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ABSTRACT

In this study, we address the challenge of packet based informa-
tion routing in large-scale wireless communication networks. We
approach this scenario by framing the problem as a statistical learn-
ing problem, where each node in the network relies only on the local
data. Our exploration focuses on the idea of opportunistic routing,
which exploits the broadcast nature of wireless communication to
select the optimal relay node and transmit information packets to the
destination node via multiple relay nodes. We present a distributed
optimization method based on state augmentation (SA) that aims to
maximize the total information on different source nodes of the net-
work. Our formulation of the problem deploys graph neural net-
works (GNN5s) to perform graph convolution on the topological con-
nections between the network nodes. Using unsupervised learning,
we derive optimal routing policies for the source nodes across mul-
tiple flows from the GNN output. Numerical results show the supe-
riority of our proposed method by comparing a GNN model trained
against standard algorithms.

Index Terms— Opportunistic routing, Wireless communication
networks, State augmentation, Graph neural networks, Unsupervised
learning.

1. INTRODUCTION

Recent advances in communication technology have contributed sig-
nificantly to the proliferation of wireless devices and smart systems,
which require greater bandwidth, greater range and increased re-
liability. At the same time, the development of Artificial intelli-
gence (Al), especially deep learning (DL), provides new solutions to
complex problems that were previously unsolvable by conventional
methods [1]. As wireless networks evolve to support large-scale
smart infrastructures, they face increasing data traffic challenges,
leading to latency and packet loss issues [2]. Opportunistic rout-
ing (OR) has emerged as an effective strategy to mitigate these chal-
lenges by exploiting the broadcast nature of wireless communication
improve to transmission efficiency and reliability, especially in envi-
ronments with high mobility or frequent link failures. The dynamic
and uncertain nature of network topologies highlights the need for
intelligent routing decisions based on deep learning techniques to
adapt to these fluctuations.

In the context of communication networks, numerous features
and control objectives have a significant impact on performance, in-
cluding radio resource allocation, network congestion, and queue
management. Extensive research has been carried out to focus on
stochastic network utility maximization (NUM) [3], radio resource
management (RRM) [4, 5, 6], routing [7, 8] and scheduling [9].
These efforts focus on constrained optimization problems consider-
ing the stochastic nature of user traffic and the fluctuating conditions

of wireless channels. Mao et al. provide a comprehensive overview
of various machine learning (ML) algorithms used to improve var-
ious network functions [1], highlighting the potential of ML to im-
prove performance and functionality.

Supervised learning has been shown to be effective in solving
network problems by using various ML algorithms to train neural
networks that mimic system heuristics, thus improving execution
efficiency [10, 11, 12, 13]. However, these methods often depend
on large training datasets and sometimes fail to outperform heuristic
benchmarks. Alternatively, unsupervised learning is evaluated for its
suitability and potential to outperform heuristic solutions in network
optimization scenarios. This paper adopts an unsupervised learning
approach, considering the optimization of the communication net-
work as a statistical regression problem, which ignores the need for
large training datasets and aims to address the optimization directly
[4,5,6,7,8,09].

The architecture of ML-based systems have significant impact
on network optimization. While fully connected neural networks
(FCNNG) initially appeared promising due to their generalized ap-
proximation capabilities [4, 10, 14], their limitations in large-scale
complex networks led to introduction of convolutional neural net-
works (CNN). CNNs have advanced network routing due to their
ability to scale message signals [15, 16]. However, the limitations of
CNN in terms of generalizability and transferability on large network
graphs paved the way for graph neural networks (GNN), known for
their scalability, portability and switch invariance [17, 18].

In this paper, we consider a communication network at the net-
work layer, where packets are generated at different source nodes
and assigned to specific receivers. The source node processes both
locally generated packets and those received from neighboring
nodes. The objective is to identify the most suitable next-hop neigh-
bors to forward packets to ensure efficient delivery. Our approach
addresses a network utility maximization problem with multiple
constraints, similar to the strategies described in [4, 5, 6, 7, 8, 9].
The objective function represents the aggregated information across
all nodes and all flows. We consider two sets of constraints: i) the
flow constraint, which guarantees that each node has fewer outgoing
packets than incoming packets for each flow, and ii) the capacity
constraint, which guarantees that the sum of the transmission proba-
bilities of a node for all flows are limited by unity. These limits are
essential to maintain network stability and stabilize queue lengths
over time. Contrary to conventional dual-descent algorithms, which
often fail to satisfy the constraints of the problem, we propose a
state-augmented unsupervised learning model which ensures the
feasibility of the resulting routing policies. This approach augments
the network state with dual variables related to the flow constraints,
which serve as dynamic inputs to the routing policy [19]. We
numerically prove that the proposed method allows routing poli-
cies to dynamically adapt to instantaneous channel states, while
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systematically guaranteeing that constraints are met over time.

2. PROBLEM STATEMENT

We model a communication network as a graph G = (V, £), where
V represents the set of nodes and £ C [V| x [V| defines the set of
edges between pairs of nodes. In this network, nodes exchange in-
formation packets through several flows defined by the set F' = |K|,
where each flow & € K aiming at a destination node ox, € V. The
neighborhood of a node i is defined as NV; = {j € V|(4,5) € &},
indicating which nodes j can communicate directly with the source
node 7. We describe the channel characteristics by R;; which de-
notes the probability that node 7 successfully decodes a packet sent
by node j. The element R;; belongs to the matrix R € RIVIXIVI
which summarizes the channel state probabilities between pairs of
nodes. At each time step ¢, the node ¢ # ox generates a random
number of packets A% (t), which are destined to the o5, node. We
assume that these random variables AY (¢) are independent and iden-
tically distributed over time, with an expected value E[A% (t)] = A¥.
In this study, we perform opportunistic routing, where we ex-
ploit the broadcast nature of the wireless medium to select the best
forwarding nodes. Thus we consider two different routing variables.
The first routing variable denoted as T¥, represents the probabil-
ity that node ¢ decides to transmit a packet for flow k. Once the
packet is broadcasted, it is overheard by the neighboring nodes.
The neighboring node j € N; may decide to keep the packet
from node ¢ or drop it, the probability of which is controlled by
the second routing variable Kfj Therefore, the number of packets
received by node ¢ from node j at time ¢ for flow k is expressed
as T%(t) Ri;(t) Ki (1) Ak( t). Node ¢ is limited by its capability
Ci, which hmlts the maximum number of packets it can trans-
mit. The difference between the total number of packets received,
Ak (t) + D ien: Tk (t) Ri;(t) K¥(t) A¥(¢) and the total number
of packets transmitted, T¥ (t) Ci, determines the variation of the
local queue length at node i. The queue length for flow k at node <,
denoted as ¢* (¢), is iteratively updated according to the equation:

af(t+1) =[af (1) + AF @)+

S° Th) Ry () K (1) A5 () - T €] T
JEN;

This equation involves a projection on the non-negative orthant, en-

suring that the length of the row remains non-negative. In particular,

this formulation (1) applies to all nodes ¢ # o, because packets

destined for the end node oy, are dropped from the network.

2.1. Problem Formulation

In this paper, we consider the above communication network for a
sequence of time steps ¢ € {0,1,2,..,7 — 1}. At each time step
t, we define the network state as Ry € R, which represents the
channel state probabilities. Network routing decisions are character-
ized by two functions: p(R.) and b(R;). The function p : R —
R™"*F maps the network state to routing decisions regarding the
acceptance of packets at a given node, while b : R — R"*F
maps the network state into routing decisions for packet transmis-
sion from a given node. These routing decisions directly affect net-
work performance, which can be captured by the performance vector
f(R:, p(Rt), b(Rt)) € R?, where f : RxR™ ™ F xR F _, R
represents the performance function. The performance of the net-
work is evaluated using a concave utility function &/ : R® — R,

which is subject to a set of concave constraints g : R® — R°. The

general routing problem can now be defined as below,

T-1
max M(; ;} f(Rt,p(Rt),b(Rt)>> (2a)

[P(Re), bR

1 T—1
s.t. g(T gf(Rt,p(Rt),bmt))) >0. (2b)

Note that the objective function and constraints of the routing prob-
lem are evaluated based on the ergodic average of the system per-
formance, expressed as 7 ZT ' f(R:, p(R:), b(R;)). Thus the
main goal of the routing algorlthm is to determine the optimal rout-
ing decisions p(R:) and b(R) for each network state R; € R. To
solve the routing optimization problem in (2), we introduce an aux-
iliary variable af (t) > A¥(t) to maximize the number of packets
generated for flow k at node 4. In reality, A¥ (t) represents the actual
number of packets in the network, used to update the queue length
as specified in (1).

The optimization problem aims to maximize the utility function,
which represents the total number of information packets in all nodes
¢ and flows k, given by:

(Rt))>

u(} 3 s
T—1
3 Y5 X ok)). @
kEK i€V t=0
This optimization is subject to three sets of constraints based on the
current state of the communication network.
1. Routing Constraints: The sum of the total number of packets

received and the packets generated locally af(¢) at node 4 cannot
exceed the total number of packets transmitted by node ¢,

+ 2 T

JEN;

) KJ;(t) al(t) < TF(t) Ci. @

2. Capacity Constraints: The sum of probabilities of packets trans-
mitted by node ¢ must not exceed the maximum probability value of

1,
STk <1 ©)
keK

Substituting the (3)-(5) into the general routing formulation (2)
along with the third set of constraints on the auxiliary variables

a¥ (t), the routing optimization problem is expressed as follows:
T—1
max log( kit )> (62)
[a¥ (), T} (0), K} (1)1 ge,:c; Z

-2 T®

JEN;

Ti (t) Ci—a Rm(t)K ( )

1- > TEt) >0 (6e)

keK
ak(t)y—AF(t)y>0  (6d)

af(t)>0  (6b)

3. AUGMENTED LAGRANGIAN & METHOD OF
MULTIPLIERS

To solve the optimization problem of (6), conventional methods such
as dual-descent (primal-dual) are usually used where the Lagrangian
is maximized with respect to the primal variables and minimized
with respect to the dual variables. However, such methods have ob-
vious disadvantages, including slow convergence rates and the need
for strictly convex objective functions [20, 21, 22]. Therefore, we
adopt the augmented Lagrangian method, also known as the method
of multipliers (MoM) to overcome these limitations of dual descent
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methods. We start by converting the inequality constraint in (6b) into
an equality constraint:

TH(t) Ci —af(t) — Y TFH) Ri;(1) K

JEN;

50 ak(t) -z () =0 ()

Now we introduce an auxiliary variable z¥ > 0 and the augmented
Lagrangian can be formulated as,

DI Zlog (a)

kek zEV t=0

+ZZ Z{pZ<TkC—a —ZTkRinfjaf—zf>

ke ’LEV JEN;
2
} ¥

where p > 0 is a penalty parameter, and p € RZ_XF is the dual
multiplier associated with the constraint (6b). We assume that the
constraints in equations (6¢) and (6d) are implicitly satisfied during
the optimization, which means that the solutions are forced to satisfy
these conditions automatically.

The MoM algorithm iteratively maximizes the augmented La-
grangian for different values of p and p. We start by maximizing
Ly(a, T, K, z, u) with respect to z:

Ly(a, T,K,pu) =maxLy(a, T, K, z,u) 9)
z

Lﬁ(az T7 K7 zZ, H’

+5 Plrk ¢; — ok — > THRij Kfj af — 2F

K3
JEN;

Next, the algorithm maximizes £,(a, T, K, p) with respect to the
primary variables (a, T, K). After updating the primary variables,
the minimization with respect to the dual variables is performed with
gradient descent i.e.,

pm (TiC C;

k k
= > T Ri; K

JEN;

byt = [(uf)m

+
a?—(ai-“)’"—zf)} . (10)

Running the above algorithm for a sufficient number of iterations
ensures convergence to an optimal solution, regardless of the start-
ing point. Although the MoM technique has theoretical advantages,
its practical implementation is difficult due to the loss of decompos-
ability in complex distributed systems and the difficulty of handling
infinite dimensional spaces, for example, when the number of pri-
mary variables increases with the increasing time steps. Therefore,
we resort to a parameterized routing model to enable a more practi-
cal optimization approach, which will be discussed next.

4. GNN PARAMETERIZATION WITH AUGMENTED
LAGRANGIAN: METHOD OF MULTIPLIERS

Graph neural networks (GNNs) are an extension of convolutional
neural networks (CNNs) designed specifically for graph-based data
or signal processing [23, 24]. In our framework, we define a graph
filter for GNN, where the state of the R network acts as the graph
operator (GSO). At each time step ¢, the nodes of the graph are ini-
tialized with a feature matrix Z2 € RIVI*¥0 GNN processes these
input features and GSO through L layers, where each layer apply a
point non-linearity to produce the output of layer [ as follows:

K—1
ziza{z R ZilHlk} (11)
k=0

where H;, € R¥1-1%F1 represents the graph filter coefficients or
GNN parameters in layer [.

To solve our optimization problem, we apply the Multi-Input
Multi-Output (MIMO) graphical filter recursively as described in
(11) to build the GNN architecture. The GNN structure is character-
ized by the operator ¥ (R, Z¢; H) = ZF € RIVI*FL where H =
{Hlk}fz’f;:lo is the tensor of the filter. The initial input feature

Z, = 79 = A%(t) is fed into the GNN and the result is multiplied
by the matrix W, € RFLXFL to make packet acceptance decisions
pP(R¢, Z+; ¢). This matrix is processed via a softmax function to en-
sure that the routing decision values are in the probabilistic interval
from 0 to 1, i.e. p(Ry¢,Z;) = Softmax(ZL W, ZtLT). Similarly,
another intermediate matrix w, € R’ is used to make emission
decisions b(R:, Z:; ¢), i.e. b(R:, Z;) = Softmax(Z{ W, ZtLT).
Also, by multiplying the GNN output by a column vector W, &
RFL 1 and applying the ReLU function, we obtain af (t).

Using this GNN architecture with the parameters shown in (11),
we reformulate our parameterized optimization problem as follows:

max < i £(Re, p(R; ), b(Rs; ))) (122)

$,wr ws wa =

T

T—1
sit. g<1 > f(Rt,p(Rt;@,b(Rt;cb))) > 0. (12b)

where ¢ = {H, W,, W,, W, } represents the set of all GNN pa-
rameters involved in the optimization. Note that the maximization
is now performed on the GNN filter tensor ¢. The augmented La-
grangian for the network optimization in (12) can now be re-written
as,

T—1
'C'(d)v IL) = M(; Z f<Rt7p(Rt§¢)7b(Rt§d)))>

t=0

T—1
1
g [g(T > f(Rt,p<Rt;¢),b<Rt;¢))> - z}
t=0
o 1 T2 2

= — f(R Ry; b(Ry¢; -
3 g(T ;) ( ¢, P(Re; ), b( t7¢))>
Now we introduce an iteration length 75, which represents the num-
ber of time steps between successive updates of the model parame-
ters. Using slight abuse of the time notation ¢, we define the iteration
index m € {0,1,2,..., M — 1}, where M = |T/Tp], the model
parameters ¢ are updated as follows:

¢m = arg glggﬁ(@ Bm). (14)

13)

After updating the model parameters, the dual variables p are up-
dated recursively:

| (mHDTo—1

Bmy1 = [um—p{g<T >

t=mTo

It can be noted that the penalty parameter p plays the crucial role of
a learning rate in the dual-variable update process. This augmented
Lagrangian parameter method offers significant advantages over tra-
ditional dual subtraction algorithms, such as primal-dual methods.
In particular, the updates given in (14), (15) allow the dynamic ad-
justment of the routing policy based on the dual variables during
each iteration.

5. THE STATE AUGMENTATION ALGORITHM

The iterative optimization process described in (14), (15) faces prac-
tical challenges, especially because the optimal set of GNN param-
eters has to be re-calibrated for different dual variable vectors, pt,,
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at each time step [6]. To solve this problem, we propose a state
augmentation algorithm that augments the state of the network R
at each time step ¢ by including the corresponding set of dual vari-
ables pt|¢/7,). This method inputs the dual variables along with

the input features A% (t) in a GNN, thus allowing the generation of
optimal routing decisions. These routing decisions, originally repre-
sented by p(R.;) and b(R), are now expressed as p(Ry¢, ; 0) and
b(R, p; 6), where 8 € © represents the set of tensors of the GNN
filter parameterized by the state augmentation algorithm. Consider-
ing that a batch of dual variables is drawn from a probability distri-
bution p,,, we adapt the augmented Lagrangian formulation to:

-1
L,(0) = u(; Z f(Rmp(Rt,N; 0),b(Ry, p; 9)))
=0

T—1
1
+u’g <T > f(Rh p(Rt, 1;0),b(Re, p; 9))
t=0

2

4P

5 (16)

T-1
g(; Z f(Rt,p(Rt,u; 0),b(Rt,,L;9))>
t=0

The state-augmented routing policy is defined as the one that max-
imizes the expected value of the augmented Lagrangian over the
probability distribution of all dual variables:

0* = arg (IgneagE‘LNPV [£.(0)] a7

In this state augmented algorithm, parameterized by 8*, the Lagrangian-

maximized routing decisions p(R, ;@) and b(R, p; 0) are eval-
uated for each dual variable 4 = p,,. This procedure, designed
for the offline learning phase, consists of randomly drawing a batch
of dual variables { s }£_, from the probability distribution p,, and
using gradient descent to find the optimal set of parameters 6*. Start-
ing with a arbitrary initialization set for 6y, the model parameters
are iteratively updated through n = 0, ..., N — 1 as follows:

B-—1
Oni1 = On + 15 > VoLy, (61), (18)
b=1

where 7 is the learning rate for optimizing the model parameters.
This approach systematically improves the model parameters to im-
prove system performance based on the augmented Lagrangian gra-
dient via (18). After the training is finished, the model parameters
are stored as (0*). During the execution phase, the dual variables
are updated at each m iteration in (17) as below:

MHm+1 =

Hm — Nug < Tio X
(m+1)To—1 +

> f(Rt,p(Rt,um;O*xb(Rt,um;e*)))] (19)

t=mTy

The above dual update allows the simultaneous learning of a param-
eterized model and the determination of a state-augmented optimal
routing policy, as described in (18). The proposed method allows the
trained model to adapt to different sets of binary variables s in a set,
which can be achieved by randomly choosing different instances of
the network state {Rp ¢ } - .

6. NUMERICAL RESULTS

In our study, we model graphs with N = |V| nodes using the k-
Nearest Neighbor (k-NN) approach to construct the graph topology.
The nodes are randomly distributed on a unit circle. For our ex-
periments, we set the parameters as follows: k = 4, T' = 100,
C; = 100, To = 5. The probability matrix of the R channel for our
GNN operation is estimated using a simple linear model:

Ry =1 % (20)

1] T dc ’

o
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5 72907 State-Augmented
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N
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(a) Performance on utility
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Fig. 1. Comparison of the state-augmented algorithm with MoM for
a network with N = 20 nodes and F' = 5 flows.
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Fig. 2. Transferability of the proposed state-augmented algorithm on
networks with different nodes while they were trained on a network
with 20 nodes and 5 flows.

where d;; is the distance between nodes 4 and j, and d. (set to 0.3 in
our experiment) is the threshold distance beyond which packet de-
livery fails. This model reflects the degradation of link performance
with distance and is comparable to the more complex probabilistic
models described in [25, 26]. Our GNN architecture consists of
three layers with feature sizes Fy = 2, F, = 32, and F> = 16. We
optimize the primary model parameters using the ADAM optimizer
with a learning rate ng = 0.05. The penalty term p = 0.005 un-
dergoes an exponential decay for updates of dichotomous variables.
The data includes 128 training samples and 16 testing samples for
each network size. We train the model for 30 epochs with a set size
of 16 samples, and during training, dichotomous variables are ran-
domly sampled from a uniform distribution U (1, 5).

In a random network with NV = 10 nodes, as shown in Figure
Fig. 1, our state optimization algorithm outperforms the parameter-
free multipliers (MoM) method to maximize network utility. More-
over, by exploiting the graph neural networks (GNN), our method
effectively reduces the queue length, thereby ensuring the system
stability faster than conventional MoM. We also explore the trans-
ferability of GNNs to larger and invisible networks. Fig. 2 shows
that GNNs trained on smaller networks with N = 20 < N’ nodes
can generate routing decisions whose performance is comparable to
those trained directly on larger networks with N’ = {50, 75,100}
nodes. This highlights the ability of GNNs to be trained on smaller
networks and then efficiently applied to larger networks, signifi-
cantly reducing the computational costs associated with training
larger network configurations in the training phase.
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