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Abstract—Backhaul mesh networks are critical for ensuring
coverage and connectivity of high-frequency 6G networks. To
maintain high throughput, its architecture needs to be augmented
by adding relays. However, how to place relays at appropriate
sites poses two challenges: 1) there lacks a theory to capture the
relationship between a certain change of network architecture
and its throughput gain; 2) selecting the best sites for relays is a
complicated combinatorial problem. To tackle the first challenge,
this paper first establishes a clique-based bottleneck theory,
through which a clique-based bottleneck structure of a given
network architecture is constructed to determine the network
throughput. Based on this bottleneck structure, clique gradients
are then computed to quantify the impact of each clique on the
overall network throughput. With the clique-based bottleneck
theory, the second challenge is resolved by embedding clique
gradients into a deep reinforcement learning (DRL) scheme.
Specifically, the DRL actions are masked such that only the
relay sites that match the highest clique gradients are selected.
This DRL-based relay placement (DeepRP) scheme is evaluated
via extensive simulations, and performance results show that
it can boost network throughput by more than 50%, which is
10.4− 32.1% higher than those of baseline schemes.

Index Terms—Backhaul mesh networks, relay placement,
clique-based bottleneck theory, network throughput.

I. INTRODUCTION

High-frequency networks that operate in millimeter-wave
(mmWave) and Terahertz (THz) bands have a great potential
to provide ultra-high data rates for future 6G applications
[1]. However, high-frequency wireless links suffer from high
path loss and severe blockage issues. To increase transmission
distances and alleviate link blockage issues, wireless mesh
networking is one of the most promising technologies for
6G network design with various deployment scenarios, such
as backhaul mesh [2], sidelink mesh [3], and satellite mesh
networks [4]. In 6G high-frequency wireless backhaul mesh
networks, one of the most critical performance metrics is
network throughput. Given all the source-destination pairs of
end-to-end flows, the allocated rates for flows are continuously
increased based on the max-min fairness [5] until the network
reaches its saturation, such that no more rates can be offered.
This network saturation throughput is the sum of all the flow
saturation rates, which is considered as the network throughput
in this paper.

It is challenging to achieve high network throughput in such
a backhaul mesh. This is because network bottlenecks arise in
various congestion regions of the network [6] that interact with
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Fig. 1. A backhaul mesh network.

each other. As shown in Fig. 1, two regions are overloaded
with flow traffic such that they constitute the bottlenecks B1

and B2 for these flows. In this case, if one tries to resolve
the bottleneck B1, it is short-sighted to only focus on this
single bottleneck without considering the interaction between
two bottlenecks. If the formation of B2 leads to B1, there will
be much more performance gain by resolving B2 instead of
B1. Although some recent work [6] studies this interactions
among bottlenecks in wired networks, there is no existing work
studying the complicated relationship among bottlenecks in
wireless networks.

To boost network throughput of backhaul mesh, the in-
teractions among bottlenecks in the wireless case need to
be captured, such that bottlenecks can be appropriately al-
leviated. The conventional methods [7]–[11] for resolving
bottlenecks in multi-hop wireless networks do not consider
such interactions. In load-balancing approaches [7], [8], the
flows are rerouted such that they can circumvent the heavily-
loaded bottleneck links. In cross-layer scheduling approaches
[9]–[11], joint source rate control and resource allocation is
conducted to optimize resource utilization, where the flow
source rates are reduced and radio resources are reallocated
to avoid congestion. The above two types of work are aimed
to enhance the utilization of network capacity under the given
network architecture rather than to provide more network
capacity.

In this paper, to fundamentally provide more network ca-
pacity, we propose to augment the 6G backhaul mesh network
architecture with relays by considering the interactions among
bottlenecks. The process of network architecture augmentation
refers to relay placement in the rest of this paper, whose design
principle perfectly aligns with the developing trends of 6G
mesh networking, as there exist various candidate relays that
support flexible networking, such as mobile base stations (BS),
vehicle mounted relays, smart repeaters, and even intelligent
reflective surfaces. The candidate location sites of relays are
assumed to be known in this paper [12], [13], and a set of
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relays are deployed at the selected candidate sites. In this way,
the network throughput can be significantly boosted, and thus
the full potential of 6G mesh networking can be unleashed.

To augment the network architecture for higher network
throughput by adding relays, challenges lie in three aspects.
First, the complicated interactions among network bottlenecks
in 6G backhaul mesh must be captured, from which the
relationship between the network architecture and the network
throughput is determined. In wired networks, such interactions
are captured via constructing a directed acyclic graph (DAG)
named the bottleneck structure, and the quantitative theory
of bottleneck structures (QTBS) is developed in [14], [15]
to quantify the interactions among bottleneck links, and it
is named the link-based bottleneck theory in the rest of the
paper. However, this theory cannot be applied to the wireless
case as it cannot capture various scenarios of link resource
conflicts, such as inter-link interference, time sharing due to
beam switching, and time division duplex (TDD) constraints
[16]. How to develop the bottleneck theory for wireless
networks remains an open problem. Second, the impact of each
bottleneck on the network throughput needs to be accurately
quantified. As the objective of relay placement is to boost
network throughput with fewer relays, the bottlenecks with
the highest impact on the overall network throughput must
be identified, which enables the placement of relays to be
specifically aimed at resolving these critical bottlenecks. Third,
after identifying the network bottlenecks with a significant
impact on network throughput, the relays need to be placed at
the optimal sites that are selected from the candidate sites to
resolve these bottlenecks. Since network throughput is derived
based on bottleneck theory in this paper, the objective of
throughput maximization cannot be expressed analytically as
a differentiable function. Traditional optimization techniques
cannot address this problem, and thus an efficient relay place-
ment scheme is called for.

To tackle the above three challenges, the key designs are
carried out as follows. First, to capture the interactions among
bottlenecks and determine the relationship between network
architecture and network throughput, the bottleneck theory
named the clique-based bottleneck theory is developed for
general wireless networks (with omni-directional or directional
links). The theory applies the notion of clique from graph
theory to capture link conflict among wireless links, and
constructs a structure of bottlenecks in the unit of clique. With
the clique-based bottleneck structure, the network throughput
can be derived given a network architecture. Second, based
on the constructed bottleneck structure, the clique gradient is
derived to quantitatively determine how the perturbation of
each bottleneck clique impacts the overall network throughput.

Third, the relay placement problem is decomposed into a
multi-step, iterative process where one relay is placed at each
step, until the number of relays reaches the given requirement.
A deep reinforcement learning (DRL) based relay placement
approach (DeepRP) is designed for this multi-step process
of relay placement. DeepRP is guided by the clique-based
bottleneck theory, and it is featured with three key aspects:
1) the graph convolutional network (GCN) is employed to
embed the node features in the network topology; 2) the

clique gradients are used in the action masking scheme to
guide the agent to select the sites in proximity to the most
critical bottlenecks; 3) the clique-based bottleneck structure
is constructed after each decision step, based on which the
reward is computed. As a result, DeepRP can achieve much
higher throughputs than the baselines.

Contribution. The main contributions of this paper are
summarized as follows:

• A clique-based bottleneck theory is developed for gen-
eral wireless networks. In this theory, the clique-based
bottleneck structures are constructed to identify the com-
plicated interactions among bottlenecks and determine
the relationship between the network architecture and the
network throughput.

• A clique-gradient computation algorithm is designed
based on the constructed bottleneck structure to quantify
how the perturbation of each clique impacts the overall
network throughput.

• A DRL-based relay placement approach is designed by
incorporating the clique-based bottleneck theory, to aug-
ment the 6G backhaul architecture for higher network
throughput. This approach significantly boosts network
throughput as compared with the baselines.

The rest of the paper is organized as follows. In Section
II, related work is presented, which is followed by the system
model in Section III. The clique-based bottleneck theory is
developed in Section IV, which is divided into two parts:
the construction of clique-based bottleneck structures and
the derivation of clique gradients. Based on the developed
bottleneck theory, a DRL-based relay selection approach is
presented in Section V. Performance evaluation is conducted
in Section VI, and the paper is concluded in Section VII.

II. RELATED WORK

The problem of designing network architectures of multi-
hop wireless networks is closely related to two categories of
work that attract much attention from researchers. The first
category is topology management, which is focused on de-
termining the topological connectivity and resource allocation
among existing network nodes. The second category is relay
placement, which puts emphasis on adding additional nodes
to the existing network. In the following, these two categories
of work are presented.

A. Topology Management for Multi-hop Networks

Considering the wireless backhaul networks, the paper [17]
designs a multi-level hierarchical network architecture, and
determines which level each node is at to form the hier-
archical topology. It aims to enhance network connectivity.
There also exists some work focusing on the high-frequency
wireless backhaul networks, such as mmWave backhaul. In
[18], a bayesian approach is designed to optimize the DAG
structure of an integrated access and backhaul (IAB) network
in mmWave bands, such that bursty traffic can be sustained
with the highest probability. In [19], a DRL-based topology
formation approach is designed for mmWave IAB networks
to maximize the minimum link capacities on the paths from
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IAB donor to IAB nodes. However, the above work does not
consider the impact of inter-link interference, and their design
objectives are not fundamentally providing more network ca-
pacity. In [20], a resource management framework is designed
for the IAB network. Although the framework can optimize
the end-to-end data rate, only one IAB node and one IAB
donor is considered in [20], and thus only a single two-hop
backhaul link is formed. Such a system set-up significantly
simplifies the resource reuse scenario and directly eliminates
the network bottleneck problem.

B. Relay Placement for Multi-hop Networks

Relay placement for wireless multi-hop backhaul networks
is a critical problem that attracts much attention from re-
searchers [21]–[23]. In [21], multiple relays are deployed
between a pair of BSs in an mmWave backhaul network to
overcome severe path loss and blockage issues. The placement
of unmanned aerial vehicles (UAV) and reflective intelligent
surfaces (RIS) for wireless backhauling are studied respec-
tively in [22] and [23] to provide better alternative commu-
nication paths than the direct single-hop paths. However, the
above work does not aim for boosting network-wide through-
put. The optimal placement of multiple RISs in RIS-aided
indoor THz communications are studied in [24]. This scheme
aims to maximize the coverage area and only two-hop links
(i.e., BS-RIS-user links) are considered. A practical heuristic
relay placement scheme is designed for multi-hop wireless
networks in [25]. It jointly optimizes relay node locations
and traffic loads to minimize the overall number of packet
retransmissions. By contrast, we aim to maximize the network
saturation throughput. In [26], a multi-stage relay placement
scheme is designed to maximize network connectivity, where
the coarse relay sites are identified first and then the ideal
sites are selected and refined. However, the scheme is more
focused on inter-node reachability, and it does not consider
the flow distribution and flow fairness regarding network
throughput. The relay placement or relay selection algorithms
designed in [27]–[29] aim to improve the throughput for relay-
assisted cellular networks, but only two-hop transmission links
between BS and users are taken into account.

Relay placement problem has also been studied in wireless
sensor networks [30], [31], but their main objectives are to
improve connectivity or reduce hop count for power-limited
sensor nodes. Relay nodes are placed to maximize data
throughput received at sink nodes in [32]. However, resource
sharing and interference patterns are considered through the
maximum number of flows that can circulate within a disk of a
fixed radius centered at each node. This method cannot capture
the interference pattern as accurately as the link conflict graph
and cliques in our paper. Also, flow fairness is ignored in [32].

Compared to topology management based on the existing
nodes, adding new nodes can provide much more opportunities
for resolving network bottlenecks. Therefore, this paper is
focused on the approach of relay placement to boost network
throughput, and our novelty lies in the following aspects: 1) we
consider a general multi-hop and multi-flow wireless backhaul
network, where the flow fairness and flexible flow distribution

are considered; 2) based on this set-up, we aim to maximize
the fairness-based network saturation throughput that is not
considered thoroughly before; 3) to achieve the throughput-
maximization goal, the problem of relay placement is studied
by considering the interactions among network bottlenecks for
the first time.

III. SYSTEM MODEL

A. Network Model

As shown in Fig. 1, a TDD-based backhaul mesh network
with one mesh gateway and multiple deployed mesh nodes is
considered. There also exist multiple known candidate relay
sites. The relays to be deployed are dedicated relays as in
[21], which do not serve as access points for users. The mesh
gateway can gather network-wide information and determine
the sites for relay placement in a centralized way. As the
network is assumed to operate in high-frequency bands (e.g.,
THz bands), directional links are used among all the network
nodes. Let N , L, F be the set of network nodes, directed links,
and flows, and n, l, f be the indices that refer to the entities,
respectively. The capacity of link l is denoted as Cl. The
resources allocated to each flow is represented in data rates
(bps) instead of the physical time and frequency resources,
which will be elaborated in Section IV. Note that the feasibility
on enforcing data rates into physical resources with a certain
MAC mechanism is outside the scope of this paper. This issue
is addressed in [33]–[35].

There are multiple end-to-end aggregate flows in the back-
haul network, either between the mesh node and the mesh
gateway, or between two mesh nodes. The single-path routing
scheme is adopted, and D = {R1, ...,RF } is the set of
routes with Rf as flow f ’s routes. D is also referred to as
flow distribution. A stable flow distribution is assumed to be
known at the beginning of relay placement [33]. For backhaul
networks, the source and destination of each aggregate flow
change on a large timescale, which can be obtained by network
operators via traffic monitoring [36]. During one procedure of
relay placement, the source-destination pairs stay unchanged
[33], while the routing paths can be flexibly adjusted.

A three-sector analog beamforming architecture is adopted,
and beam switching is applied for each sector (only one link
can be activated at one time in the same sector). The effective
gain including antenna gain and beamforming gain within the
main-lobe beam is assumed to be constant as in [2]. Let Gt

and Gr be the transmit effective gain and receive effective
gain, and perfect beam alignment is assumed. To model multi-
path channel components, the Saleh-Valenzuela (S-V) model
adopted [37], [38]. We only consider one ray within each
cluster [38], as the finer details of each cluster’s internal multi-
path components are not critical in our problem. Therefore, the
channel impulse response of the S-V model is expressed as

h(t) =
√

L (fc, d)X

M∑
m=0

βmejθmδ (t− Tm) , (1)

where L (fc, d) is the path loss coefficient that will be elab-
orated later; X is a log-normal random variable with the
standard deviation as σX for the shadowing effect; M is the
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number of non-negligible clusters within time duration Ts; θm
is a random variable uniformly distributed over [0, 2π);Tm

is the arrival time of the m-th cluster modeled by a Poisson
process with an average arrival rate of λ;βm follows the
Rayleigh distribution f (βm) = 2(βm/β2

m)e−βm/β2
m with β2

m

is the average power in the m -th cluster. The average power is
given as β2

m = β2
0e

−Tm/γ with γ as the cluster decay constant
and β2

0 = 1.
The path loss coefficient L(fc, d) includes the free-space

spreading loss Ls (fc, d) and the molecular absorption loss
Labs (fc, d) in THz bands [1] [37], expressed as

L (fc, d) = Ls(f, d)Labs(f, d)

= GrGt

(
c

4πfcd0

)2(
d0
d

)n

e−kabs(fc)d
(2)

where c is the speed of light; fc is the carrier frequency; d
is the propagation distance; d0 is the reference distance set as
1; kabs (fc) is frequency-dependent absorption coefficient; n
is the path loss exponent.

B. Link Conflict Graph and Maximal Clique

The undirected link conflict graph [39] Gc = ⟨Vc, Ec⟩
captures resource conflicts among links, where the vertex set
Vc consists of all the transmission links, and the edge set
Ec describes the conflicting relationship of wireless resources
between two transmission links. Note that the transmission link
from node A to B is considered as a different link than the
transmission link from node B to A. Let eij ∈ Ec be the edge
between vertex i and vertex j. The edge exists if 1) there is
cross-link interference between two links (i.e., the receiver of
one link is within the beam interference range of another link),
or 2) the two links cannot be active simultaneously due to the
TDD constraint, or 3) beam switching is applied between the
two links in the same sector. The two links cannot use the
same resources if there exists an edge between them.

Based on the link conflict graph, the notion of clique is
utilized as a critical tool for capturing the interference and
resource sharing pattern. Each clique is a complete subgraph
of the link conflict graph, and a maximal clique is the clique
that is not contained in any other cliques. Via the existing
algorithm [40] of solving maximal clique cover of a graph,
a set of maximal cliques K is obtained over the link conflict
graph Gc. Only one link in a maximal clique can be activated
in one resource unit.

IV. CLIQUE-BASED BOTTLENECK THEORY

The clique-based bottleneck theory is established. In this
theory, the clique-based bottleneck structure is constructed to

determine the relationship between the network architecture
and the network throughput. Based on the constructed struc-
ture, the clique gradients are computed to quantify the impact
of each bottleneck clique on the throughput.

A. Clique-based Bottleneck Structure

The bottleneck structures are constructed in the unit of max-
imal cliques to capture the link resource conflicts in wireless
networks. To achieve this, the definition of a bottleneck clique
is given, and then the algorithm of constructing the structure
is developed based on clique fair shares.

1) Definition of Bottleneck Clique: The resource share of
flow rate rf on link l is defined as rf/Cl. Since any two
links within a maximal clique cannot be activated in the
same resource unit, the sum of resource shares within each
clique cannot exceed one. Therefore, the resource sharing
pattern within each clique must satisfy the following feasibility
constraint [41]:

∑
l∈Lk

∑
f∈Fl

rf/Cl ≤ 1,∀k = 1, 2, ...,K,
where Lk is the set of links in clique k, and Fl is the set
of flows traversing link l ∈ Lk. When the above feasibility
constraint is satisfied, how to further enforce the flow rates
into physical resources by MAC mechanisms is another crit-
ical problem that has been addressed in [33], [41]. While
the bottleneck clique can be defined under various fairness
criteria [14], this paper is focused on the widely-used max-
min fairness among end-to-end flow rates. The definition of
bottleneck clique under max-min fairness extends the concept
in [34], [41] for multi-hop flows, which is stated as follows.

Definition 1 (Bottleneck Clique). Clique k is a bottleneck
clique for flow f if and only if the following conditions are
satisfied: a) clique k must be a saturated clique that satisfies
the feasibility constraint and has no remaining resource share
for any flow, expressed as

∑
l∈Lk

∑
f∈Fl

rf
Cl

= 1; b) the flow
f ’s resource share under max-min fairness cannot be smaller
than the fair shares of other flows on each link in clique k,
expressed as rf

Cl
≥ rf′

Cl
,∀l ∈ Lk, f

′ ∈ Fl \ {f}.

The above definition indicates that if the flow can only
obtain a resource share smaller than the fair share obtained
by other flows in clique k, this flow must be bottlenecked
elsewhere other than clique k.

2) Algorithm of Constructing Clique-based Bottleneck
Structures: From the above definition, multiple bottleneck
cliques can be identified if the max-min fair flow rates
{rf |f ∈ F} are determined. However, there exist two ques-
tions: a) how to determine the max-min flow rate allocation
for a backhaul mesh network based on maximal cliques; b)
how the identified bottleneck cliques exert influence on each
other. These two questions are merged and resolved by the
construction of clique-based bottleneck structures. With the
constructed bottleneck structure, the interactions among bottle-
necks are captured, and the relationship between the network
architecture and the network throughput is determined.

Before developing the algorithm for constructing a clique-
based bottleneck structure, a critical metric named clique fair
share sk is introduced for clique k to specify the fair rate that
each unconverged flow can be allocated in this clique. A flow
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is considered unconverged if it has not been allocated with the
data rate of its fair share. Let Fc

l and Fu
l denote the set of

converged flows on link l and the set of unconverged flows
on link l respectively, and Fu

l = Fl \ Fc
l . The definition of

clique fair share is stated as follows.

Definition 2 (Clique Fair Share). The clique fair share for
clique k is obtained by equally allocating the remaining
resource share among all the unconverged flows in this clique,
expressed as

sk =
1−

∑
l∈Lk

∑
f∈Fc

l
(rf/Cl)∑

l∈Lk
(|Fu

l |/Cl)
, (3)

where the remaining resource share is obtained by deducting
the converged flows’ shares from 1 as shown in the nominator.

Based on the definition of clique fair share, Algorithm 1
is developed to construct a clique-based bottleneck structure,
i.e., a DAG Gb = ⟨Vb, Eb⟩. As shown in Fig. 3, the vertex
set Vb consists of all the bottleneck cliques Q̂ and flows F
in the network (i.e., Vb = Q̂ ∪ F), while the edge set Eb
comprises of the directed edges between bottleneck cliques
and flows. Let (qk,wf ) and (wf , qk) denote the directed edge
from clique k to flow f , and the directed edge from flow f
to clique k, respectively, where k ∈ Q̂, f ∈ F . The main
procedure of Algorithm 1 is described as follows. In each
iteration, the cliques that are not bottlenecks with the minimum
clique fair share value are chosen (Line 4-5), e.g., q1 and
q2 are chosen and added into the bottleneck structure in Fig.
3. Next, the flows traversing the chosen cliques are allocated
with the clique fair share as their data rates, and they are
added into Gb with the directed edges from the cliques (Line
8-10). For example, w4 traverses w2, so the edge (q2,w4)
is added. Furthermore, the edges are added from these flows
to other bottleneck cliques they traverse (Line 11), such as
(w4, q5). After the edge addition, the clique fair share values
are recomputed by excluding the converged flows (Line 4).
The iteration continues until all the flows are converged, and
thus Gb is established.

The time complexity of Algorithm 1 is analyzed as follows.
Only Line 5 runs in non-constant time while other lines of
statements run in constant time. In Line 5, the sorting based
on Min-Heap is adopted with the heap size set to K at most,
where K is the number of cliques. Each heap update runs in
O(logK). The number of such updates is bounded by Kη,
where η is the maximum number of flows traversing a clique.
Therefore, the algorithm has the complexity of O(ηK logK).

The clique-based bottleneck structure is a non-trivial ex-
tension of the original link-based bottleneck structure in [14]
Similar to the original structure, the clique-based structure

Algorithm 1 Bottleneck structure construction
1: Input: The set of maximal cliques K, the set of flows F ;
2: Initialization: Vb = Eb = FC = ∅, rf = 0,∀f ∈ F , F̂k

(the flow set traversing clique k), Qf (the set of cliques
that are traversed by flow f ), FC(the converged flow set).

3: repeat
4: Compute clique fair shares sk, ∀k /∈ Vb;
5: mk = min

{
sj |F̂j ∩ F̂k ̸= {∅},∀j /∈ Vb

}
,∀k /∈ Vb;

6: for k with sk = mk do
7: for f ∈ F̂k, f /∈ FC do
8: rf = sk;
9: FC = FC ∪ {f};

10: Eb = Eb ∪ {(qk,wf )};
11: Eb = Eb ∪ {(wf , qj)},∀j ∈ Qf \ {k};
12: end for
13: Q̂ = Q̂ ∪ {k};
14: Vb = Q̂ ∪ FC;
15: end for
16: until FC = F
17: Obtain the network throughput T =

∑
f∈F rf ;

18: Output: Gb = ⟨Vb, Eb⟩, T .

captures the interactions among bottlenecks and flows via
directed edges. However, there exists one distinct feature in the
clique-based case: the bottleneck cliques can be overlapped by
including some common links. Therefore, the theorem in [14]
saying that the root vertices in the bottleneck structure have a
higher impact on the overall network than the leaf vertices
cannot be applied to the clique-based case. To accurately
quantify the impact of each bottleneck cliques on the overall
network, clique gradients need to be derived, as shown in the
following subsection.

B. Clique Gradient

1) Definition of Clique Equivalent Capacity: To quanti-
tatively characterize the capability of a clique, the clique
equivalent capacity is defined via a set of virtual scheduling
variables.

Definition 3 (Clique Equivalent Capacity). The clique equiva-
lent capacity Rk is defined as the weighted sum of all the link
capacities in clique k, Rk =

∑
l∈Lk

pk,lCl,∀k ∈ K, where
{pk,l|l ∈ Lk} are the virtual scheduling variables that satisfy
two constraints:

∑
l∈Lk

pk,l ≤ 1,∀k ∈ K; pk,l ≥ 0,∀l ∈
Lk, k ∈ K.

With the virtual scheduling variables {pk,l|l ∈ Lk}, the
capacity of a clique is characterized based on its link capacities
and flow distribution. Analogous to how a link capacity
is allocated among flows, the clique equivalent capacity is
allocated among its traversing flows, from which the equivalent
set of max-min flow rates as in Algorithm 1 can be obtained,
as stated in the following theorem.

Theorem 1. There exists a unique solution of {pk,l|l ∈ Lk}
for each clique in the bottleneck structure that achieves the
same flow rate results as those obtained by Algorithm 1.
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Proof. First, consider one clique k on the first (root) level of
bottleneck structure that has no predecessor flow. The flow
rates in this clique are the same and can be computed by Eq.
(3) in Algorithm 1, which is

sk = rf =
1∑

l∈Lk

bl
Cl

,∀f ∈ Fl, (4)

where bl = |Fu
l | = |Fl|. By using its equivalent capacity,

these flow rates can also be computed by allocating the clique
equivalent capacity among all the unconverged flows, which
is

rf =
Rk∑
l∈Lk

bl
=

∑
l∈Lk

pk,lCl∑
l∈Lk

bl
, (5)

where the clique equivalent throughput Rk is referred to Def-
inition 3. Based on the max-min rate allocation in Algorithm
1, the unconverged flows are allocated with equal resource
shares, that is,

pk,1
b1

=
pk,2
b2

= ... =
pk,l
bl

= β, (6)

where bl is an positive integer and β is the positive ratio of
resource share. The case of bl = 0 is naturally excluded here,
since pk,l = 0 if bl = 0. Considering Eq. (4), (5), and (6), the
virtual scheduling variables can be derived as

pk,l =
bl∑

l∈Lk

bl
Cl

∑
l∈Lk

bl∑
l∈Lk

blCl
,∀l ∈ Lk. (7)

Specially, if all the links in clique k have the same capacity,
then Eq. (7) is simplified as pk,l =

bl∑
l∈Lk

bl
, and the clique

equivalent capacity in this case is a convex combination of
link capacities.

In the following, we prove that the uniquely derived pk,l
satisfies the constraints in Definition 3. Obviously, pk,l is non-
negative. Based on Eq. (6) and (7), the problem of proving∑

l∈Lk
pk,l = β

∑
l∈Lk

bl ≤ 1 is transformed into proving the
following inequality:

1∑
l∈Lk

bl
Cl

∑
l∈Lk

bl∑
l∈Lk

blCl
≤ 1∑

l∈Lk
bl
. (8)

The above inequality is reformed as(∑
l∈Lk

bl

)2

≤
∑
l∈Lk

bl
Cl

∑
l∈Lk

blCl, (9)

and further as∑
i∈Lk

∑
j∈Lk,j ̸=i

2bibj ≤
∑
i∈Lk

∑
j∈Lk,j ̸=i

(
Ci

Cj
+

Cj

Ci
)bibj . (10)

Since we have Ci/Cj +Cj/Ci ≥ 2,∀Ci, Cj ≥ 0, the inequal-
ity (10) always holds true and the equality is obtained with
Ci = Cj ,∀i, j ∈ Lk. Therefore, the uniquely derived virtual
scheduling variables {pk,l,∀l ∈ Lk} satisfy the constraints in
Definition 3. With this, the proof for the cliques on the root
level is completed.

Next, consider one clique k on the remaining levels of the
bottleneck structure that has a set of predecessor flows with the
same converged rates r. Let al = |Fc

l |, dl = bl − al = |Fu
l |,

and the flow rates for the unconverged flows is derived by in
Algorithm 1 as

sk =
1−

∑
l∈Lk

alr
Cl∑

l∈Lk

dl

Cl

. (11)

Similarly, they can also be computed by allocating the remain-
ing clique equivalent capacity among the unconverged flows,
which is

sk =
Rk −

∑
l∈Lk

pk,lalr∑
l∈Lk

dl
=

∑
l∈Lk

pk,l(Cl − alr)∑
l∈Lk

dl
. (12)

Based on the max-min rate allocation in Algorithm 1, the
unconverged flows are allocated with equal resource share,
which follows

pk,1
d1

=
pk,2
d2

= ... =
pk,l
dl

= θ, (13)

where dl and θ are positive numbers. Considering Eq. (11),
(12), and (13), the virtual scheduling variables can be derived
as

pk,l =
dl

(
1−

∑
l∈Lk

alr
Cl

)
∑

l∈Lk

dl

Cl

∑
l∈Lk

dl∑
l∈Lk

dl(Cl − alr)
(14)

Similar to the derivation for the first case, we prove that the
uniquely derived pk,l satisfies the constraints in Definition
3. Obviously, pk,l is non-negative. The problem of proving∑

l∈Lk
pk,l = θ

∑
l∈Lk

dl ≤ 1 is transformed into proving the
following inequality:

θ =
1−

∑
l∈Lk

alr
Cl∑

l∈Lk

dl

Cl

∑
l∈Lk

dl∑
l∈Lk

dl(Cl − alr)

≤ 1∑
l∈Lk

dl
.

(15)

To prove the above inequality, the following transformation is
conducted:

θ =

∑
l∈Lk

dl[1− r
∑

l∈Lk

al

Cl
]∑

l∈Lk

dl

Cl

∑
l∈Lk

dlCl − r
∑

l∈Lk

dl

Cl

∑
l∈Lk

dlal

=

∑
l∈Lk

dl[1− r
∑

l∈Lk

al

Cl
]∑

l∈Lk

dl

Cl

∑
l∈Lk

dlCl[1−
r
∑

l∈Lk
dlal∑

l∈Lk
dlCl

]

≤
∑

l∈Lk
dl∑

l∈Lk

dl

Cl

∑
l∈Lk

dlCl

≤ 1∑
l∈Lk

dl
.

(16)

With this, we prove that {pk,l,∀l ∈ Lk} satisfies the con-
straints in Definition 3.

Finally, consider one clique k that has a set of predecessor
flows with various converged rates r̂m,m = 1, 2, ...,M in
the bottleneck structure. Let al,m = Fc

l,m, dl = |Fl| −∑M
m=1 |Fc

l,m|. Following the similar methodology of combin-
ing two ways of flow rate computation, the virtual scheduling
variables can be derived as

pk,l =
dl
∑

l∈Lk
dl[1−

∑M
m=1 r̂m

∑
l∈Lk

al,m

Cl
]∑

l∈Lk

dl

Cl

∑
l∈Lk

dlCl[1−
∑M

m=1

r̂m
∑

l∈Lk
dlal,m∑

l∈Lk
dlCl

]
,

(17)
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and
pk,1
d1

=
pk,2
d2

= ... =
pk,l
dl

= θ, (18)

where dl and θ are positive. Similar to the previous case, to
prove

∑
l∈Lk

pk,l = θ
∑

l∈Lk
dl ≤ 1, the key inequality below

is proved as follows:

θ =

∑
l∈Lk

dl[1−
∑M

m=1 r̂m
∑

l∈Lk

al,m

Cl
]∑

l∈Lk

dl

Cl

∑
l∈Lk

dlCl[1−
∑M

m=1

r̂m
∑

l∈Lk
dlal,m∑

l∈Lk
dlCl

]

≤
∑

l∈Lk
dl∑

l∈Lk

dl

Cl

∑
l∈Lk

dlCl

≤ 1∑
l∈Lk

dl
.

(19)
Therefore, the uniquely derived virtual scheduling variables

satisfy the constraints in Definition 3, and thus Theorem 1 is
proved to be true.

2) Derivation of Clique Gradients: The clique gradient
g(j) is defined as the impact of an infinitely small pertur-
bation in clique j’s equivalent capacity on the overall network
throughput T , expressed by

g(j) =
∂T

∂Rj
=

∂
∑

f∈F rf

∂Rj
=
∑
f∈F

∂rf
∂Rj

. (20)

From the above expression, g(j) can be also viewed as the
sum of the clique j’s impacts on all the flow rates. The key
question is how to efficiently compute g(j) for each bottleneck
clique j based on the constructed bottleneck structure Gb.
Assume that an infinitely small perturbation is imposed on
clique j (viewed as the perturbation source), i.e., ∆Rj is
exerted on Rj . For a bottleneck structure Gb, let ∆sk be
the perturbation on the clique fair share of bottleneck clique
k, and ∆rf be the perturbation on the rate of flow f , both
of which are caused by the perturbation source ∆Rj . For
each directed edge in Gb, the former(latter) vertex is called
the predecessor(successor) of the latter(former) one. Note that
∆sk and ∆rf are normalized with ∆Rj to remove the physical
dimension, and thus ∆Rj is not included in the propagation.
To figure out how this perturbation ∆Rj propagates through
the whole bottleneck structure and results in ∆sk and ∆rf ,
the propagation equations must be derived.

First, the propagation equation for ∆sk is determined as
follows. The variation of the remaining resource in clique k
consists of two parts: a) the variation of capacity caused by
the perturbation source, expressed as the ratio of common
virtual scheduling variables in two cliques k and j, i.e.,(∑

l∈Lk∩Lj
pk,l

)
/
(∑

l∈Lj
pj,l

)
; b) the variation of con-

sumed resources caused by ∆rf from all the predecessor flows
of clique k, expressed as −

∑
f∈Pk

∑
l∈Lk∩Rf

(pk,l∆rf ). By
dividing the variation of remaining resources among all the
successor flows of this clique, ∆sk can be derived, as shown
in the following propagation equation:

∆sk =

∑
l∈Lk∩Lj

pk,l∑
l∈Lj

pj,l
−
∑

f∈Pk

∑
l∈Lk∩Rf

(pk,l∆rf )

|Bk|
, (21)

where Pk and Bk represent the predecessor and the successor
vertices of clique k in Gb.

Second, the propagation equation for ∆rf is obtained by
taking the minimum of the clique fair share perturbations
on flow f ’s predecessor cliques, as the flow is bottlenecked
by the clique with the minimum fair share. Therefore, the
perturbation on the flow f ’s rate is

∆rf = min
k∈P̂f

∆sk, (22)

where P̂f represents the predecessor vertices of flow f in Gb.
After two perturbation equations are derived, the algorithm

of computing clique gradients named CliqueGrad can be
developed: Starting from the perturbation source clique j,
the two equations (21) and (22) are sequentially computed
to obtain ∆sk for each clique and ∆rf for each flow in
the bottleneck structure. The sequence of propagation is the
sequence by which the clique or flow is added into Gb in
Algorithm 1. The time complexity of CliqueGrad is analyzed
as follows. The two propagation equations, Eq. (21) and Eq.
(22), run in constant time. To propagate the perturbation from
the roots of the bottleneck structure to the leaves, a Min-Heap
of size KF is built as in [14], where F is the number of flows.
The operation of heap updates runs at most KF times [14],
leading to O(KF log(KF )).

It can be proved that the output of CliqueGrad by taking
the sum of ∆rf (∀f ∈ F) is equal to the clique j’s gradient,
as stated in the following theorem.

Theorem 2 (The correctness of clique gradient computation).
Assume that an infinitely small perturbation is imposed on
clique j. By executing CliqueGrad, ∆sk and ∆rf can be
achieved as

∆sk =
∂sk
∂Rj

,∀k ∈ Q̂, (23)

∆rf =
∂rf
∂Rj

,∀f ∈ F . (24)

As a result, the algorithm output ĝ(j) computed as
∑

f∈F ∆rf
is equal to the clique gradient g(j).

Proof. The clique perturbation is obtained by imposing an
infinitely small perturbation δ on each of clique j’s link
capacities, i.e., ∆Rj =

∑
l∈Lk

pk,lδ. To prove Eq. (23) and
(24), it is equivalent to prove

s̃k = sk +∆sk(δ
∑
l∈Lj

pj,l),∀k ∈ Q̂, (25)

r̃f = rf +∆rf (δ
∑
l∈Lj

pj,l),∀f ∈ F , (26)

where s̃k, r̃f are new values after perturbation.
An induction approach applied in the wired network [14] is

followed to prove Eq. (26) and (25). Similar to Definition 5 in
[14], clique x or flow f is said to be in the clique k’s influence
region, provided that the clique fair share sx of clique x or
the flow rate rf can be impacted by the change of the clique
equivalent throughput Rk of clique k. Let I(j) be the influence
region set. Consider any vertex y ∈ Vb in the constructed
bottleneck structure, where it can be a flow or a clique. If it
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is not in the influence region of clique j, i.e., y /∈ I(j), it is
evident that ∆ry = 0,∀y ∈ F or ∆sy = 0,∀y ∈ Q̂. Thus, Eq.
(26) and (25) hold true. For any vertex y ∈ I(j), the following
proof is given by induction.

To start with, consider vertex y as the the root node in
I(j). Vertex y must be a clique and it has no predecessor
vertex. Hence, we replace the notation y by k. The only
impact on clique k’s fair share must directly come from the
perturbation source clique j. Let Mk,j = Lk∩Lj , representing
the common links of two cliques. Then the new fair share value
for clique k can be derived as follows:

s̃k =
R̃k

|Bk|
=

Rk +∆Rk

|Bk|

= sk +
δ
∑

l∈Mk,j
pk,l

|Bk|

= sk +

∑
l∈Mk,j

pk,l/
∑

l∈Lj
pj,l

|Bk|
δ
∑
l∈Lj

pj,l

= sk +∆sk(δ
∑
l∈Lj

pj,l),

(27)

where Bk represent the successor vertices of clique k in the
bottleneck structure. The above shows Eq. (25) holds true.

Next, following the methodology of induction, we assume
y is any vertex in I(j) except the root node, and each
predecessor vertex of y in I(j) satisfies Eq. (26) if it is a
flow, or Eq. (25) if it is a clique. In the following, it is proved
that vertex y itself satisfies one of the two equations, which
completes the induction.

Consider the first case that vertex y is a flow, i.e., y ∈ F , and
the index y is replaced by f . It is assumed by induction that
the predecessor cliques of flow f satisfies Eq. (25). Combined
with the propagation equation (22), it is shown that:

r̃f = min
k∈P̂f

s̃k

= min
k∈P̂f

sk +∆skδ
∑
l∈Lj

pj,l


= rf + δ

∑
l∈Lj

pj,l

(
min
k∈Pw

f

∆sk

)

= rf +∆rf

δ
∑
l∈Lj

pj,l

 ,

(28)

where P̂f represents the predecessor vertices of flow f in the
bottleneck structure. This states that Eq. (26) holds true.

Consider the second case that vertex y is a bottleneck clique,
i.e., y ∈ Q̂, and thus the index y is replaced by k. Based on
the max-min allocation of clique y’s available throughput, we
have

s̃k =
R̃k −

∑
f∈Pk

∑
l∈Lk,f

pk,lr̃f

|Bk|
, (29)

where R̃k = Rk + ∆Rk, and Pk represents the prede-
cessor flows of clique k in the bottleneck structure. Since
r̃f satisfies Eq. (26) based on induction, we have r̃f =

rf + ∆rf (δ
∑

l∈Lj
pj,l). Also, sk is expressed as sk =(

Rk −
∑

f∈Pk

∑
l∈Lk,f

pk,lrf

)
/|Bk|. Therefore, Eq. (29) is

further transformed into

s̃k = sk +
∆Rk −

∑
f∈Pk

∑
l∈Lk∩Rf

pk,l∆rf∆Rj

|Bk|

= sk +
∆Rk/∆Rj −

∑
f∈Pk

∑
l∈Lk∩Rf

pk,l∆rf

|Bk|
∆Rj

= sk +∆sk(δ
∑
l∈Lj

pj,l),

(30)
which states that Eq. (26) holds true. Note that based on the
proof in [14], it suffices to use the original bottleneck structure
with the imposed perturbation.

To this end, for any vertex in the bottleneck structure, either
Eq. (23) or Eq. (24) is proved to hold true. The algorithm
output of CliqueGrad is ĝ(j) =

∑
f∈F ∆rf =

∑
f∈F

∂rf
∂Rj

,
which is exactly the clique gradient g(j). With that, the proof
of Theorem 2 is completed.

V. DRL-BASED RELAY PLACEMENT WITH CLIQUE-BASED
BOTTLENECK THEORY

A. Relay Placement Problem

The problem of relay placement is placing a set of relay
nodes R̂ at the selected candidate relay location sites to
boost the network throughput. Let R̂can be the set of all the
candidate sites, and Nr be the number of relays that can be
deployed considering the total deployment cost. R̂can and Nr

are considered as given information, and R̂ ∈ R̂can, |R̂| = Nr.
With the clique-based bottleneck theory developed in Sec-

tion IV, two critical theoretical results have been drawn: 1) by
constructing the bottleneck structure, the network throughput
is determined given a network architecture as in Algorithm
1; 2) the impact of each bottleneck clique on the overall
throughput, i.e., the clique gradient, is determined based on
CliqueGrad. However, even with these theoretical tools, it is
still challenging to solve the relay placement problem. This
is because the objective of relay placement in this paper
is unique: it aims to maximize the fairness-based network
saturation throughput as stated in Section I. To derive such
fairness-based network throughput, one must rely on the
algorithm of bottleneck structure construction (Algorithm 1)
developed in the bottleneck theory. However, the derivation of
throughput via Algorithm 1 cannot be analytically expressed
as a differentiable function to be optimized. Therefore, this
problem does not fall into traditional integer programming
[42], and thus the traditional optimization techniques such
as branch-and-bound lose their effectiveness here [42]. This
motivates us to develop a DRL-based method that does not
require the objective function to be differentiable.

Instead of selecting multiple candidate sites at one time
that incurs high complexity in DRL search space, we decom-
pose the relay placement problem into a multi-step, iterative
process where one relay is deployed at each step. In each
step, a clique-based bottleneck structure is first constructed
and then the clique gradients are computed based on the
structure. The cliques with H highest gradients are named
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Fig. 4. DeepRP: DRL Design Framework

as H-highest-gradient cliques, which are identified as high-
impact cliques for the network. The best candidate relay site
that is in proximity of these cliques is selected. After deploying
the new relay at the selected site by DRL, the flow distribution
is changed accordingly by rerouting, and the new network
architecture is obtained. The bottleneck structure can be then
constructed again to start another iteration. The above DRL-
based approach aims to maximize network throughput over
multi-step decisions.

B. Key Designs of DeepRP

As shown in Fig. 4, the DRL framework named Deep
Relay Placement (DeepRP) is designed based on an actor-
critic architecture as elaborated in Section V-C. The mesh
gateway is considered as the centralized DRL agent, which
selects the action at based on the current state st at step t.
Then, the agent collects the reward rt from the environment
and updates the learnable parameters of DRL agent. Before
elaboration on key modules, the state, action, and reward are
described as follows.

State representation. Since the information on candidate
relay sites is known by the agent, a full virtual network
topology Gw = (Vw, Ew) is constructed, where the node
set Vw includes all the deployed mesh nodes and candidate
relay sites, and the edge set Ew includes all the potential
communication links among nodes. Gw is considered as an
undirected graph, and the edge weight is the estimated SNR
of each undirected link normalized into the range of (0, 1].
Each node’s feature has four elements: whether this node is
deployed or not (represented by a binary value), the number
of incoming flows, the number of outgoing flows, and the
connectivity degree of this node in Gw. Let F denote the matrix
of node features with the size |Vw| × 4. Thus, the state is
represented by st = {Gw,F}.

Action representation. The action at is selecting one site
among all the candidate sites to place a new relay. As a policy-
based DRL method is adopted [43], at is sampled based on
a probability distribution vector generated by the DRL actor
network (i.e., a DRL policy π(·|st)). Specifically, the policy
vector has the dimension of the number of candidate sites
|R̂can|, and each element of this vector is the probability of
choosing a specific site for relay deployment.

Reward function. The reward assigned to step t is the
network throughput gain after deploying the new relay, i.e.,
r(st, at) = Tt+1 − Tt, where Tt+1 is obtained under the new
network architecture after action at is taken. By computing
losses from rewards, the following learnable networks are
updated: GCNs θg, actor network θa that generates policy
π(·|st)), and critic network θv that outputs a scalar (V π(s))
based on the current state. The details of loss computation and
updating process are in Section V-C.

As shown in Fig. 4, three key modules are designed for
DeepRP to efficiently resolve the relay placement problem: 1)
GCN-based graph embedding; 2) clique-gradient-based action
masking; 3) bottleneck-structure-based reward computation. In
the following, these module designs are elaborated.

GCN-based graph embedding. The DRL agent conducts
node embedding over the full virtual network topology Gw. Let
A be the adjacency weight matrix of Gw with self-connections
and D is a diagonal matrix whose diagonal elements are
Dii =

∑
j Aij . Considering a multi-layer GCN, the layer-

wise propagation rule [1] for layer ℓ to obtain the (ℓ + 1)-th
layer embedding matrix X(ℓ+1) is

X(ℓ+1) = σ
(
D−1/2AD−1/2X(ℓ)θ(ℓ)g

)
, (31)

where X(0) = F is the input node feature matrix, and θ
(ℓ)
g

denotes the parameters of ℓ-th layer GCN, and σ(·) is the
ReLU activation function. A single-layer GCN aggregates
one-hop neighbor nodes’ states for each node, and thus each
node can obtain a node-level embedding vector that encodes
multi-hop node states after multi-layer GCN embedding. As
shown in Fig. 4, a graph-level embedding is then obtained
by concatenating all the embeddings of candidate relay nodes,
and its dimension is |R̂can|dx with dx as the dimension of one
node embedding. Note that |R̂can| is the number of candidate
sites. This concatenated embedding serves as the input for both
the actor and critic networks subsequently.

Clique-gradient-based action masking. To generate a
DRL policy that enables efficient learning, the logit-based
action masking [44] is designed based on clique gradients,
which includes three steps. First, a set of valid actions Avalid
is defined: the action of selecting an undeployed candidate site
that is in proximity to H-highest-gradient cliques is considered
valid. More specifically, a site is in proximity of one clique if it
is in one-hop communication range of at least two nodes in the
clique. In this way, the range of site selection is significantly
narrowed down to be aimed at resolving the high-impact
bottlenecks. In addition, if a candidate site is already selected
in previous steps, it cannot be selected again, and it is excluded
from the valid action set. Second, a masking function fm(·) is
designed, and it is applied on the logits, l (·|st), generated by
the last layer of actor network θa. Let M = |R̂can| for ease of
notation, and let ai denote action i is taken based on st. The
masking function is

fm
(
l
(
ai|s

))
=

{
l
(
ai|s

)
, if ai ∈ Avalid

η, if ai /∈ Avalid
, (32)

where i = 1, . . . ,M , and the invalid actions are masked out
by setting their logits to a large negative number η = −1 ×
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108 [44]. Third, Softmax activation is applied on the masked
logits to generate the final probability distribution over all the
actions, i.e., DRL policy π(·|s), expressed by

π (·|st) =
[
π
(
a1|st

)
, . . . , π

(
aM |st

)]
= softmax

(
fm
(
l
(
a1|st

))
, . . . , fm

(
l
(
aM |st

)))
where π

(
ai|st

)
is the probability of selecting action i. As a

result, the probability of selecting non-critical relay sites is
reset to zero.

Bottleneck-structure-based reward computation. In this
paper, the network saturation throughput is theoretically ac-
quired via the construction of bottleneck structures. Specif-
ically, a bottleneck structure is rebuilt via the algorithm of
bottleneck structure construction after taking one step of relay
placement at to obtain throughput Tt+1. The throughput gain
(Tt+1 − Tt) is then taken as the step reward rt.

Based on the design of the second and third key modules,
the contributions of bottleneck theory for the DRL design are
summarized as follows. First, the clique gradients are used in
the action masking scheme to guide the agent to select the
sites in proximity to the most critical bottlenecks. Second,
the clique-based bottleneck structure is constructed after each
decision step, based on which the reward is computed.

C. DRL Training and Inference

1) Offline training process: DeepRP is trained through
the actor-critic algorithm Proximal Policy Optimization-Clip
(PPO-Clip) [43]. PPO-Clip has been guaranteed with conver-
gence to the local minimum in recent research [45], [46]. Espe-
cially, it can attain global optimality with over-parameterized
neural networks [45]. The relay placement process of adding
Nr relays is viewed as one DRL episode.

In each step t of an episode, as shown in Fig. 4, the DRL
agent embeds the input states st through a multi-layer GCN to
obtain a graph-level embedding. This embedding goes through
the actor and critic network respectively. The actor network
outputs the logits for each potential action, and then the clique-
gradient-based action masking is applied to obtain a new
probability distribution vector over all the actions. Based on
the new distribution, action at is sampled, i.e., a valid relay site
is determined and a new relay is added to the backhaul mesh.
Next, a heuristic flow rerouting algorithm named Fair-Share-
based (FS-based) rerouting is designed as follows. A new type
of link cost cl for link l is defined as cl =

∑
k∈Q̂l

1/sk, where
Q̂l is the set of cliques containing link l, and sk is the clique
k’s fair share with no flow converged. High-impact flows are
identified as the flows that traverse the high-impact cliques.
Each of these high-impact flows are rerouted by the Dijkstra’s
algorithm to minimize the total link cost.

After flow rerouting, the clique-based bottleneck structure
is constructed to obtain the reward of this step as in Sec-
tion V-B.When one episode finishes, the episode reward is
computed as rep =

∑Nr

t=1(Tt+1 − Tt) = TNr
, which is the

network throughput under the augmented architecture with Nr

relays. After collecting a set of episodes, the neural network
parameters are updated by stochastic gradient descent. Two
loss functions are specified. First, the actor loss is the standard

PPO-Clip objective referred to equation (7) in [43], where
the advantage is estimated by time difference residual, i.e.,
Aπ

t = rt + V π(st+1) − V π(st). The gradient with respect to
the actor loss is used to update θg, θa. Second, the critic loss
is the mean-square error between the reward-to-go and state
values across this set of episodes as in [43]. The gradient with
respect to the critic loss is used to update θg, θv. The DRL
agent is continuously trained over episodes until convergence.

2) Online inference process: For online inference, network
designers first need to determine a fixed set of candidate relay
sites for the network area of interest. Based on this given
information, DeepRP is then run online for Nr steps with
the trained DRL agent, and the selected relays are physically
deployed in the backhaul network.

The online time complexity of DeepRP is analyzed as fol-
lows. The complexity of bottleneck structure construction and
clique gradient computation is analyzed in Section IV-A and
IV-B respectively. For the neural network inference, the time
complexity depends on the number of weight multiplications.
Through GCNs, the number of multiplications is O(c1|Vw|);
through the actor network, the number of multiplications is
O(c2|Rcan|), where c1, c2 are NN-related constants. In addi-
tion, the re-routing algorithm has the same time complexity as
Dijkstra’s algorithm, O(L logN), where N,L are the number
of deployed nodes and links respectively. As DeepRP needs
to be run online for Nr times, the overall time complexity is
O(NrKF log(KF ) +NrL logN + c1Nr|Vw|+ c2Nr|Rcan|).

VI. PERFORMANCE EVALUATION

A. Experiment Settings

1) Simulation set-up: In this paper, relay placement is
conducted for each backhaul mesh topology within the 2D
range 1km×1km. To generate these typologies, a real-world
dataset is used in which 46050 BSs are densely deployed in
an urban environment [47]. 1000 different topologies each
of 1km×1km are sampled from this dataset, and they are
further divided into the training (70%) and test set (30%).
In each sampled network topology, the candidate relay sites
are uniformly distributed over the area. For each topology,
a THz backhaul mesh network as in Section III is set up
with the bandwidth as 1 GHz and carrier frequency as 0.1
THz. All the network nodes including the relays have the total
transmit power of 36 dBm. The noise power spectrum density
is -168 dBm/Hz. The SNR threshold for communication links
is set to 20 dB. The interference range is characterized by
the interfering distance and interfering angle, fixed at 300
m and π/12 for each side of the main lobe. The end-to-
end aggregate flows are generated as follows: there exist one
aggregate flow from each mesh node to the mesh gateway, and
multiple flows from each mesh node to a few other reachable
mesh nodes. For each backhaul topology, 100 different patterns
of flow distribution are generated given a certain number
of aggregate flows. Before relay placement, the single-path
routing is conducted for each flow.

2) DRL Training set-up: The graph embedding network has
three layers with 4, 64, 4 neurons in each layer respectively.
With the number of candidate relay sites fixed as 50, the actor
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network has five layers with 200, 128, 128, 128, 50 neurons
in each layer respectively. The critic network has four layers
with 200, 256, 256, 1 neurons in each layer respectively. Note
that in the last layer of the actor network, Softmax activation is
used; except that, in each layer of the above three networks,
ReLU activation is used. In summary, the total number of
parameters is reported as 183,287. The learning rates for actor
and critic networks are set to 0.0001 and 0.003 respectively,
and the discount factor is set to 0.99.

3) Baseline Approaches: Various baselines of relay place-
ment are explained as follows. First, the random relay place-
ment scheme (RandomRP) uniformly samples Nr sites from
all the candidate sites in the topology to place relays. Second,
the heuristic relay placement scheme without clique gradi-
ents (HeurRP-wo-grad) [30] is an iterative approach which
greedily chooses one relay site with the maximum connectivity
degree to the deployed nodes at each iteration, until Nr relays
are placed. If two relay sites have the same connectivity
degree, this scheme selects the relay site with better average
link quality. Third, the heuristic relay placement scheme
with clique gradients (HeurRP-with-grad) follows the similar
greedy approach as the second one, but it narrows down the
site selection range to the proximity of the H-highest-gradient
cliques. Based on relay placement, several flow rerouting
schemes are compared as follows. These schemes can be
viewed as the variants of Dijkstra’s algorithm with different
definitions of link costs: 1) in shortest-path rerouting, the link
cost is constant as one; 2) in traffic-load-based (TL-based)
rerouting [48], the link cost is the number of traversed flows
on this link; 3) in link-capacity-based (LC-based) rerouting,
the link cost is taken as the reciprocal of the link capacity [8].
For the above schemes, the rerouted paths should not be more
than K hops, which is exerted as the maximum-hop constraint
for Dijkstra’s algorithm [48]. K is set to the original path
length plus two hops in this paper.

Key simulation parameters are set as follows unless oth-
erwise stated: fc = 0.1THz, Gr = Gt = 18dB, absorption
coefficient kabs(fc) = 0.0033 m−1, time duration Ts = 50ns,
shadowing standard deviation σX = 7dB, cluster arrival rate
λ = 0.13 ns−1, cluster decay factor Γ = 3.12ns, path loss
exponent n = 2; the number of relays to be deployed Nr = 10;
the uniform distribution density of candidate relay sites (also
termed as candidate site density) is 0.0001 per m2; the number
of end-to-end flows is 200. The results are averaged over
the test topologies with the deployed node density around
0.5 × 10−4 per m2, and each test topology is averaged over
100 uniform relay distribution. Note that the episode rewards
are normalized between -1 and 1 during training.

B. Validation of DeepRP

1) Node embedding module: Three different cases are
considered, where the numbers of GCN layers are 0, 2, and
4, respectively. The node embedding module is removed in
the first case. As shown in Fig. 5(a), the training of DRL
agent can reach convergence under all three cases, with the
episode rewards stable after 1200 training episodes. However,
the converged rewards without node embedding is significantly
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Fig. 5. Episode rewards of DRL training.

lower than the other two. This difference is also reflected
in the network throughput obtained by three schemes, as
shown in 6(a). Under various relay densities, DeepRP with
GCN-based node embedding achieves 7.88 − 8.29% higher
throughput than that without it, which validates the necessity
of node embedding. As 2-layer and 4-layer GCNs can achieve
similar performance, the 2-layer GCN is selected for DeepRP
to reduce computation complexity. This design also matches
the physical interference pattern, where the nodes within two
hops may interfere with each other even with beamforming.

2) H-highest-gradient cliques: As described in Section
V-C, H-highest-gradient cliques are identified and used in
action masking. Different values of H are considered, i.e., H
= 1, 2, 4. The case without clique gradients is also considered,
where an action can be selected out of all the candidate
sites. However, as shown in Fig. 5(b), the training without
clique gradients cannot converge within 1400 episodes, which
validates the necessity of embedding clique gradients into
DeepRP. With clique gradients, the agent is guided to place
relays targeted at the most critical bottlenecks. Thus, more
useful actions can be generated during training, resulting in
an efficient convergence. The remaining cases are compared
in Fig. 6(b). As the candidate site density increases, the
performance with H = 1 increases by 7.14%, while the case
with H = 4 does not see much gain. This can be interpreted
as follows: when the candidate site density is low, there may
not be enough relays near the highest-gradient clique, and in
this case setting H to a larger value brings the opportunity of
exploring more relays; when the candidate site density is high
enough, setting a large H cannot bring much gain. Therefore,
the value of H should be adjusted with the candidate site
density in practice. In the following evaluation, H is set to 2
for the site density of 0.0001 per m2 or above, and set to 4
otherwise. It should be noted that the trained agent is capable
of adapting to new network scenarios without retraining, as
the DRL agent is trained with diverse backhaul topologies
and flow distributions.

3) Flow rerouting scheme: Four flow rerouting schemes are
compared with various numbers of flows in the network. As
the number of flows increases from 100 to 500, RS-based
rerouting can achieve the throughput at most 5.53% higher
than TL-based rerouting, and 16.82% higher than the other
two schemes. Therefore, RS-based rerouting is adopted in the
following evaluation.
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Fig. 6. Network throughput achieved by DeepRP.
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Fig. 8. Impact of various path loss exponent values.

4) Various path loss exponent: The impact of various path
loss exponent n is studied, specifically n = 2, 2.5, 3, where
n = 2 means the free space propagation and a larger n means
a more lossy environment. The added simulations are shown
below. The number of added relays is fixed at 30. As the
flow density in the network increases, the network throughput
reaches a stable level. As shown in Fig. 8. The throughputs
when n = 2.5 and n = 3 are approximately 56.4% and 23.8%
of that when n = 2. The reason for throughput decrease is
straightforward: as n increases, the path losses become larger,
and thus the receive SNRs and link rates become lower.

C. Comparisons with Baseline Approaches

1) Global optimality for small-scale problems: To empiri-
cally evaluate the optimality of DeepRP, we compare it with
the exhaustive search scheme for small-scale problems (15
candidate sites in total and the number of added relays varying
from 2 to 5). As shown in Fig. 9, DeepRP achieves the
throughput that is 98.2%-99.6% of the optimal throughput ob-
tained by exhaustive search. The inference time consumption
of DeepRP is below 1% of the time consumed by exhaustive
search when the number of added relays is 5. For large-scale
problems, the time consumption of exhaustive search is not
tractable.

2) Network throughput: First, the network throughput with
different numbers of added relays is compared as shown in
Fig. 10. As the number of added relays increases from 0 to
20, there exists a rapid increase in network throughput with
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Fig. 9. Comparisons with the exhaustive search in small-scale problems.
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Fig. 11. Network throughput with various numbers of flows.

DeepRP, but the upward trend becomes much slower with
the number of added relays above 20. This is due to the
fact that the relays at critical locations have been exploited.
Furthermore, DeepRP outperforms HeurRP-with-grad by a
margin of 5.76 − 10.37% in network throughput when the
number of added relay is larger than 10. Interestingly, HeurRP-
with-grad can achieve 8.67− 10.11% higher throughput than
HeurRP-wo-grad, which indicates the effectiveness of clique
gradients in guiding relay placement. Second, the network
throughput with various numbers of flows is evaluated as in
Fig. 11. In this case, the number of added relays for four
schemes is fixed at 30. As the flow density in the network
increases, the network throughput reaches a stable level,
where the throughput obtained by DeepRP is 10.42% higher
than HeurRP-with-grad, and 21.51% and 32.11% higher than
HeurRP-wo-grad and RandomRP on average, respectively.
Third, the throughput gain over the original network without
relays is evaluated under various relay densities, as shown in
Fig. 12. In each topology, 20 relays are deployed. As the sites
become denser especially over 0.0001 per m2, the throughput
gain achieved by DeepRP becomes more significant, which
is 40.65 − 50.84%. This is because a dense candidate site
distribution can increase the chance of finding relays near the
most critical bottleneck. Furthermore, when the candidate site
density is above 0.0001 per m2, DeepRP can achieve a 13.36%
larger gain than HeurRP-with-grad, and a 25.38% larger gain
than HeurRP-wo-grad.
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Fig. 13. The depth of clique-based bottleneck structures.

3) Depth of Bottleneck structure: As proved in the original
theory [6], the smaller the depth of bottleneck structure
is (i.e., the longest length of a directed path), the better
the network congestion performance is, which also fits the
clique-based case. With 30 deployed relays and 200 flows,
the comparison between the average depths of clique-based
bottleneck structures is shown in Fig. 13. As the site density
increases, the gap between the depth of the original network’s
structure and the depth of augmented network’s structure by
DeepRP becomes larger. In all the cases, DeepRP achieves
the shallowest structure, and it shrinks the structure depth by
41.67% than the original one when the density reaches 0.0002
per m2.

4) Clique-based Bottleneck Structure: The bottleneck struc-
tures of the original network and the augmented network by
DeepRP are compared in Fig. 14. To ease illustration, the
number of flows is set to 50, and the number of added relays
is 10. The original bottleneck structure has 7 levels with
the longest directed path length as 7. After relay placement
by DeepRP, the interactions among bottlenecks and flows
are much simplified such that a 5-level structure with fewer
directed paths. DeepRP can achieve more simplified structures
than the baseline methods, but such results are omitted here
due to space limit.

VII. CONCLUSION AND FUTURE WORK

The problem of augmenting 6G backhaul architecture with
relays to boost network throughput was studied in this paper.
Via developing the clique-based bottleneck theory, the inter-
actions among bottlenecks in the wireless case was captured,
from which the relationship between network architecture
and network throughput was obtained. The clique gradients
were then defined and computed based on the constructed
structure, to identify the critical bottlenecks in the network.
By integrating the clique-based theory, a DRL-based relay
placement approach DeepRP was designed to accomplish relay
placement. It is the first work that establishes the bottleneck

Bottleneck clique

End-to-end flow

(a) The bottleneck structure of the original network

Bottleneck clique

End-to-end flow

(b) The bottleneck structure obtained by DeepRP

Fig. 14. The comparison of clique-based bottleneck structures.

theory for wireless networks and performs relay placement
based on this theory.

There exist two interesting topics that need further in-
vestigation. First, the performance guarantee of DeepRP is
dependent on the clique-based bottleneck theory. More theoret-
ical analysis on the connection between the developed theory
and DeepRP will be provided in future work. Second, for a
general wireless mesh network rather than backhaul mesh, a
deterministic flow state may be hard to capture, and thus the
relay placement need to be targeted at statistical flow states
with random source-destination pairs. How to place relays to
achieve higher throughput in such scenarios is subject to future
study.
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