 4.
oritize reducing the number of carrier slots J over the duration After each iteration, the topology's node feature matH'x;Oo is

of the schedule!(). This is because we are most co_ncerned with updated by removing one tag from the nodes that were assigned

energy and spectrum e ciency and because a reduction obften classT (interrogate). This process is repeated until all tags have

implies a reduction of , but the converse is not necessarily true. been removed from the cached network con guration.

For example, in Fig. _EL’ provides a carrier to interrogatg; and The DeepGANTT scheduler consists of three submodules, as

)3, reducing and! simuitaneously. depicted in Fig. 5b. Th®rchestrators DeepGANTT's coordinating
unit and interacts with the outside world through its communi-

4 SYSTEMDESIGN cation port. It receives the necessary information from the loT

In this section, we rstintroduce the design considerations for Deep- network, including the network’s link and routing layer informa-

GANTT to cope with the wireless network requirements and the tion to construct the topology graph . The Orchestratois also

9E2+0: ' gm=Cr1 o B2 4
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(a) DeepGANTT iteratively performs one-shot node classi cation, one timesloh 4
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Intuitively, the number of tags hosted by a node is decisive for
assigning carrier-generating nodes. For example, if one node hosts
all tags, this node should never provide an unmodulated carrier in
the schedule. Similarly, the node hosting the greatest number of tags
is unlikely to be a carrier provider in the schedule. For this reason,
Hosted-Tagts always included as an input node feature. Moreover,
including the node-ID and the minimum tag-ID can provide the
scheduler with context on how to prioritize carrier-provider nodes,
and with an order to interrogate the tags.

Inference Module

at a time, removing scheduled tags from the topology and repeating the process

until no more tags remain.

The Inference Module is the learning component of DeepGANTT
and contains theViL model for performing inference. In the follow-
ing, we describe in detail the Inference Modul&&. architectural
components depicted in Fig. 6.

Embedding. The input node feature matrix ;00 is rsttrans-
formed by anEmbeddingcomponent with the aim to assist the
subsequent message-passing operations in performing better injec-
tive neighborhood aggregation. That s, enabling each node to better
distinguish each of its neighbors' contributions. The embedding
transformation of- ;00 is described by:

nh i

100 10° 100
o =LN - 7eFNNy -0, ®)

(b) The three core components of DeepGANTT interact among themselves and

with the exterior to generate schedules.

whereLN corresponds to the layer normalization operation from
Baetal. [], and represents the concatenation operatidiiNNg

Figure 5: DeepGANTT's system architecture and the Inference Module's procedure t60rresponds to a fully-connected neural network layer (FCNN) with

generate schedules.

responsible for providing the problem description to tAi®pology
Handlerand interfacing with thelnference Modul&he Topology
Handlermaintains the problem description, provides it to the-
ference Module a format suitable for theML model, and updates
its state according to the predicted timeslots. Since thference
Moduleis trained on the basis of a stochastic process, Topology
Handlerincludes a fail-safe functionality to make sure that the
predictions comply with the constraints in Egs. (3) and (4). In case
of failure, theTopology Handlerestores compliance by randomly
shu ing tag and node IDs and retrying. This does not alter the
nal schedules.

4.3 Input Node Features
At timeslot 9 the Inference Module receives as input a node feature
matrix - ;00 2 R# containing the row-ordered node feature

vectorsq;?; 2 R 882 +p, where represents the number of
features representing a node's input state. Since the tags lie in the
close proximity of a node, and each of them interacts only with
their host, we model them as a feature in their host's input feature
vector. One can also include additional features to assist@NN
during inference. Hence, we consider three di erent node features:

Hosted-Tags: the number of tags hosted by a node.
Node-ID: integer identifying a node in the graph.

Min. Tag-ID: the minimum tag ID among tags hosted by a
node. Since a node can host several tags, the min. Tag-ID
represents only the lowest ID value among its hosted tags.

a non-linear transformation as:
FNNgt- o o= (6)
FONNit- g¥o=- %, 4, 1, )

with the leaky ReLU operatoteLUand NN parameters 4 2
R  4¢14 2 R 4. The embedding outputs the node feature matrix

o

J2RET L4,
Stacked GNN Blocks. The output from the embedding com-

LeLU FCNNy1- o*°°

ponent ;00 represents the input to a stack of GNN blocks
f '8 2g, L. The inner structure of eaclBNN block is depicted in

the lower part of Fig. 6. We stack di erent GNNblocks to allow
nodes to receive input from their -hop transformed neighborhood.
Moreover, we select summation as the aggregation operation (see
Eqg. 11) motivated by the results of Hamilton et al§. EachGNN
block '81° receives as input the previous layer outputggo and
performs the following operations:

B g1 o ®)
518, 1% ;800 =LN ~;8, 1 , FNNlB’ 10 ~;8, 1° (9)
2PN F, 6B B (10)

Eq. 10 corresponds to a multi-head self-attent®NN activation

G'8 I° followed by an Addition&Normalization component in Fig. 6.
Subsequently, Eq. 10 implements a per-node FCNN with a non-
linear transformation, followed by another Add&Norm component.
Analogous to Eq. 7, each block's per-ndENng’ ¥ has parameters

, 118’ ¥ and 118’ ¥ followed by a leaky-RelLU.
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The operationG'8 1° in Eq. 10 implements a scaled dot-product
multi-head self-attentionlGNN[45 4§. Each of the# row-ordered
node feature vectors ;8) =f ;81%:01 is updated atGNN layer
G'8 1 py the following message-passing operation (for simplicity,
we omit the timeslot subscrip®):

g 10 _ ig 10 1@
c = FCNNyc ¢
h g0 )
8 1°,.18 1°
. U.cr & (11)
<=1P2N1@
18 10 18 10 18)
E.c = FCNN<~EO; c (12)
8 10.. 1&710
1810 _ i oC <7
U<.C’_) - | 8, 10. . 18D10 (13)
D2NIC © o
18 10 18 10 18)
.c = FCNNga-~ ¢ (14)
. 1& 10 _ 1& 10 180
‘«wc = FCNN[,_ ¢ (15)
exp ~ 3
1e 0 = P 2R (16)

Eq. 11 is the main node update operation for each node, consisting
of adding two parts. First, a transformation of the target node's
feature vector throungCNl\g%éo. Second, the concatenatéd-
heads of the attention operations with the target node's neighbors.
Each self-attention operation consists of a weighted sum over
transformed neighboring node feature vect(fgblo, inspired by

the attention operations by Vaswani et al§. Each of the neigh-

bors' node feature vectors are transformed by the IaF@Nl\f’Elg,

in Eq. 12. The weighthli?tgj at attention headck from neighbor
source? to target update nod€are obtained through Eq. 13 over the
scaled dot product operation (Eg. 16) between quel@?’clo and

key: <1§E:1° transformations of the target node (see Eq. 14) and the

IPSN '23, May 9 12, 2023, San Antonio, TX, USA

Figure 6: The Inference Module implements DeepGANAT model. At its core, there
are self-attention GNN blocks.

Note that all parameters from the Inference Module listed (Egs.
5 15) are shared across times|dss.

5 LEARNING TO SCHEDULE

This section explores how the Inference Module's ability to compute
interrogation schedules is in uenced by two factors. On one hand,
the interdependence between the choice of input node features
and on the other the con guration of the training data generation.
Additionally, we explore the in uence oML model complexity

in terms of the number ofSNN blocks on the Inference Module's
performance. This exploratory analysis resulted in selecting an
Inference Module composed of 12 GNN blocks.

5.1 Training Data Generation

The carrier scheduling problem, as described in Egs. 2-4, presents
symmetries that result in multiple optimal solutions which confuse
the DL model while training. In the following, we describe how we
leverage symmetry-breaking constraints in the constraint optimizer

source neighbor node (see Eq. 15), respectively. There are multiple to generate a training dataset with unique optimal solutions.

reasons motivating the use of attention. First, it allows to leverage
neighboring nodes' contributions di erently. Second, attention has
provided better results for node classi cation taské9 compared

to isotropicGNNs [16 28. Moreover, conventionaGNN node clas-

si cation benchmarks assume that nodes in a spatial locality of the
graph assume similar labels and leverage the xed-point theorem
property in stackingGNNs [28. This greatly contrasts with the
carrier scheduling problem, in which neighboring nodes are mostly

expected to have di erent classes (a node provides a carrier, neigh-

bors interrogate tags). Finally, attention serves as a counteracting
factor for this property when combined with skip-connections: it
builds deeper networks that can learn contrasting representations
at each layer.

Classi cation Layer. The output from the GNN blocks is
then fed to a FCNN followed by a Softmax for obtaining a per-
node probability distribution over the classes that correspond to
the possible node actiorfsGTeQy. Finally, each node is assigned to
the class with the highest probability.

As an example of these symmetries consider that: because the
order of the timeslots in the schedule is irrelevant, a schedule of
duration! is equivalent to! ! other schedules. A similar set of
symmetries appears among all tags hosted by the same node as
the order of interrogating them is also irrelevant. To make matters
worse, a given set of tags can often be served by more than one
carrier generator, therefore introducing more symmetries.

Symmetry-Breaking Constraints. To overcome the confusion
that these symmetries might cause to a learning-based model during
training, we further constrain the carrier scheduling problem in a
way that eliminates symmetries but does not otherwise alter the
problem. To that end, we enforce lexicographical minimization of
a vector of length) that indicates the timeslot where each tag
is scheduled. This automatically eliminates symmetries related to
the order of tag interrogations. Similarly, we also lexicographically
minimize another length- vector containing the node that provides
the carrier for each tag; which eliminates symmetries related to
multiple potential carrier nodes.
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Table 1: The interrelation between data generation and input node features strongly impact the model's performance. Including symmetry-breaking constraints dramatically improves the
model performanckterdependence of data generation and input feature con guration for an Inference Module of six GNN-Blogksaindicates percentage of problem instances

for which the NN delivers a complete schedule. F1-score is provide{garrier class).

Symmetry breaking: Disabled Enabled
Performance Metric [%]: Accuracy F1-scoréo>aa Accuracy Fl-score (2>aa
Features-{Hosted-Tags): 85.69 57.78 27.04 86.61 60.54 10.11
Features-PHosted-Tags + Node-ID + Min. Tag-ID.): 86.40 59.82 47.96 99.22 97.36  99.64

5.2 ML Model Validation Setup

We implement all components in the Inference Module using Py-
Torch[39. FortheGNNs layersG'8 1°, we use the PyG self-attention
based GNNrransformerConimplementation [11].

Input Features. We consider two di erent feature con gura-

tions for the input node feature matrix 1100 2R*  :Features-1
includes only theHosted-Tagé = 1), andFeatures-2onsiders
Features-1 plus thBlode-IDand minimum Tag-IDamong the tags
hosted by a node ( = 3).

Validation Dataset. We generate small-sized problem instances
of varying sizes and number of tags from two to ten nodés 2
»2#10%, and hosting one to 14 tag$ (2 »l+14% We generate
these graphs using theandom geometrigraph generator from
NetworkX [14] to guarantee that these graphs can exist in 3D space.
As the network size varies, we make sure to maintain a constant
network spatial density. We uniformly assign tags to hosts at ran-
dom. We employ a constraint optimizer to compute solutions for
a total of 520000 problem instances both including and without
including the symmetry-breaking constraints. As constraint opti-
mizers, we employ MiniZinc36 and OR-Tools42. The problem
instances are divided into a train-set and a validation-set using a
80%-20% split. Since we perform a per-node classi cation for every
scheduling timeslot (see Fig. 5a), we further consider each timeslot
input-target pair*- ;00- BP as a training sample, which yields an
approximate total of 1.5 million samples.

Validation Metrics. We consider bothML metrics and an appli-
cation related metric to evaluate a model's performance. From the
ML perspective, we employ overall accuracy, and the carrier class
(O F1-score due to its crucial role in avoiding signal interference
for tag interrogation. For the application-related metric we con-
sider the percentage of correctly computed schedlesaaThis
metric indicates the percentage of problem instances for which
the already-trained ML model produces a complete (all timeslots)
and correct (ful lling carrier scheduling constraints) schedule. At
inference time, theTopology Handlehandles these unlikely cases
as described in Section 4.2.

5.3 ML Model Training

We train the Inference Module with the Adam optimize2f] on the
basis of mini-batch gradient descent with standard optimizer param-
eters and an initial learning rate af0 3. TheML model should give
greater importance to the carrier-generating node cla€sgince it
can subsequently determine the tags that can be interrogated or not
due to signal interference. Hence, we build upon the cross-entropy
loss for classi cation and propose an additional factor to account

Figure 7: Increasing the number of GNN-Blocks improves the performance of the NN
modelThe NN reaches a saturation point for the F1-score at approx. 12 layers.

for greater importance to the carrier clas€)(based on the L1 norm
between the prediction and the ground-truth:

o
_1%ig O
-10C2_#_

- |Ogl‘°g;°?® 4li+e==C 1 ~8==C»°J'J'1E(l@
80 « 2fGTQy -

. dij i (17
where# 1 is the number of nodes in the mini-batchgand-<g are the
ground-truth and model prediction of mini-batch samperespec-
tively, d is the regularization hyperparameter, and represents a
tensor containing all the learning parameters undergoing gradient
descent. We implement untunned warmup as presented by Ma &
Yarats BJ, followed by learning rate decay b%every epoch, and
early stopping after 25 subsequent epochs without minimization
of the test loss. We save the best-performing model on the basis of
the F1-score.

-

5.4 Validation Results

The Inference Module considered for evaluating data generation
strategies and node feature representation consists of six GNN-
blocks. We empirically chose the number of GNN-blocks for the rst
experiments based on a trade-o between model training time and
performance. After establishing the best combination of input node
feature representation and data generation strategy, we analyze the
in uence in performance of ML model complexity.

5.4.1 Data Generation and Input Features Interdependédree.

in uence of both input node feature representation and data gen-
eration con guration in model performance is depicted in Table 1.
Regardless of the data-generating con guration, an enriched node
feature representation (including more node features) leads to an
increase in accuracy and F1-score. There are two possible reasons
for this. First, by increasing the node feature dimension we
ensure that the GNNs can perform more e cient injective neigh-
borhood aggregation (to better distinguish neighboring node con-
tributions). This is realized by making it less likely for two nodes

to have the same input feature vector to tl&NN. Second, both
the Nodes-ID and Tags-ID feature serve as a node's positional en-
coding information in a graph, a property that assists the model
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in breaking graph symmetriesg 57. Additionally, an enriched
node feature representation leads to an increaséxfaaregardless

of the chosen data generation con guratio2092%and 8953%
improvement from Features-1 to Features-2 for the standard and
the symmetry-breaking con gurations, respectively. The constraint
optimizer explicitly uses the Node-ID and Tag-ID to compute the
optimal solution in the symmetry-breaking con guration, which

is why providing theML model with these features is crucial for

it to be able to learn the structural dependencies in the topologies.
Implementing symmetry-breaking measurements in the data gen-
eration procedure is a critical measure for allowing the ML model
to generate complete schedules (highest increasein ). Since

we explore a supervised learning approach, it is crucial to constrain
the mapping between inputs and targets for the NN model to learn
consistent graph-related structural dependencies.

5.4.2 Influence of the Number of GNN-BloGksanalyze the in-
uence of the required -hop neighborhood aggregation of the
GNNmodel, we analyze the model's performance as we vary the
number of GNN-Blocks while keeping other architectural compo-
nents constant to the values found by extensive empirical analysis.
Speci cally, we set the embedding dimension ta = 48 the num-
ber of attention heads td = 2, and the GNN-Blocks' hidden
feature dimensionsto © = 200 Fig. 7 illustrates how increasing
the number of GNN-Blocks increases the performance oflitie
model: the F1-score increases to a saturation point around 12 layers.
Although the 15-layer model exhibits the highei>aasubsequent
experiments showed that this model over ts and hence is unable
to scale to larger problem instances.

Inference Module. Based the ndings of this section, Deep-
GANTT's Inference Module consists of 12NN blocks and is
trained on 42400Gmall-sized problem instance®{ networks of
up to 10 nodes and 14 tags) obtained from the optimal scheduler
as described in Section 5.3. We used an NVIDIA Titan RTX for
131epochs before reaching the early-stop condition. The model
achievedd956%accuracy, a carrier-class F1-score98b1%and a
percentage of correctly computed scheduleg gfa = 9988%

6 EVALUATION

After designing and training DeepGANTT's Inference Module in
Section 5, in this section, we compare DeepGANTT's results to
those of the TagAlong schedule#]] and the optimal scheduler. By
design, DeepGANTT can generate schedules for previously unseen
topologies without the need for retraining. Hence, no furthitL
model training was performed for the experiments presented in
this section. We highlight the following key ndings:

DeepGANTT performs within 3% of the optimal scheduler
on the average number of carriers used, while consistently
outperforming TagAlong by up to 50%. This directly trans-
lates into energy and spectrum savings for thal network.
Our scheduler scales far beyond the problem sizes where it
was trained, while still outperforming TagAlong; therefore
enabling large resource savings well beyond the limits of the
optimal scheduler.

We deploy DeepGANTT to compute schedules for a fedl
network of 24 nodes. Compared to the TagAlong scheduler,
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(a) Average number of carriers saved relative to TagAlong

(b) Average timeslot savings relative to TagAlong

Figure 8: DeepGANTT largely mimics the optimal scheduler both in terms of carriers
saved and timeslots saveédverage gain for networks of 10 IoT nodes and various
numbers of tags in the test dataset. The black bars depict the 10 and 90 percentiles.

DeepGANTT reduces the energy per tag interrogation by
131%in average and up t®&16%

With polynomial time complexity and a maximum observed

computation time of1"49 s DeepGANTT's speed is compa-
rable to TagAlong's, and well within the needs of a practical

deployment.

Baselines. To conduct our evaluation, we consider two base-
lines: i) theoptimal schedulewhich corresponds to using a con-
straint optimizer for computing the optimal solution including the
symmetry-breaking constraints for topologies of up #®nodes and
l4tags, and ii) theTagAlong schedulghe state-of-the-art heuristic
algorithm for computing interrogation schedules for the type of
backscatter 10T network considered in this work [41].

Evaluation Section Structure. This section is structured as fol-
lows. Sec. 6.1 benchmarks DeepGANTT's performance against the
optimal scheduler and the TagAlong scheduler for topologies of up
to 10nodes andl4tags previously unseen to DeepGANTiE$tset).
Sec. 6.2 analyzes DeepGANTT's gains over TagAlong for topologies
well beyond the practical applicability of the optimal scheduler of
up to 60nodes andlL60tags @eneralizatiorset). Sec. 6.3 describes
DeepGANTT's time complexity and its computation times. Finally,
Sec. 6.4 demonstrates DeepGANTT's ability to produce schedules
for a realloT network of # = 24nodes under di erent number of
tags con gurations.

6.1 Test Set Performance

We hereby demonstrate DeepGANTT's ability to mimic the be-
haviour of the optimal scheduler to produce interrogation schedules
and exhibit similar gains as the optimal scheduler's performance
over the TagAlong heuristic.
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(a) Average number of carriers used for networks of 10 loT.nodes

(b) Average percentage of carriers saved compared to TagAlong.

Perez-Ramirez, et al.

training and compare its performance against the TagAlong sched-
uler. The ability to generalize this way directly translates into better
scalability than that of the optimal scheduler.
Generalization Dataset. We consider 1000 problem instances
for every h#e) i pairs from the setst 2 f10, 20, 30, 40, §@nd
) 220, 40, 60, 80, 160.e., 25000 di erentoT wireless networks.
Metrics. We consider the same metrics as those used in Sec. 6.1.

Generalization Results. Fig. 9a shows a comparison of the
average number of carriers utilized (lower is better) on problem sizes
beyond those used in training. DeepGANTT outperforms TagAlong
by a growing margin well beyond the maximum size of optimal
solutions seen in training (beyontiOnodes andl4tags). Compared
to TagAlong, DeepGANTT is able to reduce the percentage of
necessary carriers 7% 10%on average for large numbers of
tags, as depicted in Fig. 9b. Fig. 10 depicts the number of carriers
saved and the percentage of correctly computed schedyles for
di erent network size con gurations. DeepGANTT consistently
increases the mean number of carriers saved as the number of tags

Figure 9: DeepGANTT scales far beyond the range of data where the optimal schedulegncreases for all considered con gurations_ While there are cases

used in training are available, while outperforming TagAlong by a growing margin (9a)

The black bars depict the 10 and 90 percentiles. DeepGANTT also maintains an average

saving of almost 10% in scheduled carriers while scaling up to four times the maximum
training network size (9b).

Test Dataset. We consider topologies consisting 0f106000
problem instances of up t@Onodes andL4tags for which it is still
possible to deploy the optimal scheduler.

Test Metrics. We compare the number of carrier slots in the
generated schedules since it directly a ects tha network's over-
all energy consumption. Speci cally, for every evaluation problem
instance we compute DeepGANTT's saved carriersgs cand,
those of the optimal scheduleras. ¢ where 3, ¢ and > are
the number of carriers scheduled by the DeepGANTT, TagAlong
and the optimal schedulers respectively. Furthermore, we analyze
the total schedule length, since it directly relates to the latency of
communications in the wireless network. We compute the timeslots
savings in a manner analogous to the carrier savings.

Test Results. Fig. 8a shows the average number of carriers saved
compared to TagAlong (higher is better) for various network sizes
in the test dataset. DeepGANTT's performance is very close to that
of the optimal scheduler in all cases. The number of timeslots in
the schedule is the secondary objective in the tag scheduling prob-
lem; this is because, while the duration of the schedule can impact
latency and other performance metrics in the network, the number
of carriers directly impacts energy and spectral e ciency. Note that
reducing the number of carrier slots, can potentially also shorten
the schedule owing to carrier reusé]]. As depicted in Fig. 8b,
DeepGANTT largely mimics the performance of the optimal sched-
uler regarding timeslot savings. Our scheduler outperforms the
TagAlong scheduler i®82%of the test-set instances. On those in-
stances where TagAlong schedules are shorter, it is by one timeslot
at most.

6.2 Generalization Performance

We now analyze the capabilities of DeepGANTT in computing
schedules for problem sizes well beyond those observed during

where TagAlong outperforms DeepGANTT, these are actually rare
occurrences; this is evident by the positive mean and the location
of the 25-percentiles. Additionally, DeepGANTT's percentage of
correctly-computed scheduleéx-a) decreases for the 10-node 80-
tags case, but remains abo98%or the 40 and 60 nodes problem
instances, for all the number of tags considered. DeepGANTT is
able to reduce the number of carriers by up 5@%or all number

of nodes con gurations in Fig. 10.

6.3 Computation Time

A determining factor for the real-world applicability of a scheduler
is the computation time. Fig. 11 depicts a run time comparison of
DeepGANTT and TagAlong on the same hardware. While TagA-
long runs faster, the absolute values are so small that the di erence
is negligible in practice. Note that for the largest problem instances
considered§0nodes andL60tags), the maximum runtime recorded
was 149 s with an average runtime 00’25 s This is in stark con-
trast with the optimal scheduler that takes several hours to compute
schedules for just 10 nodes and 14 tags.

Time Complexity. In general, an attention-based message pass-
ing operation has time complexit@# j j°, where# is the number
of nodes in the graph andl j is the number of edgesAd. In the
worst case, DeepGANTT performscompleteML model passes,
one for every tag in the wireless network. Hence, the complexity
of our algorithm is polynomial in the input sizeD?Y) 1# j jc°.

6.4 Performance on a Real IoT Network

In this section we deploy DeepGANTT to compute tag interrogation
schedules for a redbT network and compare its performance with
that of the TagAlong scheduler. We show that DeepGANTT can
achieve up tdb1'6%energy savings in tag interrogation.

Setup. We use an indootoT testbed consisting of 24 Zolertia
Fire y devices (see Fig. 12a). The devices run the Contiki-NG op-
erating system 38, communicate using IPv6 over IEEE 802.15.4
Time-Slotted Channel HoppingfSCH [7], and use RPL as routing
protocol [54. We collect the link connectivity among théoT nodes
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(a) 10-node topologies. (b) 20-node topologies. (c) 40-node topologies. (d) 60-node topologies.

Figure 10: DeepGANTT outperforms TagAlong even when increasing the topology sizes far beyond those seenSuatiainaagabilities of DeepGANTT when compared to the
TagAlong heuristic in terms of carrier savings. The model achieves a maximum carrier reduction of 4§48%43'86%33'93%32'14%or 160 tags and.Q 20 40, and60nodes,
respectively. The blue and the orange line represent the mean and the median, respectively. Box extents delimit 25 and 75 percentiles. Whiskers delimit 1 and 99 percentiles. The
model also has a high success rates(a A, especially for larger topologies.

number of tags in the network. Based on Fig. 4ds given by:

~_ C>C
=5 == % &G %G 7 B4eGc, %6 GaeyCs . (18)
where is the number of carriers used in the scheduleis the
number of tags in the network, and both cand % ccorrespond
to the radio power at transmit and receive mode, respectively. We
adopt%c= 7%, ,%c=10%, based on the Firey's reference

) values. Moreover, we assunug ©c= 128B, Gg= 256B, and
(a) Average runtimes for 10 nodes. Ge = 1575B [41].

Results. Fig. 13 summarizes the results of deploying Deep-
GANTT to compute schedules on the real 0T network topologies
compared to the TagAlong scheduler for di erent tag densiti§s
DeepGANTT shows a similar behaviour céirriers saveth Fig. 13a
to those seen in Fig. 10. Moreover, our scheduler achieves average
savings in “compared to TagAlong aboveJ96%for )#— 217,
with up to 51'64%maximum energy savings. Finally, Fig. 13b ex-
hibits runtimes similar to those observed in Fig. 11.

(b) Average runtimes for 60 nodes.

7 DISCUSSION

Figure 11: While TagAlong runs faster than DeepGANTT, both run times are so small DeepGANTT is the rstDL-based scheduler trained on optimal

that the di erence is negligibl&un time comparison of DeepGANTT and TagAlong . . . .

for 10 and 600T nodes with various numbers of tags. The black bars represent the solutions which employ$NNs to gen_erate interrogation sche(_:iu_les

standard deviation. for tag-augmented loT networks. Without the need for retraining,
our scheduler can generate schedules for previously unseen and sig-
ni cantly larger topologies than those seen during training, while

still achieving signi cant gains over the state-of-the-art heuris-
every 30 min over a period of four days. We assume there is a link be- tic. This section discusses practical implications and limitations of
tween any given pair of nodes if there is a signal strength of at least  deploying DeepGANTT in real-world settings.
75dBm for carrier provisioning. ThéoT network exhibits a dy- . L

namic change of node connectivity over the observed period of time /-1~ Practical Implications
(see Fig. 12b). We augment each of the collected network topologies Symmetry-Breaking. Our symmetry-breaking approach for gen-
with randomly assigned tags in the range 2 102550 7585, erating the training data introduces bias in the scheduler: nodes
100assignments pey value. with lower IDs would deplete their batteries faster, given that they

Metrics. Apartfrom thecarriers savethetricemployedin Sec.6.1  will be selected more often as carrier generators. Far from a draw-
and 6.2, we also include the average energy per tag interrogation  back, we believe this can be exploited as a feature at the applica-
which is the total energy for tag interrogationscsglivided by the tion level. For instance, one could load-balance carrier scheduling
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