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Abstract—In this paper, we explore the use of an actor-critic
architecture for Deep Reinforcement Learning (DRL) to improve
load balancing beyond traditional algorithms. Some centralized
Reinforcement Learning (RL) algorithms have targeted in the
reward function expression the Quality of Experience (QoE) for
video flows, but this requires access to clients, or the Maximum
Link Utilization (MLU) for other types of flows. In our approach,
we tune the actor-critic algorithm to only leverage on QoS
parameters in order to load balance traffic in the network and
maximize the QoE experienced by the users. This avoids having to
collect observations and performance measurements from client
applications, as it only focuses on network metrics that can be
easily measured. We explore both centralized and distributed
solutions to assess the feasibility of the proposed smart load
balancing solutions. We compare them to ECMP, QoE-based
reward methods, and RILNET that uses an underlying DDPG
optimization approach. The proposed algorithms are shown to
outperform previous approaches.

Index Terms—Deep Reinforcement Learning, Smart Load
Balancing, Intelligent Routing, QoE Optimization.

I. INTRODUCTION

Traffic engineering plays a key role in load balancing to
enhance Quality of Service (QoS) by using more efficiently
network resources [1]. The most popular load balancing mech-
anism, i.e., Equal-Cost Multipath routing (ECMP) [2], splits
flows evenly over candidate paths between origin (source) and
destination pairs, but performs poorly when confronted with
bursty traffic or in the presence of elephant flows. Uneven flow
splitting across multiple paths, i.e., Unequal Cost Multipath
routing (UCMP), slightly improves the performance but does
not resolve much longer-term optimization for load balancing
when traffic patterns are unknown and hard to forecast or
predict. In UCMP, a weight is associated with each next-hop
(i.e., path), and traffic is distributed across the next hops in
proportion to their weight. An alternative to these traditional
approaches consists of tackling the load balancing problem
through a model-free approach that can learn and reinforce
its decisions over time to provide stable and improved per-
formance, no matter the applications flow and traffic patterns
emerging in the networks.

Model-free approaches are also motivated by the difficulty
of tuning load balancing weights to optimize Quality of
Experience (QoE) as well as predicting well future conditions.

Even if network calculus or queuing models can estimate
latency, packet loss, and jitter, the associated models remain
quite complex when deriving end-to-end performance. The
behavior of the applications and transport-layer mechanisms
are also difficult to capture. All these reasons lead us to
network metrics that are correlated and inherently reflect QoE.

To this end, we propose a set of Deep Reinforcement
Learning (DRL) algorithms that optimize QoS factors that
are correlated with QoE. We propose to constrain our reward
with service level agreements in terms of flow delivery delay
and packet dropping for video traffic. The idea is to learn
the policies and adjust them to maximize throughput and
minimize flow delivery delays and packet dropping. Our goal
is to design and evaluate centralized, semi-distributed, and
distributed algorithms based on actor-critic and multi-agent
DRL architectures.

Our QoS-aware load balancing approach uses a DRL algo-
rithm with a constrained policy optimization that learns the
reward parameters to meet QoS requirements with the main
objective of controlling load balancing weights over a set of
pre-computed paths for the multiple access devices. We resort
to an actor-critic approach that uses centralized learning and
distributed execution and that relies on a Multi-Agent Deep
Deterministic Policy Gradient (MADDPG) [3] philosophy to
realize robust and improved load balancing performance. More
specifically, we expand actor-critic schemes to address this
multi-objective optimization problem to meet quality targets
and avoid SLA violations. We actually explore several possible
centralized, semi-distributed, and fully distributed execution
schemes for smart load balancing.

In the literature, most centralized methods control load
balancing weights to minimize a routing cost or the Maximum
Link Utilization (MLU) (e.g., RILNET [4]). These methods do
not include SLA requirements nor constraints in the policies
optimization nor any addition of several QoS factors. Besides
adding these factors and constraints, we also explore and show
the relevance of adopting distributed approaches. In order to
take these SLA obligations, we embed in the reward function
penalties when traffic flow delivery delays and packet dropping
targets are violated or are not met to provide performance
guarantees. We devise several reward functions and assess



their performance by comparing them to the popular and
practical ECMP algorithm and a fully centralized actor-critic
approach acting as a benchmark. We show that introducing
these constraints and adopting semi and fully distributed ap-
proaches using only network-collected QoS metrics improves
QoE compared to ECMP and achieves very close performance
to centralized QoE-based reward methods.

For the simulation environment, NS-3 [5] simulates the net-
work and the routing operations, while the DASH library [6]
generates realistic streaming video traffic. Simulation results
show that we outperform ECMP and RILNET solutions and
match the performance of QoE-based reward approaches by
using readily available network collected QoS metrics.

II. RELATED WORK

We can separate the related work into three categories: (1)
multi-agent RL algorithms, (2) legacy solutions for load bal-
ancing, and (3) RL algorithms application to load balancing.

A. Multi-Agent Reinforcement Learning
With the introduction of deep learning, there was a resur-

gence of Reinforcement Learning (RL) algorithms based on
deep neural networks used as function estimators [7]. Deep
Q-Network (DQN) has been improved with a lot of differ-
ent techniques such as Deep Deterministic Policy Gradient
(DDPG) [8], Twin-Delayed Deep Deterministic (TD3) [9] and
Soft Actor-Critic (SAC) [10]. The DDPG algorithm allows
continuous policy management and introduces the use of
experience replay: past experiences are stored into a buffer
in order to train again later on the same sample. If making
an environment calls for too much computer power, or if
no simulator is available to harvest samples in real-time,
techniques based on buffers and offline learning become very
efficient. TD3 uses multiple critic networks to minimize the
estimation error and use delayed (target) networks (that are just
the running exponential average of the network) to stabilize
training.

MARL (Multi-Agent Reinforcement Learning) framework
has been improved by introducing DIAL [11], a technique to
pass messages through pre-established communication chan-
nels. In this way, local agents can acquire useful information
from their neighbors, solving the partial observability problem.
The authors also notice that passing the gradient of the
messages, in addition to the message itself, improves the
training speed. Both COMA [12] and MADDPG [3] use one or
multiple central critics and local agents in order to solve the
instability caused by the fact that MARL is not necessarily
a Markovian problem anymore. It also allows centralized
training and decentralized execution, corresponding to our
setting.

B. Legacy solution for Load Balancing
ECMP (Equal-Cost Multi-Path) [2], an extension to OSPF,

is the most commonly used technique to load-balance traffic.
It decouples the problem of routing from the one of load-
balancing: the routing protocol first provides a set of equal-
cost paths and, then, ECMP equally splits flow aggregates

leveraging on the output of a hash function executed over
packet-header fields. Albeit simple to implement, it assumes
regular topologies with a high number of equal-cost paths to
a given destination and an equal amount of available capacity
over them. In more general settings, uneven flow splitting may
improve network utilization and the use of unequal cost multi-
paths techniques can further increase performance. However,
these two approaches solve a local problem and do not attempt
to optimize QoE / QoS. Another limit for this algorithm arises
if the packet length distribution is uneven: the algorithm tries
to send the same number of flows on each path, but does take
into account the volume of the flow at decision time.

C. Using RL for Load Balancing

Authors of [13] use centralized deep reinforcement learning
to estimate new incoming traffic flows and accordingly adjust
weights to choose the most appropriate path. In [14], they
adopt centralized learning and distributed execution. They
propose a multi-agent actor-critic reinforcement learning algo-
rithm to improve load balancing with the aim of minimizing
the maximum link utilization ratio, while we investigate other
rewards and metrics. The work in [15] proposes an intelligent
load balancing architecture that includes link load balancing,
server load balancing, and traffic classification. Only the traffic
classification is realized using machine learning, the selection
of paths is heuristic based on avoiding most critical nodes for
elephant flows in the selected paths.

A relevant and closer approach to our algorithms is RILNET
(ReInforcement Learning NETworking) [4], a centralized so-
lution for reinforcement-learning-based load balancing using
DDPG [8] to minimize the MLU. RILNET adopts RL to
control a network on based the learned experience. RILNET
operates on aggregations of flows referred to as ”flowlets”,
i.e., a flow set that includes all flows going from the same
source edge switch to the same destination edge switch. It
results from the paper that RILNET can balance traffic load
much more effectively than ECMP and DRILL [16]. In this
paper, we improve RILNET by enabling the actors (agents in
the switches) to cooperate by exchanging information via the
DIAL cooperation framework and a multi-agent-based DDPG
(MADDPG) approach. RILNET combined with DIAL is used
for performance assessment.

D. Our Contributions

We use the MARL framework for multiple reasons: first to
explore the distribution of intelligence for smart load balancing
using semi-distributed and distributed cooperation of multiple
agents, and second to meet contracted SLAs in terms of
requested quality metrics. Adopting centralized training and
then using agents in a decentralized setting is appealing in
our case. MARL can also solve issues linked to partially
observable states and stabilize the training. Our environment
is not a Markovian process, as each agent is seen as part of the
environment from the point of view of other agents. The non-
stationarity comes from the fact that if it changes its policy, the
behavior of the environment will change as well. Besides, it



is not even trivially a Markov process because load balancing
operations influence future states as long as flows still exist.

III. PROBLEM STATEMENT

Let’s first introduce the problem we will solve in details:
• We consider a graph with N nodes and E edges.
• Dynamic scenario: we do not know in advance the

incoming flows.
• A controller is supervising the network and is in charge

of computation tasks (path-finding, training, collecting
experience replay samples, updating agents’ policy, etc.).

• For each pair of nodes (ni, nj), K distinct routes are
already pre-computed by the controller.

• When a new flow enters the network, an agent at the entry
node, associated with the flow, decides which of the K
paths has to be taken.

• An agent located at a node has access to both local
information and messages received from the neighbors
to make a better decision (in semi and fully distributed
scenarios).

The information available for training are mostly network-
level KPIs (Key Performance Indicators) such as flow delivery
delay, packet dropping, achieved throughput, link utilization,
jitter, and video streaming metrics such as stalling and the
normalized video bit rate whenever applicable. They are
observed, collected, and processed for optimization purposes
and for updating the objective functions, the losses, and the
reward. The controller can also access ground truth QoE to
assess the effectiveness of the proposed algorithms. With this
setting, we then have a total of N(N − 1) agents, distributed
among N nodes.

The main objective is to find the load balancing weights
that determine the path (among candidate paths) for every
incoming video flow. In this specific work, the ultimate goal is
to optimize QoE by leveraging only on network-level KPIs and
deriving the probabilities for path selection. For this reason,
we identify the combination of network metrics necessary to
design an efficient reward function that maximizes experienced
QoE. We show that by selecting flow delivery delay and
throughput measurements, we can improve the experienced
QoE against ECMP and RILNET or against methods using
purely QoE metrics in the reward function.

The computation of target split ratios for every source and
destination pair is performed at each time new information
is received. It takes as input the set of candidate paths and
updated traffic information on these paths (i.e., throughput,
number of active flows). Once new target split ratios are
decided, they can be used to make routing decisions every
time a new micro-flow arrives. The decision is made to move
actual split ratios towards the targeted ones (outcome of the
policies). In some cases, if advanced data plane mechanisms
such as FlowLets [17] are used, micro-flows can also be re-
routed during their lifetime to accelerate the convergence of
split ratios towards their target.

Fig. 1: Centralized Architecture.

IV. REINFORCEMENT LEARNING ARCHITECTURES

This section presents the actor-critic architecture used for
the centralized, semi-distributed and distributed cases.

A. Centralized and Distributed Actor-critic Approaches
While we considered a centralized training, the architecture

can be centralized (Fig. 1), semi-distributed (Fig. 2) or fully
distributed (Fig. 3). If a centralized approach is adopted,
both the actor and critic are global and are trained to derive
policies for all origin nodes for all OD (origin-destination)
pairs, namely a probability to select a candidate path per origin
demand. In all cases, the execution of the policies is local
to each origin node. In the semi-distributed case, the critic
is centralized and actors are local and located at the origin
node. In the fully distributed approach, there is one critic and
one actor in each origin node. Cooperation is assumed in the
distributed solutions through message exchanges among the
actors (using DIAL as described later in the section).

1) Centralized model: 1 global critic, 1 global actor: The
centralized architecture is not related to the MARL frame-
work and only uses classic reinforcement learning algorithms.
Compared to the original RILNET architecture, we have added
a communicator based on an LSTM [18] neural network
sending a local message for the next time iteration. This
message passing is useful to address the non-Markovianity of
the environment, because the state is artificially expanded to
the previous states. RILNET, whose architecture is equivalent
to the one presented in Fig. 1, is centralized as well, but it
targets the MLU in the reward function.

2) Semi-distributed model with local reward: N2 local
agents, N2 global critics: As shown in Fig. 2, this setting
combines global critics Qgi,j with a set of agents Ai,j and
communicators Mi,j distributed inside the N nodes.

As the input of the critic is the global distribution of actions,
the entire state of the network, and all the messages from
communicators, it should be able to model with precision the
future behavior (and so the future reward) of the network.

If the global reward r can be expressed as the average of
local rewards ri,j (r = 1

N2

∑
i,j ri,j), then we can express the

discounted reward R as a combination of local rewards:

R = E

 ∑
A∼(π)

γtr(t)

 = E

 ∑
A∼(π)

1

N2

∑
i,j

γtri,j(t)


=

1

N2

∑
i,j

ri,j



As we optimize Ai,j and Mi,j based on the global critics
Qgi,j , we follow the same gradient descent as if we have
just one global critic Qg. However, this method has different
performance:

• Each agent will see its local contribution more easily
because the reward is supposed to be local and more
correlated to the agent’s actions than the global reward.
This way, it improves the convergence by a factor N
as the critic does not need to differentiate the local
reward from the random noise coming from the other
N2 rewards.

• The global reward must be a fixed linear combination
of local rewards. The local rewards must be weighed
in terms of the global traffic through the network, as
the critic still needs to learn the behavior of the whole
network.

a) Global Critic

b) Local Actor & Communicator
Fig. 2: Semi-Distributed Architecture.

Moreover, we do not really enter a competitive setting: as
each agent is associated with a global critic, it is aware of
the influence of the global situation on the local reward. This
means that it will prevent an agent from changing its policy
too much if that decreases a local reward located elsewhere
in the network (because it will mechanically decrease the
global reward). However, we can not achieve this behavior
if we do not use global critics. Using local critics leads to a
competitive setting, because each agent will selfishly improve
their own discounted rewards without seeing the impact on
global performance. The difference within the training loop is
just the dimension of R and the output of the critics, whose
shape will be (N,N).

Fig. 3: Distributed Architecture.

3) Fully Distributed model: N2 local agents, N2 local
critics: The distributed architecture is presented in Fig. 3. In
this setting, for each directed pair of nodes (ni, nj) exchanging
traffic there is a local actor Ai,j , a set of communicators
(Mi,k)(i,k)∈E , each one sending messages to each neighbor
node, and a local critic (Qli,j) that aims to estimate J , the
global discounted reward.

The training loop is similar, but with N2 local critics, each
taking a different part of the state/action/messages as its inputs.
The idea behind this architecture is to make the model more
scalable. Indeed, the input of global critic is proportional to
N , so it becomes harder to optimize it. With that architecture,
it may also be possible to add node(s) to the network without
losing all the training made on the critic(s).

However, the drawback of the distributed approach is that
we have to make sure that the depth of communications
and cooperation between immediate and distant neighbors is
optimized and signaling overhead controlled and minimized.
Further, if messages are only transmitted to neighboring
agents, the messages can be diluted for far apart agents, despite
they can have a significant effect on each other even when far
away. This optimization is left for future work at this stage.

B. DIAL for Cooperation Between Agents

To implement the communication between agents (i.e.,
Communicators), we used DIAL an evolution compared with a
previous method called RIAL. Reinforced Inter-Agent Learn-
ing (RIAL) is based on deep Q-learning with a recurrent
network to handle partial observability. Differentiable Inter-
Agent Learning (DIAL) relies on the insight that centralized
learning affords more opportunities to improve learning than
just parameter sharing. As DIAL passes gradients from agent
to agent, it is an inherently deep learning approach. DIAL uses
the insight that the combination of centralized learning and
Q-networks makes it possible, not only to share parameters,
but also to push gradients from one agent to another through
the communication channel. DIAL works as follows: during
centralized learning, communication actions are replaced with
direct connections between the output of one agent’s network
and the input of another. While communication is restricted
to discrete messages, during learning the agents are free to
send real-value messages to each other. Since these messages
function as any other network activation, gradients can be
passed back along the channel, allowing end-to-end back-
propagation across agents.

C. MARL notations

We consider a multi-agent framework with:

• Cooperative capabilities: the goal of each agent is to
maximize the same expected global discounted reward.

• Partially observable state: each agent will only be aware
of local information.

• Communication capabilities: we allow the agents to com-
municate via messages (if they are neighbors in the
network graph in the semi and fully distributed cases).



Table I summarizes the notations used in the training descrip-
tion and the modeling framework.

V. TRAINING ALGORITHMS

In this paper, all the proposed architectures use a similar
training loop. The actor-critic architecture and models that
we adopt are mainly inspired by Soft Actor Critic (SAC)
algorithm [10], Twin Delayed Deep Deterministic (TD3) [9],
DIAL [11], and MADDPG [3]:

1) We use two training critic networks Q1 and Q2, and
use the value of the critics to compute the loss, in order
to keep the min(Q1, Q2) to stabilize the training by
reducing the risk of overestimating the value function.

2) We use our own value function and not the one of SAC,
since we are addressing a non-stationary and dynamic
environment.

3) We rely on a MADDPG architecture (with multiple
critics) to train local agents.

4) Delayed networks Q̄1 and Q̄2 are used as sliding targets
for the critic and M̄ is used for the delayed communi-
cator acting as target for the cooperation.

5) In this setting, as Mi,j helps both the agent and the
critic, it will be optimized with both losses. We can see
the message mi,j as a function that should transmit as
much information as possible to the local agents and
critics.

6) Stochastic agents are used just as in SAC, the same loss
is used. The output of the agent (i, j) is a tuple (µ, σ)
with softmax((µk)k<K) as the average load balancing
distribution for this agent. However, the random action
is chosen by sampling K − 1 random variable from
N (0, σ): (q1, q2, ..., qK−1), and setting q0 = 0. The ran-
dom distribution is then softmax((µ) + (q)). q0 is set to
0 to have a bijection between (q1, q2, ..., qK−1) and the
resulting load balancing distribution: softmax((p)+(q)).
This enables computing the probability density for the
SAC algorithm.

In Algorithm 1, the training process works with time episodes
because our models involve messages that will influence future
decisions. In order to simulate that in the training of our neural
network, we then need to select (S(t),A(t), R(t),S(t + 1))
samples that were generated one after the other. We take
batches of multiple time series to have uncorrelated samples.
The critics are trained in order to predict the behavior and the
future rewards of the network on average. The loss depends
on the delayed network to stabilize the training, and to avoid
that one bad sample makes the whole training fail. The
communicators are trained in the same step. Then the actor
training is realized just like in the SAC algorithm that trades
off exploration (with the entropyH) and maximizing the future
rewards (depending on the critic).

VI. STATES, ACTIONS AND REWARDS

A. States

The states are the amount of traffic (average throughput) and
the number of active flows on each outgoing path (route). We

use 1 agent for each OD flow. For the policy decisions, each
agent is positioned at the source node and decides about load
balancing weights for the K paths towards the destination.

TABLE I: Notations
Si(t) local state of the node i at time t

S(t) global state at t

r(i,j)(t) local reward at t of the agent focusing on routes

from node i to j

r(t) global reward at the time step t

γ discount factor of the RL framework

τ rate at which the delayed networks are updated

mi,j(t) message passed from ni to nj at t

Mi,j communicator such that mi,j = Mi,j(Si, (mi,k)(i,k)∈E)

φ network parameters of M

Ai,j(t) load balancing distribution between ni and nj at t

πi,j actor such that Ai,j = πi,j(Si, (mi,k)(i,k)∈E) (the policy)

θ network parameters of π

Qli,j local critic Qli,j(Si, Ai,j , (mi,k)(i,k)∈E)

trained with r(i,j)
Qg global critic Qg(S,A,m) trained with r

Qgi,j global critic Qgi,j(S,A,m) trained with r(i,j)
Q̄li,j delayed local critic

Q̄g delayed global critic

ω̄ network parameters of the delayed critic

B. Actions

The actions in our case are the load balancing weights for
each OD flow. Due to the discrete nature of RL algorithms and
message transmission, we choose to discretize the decision-
making process for the agents: at each time step/period P a
new policy will be selected by the actor and will be followed
during the entire time step P : each new flow arriving between
the current time t and t + P will be submitted to the same
decision process (i.e., will follow the same policy).

We explore as mentioned the use of QoS metrics collected in
the network as an alternative to QoE-based DRL methods. The
latter assume that access to clients and applications on the end
points or terminals is readily available and can be collected to
monitor the evolution of the reward at each iteration. In order
to verify, confirm and demonstrate that it is feasible to rely
exclusively on network QoS metrics, the best evaluation and
test is to conduct the study for video flows for which QoE is
a relevant performance metric.
C. Rewards

Table II lists the reward expressions that have been consid-
ered in the evaluation and used for comparisons in the perfor-
mance evaluation. We used several algorithms as benchmark.
First, we use a centralized actor-critic reinforcement learning
approach that uses the QoE as the reward. This algorithm is
referred to as Cen-QoE, i.e., QoE-based centralized algorithm,
where both the actor and critic are central. The second is
RILNET, since it provides an alternative to the QoE-centric
DRL approach by using the MLU in the reward and aims



Algorithm 1: Generic training loop used for all models
1 Draw from the experience replay buffer M batches of time

series of lengths L+ 1:
2 ((S(t))tk≤t≤tk+L)k<M ;
3 ((A(t))tk≤t≤tk+L)k<M ;
4 ((Ri,j(t))tk≤t≤tk+L)k<M ;

5 Initialize mi,j(tk) = 0 ∀k < M ;
// Training the critic networks:

6 for l ∈ [0, L] do
7 Compute (A(tk + l))k<M ;
8 Compute (mi,j(tk + l + 1))k<M ;
9 end

10 QX1 = Q̄1(S(t+ 1),A(t+ 1),m(t+ 1)) ;
11 QX2 = Q̄2(S(t+ 1)),A(t+ 1),m(t+ 1)) ;
12 update = R+ γmin(QX1, QX2);
13 QX1,old = Q1(S(t),A(t),m(t+ 1)) ;
14 QX2,old = Q2(S(t),A(t),m(t+ 1)) ;
15 L1 = E[(update−QX1,old)

2];
16 L2 = E[(update−QX2,old)

2];

17 optimize ω1, ω2 following ∇ω1L1 and ∇ω2L2;
18 optimize φ following ∇φL1 +∇φL2;

// Update target critics:
19 ω̄1 = (1− τ)ω̄1 + τω1;
20 ω̄2 = (1− τ)ω̄2 + τω2;
21 φ̄ = (1− τ)φ̄+ τφ;

// Update target actors:
22 for l ∈ [0, L] do
23 µ, σ = π(S(t),m(t)) ;
24 sample q from N (0, 1) ∗ σ;
25 A = softmax(µ+ q);
26 Compute (mi,j(tk + l + 1))k<M ;
27 end
28 QX1 = Q̄1(S(t),A(t)) ;
29 QX2 = Q̄2(S(t),A(t)) ;
30 L1 = −E[min(QX1, QX2)] + αE[log prob(A‖µ)];
31 L2 = E[µ∇µL1] + E[σ∇σL1] + αE[log prob(A‖µ)] ;
32 optimize θ following ∇θL2;

TABLE II: Reward expressions
Unconstrained rewards

Algorithm Reward expression
Cen-QoE R = QoE, ≡ Normalized average video bitrate

RILNET R = −MLU ; minimize MLU

ECMP p1 = p2 = ... = pk ; equal weight candidate paths

Cen-Th R = Throughput

Proposed constrained rewards
Algorithm Reward expression
Cen/Semi/Dis-QoE+D R = QoE − λe(−|ReferenceDelay−CurrentDelay|)

Cen/Semi/Dis-Th+D R = Throughput− λe(−|ReferenceDelay−CurrentDelay|)

Benchmark rewards Proposed new rewards

at minimizing link utilization as a kernel metric. The third
is ECMP that splits flows equally across candidate paths
and has been shown to perform fairly well if not faced
with very bursty traffic and elephant flows. The last one is
Cen-Th, corresponding to Central-based algorithm using the
Throughput as the exclusive term in the reward expression.

As shown in Table II, we introduce constrained reward
expressions where we penalize decisions if the experienced
flow delivery delay violates a tolerable delay bound, called the
reference delay. Recall that our goal is to resort exclusively
on network KPIs to design smart load balancing algorithms
that can intelligently distribute traffic to optimize QoE. The
constrained rewards use a parameter λ to penalize the al-
gorithms if flow delivery delays and packet dropping violate
target SLAs. Ideally, Lagrangian optimization should be used
and integrated in the model itself to ensure optimization of
policies at every step in the learning and testing phases. While
algorithms like RCPO [19] can be implemented to find optimal
values of λ, in our case to ease the implementation, we per-
formed an iterative search. The constrained based rewards are
referred to as Cen/Semi/Dis-QoE+D and Cen/Semi/Dis-Th+D
for the “QoE and Delay penalty” and “the throughput and
Delay penalty” based approaches respectively (where “Cen”
stands for centralized, “Semi” for semi-distributed, “Dis” for
distributed, “Th” for throughput, and “D” for delay).

VII. PERFORMANCE EVALUATION

This section presents the evaluation methodology and the
simulation results.

A. Simulation Environment, Training, and Testing

The topology used for the performance evaluation is the
Abilene [20] topology (see Fig. 4) and for this set of results
the clients generate video flows, generated using the LibDASH
library [6] in the NS-3 simulator [5] coupled with a PyTorch
environment for the machine learning framework where an
MADDPG and RL actor-critic based approaches have been
implemented and used to conduct the evaluation.

Fig. 4: Abilene Topology.

TABLE III: Definitions and metrics
Metrics and performance indicators

Metric Definition Comments

QoE A normalized index of the average
video bitrate of DASH representations

Depends on screen resolution
adaptation by DASH

Stalling Average duration of stalls in the image
collected from DASH and client To minimize

Flow delivery delay Average flow delay to destination To minimize

Packet dropping Average proportion of
flow packets dropped To minimize

Throughput Proportion of flows that
arrive at destination with SLAs met To maximize

MLU Maximum Link Utilization
amount of consumed bandwidth To minimize

Jitter Phase drift in flow
frames reception at destination

Should be kept as
close to zero as possible



Our simulation platform is based on the Adaptive Multime-
dia Streaming Simulator Framework (AMust) [21] in NS-3,
which implements an HTTP client and server for LibDASH,
one of the reference software of ISO/IEC MPEG-DASH stan-
dard. As streaming content, we have chosen a representative
open movie commonly used for testing video codecs and
streaming protocols: Big Buck Bunny (BBB). More specifi-
cally, the following simulation scenario and machine learning
settings have been used for the reported results:
• Topology: Abilene (see Fig. 4).
• Traffic type: video streams use DASH [6] that adjusts

video encoding according to perceived bearer conditions
sensed at the application level in the clients.

• The selected neural network configuration: it consists
of 2 hidden layers with 64 neurons, a batch size for
experience replay sampling set to 32 (L in Algorithm 1)
for both distributed and centralized models, even if the
centralized model could benefit from more powerful
resources, i.e., large network size.

• Test duration: 300 time units (seconds).
• Used training duration: spanning from 30 000 time units

to 300 000 time units.
• Low vs. High load scenarios: for the low load scenario,

all link capacities are randomly generated between 5
Mbps and 20 Mbps. For the high load scenario, band-
width values are within 1 Mbps and 4 Mbps.

We generated 3 paths for each source/destination pair, using
a k-maximally disjoint shortest path algorithm. The traffic
is randomly generated at the beginning of the experiment
following these characteristics:
• The duration of flows is 40s and 10 Origin-Destination

(OD) pairs are active in each simulation.
• The inter-arrival time of flows follows a Poisson distri-

bution with heterogeneous parameters for each origin-
destination pair. The global average arrival rate is 1.1
new streams per second.

The metrics assessing performance are listed in Table III.
1) QoE metrics: We measure multiple QoE factors for

video streaming that can accurately highlight the variation in
the QoE of videos. In particular, we measure the following
QoE metrics:
• Average video bitrate of the downloaded chunks.
• Average video quality: average on all downloaded

chunks of a normalized quality index indicating to which
representation they belong. It evolves between 0 and 1
for rmin (min video bitrate of DASH representations)
and rmax (max representations bitrate), respectively (see
[22] for more details).

• Re-buffering ratio: fraction of the freezing (or stalling)
time over the duration of the video session.

2) Collection of statistics: We extensively measure the
following metrics for the performance evaluation, and in order
to avoid any misunderstanding, these performance metrics are
not all used in the reward expressions (the used criteria and
reward expressions are specified for each algorithm):

TABLE IV: Algorithm parameters
Actor learning rate 10−3

Critic learning rate 10−2

Batch size 32

τ delayed network update rate 0.1

γ discount factor 0.9

Number of hidden layers 2

Dimension of hidden layers 64

Temperature parameter used for
entropy based exploration 10−3

Size of the vector containing messages
between neighboring agents 20

Policy refreshing period (time period) 10s

• For each route: average delay, average jitter, loss ratio,
average throughput, and the number of flows.

• For each flow: QoE statistics (within DASH) such as
stalling time of the video and experienced jitter for each
segment (10s). Vice versa, the average video bitrate expe-
rienced in the network is used in the reward expression
for the QoE-based algorithms, since this metric can be
directly linked to the experienced QoE.

• For the whole network: the average delay, the average
jitter, the loss ratio, and the average throughput.

3) Simulation conditions and settings: The simulation con-
ditions and hyper-parameters used for the performance evalu-
ation of all the algorithms and all network load scenarios are
specified in Table IV. The simulation scenario served for the
comparison with the central algorithms Cen-QoE, RILNET,
and ECMP to benchmark the state of the art solutions.

B. Evaluation Results

We present results of centralized, semi-distributed, and fully
distributed algorithms in Table V and VI depicting the medians
of average delay, throughput, QoE, video stalling, MLU, and
jitter over a test episode of 300 time units (seconds), with a
policy refreshing period of 10 seconds (i.e., update frequency
of load balancing weights).

1) Actor/Critic loss: Fig. 5 depicts the loss functions for
the DDPG critic and actor of the algorithms. It indicates that
algorithms converge as losses are stable. Rewards, not shown
here for lack of space, follow similar patterns. Optimization
and stabilization are realized using Stochastic Gradient De-
scent (SGD optimizer) instead of the usual Adam optimizer.

2) Performance results: In the rest of the section, we
present the performance evaluation of the semi-distributed
and fully distributed algorithms using either global critics and
multiple local actors (one per OD flow at the origin node)
or using multiple local critics and actors (one local critic
actor pair per origin node) to realize smart load balancing in
networks using reinforcement learning. Results are reported
for low and high load conditions.

a) Low load condition scenario:
The results, as depicted in Table V, show that the semi-
distributed algorithms achieve the best overall trade-offs across



TABLE V: Low load scenario.

Metric
Algorithm

ECMP [2] RILNET [4] Cen-QoE Cen-QoE+D Cen-Th Cen-Th+D Semi-QoE Semi-QoE+D Semi-Th Semi-Th+D Dis-QoE Dis-QoE+D Dis-Th Dis-Th+D

Delay (s)
Target delay ≤ 0.5s 0.352 0.344 0.315 0.285 0.298 0.291 0.287 0.274 0.286 0.277 0.301 0.282 0.291 0.284

Throughput (bps) 5 032 320 5 731 790 6 348 990 6 742 770 6 821 850 6 970 090 7 240 850 7 432 250 7 159 160 7 069 930 7 094 240 6 424 820 6 510 830 6 421 260
QoE 0.4021 0.4428 0.4564 0.4662 0.4617 0.4644 0.4834 0.4822 0.4542 0.4667 0.4559 0.4633 0.4705 0.4753

MLU (%) 13.08 11.72 13.59 13.51 13.91 12.14 14.03 13.81 14.01 13.57 13.88 12.21 13.39 12.13
Video Stalling (ms) 701.59 578.07 567.05 561.96 581.52 515.81 513.85 525.44 564.51 521.94 559.75 562.18 535.21 570.42
Average Jitter (s) 0.0678 0.0503 0.0132 0.0032 0.0296 0.0195 0.0038 0.0017 0.0067 0.0077 0.0107 0.0221 0.0051 0.0089

TABLE VI: High load scenario.

Metric
Algorithm

ECMP [2] RILNET [4] Cen-QoE+D Cen-Th+D Semi-QoE+D Semi-Th+D Dis-QoE+D Dis-Th+D

Delay (s)
with Target delay ≤ 0.5s 0.5847 0.5613 0.5161 0.5073 0.4977 0.5041 0.5052 0.4939

Throughput (bps) 1 462 885 1 510 425 1 705 395 1 718 895 1 697 205 1 705 875 1 670 470 1 674 010

QoE 0.2775 0.2996 0.3333 0.3277 0.3231 0.3229 0.3128 0.3102

MLU (%) 15.28 14.91 14.89 15.61 15.17 14.09 15.11 14.42

Video Stalling (ms) 1568.22 1304.54 952.61 996.6 987.99 966.36 984.39 1002.35

Average Jitter (s) 0.1501 0.1464 0.0849 0.0966 0.1005 0.1065 0.1145 0.1084

Fig. 5: Critic and Actor loss as a function of training steps.

all performance metrics when jointly analyzed. ECMP and
RILNET are outperformed by all the approaches implementing
reward constrained policy optimization, as they penalize the
rewards as long as target delays are not met. Further, the
reported results show that the use of a joint throughput-delay
performance criterion and metric allows achieving similar and
occasionally better performance across all evaluated metrics.
Namely, in end-to-end packet delivery delay, realized through-
put, achieved QoE, experienced jitter, and stalling on video
flows. As far as MLU optimization performance is concerned,
RILNET, that focuses on MLU minimization, outperforms
typically all other algorithms on this metric but at the expense
of poor performance on all other key performance indicators.
Further, the throughput-delay based reward expressions can
make better use of the links, they also minimize the MLU but
operate at higher link utilization and still meet target delays
and improve QoE. They realize better MLU, QoE trade-offs.

In summary, the algorithms, that rely on the tuple (through-
put, delay) network metrics, are sufficient to realize the desired
performance improvements and show that we do not need to

resort to application-layer metrics that measure or assess the
QoE (or a related metric such as average bitrate for video
flows) to meet SLA and performance requirements. The goals
can be met by relying exclusively on the “throughput and the
delivery delay” network metrics measured at the end points.
This will considerably simplify the learning and exploitation
outcomes of reinforcement learning-based intelligence.

b) High load condition scenario:
Under high load, where links are typically congested to some
extent, the semi-distributed algorithms continue to perform
reasonably well, providing good results for all the metrics. The
fully distributed algorithms are more challenged by these high
load conditions, as expected. This comparable performance of
all algorithms at high load is expected and known, and presents
nothing unusual in terms of results. More importantly, the
semi-distributed algorithms, using the tuple (delivery delay,
throughput) in the reward constrained policy optimization
expression, confirm their relevance and adequacy as the best
trade-off across all metrics. The fully distributed case perfor-
mance is not surprising either, since the communication and
cooperation across agents are basic in DIAL.

VIII. CONCLUSIONS AND PERSPECTIVES

We have shown in this paper that centralized and multi-
agent actor-critic based reinforcement learning algorithms for
QoS-aware load balancing are capable of improving perfor-
mance compared to more traditional load balancing techniques
and previous machine learning based methods. The use of
semi-distributed multi-agent approaches, with a central critic
and local actors in the source nodes of end-to-end connections,
is recommended. The use of fully distributed approaches,
where a critic and an actor are used at each source node,
shall not be dismissed at all. Indeed, the performance of the
fully distributed solution is conclusive even with a rather basic
cooperation and communications across actors or agents. The
use of more efficient cooperation systems, such as ATOC [23]
or QMIX [24], may further improve performance, reaching
that of the centralized and semi-distributed solutions.



Note also that a lesson, learned from these investigations,
is to rely on network metrics to express rewards and objective
functions. Further, the use of simply delay and throughput
metrics allows meeting the required QoS performance and
equals that of algorithms using QoE metrics collected at clients
and end devices, which is quite often practically unfeasible.
As long as both delay and throughput are used and actions are
penalized for excessive delivery delay or policy optimization is
constrained by key quality of service metrics such as delay and
packet dropping, the results will be quite close and competitive
to any other solution relying on less accessible metrics.
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