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Abstract—Every day, an increasing number of services rely on
the efficient operation of communication networks. Although these
networks have grown overly complex, their principal purpose
will always remain to enable data exchange. IP-Optical networks
play a pivotal role in worldwide data transmission, for which
the routing and spectrum assignment/allocation (RSA) problem
must be solved. While useful, traditional optimization methods
and heuristics fall short under certain conditions, urging to
consider reinforcement learning (RL) due to its adaptability and
efficiency in handling complex decision-making problems. This
paper extensively analyzes various partially observable Markov
decision process (POMDP) formulations and their impact on
solving the RSA problem while always using proximal policy
optimization (PPO) as the underlying RL algorithm. We evaluate
these formulations across different network topologies and
demand patterns, benchmarking the performance of RL against
baselines such as k-shortest path first-fit (KSPFF), integer linear
programming (ILP), and the random policy. Our findings confirm
critical dependence on the formulation, which, when done properly,
RL can match or outperform the baselines. Notably, POMDPs
with fewer possible actions and more concise observations improve
the RL agent’s performance. The best POMDP formulations also
exhibit consistent performance across multiple topologies, and
the differently defined reward signals do not affect the overall
performance. The study presents such and similar findings using a
carefully planned workflow with close attention to statistical signif-
icance, appropriate baselines, and comprehensive visualizations.

Index Terms—reinforcement learning, IP-optical networks,
routing and spectrum assignment

I. INTRODUCTION

The world has largely embraced and integrated the Internet
indispensably into everyday life. What was once a niche
and specialized service for a few has now become a global
platform that breaks down barriers, connects people, and is
often discussed as a human right. The Internet has become
essential to today’s infrastructure, and numerous governments,
businesses, and individuals depend on it. Although the Internet
revolution is still in progress as big digitization projects and
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regulations are ongoing, broad connectivity is already widely
spread. However, the next big thing approaching us, i.e.,
artificial intelligence (AI), has not yet gained the same level of
confidence. Even if the rise of AI has resulted from a yearslong
effort from numerous institutions, big companies have led the
AI boom over the previous years. The broad availability of
large AI models has disrupted the status quo and sparked both
excitement and concern. Besides the societal impact, one of the
main concerns is the struggle to understand, trust, and handle
AI models. The same concerns must be addressed across every
discipline practicing AI/machine learning (ML) algorithms.

In IP-optical networks, there is a constant endeavor to
maximize traffic deployment while keeping resource usage low.
Considering both IP routing and optical switching gives rise to
the routing and spectrum assignment/allocation (RSA) problem,
which is notoriously known for being NP-hard. Many previous
works have attempted to solve the RSA problem using either
traditional optimization methods (e.g., integer linear program-
ming (ILP)), metaheuristics (e.g., genetic algorithms), heuristics
(e.g., k-shortest path first-fit (KSPFF)), or ML algorithms.

By leveraging ML, the research community wishes to achieve
the efficiency of strict optimization techniques while maintain-
ing the speed of heuristics. Many researchers prefer reinforce-
ment learning (RL) due to the absence of labeled datasets, the
high dynamicity, and the sheer complexity of the given problem.
Modern research in the area is characterized by aggressive
cross-domain efforts, where new potent RL algorithms and
techniques are adapted to solve the RSA or similar problems.

In this work, we take a step back, revisit basic concepts, and
diligently investigate the process of using RL techniques to
solve the RSA problem. Namely, we document the influence
of different RL formulations, i.e., partially observable Markov
decision processes (POMDPs), on solving RSA. We analyze
the behavior across a series of topologies and demand
patterns. Moreover, we compare the RL results with the
commonly used KSPFF, a randomized allocation, and the
definite optimum obtained from an ILP. Along these lines,
instead of specializing in a single RL approach, we focus on
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the fundamentals and conduct extensive research to extract
valuable lessons that will help drive future efforts in the field.

The following section introduces the basics of IP-optical
networks and RL. Section III presents a curated set of the
most relevant literature and how this work differs. Section IV
enumerates the involved POMDP formulations. Section V
describes the simulation setup before we proceed with the
results in Section VI. We conclude in Section VII.

II. BACKGROUND

A. IP-optical networks

IP-optical networks are multilayer networks that combine the
IP layer, the optical layer, and their equipment. During a traffic
request, a decision must be made at the IP , e.g., choose the rout-
ing path, and at the optics level, e.g., choose the frequency of
the modulated signal in the fiber. Before elastic optical networks
(EONs) [1], when the spectrum was divided into a fixed grid,
and only certain wavelengths were available, operators needed
to solve the routing and wavelength assignment (RWA) problem
[2]. With EONs and the introduction of the flex grid spectrum,
which enabled the selection of arbitrary frequencies and band-
widths per connection, the RSA problem emerged. Since then,
several extensions of RSA have appeared in the literature. RSA
can extend to problems such as Grooming, Routing, Modulation,
Band, Spectrum, and Core assignment (GRMBSCA) [3] [4] [5].
Moreover, these problems can often be tackled in conjunction
with other considerations like energy consumption [6] or latency
reduction [7]. In this groundwork, we focus on the pure RSA
problem, which remains the core of all these extensions.

B. Reinforcement learning

Unlike supervised learning, where an approximator is trained
on labeled samples, RL involves learning through interaction
with the environment in a closed feedback loop through rewards.
Within this loop, the agent learns a function called policy to
select an action given an observation. The learning process is
characterized by a trial-and-error approach, carefully balancing
exploration against exploitation. Exploration refers to taking
random actions to witness new state trajectories. Exploitation
means taking greedy actions intended to maximize the expected
cumulative future rewards. The agent interacts with the environ-
ment by taking actions, observing resulting states, and receiving
rewards. The system must be a (PO)MDP consisting of state
S, observation O, action A, reward R, and transition dynamics
T . Proximal policy optimization (PPO) [8] is a state-of-the-art
algorithm that holds great promise in solving RL problems,
which we also adopt in this work. It uses a clipped policy ob-
jective term to increase training stability. The overall objective
function consists of a value estimation error to be minimized,
the clipped policy objective to be maximized, and an entropy
bonus to improve exploration. A common technique to improve
an RL agent’s performance is invalid action masking. Instead
of the agent learning which actions are invalid in a given state,
they are filtered out and removed from the agent’s choices [9].

III. RELATED WORK

Throughout the years, multiple RL approaches, including
different POMDP formulations, have been used to solve the
RSA problem and improve the efficiency of IP-optical networks.
The authors of [10] use an observation consisting of spectrum
statistics along paths and let the agent choose among a subset
of available actions. [11] proposes adding the n∈N+ possible
next observations to the current one. Each observation contains
path-level features like the remaining capacity. [12] uses a tech-
nique called semi-flexible spectrum assignment to reduce the
dimensionality of the observation. [13] proposes a scheme for
action masking that allows demands to be placed only directly
next to already occupied spectrum slots and uses fragmentation-
based reward metrics across links and slots. In [14], the latency
is part of the observation and reward. [15] presents general
techniques for applying RL to RSA, such as invalid action
masking and the challenges long episodes pose, called the credit
assignment problem. In [16], a convolution-based positional
encoding for the spectrum slot matrix is proposed. Recently,
graph neural networkss (GNNs) have been introduced as an
algorithmic advancement. [17] uses GNNs, one individual agent
per node, and a fragmentation-based reward inspired by [18].
[19] uses GNNs to construct a topology agnostic agent.

The current work distinguishes itself by proposing a novel
treatment of the problem by simultaneously evaluating the
RL agent over an extended amount of simulation parameters
and insightful baselines. Namely, we define a series of diverse
POMDP formulations and compare them across different
topologies and demand patterns. We use baselines like random
policy and ILP, not seen for benchmarking an RSA RL agent
before. This paper shifts focus from exclusively optimizing
single problem instances to studying hundreds of them in a
necessary attempt to revisit basic concepts.

IV. POMDP FORMULATIONS

First, we introduce the POMDPs involved in this study.
Let G(V,E,F ) be a directed EON topology graph with V
nodes and E edges. Each edge is a fiber consisting of F
frequency/spectrum slots with ef indicating an available ef =1
or an occupied ef =0 spectrum slot f ∈F of edge e∈E. The
vector e⃗F expresses the availability of all spectrum slots F in
edge e and can be extended to a matrix EF

|E|×|F | that stores
the availability over all edges E and all spectrum slots F . The
set U contains all source and destination pairs U={(v1,v2)∈
V ×V :v1 ̸=v2} as integer tuples. The same information can
be represented as a tuple of one hot vectors u⃗={v⃗1,v⃗2}, where
instead of an integer z∈V , we have a vector v⃗∈{0,1}|V | with
vi=0∀ i∈V \{z} and vz=1. Let k,j,b∈N+ be contained in
the sets K,J,B respectively, with each set containing numbers
starting from 1 up to the maximum max{K}= |K|, max{J}=
|J |, and max{B}= |B|, where | · | denotes the cardinality of
the set. We precompute the first |K| shortest paths pu,k∈Pu.
The set Pu, with |Pu|= |K| contains all |K| shortest paths
of node pair u∈U and P is the superset containing all |K|
shortest paths across all node pairs U , with |P | = |U | · |K|.
Similarly to ef ,e⃗F , and EF, we define pf , p⃗F , and PF

|P |×|F |



to denote the spectrum availability across paths p∈P instead of
edges. The path spectrum availability is constructed such that
the spectrum continuity constraint is respected. The network
receives demands du∈N+, indicating the number of spectrum
slots needed between the nodes of u∈U . pj ∈N denotes the
the index of the j-th available spectrum slot on a path p, such
that the demand du can be deployed starting at this slot, with
pj = 0 if it does not exist. The vector p⃗j contains the first
|J | available spectrum slots, and the matrix PJ

|P |×|J| does
the same across all the paths. Moreover, pb denotes the b-th
available spectrum block of path p, such that a demand du can
fit. Fig. 1 shows how available spectrum slots are combined into
a single available spectrum block. A spectrum block is defined
using the index of the first available slot bf and the overall
block length bl, i.e., pb= {bf ,bl}, with bf = bl =0 if it does
not exist. In that regard, we similarly define p⃗b and PB

|P |×|B|.
Aside from Pf , PJ, and PB, we define respectively Pu

F
|K|×|F |,

Pu
J
|K|×|J|, and Pu

B
|K|×|B| as submatrices that only contain the

available slots/blocks of paths p∈Pu. Based on the previous
definitions, we can define some statistical measures, e.g., p̄bl
is the average block length, and sum{p⃗F } is the number of
all available spectrum slots on path p.

All POMDPs have the same state, S, which is hidden from
the agent, and contains the complete knowledge of the system,
i.e., the EF, the current time step t, and a generator for the
current and future demands du. What remains to be defined
for every POMDP is the observation O, the actions A, the
reward R, and an extra action generating and masking function
g : {U,O,A} 7→A′ :A′ ⊆A. If g is not explicitly introduced,
an action masking that simply outputs valid actions is applied,
allowing only available paths and slots for the node pair
u∈U . An action a∈A consists of a selected path containing
the involved edges ap = {e : e belongs to path p,e ∈E} and
a spectrum slot af from Pu

F,P
u
J , or Pu

B. Let Ot notate the
agent’s observation at time step t. The transition dynamics T
are considered partially known to the agent in that allocating
specific spectrum slots will yield states with these slots being
occupied. However, the future arrival, departure, and value du of
the demands are unknown to the agent. All the POMDPs solve
the same RSA problem (game) without grooming or electrical-
optical-electrical (E-O-E) signal regeneration. The network
progressively receives demands, and the game terminates when
the agent blocks. These game rules have been preferred over
others in the literature where the game continues after blocking.
After continuous blocking the spectrum is broadly occupied
and the agent’s subsequent masked actions are usually trivial,
leading to reduced learning (i.e., inefficient sampling).

• POMDP1 •: O={EF,u,du,t}, A=Pu
F

• POMDP2 ▲: O={Pu
B,u,du,t}, A=Pu

F

The function g narrows down the actions A to the valid ones
that have spectrum slots contained on the B spectrum blocks.

• POMDP3 ⋆: O={Pu
F,u,du,t}, A=Pu

F

• POMDP4 ■: O={Pu
J ,u,du,t}, A=Pu

J

• POMDP5 ×: O={EF,u,du,t}, A=Pu
J

• POMDP6 •: O={Pu
F,u,du,t}, A=Pu

J

1 2 3 4 5 6 7 8 9 10 11 12 13 15 16 1714

=1 =2 =3

=3, =9, =13,=1, =2, =3,=3 =3 =2

Figure 1. The difference between |B|=3 available spectrum blocks and
|J |=3 available spectrum slots when du=2. White slots are available. Here,
p̄bl =(3+3+2)/3=8/3 and sum{p⃗F }=3+3+2+2=10

• POMDP7▲: O={Pu
B,u⃗,du,t,Mu}, A=Pu

B

With Mu={p̄bl ,sum{p⃗F }∀p∈Pu}. This POMDP is similar
to [10]. The function g chooses the first spectrum slot bf from
each spectrum block b.

• POMDP8 ⋆: O={Pu
F,u,du,t,Mu},A=Pu

F

• POMDP9 ■: O={O⃗t+1,u,du,t}, A=Pu
J

This is the unique POMDP that uses the known dynamics T , to
calculate a vector of possible next observations O⃗t+1 produced
by taking actions A=Pu

j . Each possible future observation
has the form Ot+1=Mu. This POMDP is similar to [11].

• POMDP10 ×: O={O⃗t−n,...,Ot−i,...,Ot},A=Pu
F

This POMDP uses the current and the n previous observations
based on POMDP1, i.e. Ot−i={EF

t−i,ut−i,dt−i
u ,t−i}, with

the superscript t−i indicating the value at this time step.
• POMDP11 •: O={O⃗t−n,...,Ot−i,...,Ot}, A=Pu

J

Based on POMDP4, i.e. Ot−i={Pu
j
t−i,ut−i,dt−i

u ,t−i|}
• POMDP12 ▲: O={O⃗t−n,...,Ot−i,...,Ot}, A=Pu

B

The observations, and function g are based on POMDP7, i.e.
Ot−i={Pu

b
t−i,u⃗t−i,dt−i

u ,t−i,M t−1
u }

As the reward R is orthogonal to the rest of the formulation,
we present them independently. We define the reward signal
to be 0 if the demand can not be allocated and r otherwise,
with the following options:

• rconst=1
• rdem=du [19]
• rhops=

1
|ap| [14]

• rquang=1+e−Hfrag [17],
• rshimoda=rlinkfrag+rslotfrag [13].

where Hfrag is the Shannon-Entropy-Fragmentation from [18]
and rlinkfrag, rslotfrag are link and slot fragmentation metrics.

V. SIMULATIONS AND BASELINES

This section describes the simulation setup and the baselines
used to benchmark against the RL agent. We applied the
combinations of the POMDPs and rewards from Section IV
across the topologies shown in Fig. 2 from [20]. The simulations
run for |K|=5, |B|=3, |J |=3, and |F |=50. We use three
different demand patterns designed to block the network at its
steady state. Fig. 3 shows one demand list produced by each of
them. The x-axis divides the simulation time into 25 windows,
and the y-axis counts the number of demands included in that
time window. On the left, constanterlang has a fixed ratio of
arrival rate and service rate. In the middle, oscillating has a
periodic arrival rate, producing a repeating profile. On the right,
the mouselephant has a disproportional amount of higher value
demands. The simulations’ layout is shown in Fig. 4. A hyper-
parameter optimization was done for the reward signal rconst to



Iinet (8,9) ● Netrail (6,8) ▲ Epoch (6,7) ★ Gambia (7,7) ■ Gblnet (8,7) × Getnet (6,7) ●

Layer42 (6,7) ▲ Napnet (6,7) ★ Sanren (7,7) ■ HiberniaIreland (6,6) × Ilan (6,6) ● Nordu2005 (6,6) ▲

Telecomserbia (6,6) ★ Basnet (6,5) ■ Heanet (4,4) × Mren (5,4) ● Nordu1989 (5,4) ▲

Figure 2. Topologies with (|V |,|E|)
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Figure 3. Demand patterns. The gradient colors for each demand value start
from light, indicating a low hop count, to darker, with a higher hop count
for deploying the given demand in the shortest hop path.
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Figure 5. RL and baselines scores across 50 simulation leaves with a
common parent from Fig. 4. The horizontal dashed lines are the mean value.

find a performant configuration. These PPO hyperparameters
are used for all simulations with different rewards.

The agent is trained using only the constanterlang demand
pattern. Then, the agent’s policy is evaluated across 50 pre-
generated unseen demand lists for each demand pattern and
topology. To measure the score, we count the number of de-
mands served before blocking. Fig. 5 shows the RL and baseline
scores for a single problem instance across the evaluation
dataset. The KSPFF score is calculated by picking the shortest
k ∈K available path in Pu and the first available spectrum
slot j∈J . The random score is calculated by taking random
valid actions using g for the specific POMDP. We notice
the variance in score over the different demand lists. These
fluctuations explain why keeping the demand lists fixed across
the baselines is critical. The ILP score is the optimum score that
can be achieved. Although an unfair comparison, since the ILP
model knows the sequence of all future demands in advance,
it provides excellent insights as the theoretical maximum. Due
to space reasons, the ILP model is not presented here. As the
complexity of the problem is vast, the ILP could not provide
an optimum solution for some cases using a timeout of 2
days. For similar reasons, we focused on small topologies and
spectrum bands, such that the RL hyperparameter optimization
and training finish within a reasonable time for all simulations.
Scaling the solution to bigger spectrum bands is not studied
here but could be done using a multi-agent approach, where
the same learned policy is applied across different spectrum
slot windows of length |F |=50.

VI. RESULTS

This section presents and discusses our results after running
and evaluating all the simulations above. Different topologies
and demand patterns have inherently different blocking rates.
Therefore, it is more appropriate to look at the results in a
relative manner. The relative win is more interesting, as this
study does not focus on finding the best RL approach but on
investigating how the different POMDPs behave under diverse
circumstances.

Fig. 6 demonstrates this using the relative win (RW) of the
RL score over the KSPFF as a metric:

RWRL
KSPFF=

(scoreRL−scoreKSPFF)

scoreKSPFF

It plots the average value of the relative win in a heatmap by
focusing on the constanterlang demand pattern and the rconst
reward. We notice that the POMDPs performing consistently
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The markers indicate the POMDP used based on the markers in the list of
Section IV.

across all topologies are also the best ones overall. POMDP9 is
an interesting case that selectively performs better in topologies
that are pitfalls for others. An important observation is that the
POMDPs with fewer available actions are doing better. This
can be unintuitive since more available actions give the agent
more freedom. Yet, this increased search space often leads
to inefficient sampling, practically locking the agent to local
minima. Also, concatenating the current observation with past

ones does not seem to yield better results. This may be because
the current observation already identifies the hidden state well
enough, such that additional past observations overwhelm
the agent. Moreover, ring topologies like Telecomserbia and
Sanren have generally been harder to solve well.

Fig. 7 plots the same data but spread across the demand
lists without taking the mean. This figure is a testament to
the importance of statistical significance during experiments.
Although there are cases where RL exceeds KSPFF by more
than 100%, on average, this relative win does not go higher
than 1%, as the color bar in Fig. 6 shows.

In Fig. 8, we aim to find a numerical relationship between
the POMDPs and RWRL

KSPFF. Namely, we show that in our
experiments, the bigger the observation size, the worse the RL
agent performs. This trend is shown with a linear regression and
a confidence interval of 99%. The negative correlation might be
unexpected as a more informed RL agent with a larger observa-
tion size should comprehend the problem better. However, the
computational nature of RL in a world without infinite compu-
tational resources calls for a reduced dimensionality of the prob-
lem. Likewise, Fig. 9 shows a relationship between the topology
properties and RWRL

KSPFF. On the left, the average node degree
of the topology is used as a predictor. A higher node degree cor-
responds to a more complex topology, which the RL algorithm
struggles with. On the right of Fig. 9, the predictor is the mean
betweenness centrality (BC) of the graphs’ edges plus two times
its standard deviation. The predictor is engineered to indicate,
on average, how easy it is to traverse the network (mean BC)
while keeping the topology diverse (standard deviation of BC),
e.g., in contrast with ring topologies. Indeed, this predictor suc-
cessfully produces a clearly positive correlation with RWRL

KSPFF.
Fig. 10 shows the deviation of the random, KSPFF, and

RL scores relative to the ILP scores, using Gaussian kernel
estimators to draw their distributions. We observe that the
random scores can sometimes approach the optimum solution
near 0%. The random policy is equal to the untrained RL agent.
So, this graph also shows the effect of the training on the RL
agent. For this reason, researchers developing RL algorithms
should generally include the random policy as a baseline.
Some POMDPs, like POMDP7, can get well ahead just by
using a random policy with a sophisticated action generating
and masking function g. Lastly, this figure also tells us that the
KSPFF score is often equal to the optimal one, explaining why
KSPFF can be so hard to outperform significantly using RL.

Although the RL agent is only trained on constanterlang
demands, it performs similarly on different demand patterns. To
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Figure 10. Scores of random, KSPFF, and RL related to ILP across all
topologies, rewards, and demand patterns. Similar for all POMDPs.
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Figure 11. Different demand patterns and rewards r barely make any
difference. Data generated using POMDP3. Similar for all POMDPs.

confirm that, we calculate the RWRL
KSPFF for all demand patterns

and compare them with one another. In particular, the RL
agent does barely worse only when exposed to mouseelephant
traffic (on average −8%). The plot on the left of Fig. 11
demonstrates this for a single POMDP. The same calculations
are applied for different rewards on the right of Fig. 11.
Using different rewards produces no significant score variation
and indicates a valid hyperparameter optimization where
the hyperparameters for rconst successfully transfer to other
rewards. Fig. 10 and Fig. 11 look similar for all POMDPs.

VII. CONCLUSIONS

We presented a rigorous workflow for studying the
application of RL to the RSA problem. We used an extensive
and fixed evaluation dataset across different simulation
parameters and baselines to guarantee statistical significance.
We underline the importance of calculating the theoretical
optimum (ILP) value when possible to be aware of the
improvement potential of the RL approach. Moreover, the
random policy baseline should be documented to distinguish the
RL agent’s performance from the benefits of action masking.

Building on these foundations, we evaluated several POMDP
formulations across various topologies and demand patterns.
Solving RSA using RL quickly becomes a computational
problem, leading to the question of which POMDP formulation
best conveys valuable information to the RL agent. In practice,
smaller and more concise observations, as well as fewer
available actions, proved to be more effective. Highly
performant POMDPs consistently performed well across
all the topologies. Using possible next observations in the
POMDP representation emerged as a promising technique to
tackle common pitfalls. However, concatenating the current
observation with past ones did not yield better results. Notably,
the agent’s performance remained consistent across the defined
reward signals and proved robust against the demand patterns
used. We found that topologies with lower node degrees are
easier to solve, with ring topologies being an exception. Lastly,
edge betweenness centrality correlates with higher performance.
Future work in the field is crucial as it will unlock a deeper
understanding of applying RL to RSA. Such could include
variations of the RSA game rules, a wider set of POMDPs,
alternative RL algorithms, and scaling to bigger problems.
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