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Abstract

Internet is one of the largest scale distributed system made up of
multiple networks that is used to digitally connect billions of users.
Traffic Engineering (TE) is a core problem in networking, which is
responsible for routing packets across networks to provide the best
user experience while ensuring a secure, stable, well-utilized and
cost-efficient network. The time-varying graph nature of the net-
work along with unexpected topology and traffic changes makes TE
in large operational networks challenging. This paper first provides
a holistic sketch of different viewpoints taken by researchers and
practitioners to formulate and solve the TE problem. We first cover
the systems view, where researches have defined the problem and
used creative heuristic protocols to manage large networks. We then
focus on the theoretical formulations from optimization and control
theory to provide optimal and stable networks. These formulations
provide clear definitions and provable properties for designing TE.
We devise a taxonomy of existing studies on how such theoretical
problems are being solved today. Finally, we present the AI/ML and
heuristic perspective for near-optimal TE. Owing to the dynamism
and large scale of the networks, especially planet-scale cloud net-
works, these theoretical methods need real-time data and greedy
approximations to solve TE. Recent progress in AI/ML provides
encouraging tools here, where time-series and graph based AI/ML
models can be used to detect/predict the network state, and control
algorithms such as Reinforcement Learning (RL) be powerful tools
to solve TE. We survey these approaches and propose promising
directions towards AI/ML in network control and TE.
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1 Introduction

Computer networking is one of the largest distributed systems
today that provide the backbone for digital connectivity. Operat-
ing almost invisibly, networking enables everything from simple
web browsing to Internet of Things (IoT). It employs diverse tech-
nologies such as optical fibers, copper, cellular, satellite networks,
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and a large system of protocols to connect users to their requested
applications, usually hosted in large data-centers or servers.
Artificial Intelligence and Machine Learning (AI/ML) provides
promising tools to optimize networks. Each network measures
performance metrics such as utilization, memory, congestion, loss
and latency, across each network node and link. In addition, logs
at various nodes provide valuable information about the state of
each node. The TE system therefore has to learn across different
data modalities in this network graph. There are dynamic topolog-
ical (graph) learning aspects, such as various nodes connected to
each other. There are time-series and distribution effects of net-
working performance metrics between nodes, and congestion on
these nodes, that determine the connectivity experience. Finally,
log data is another important source to analyze what is happening
across the network nodes. AI/ML provides a promising methodol-
ogy to decipher patterns across systems and data-modalities, and
autonomously alert or even autonomously fix the network.
Certain areas of networking have used AI/ML to learn and act,
while there is a wide open opportunity for its application in other
areas [2, 4, 53]. A majority of AI/ML applications use anomaly
detection, fault localization and root-causing algorithms for net-
working or security metrics, often using time-series and graph
modalities [33, 42, 67]. However, the success of having standard
models or neural network architectures, deriving insights and tak-
ing automated actions using AI/ML is arguably underwhelming
in the networking domain when compared to other large systems
such as vision or language based systems. The main reasons can be
attributed to: (a) dynamism of traffic and topology changes on large
networks, which creates unexpected and noisy data to learn from;
(b) local changes that lead to global effects across other parts of the
network, thus making it hard to pinpoint without jointly analyzing
network graph, time-series of metrics and logs; and (c) issues about
data availability and readiness because of non-standardized data be-
ing owned by multiple network operators [10]. Hence, it is common
to see individual use cases of AI/ML that uses local observation
(e.g., monitoring network link between nodes, congestion on the
device) for alerting or making local decisions, but not a coordinated
holistic solution - like routing across a large operational network.
Traffic Engineering is one of the primary areas where such mea-
surements and coordination across the network is vital. Traffic
Engineering (TE) is responsible for routing packets across an op-
erational network such that users get the best experience and the
network is stable, secure, well-utilized and cost-efficient. TE is espe-
cially essential for planet-scale operational networks to ensure that
traffic demands are constantly well-placed while reacting to net-
work degradation, topology changes or unexpected traffic demand
surges. Researchers and practitioners are solving TE using various
approaches, ranging from development of creative protocols using
system heuristics to formulating a control theoretical or AI/ML
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models to provide near-optimal TE. This paper surveys the general
problem of network control and TE from three viewpoints.

1. We summarize the systems view on how the current protocols
are regulating the network based on different distributed and quasi-
centralized network architectures. However, these system protocols
do not clearly define the optimization problem that they are solving
and are not guaranteed to provide best or stable routing.

2. We review studies which focus on optimality and control mech-
anisms. Here, optimization theory is used to formulate how the
network should behave. Some studies extend this by using control
theory to design feedback mechanisms that provide optimal and
stable network configurations. Centralized network architectures
provide means of running a global optimization problem. However,
it is computationally infeasible to run in large networks such as
planet-scale cloud backbone.

3. Finally, we discuss how AI/ML provides tools to solve the TE prob-
lem to provide near-optimal control mechanisms. Al algorithms
for modeling time-varying network graphs and control algorithms,
such as Reinforcement Learning (RL), can be used for learning the
state of the network and routing flows near-optimally in a large
network.

We first review the systems view and then provide motivation
for AI/ML in Section 2. We provide a generalized optimal TE model
and review optimality and control theory work in Section 3. We
then present a taxonomy of studies that propose and solve optimal
TE in Section 4. Finally, we discuss AI/ML based approaches in
solving optimal TE in Section 5, and conclude in Section 6.

2 TE Systems and AI/ML Motivation

We discuss the background about network routing and TE, and
then present the opportunity and challenges for using AI/ML.

2.1 Routing and Traffic Engineering

Large operational networks today are planet-scale. For example,
AWS network spans across 34 regions, 108 Availability Zones and
600+ points of presence [6]. Network operators manage these net-
works to cater to varying traffic demands by designing good net-
work architectures, and provisioning capacity at devices and links.
An important function of this network involves measuring perfor-
mance, and controlling traffic routing that satisfy various demands
across the network such that users get the best experience and
network routing is efficient and stable; this is Traffic Engineering
(TE) [8, 44]. There are different approaches and architectures for
routing and TE, which we categorize and describe below.

Distributed Shortest Path Routing: A straight-forward approach
is to route packets within a single owner network (called Au-
tonomous System or AS) using variations of shortest-path routing
protocols. These protocols can be proprietary, but usually, networks
employ well known Intra-AS protocols such as Interior Gateway
Protocols (IGP). Many IGP protocols, such as Open Shortest Path
First (OSPF), make local routing decisions on a per-packet basis
using distributed algorithms. Network routers (nodes in a graph)
advertise their connectivity (links) to all other nodes by flooding
link-state advertisements that propagate the edge weight for the
link based on various performance and capacity metrics. Each node
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stores the link-state, and use a shortest path algorithm, like Dijk-
stra’s algorithm, to route the packet.

A disadvantage of this approach is that the traffic is concentrated
only on shortest paths. Any peaks in traffic will induce congestion
on hot-spot links and nodes, resulting in network degradation —
even when other parts of the network have capacity. Such hot spots
degrade network availability, and will require over-provisioning.
But, this is not scalable since high capacity needs to be added only
at few hot spots in the network.

Distributed Traffic Spreading: The next-generation of TE used
traffic spreading protocols such as Multi-Protocol Label Switching
with TE (MPLS TE) [9]. Often, large networks use MPLS TE based
mechanisms to optimize the traffic across the backbone to ensure
availability and best performance [47, 49]. These protocols enable
an ingress router to spread the traffic over multiple paths across the
network, thus making the network more: (a) scalable by spreading
the traffic across multiple areas of the network; and (b) available
by routing via backup paths when the primary path breaks down.

MPLS TE enabled routers spread traffic on various paths, with
some additional control logic for coordinating announcement and
path changes on a network. Large networks typically design routing
such that traffic can be sent via the best paths (e.g., low latency),
such that the network is well utilized and there is no single point of
failure. There are several additional mechanisms for fast reroute to
handle network failures in few milliseconds by adjusting the active
paths in the network [7].

Return of centralized controllers: Recently, centralized con-
trollers have become popular in large networks, since this enables
a controller to take optimal routing decisions based on a global
network view. Software Defined Networking (SDNs) is one such
architecture [25, 39, 57]. SDNs enabled a completely programmable
network which decoupled two main functionalities:

1. Control plane: This defines the control decisions taken on how
to route (e.g., computing routes between each pair of nodes). This
final set of policies and paths is then disseminated to all the routers.
2. Data plane: Each router then takes a decision on a per-packet
basis on how to forward packets based on the policies received
from the control plane.

This separation of duties enabled having centralized SDN con-
trollers which have a global view rather than distributed protocols
such as MPLS. The idea of a centralized controller and its responsi-
bility to find the best routes across the network is attractive, since
this enables a single point where AI/ML can be used to understand
data and take actions. There are variations of SDNs in large cloud
networks, which use multiple controllers so that the network can
be scaled. However, each controller still has a fairly large view —
rather than a router-level view — to compute best performing paths.

2.2 Opportunity and challenges for using AI/ML

The data and network complexity make AI/ML promising tools
to solve TE. Data has to be analyzed across different modalities,
and then the entire network has to take action (control element)
so that the network performs as intended. The data modalities
usually consist of graphs, time-series and logs that need to be
collectively analyzed across the network because local effects can
lead to global changes. For example, changes to the topology graph
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of the network combined with the time-series of network metrics
are constantly varying — sometimes at a millisecond granularity.
Logs from routers and subsystems provide additional information
to determine local changes at these network elements. In addition,
there is a control element where feedback within the network can
be used to understand network perturbations, and act at fine time
granularities to get the network back to near-optimal. This rich
set of time-varying data across a network topology graph where
controls can be applied for near-optimal operation presents a fertile
ground to solve the problem near-optimally using AI/ML.

While the use of AI/ML is encouraging, there are two primary
challenges to overcome to effectively use AI/ML for TE:
1. Local change, global effects: Local effects, such as congestion
on one link, can cause the TE protocol to widely shift traffic in a
network that causes global effects on other flows across a different
part of the network [50]. Hence, unlike image data or even sequence-
to-sequence data such as language or time-series, it is challenging
to predict global actions across the network based on observing
time-varying network graph.
2. Dynamism: The network often has to place varying traffic de-
mands from multiple users on fixed capacity links. In large cloud
networks, traffic demand spikes cannot always be predicted. For ex-
ample, cloud customers hosting popular games or shows can cause
large traffic spikes in particular geo-regions when many clients
access these resources at the same time. This often cannot be pre-
dicted since a cloud network hosts multiple customers, and each
customer may be releasing content or having other network-heavy
operations, like backups, based on a schedule that is unknown to
the cloud. The network has to dynamically adjust to such loads.

3 Optimal TE formulation

We first compare system and theoretical approaches towards TE.
We then describe approaches to model optimal TE, and describe
the key optimization and control models applied in this field.

System protocols, explained in Section 2.1, are creative system
ideas that balance and weigh several metrics for effective network
operation, and have experimentally shown to be effective in run-
ning today’s large networks. However, these system heuristics do
not clearly define and optimize protocol behavior such as: (a) what
is the objective that the system as-a-whole is trying to optimize?,
(b) is the system performing in the optimal way, and if not, what is
the optimality gap?, (c) does the solution converge under various
dynamic traffic and topology changes? Answering such questions is
important because it is uncertain if the intended network behavior
is being delivered by the operational network. More importantly,
there can be unintended effects which were not captured by exper-
imentally determined system parameters; such conditions could
pose a risk for catastrophic network events.

We now generalize the important aspects of the optimal TE
problem to discuss research papers that analyze system protocols
and build better routing and TE.

We represent the network as a graph G(N, &) where N denotes
the set of nodes (routers) and & represents the set of edges (direct
link or configured routing segments) between the nodes that can
communicate. Let C;; be the capacity for edge (i, j); this can be
the bandwidth of the link (e.g., 10 Gbps). We assume that there are
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several flows that need to be routed from a source (ingress) router
to a destination (egress) router. For a given aggregate flow k, let
(S, di, tr) denote the source, destination and expected demand
(throughput). If the demand is known apriori, then t;. is a constant.
In some use cases, networks are optimized to provide maximum
throughput for all applications. In such cases t;. is a variable that
is to be maximized. Let # be the set of flows that are using the
network. Let x; ;; be the capacity dedicated by link (i, j) to carry
traffic for flow k. Two trivial constraints are that these flow variables
Xk,;j should be non-negative, and that the total flow on the link
should be less than its capacity C;;.

The other main constraint is flow conservation constraint, which
provides a constraint to route t; units from source to destination.
Routing has to ascertain that whatever the source emits is consumed
by the destination, i.e., : (a) only the source s emits the traffic
exactly equal to the demand t;. for flow k; and (b) only destination dj.
consumes the traffic exactly equal to #;; (c) none of the intermediate
nodes generate any extra traffic for flow k.

Utility function: The objective function is formulated based on the
utility to either end-applications or network. These functions are
called as utility function.

Hence, these class of problems are named as Network Utility
Maximization (NUM) problems [38, 46, 56]. The objective function
generally takes the form of: Maximize };c#U (k).

The most common variables in utility functions are the network per-
formance metrics, which may consist of metrics such as minimizing
congestion or latency or maximizing throughput or fairness.

Utility functions can be classified into two types: (a) Flow or
end-user utility; (b) Network utility. Flow utility maximizes the
utility across all the end flows. Examples of end-user utility are
minimizing the end-to-end latency/loss or maximizing the flow rate
(throughput) since they directly benefit the flows/applications/users.
However, there are other formulations that maximize overall net-
work utility, such as minimizing the cost of running the network
or spreading the traffic. Spreading the traffic is often achieved via
minimizing the maximum link utilization [51, 63], or some function
that allows for maximum residual capacity across edges.

Certain studies optimize multiple metrics by using techniques
such as weighted objective that considers multiple parameters such
as minimizing maximum link utilization and also minimizing la-
tency [51]. In addition to performance metrics, we can also formu-
late metrics that improve network performance, such as decrease
the cost or guarantee stability. Stability of routes intend to avoid
route switching when demands or topology changes dynamically
within certain bounds. There are several attractive properties that
emerge out of NUM formulations, which we will discuss in Sec-
tion 4.2.

Flow Splitting: A major decision in formulating the TE problem is
the decision to allow flow splitting. Flow splitting allows a router to
split a single flow fractionally across its multiple outgoing links. If
we allow the flow to be split infinitesimally at every node, the model
is referred to as a fluid model. Such problems can be formulated as a
Convex Optimization problem, including Linear Programming (LP).
The advantage of these problems are that they are polynomial time
solvable. Despite this, in large cloud networks, the large number
of constraints and variables makes it practically impossible to run
these models periodically [66]. For example, CAIDA’s AS-dataset
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with a relatively small network size of around 2000 nodes, 9000
edges and 3 million flows has over 25 billion constraints [15, 66].
Today’s large cloud networks will be much larger than this network.

The second case is to restrict a flow to take a single or few pre-
specified paths. This is helpful in networks where there are large
flows that should not be split because of networking effects such
as packet reordering. Such formulation converts the problem into
a Multi-Commodity Flow (MCF), which is Mixed Integer Linear
Programming (MILP) and NP-hard [3].

4 Optimal TE Taxonomy

We present a taxonomy of solutions for optimal TE based on the
structure of the problem, as shown in Figure 1. A summary of
research papers and its categorization is in Table 1, with separate
AI/ML studies in Table 2.

The first two categories in the taxonomy Network Type and
Protocol Type are network architecture centric. The solutions either
solve for Cloud [13, 16, 28, 57, 66] or Internet Service Provider
(ISP) network type [22, 37, 43, 59, 63]. The protocol type implies
the type of protocols used for TE, which includes either plain IP
protocols, MPLS [11, 14, 22, 47, 52] or SDN [28, 29, 34, 57]. We do not
describe specific papers here under these categories, as our focus is
on generalized optimal TE formulation and AI/ML solutions.

4.1 Controller properties

This describes the classification based on what kind of controller is
being used in the network for which the optimal TE is formulated.
The network controller can be distinguished in the following ways:
1. Distributedness: Controllers can be distributed, centralized or
hybrid. Distributed controllers are usually deployed in IP and MPLS
type of networks where there is no centralized point for con-
troller [30]. Several control-theory based NUM formulation based
protocols such as FAST TCP [26, 64], explained in Section 3, are
instances of distributed network control derived from an optimal
formulation. Centralized controllers are most amenable to solving
optimization since there is a global view of the network at a central
point [28, 48, 66]. As explained in Section 2.1, architectures such as
SDNss have central controllers where such algorithms can reside.
The third type is the hybrid scheme where there are centralized
subcontrollers, which optimize parts of the network, and there are
distributed protocols or other hierarchical controllers that optimize
across these centralized subcontrollers. Very large networks such
as planet-scale clouds often have this scheme where there is a need
to coordinate across multiple subcontrollers that optimize differ-
ent geo-regions of the network. Optimizing TE for such hybrid
networks is an open area of research.
2. Control Domain: TE can optimize a within a network domain
(intra-domain) or inter-domain. A large number of optimal traffic
engineering work focuses on intra-domain because ISPs, cloud and
enterprise networks would first optimize traffic within their own
networks [30, 35, 61]. These network owners can run any propri-
etary protocols within their network, even though most networks
run well-known protocols such as OSPF.

Inter-domain routing optimizes routes across different networks
- typically operated by different owners. Several system protocols
have been proposed to optimize inter-domain TE [19, 54], but there
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are not many optimal formulations. While the optimal TE formula-
tions and heuristics can be theoretically extended for inter-domain
routing, there are challenges: (a) lack of transparency because indi-
vidual network owners often implement proprietary policies, and
the data across networks is not shared; and (b) there is a general
agreement to use standardized protocols, such as Border Gateway
Protocol (BGP), for inter-domain routing so that any network can
talk to any other network; this limits the implementation scope of
the control mechanisms.

3. Transmission: In networks, a node can transmit packets from one
node to another (unicast transmission), or can transmit the same
information to multiple nodes (multicast). A vast majority of the
Internet and optimal TE formulations focus on unicast transmis-
sion. However, there are certain networks that support specialized
applications that have to optimize for multicast [11, 60]. There are
also optimal TE for special types of communication modes, such as
multiple nodes to single node [51].

4.2 Optimizer Properties

The studies can be classified based on how the optimal formulation
is trained/executed and the approximations used.
1. Training mode: The training can be offline or online. Offline mod-
els are run or trained either periodically at a large time-granularity
(e.g., once a day) and the resulting model is used by setting the
output routing for the rest of the period [11, 37, 51, 58, 63, 66],
without changing the model parameters. However, offline methods
are not reactive to the real-time network conditions such as topol-
ogy, performance, traffic demands, or routing table changes. Online
algorithms, where the model parameters are updated at a fine-time
granularity, are hence more useful in running network operations
in large networks [14, 22, 28, 35, 57].
2. Layering: The other interesting dimension is the layer at which
the model operates. Many models provide the output for path-
computation, where the model emits the routes to be taken, and
other rules or protocols configure these paths. There are a different
set of algorithms that operate cross-layer and provide multiple
network functionalities such as joint rate-control and scheduling.
There are noteworthy contributions from control theory here on
how to derive optimal protocols [38, 46, 56]. They not only propose
NUM formulations for optimal network control, but also go further
by using duality theory for designing optimal and stable cross-
layered algorithms such as rate-control and scheduling [17, 46, 56].
The studies prove that joint cross-layered optimization such as
rate-control (employed at transport layer for each ingress router
or application source) and scheduling (running at routing layer on
each router) can converge to optimal and has provable robustness
properties. These works have reverse engineered distributed TCP/IP
congestion control protocols starting from an optimal problem, and
show the stability of the TCP/IP type congestion control — despite
feedback delays - in the Internet. FAST TCP [26, 64] developed for
optimizing long distance and high latency links was motivated by
decomposition of a primal NUM problem.
3. Algorithm: Some problems can be solved by solvers such as LP,
MILP or Convex Optimization Solvers [18, 24, 31, 45]. However, as
we discussed in Section 3, even smaller networks with around 2000
nodes can have billions of constraints when modelled as a graph
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Figure 1: Taxonomy of Optimal TE

to solve optimal TE. Hence, researchers have devised hand-crafted
approximation heuristics that provide near-optimal solutions[22,
35, 62]. For example, TeXCP formulates the optimization problem to
minimize maximum link utilization, and then proposes a distributed
online heuristic [35]. They instantiate agents on multiple nodes
that use heuristics to reduce oscillations in the network while being
reactive to network changes. This is another area where AI/ML
models can act as fast blackbox inference engines that provide
heuristic optimal TE; we discuss this in the next section.

5 Al and ML Techniques

Section 2.2 discussed two main uses of AI/ML: ability to handle
different data modalities, and modeling network as a graph to cap-
ture non-local effects. In addition to these, AI/ML is also useful for
learning: (a) the state of the network from various forms of data;
and (b) how to control the network using feedback mechanisms to
reach near-optimal and stable TE.

1. Learning the state of the network: Operational networks need to
understand the network topology, metrics and demands from dif-
ferent data sources such as active/passive measurements, topology
databases and time-varying traffic demands. The graph, time-series
and log modalities of data can be scanned together to observe the
state of the nodes and edges in the network. This enables solv-
ing optimal TE given the properties of the time-evolving network
graph, using architectures such as GNN.

For example, one study predicts path failures in the network
using GNN to capture a snapshot of the network at a given time,
and the temporal dynamics of the nodes and edges using Long Short
Term Memory (LSTM) [27] to form a time-evolving neural network
called Long Short-Term Memory R-GCN (LRGCN) [42]. However,
solving with real-time metrics of network is more challenging than
evaluation on static datasets, since it is vital for operators and
downstream software components to act based on real-time data
to fix network degradation observed by customers. This is an open
area of research.

2. Learning to control in real-time: Studies employ Reinforcement
Learning (RL) to learn how to control routing, in addition to learn-
ing the state of the network [5, 23, 48, 65]. They usually simulate
multiple scenarios using multi-agent centralized RL where each

agent is assigned to find paths for a flow, and then each agent gets
the same reward based on collective network state. Such reward
mechanism enables observing global effects because of local agent’s
routing action, and collectively rewarding all agents towards overall
network optimality.

The GDDR paper proposes a GNN based routing by modeling
the network using a GNN and using RL [30]. TEAL is another inter-
esting study that proposes a different variety of graph formulation
for optimizing large networks [66]. They first precompute up to
four possible assigned paths for each flow, and then create a new
graph called FlowGNN which is a bipartite graph with paths on
one set (called path nodes) and the edges of the original network
(called edge nodes) on the other set. This FlowGNN then utilizes
RL to learn how to split traffic along the four paths for a flow.

A more ambitious challenge and an open area of research is to
learn control mechanisms in real-time operating networks in an on-
line fashion. This will open a valuable research area where control
theory meets online optimization of large operational networks
that not only optimize the network, but also can react and stabilize
the network in real-time.

6 Conclusions

Traffic Engineering (TE) in networks is responsible for routing deci-
sions to provide the best user/application experience while assuring
a stable, secure and cost-efficient network. Solving this problem in-
volves learning the network topology, traffic demands and routing
decisions in a time-varying and highly dynamic environment. We
study this area from three perspectives: (a) systems, (b) designing
optimal control mechanisms using optimization and control theory,
and (c) solving these optimal problems using AI/ML to approxi-
mate computationally complex optimal models. We start from a
theoretical formulation and then explain heuristics employed to
solve for large operational networks. We present a taxonomy of
existing work based on network- and formulation-centric proper-
ties. We then categorize the studies based on different varieties of
the problem being solved and approximations. Finally, we identify
open research topics for the application of AI/ML towards building
a system for realizing near-optimal routing and TE.
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Title of the Paper

Optimization Objective

Categories

Explicit Routing Algorithms for Internet Traffic Engineering
(1999) [63]

Minimizing the maximum of link utilization across all links

ISP, MPLS, Centralized, Unicast, Offline,
Optimal, Path-computation

Traffic Engineering using Multiple Multipoint-to-Point LSPs
(2000) [51]

Minimize the number of LSP routes while ensuring availabil-
ity, and reduce maximum link utilization on paths with a
limited hop count

ISP, MPLS, Centralized, Multicast, Of-
fline, Optimal, Path-computation

Minimum Interference Routing of Bandwidth Guaranteed
Tunnels with MPLS TE Applications (2000) [37]

Minimize LSP interference, maximize future accommodations

ISP, MPLS, Decentralized, Unicast, Of-
fline, Heuristics, Path-computation

Engineering the Multi-Service Internet: MPLS and IP-based
Techniques (2001) [59]

Minimize LSP bandwidth allocation, Satisfy QoS, distribute
load, minimize overall cost

ISP, IP/MPLS, Centralized, Unicast, Of-
fline, Heuristics, Path-computation + Dy-
namic

MATE: MPLS Adaptive Traffic Engineering (2001) [22]

Provide traffic distribution among preconstructed static LSPs,
probing and load-balancing, minimize total cost

ISP, MPLS, Decentralized, Unicast, On-
line, Heuristics, Path-computation

DORA: Efficient Routing for MPLS Traffic Engineering (2002)
[14]

Maximize future traffic accommodation by minimizing inter-
ference and maximizing residual bandwidth

MPLS, Unicast, Online, Heuristics, Dy-
namic

SPeCRA: A Stochastic Performance Comparison Routing
Algorithm (2002) [20]

Minimize the rejection ratio of LSP setup requests, minimize
interference

MPLS, Unicast, Online, Heuristics, Dy-
namic

Quality of Service Provisioning through Traffic Engineering
(2003) [58]

Minimize network load (own definition link utilization) after
satisfying QoS constraints

ISP, DiffServ/MPLS, Offline, Optimal,
Path-computation

Creating Multipoint-to-Point LSPs for Traffic Engineering
(2003) [11]

Minimize the number of M-t-p trees, optimal merging

ISP, MPLS, Centralized, Multicast, Offline
+ Online, Heuristics, Path-computation

A Preemption-Aware On-line Routing Algorithm for MPLS
Networks (2003) [12]

Maximize network performance (utilization) by preemption
and provides stability

ISP, MPLS, Decentralized, Online, Heuris-
tics

TEAM: A Traffic Engineering Automated Manager for
DiffServ-Based MPLS Networks (2004) [52]

Maximize network performance (utilization) by preemption
and provides stability

ISP, DiffServ/MPLS, Centralized, Online,
Heuristics

New Preemption Policies for DiffServ-Aware Traffic
Engineering (2004) [21]

Maximize network performance by minimizing rerouting

ISP, MPLS, Heuristics

Walking the Tightrope: Responsive Yet Stable Traffic
Engineering (2005) [35]

Minimize the maximum utilization without creating oscilla-
tions

Intra-domain, IP, Decentralized, Online,
Heuristics

COPE: Traffic Engineering in Dynamic Networks (2006) [62]

Optimize performance while providing worst case guarantee

ISP, Heuristics

Latency Inflation with MPLS-Based Traffic Engineering
(2011) [47]

Suggests guidelines to alleviate latency inflation in service
networks

Cloud, MPLS, Heuristics

Achieving High Utilization with Software-Driven WAN
(2013) [28]

Maximize throughput while choosing low-latency paths, min-
max fairness

Cloud, SDN, Centralized, Online, Heuris-
tics

B4: Experience with a globally-deployed software defined
WAN (2013) [57]

Maximize link utilization/throughput and ensure min-max
fairness across priority classes

Cloud, SDN, Centralized, Online

Traffic Engineering with Forward Fault Correction (2014)
[43]

Incorporate fault tolerance by proactively handling up to k
simultaneous faults to maintain TE allocations

ISP, Centralized, Online, Heuristics

Calendaring for Wide Area Networks (2014) [36]

Optimize large, long-term transfer scheduling based on pre-
assigned deadlines to maximize throughput

Cloud, Centralized, Online, Heuristics

Optimizing Bulk Transfers with Software-Defined Optical
WAN (2016) [34]

Achieve higher throughputs by rapid reconfiguration of opti-
cal topology for bulk transfers

Cloud, ISP, SDN, Centralized, Online,
Heuristics

Dynamic Pricing and Traffic Engineering for Timely
InterDatacenter Transfers (2016) [32]

Dynamically price and schedule bandwidth transfers based
on deadlines and priority to optimize costs

Cloud, SDN, Centralized, Online, Heuris-
tics

Taking the Edge off with Espresso: Scale, Reliability and
Programmability for Global Internet Peering (2017) [68]

Optimize client performance at the edge by moving packet
processing to software

Cloud, ISP, SDN, Centralized, Unicast,
Online, Heuristics

RADWAN: Rate Adaptive Wide Area Network (2018) [55]

Maximize bandwidth while minimizing reconfiguration
churn on optical links

Cloud, IP, Centralized, Online

B4 and After (2018) [29]

Scale and manage hierarchical SDN to meet availability and
traffic demands

Cloud, SDN, Centralized-decentralized,
Hierarchical, Online

Semi-oblivious Traffic Engineering: The Road Not Taken
(2018) [41]

Improve load balancing and link failure resilience using obliv-
ious routing

Cloud/ISP, Centralized, Online

TEAVAR: Striking the Right Utilization-availability Balance
in WAN Traffic Engineering (2019) [13]

Optimize WAN traffic considering probabilistic link failures
to avoid overprovisioning capacity

Cloud, SDN, Centralized, Offline

Lancet: Better Network Resilience by Designing for Pruned
Failure Sets (2019) [16]

Design network resilience strategies for specific failure sets

SDN, Offline + Online, Heuristics

Cost-effective Cloud Edge Traffic Engineering with Cascara
(2021) [54]

Minimize inter-domain bandwidth costs using latency-
equivalent peer links

Inter-domain, Cloud, Centralized, SDN,
Offline, Heuristics

Contracting Wide-area Network Topologies to Solve Flow
Problems Quickly (2021) [1]

Scale traffic engineering by contracting network paths

SDN, Offline, Heuristics

CodedBulk: Inter-datacenter Bulk Transfers using Network
Coding (2021) [60]

Enable high-throughput inter-datacenter bulk transfers using
network coding

Cloud, TCP/MPLS, Multicast, Optimal

Shoofly: Cost-effective Capacity Provisioning in Wide Area
Networks with Shoofly (2021) [54]

Optimize WAN topology by identifying cost-effective optical
bypasses

Cloud, Centralized, Offline

Decentralized Cloud Wide-area Network Traffic Engineering
with BLASTSHIELD (2022) [40]

Enhance fault tolerance in centralized cloud TE by partition-
ing the WAN into slices

Cloud, Decentralized, Online

Table 1: Summary of Traffic Engineering Papers
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Name of the Paper

Optimization Objective

Categories

Learning to Route (2017) [61]

Learn effective routing configurations using machine
learning

Intra-domain, ISP, IP, Online, Ma-
chine Learning

Experience-driven Networking: A Deep
Reinforcement Learning based Approach (2018) [65]

Implement a model-free control framework using
deep reinforcement learning (DRL)

SDN, Centralized, Online, Machine
Learning

CFR-RL: Traffic Engineering With Reinforcement
Learning in SDN (2020) [69]

Use reinforcement learning to select and reroute criti-
cal flows in SDN

SDN, Centralized, Online, Machine
Learning, Reinforcement Learning

Towards Real-time Routing Optimization with Deep
Reinforcement Learning: Open Challenges (2021) [5]

Optimize real-time routing using deep reinforcement
learning

Online, Machine Learning

GDDR: GNN-based Data-driven Routing (2021) [30]

Apply GNN-based data-driven routing for enhanced
network performance

Intra-domain, Decentralized, On-
line, Machine Learning, Reinforce-
ment Learning

TEAL: Learning-accelerated Optimization of WAN

Accelerate WAN traffic engineering optimization

Cloud, Centralized, Online, Ma-

Traffic Engineering (2023) [66] through learning techniques chine Learning, Reinforcement
Learning

DOTE: Rethinking (Predictive) WAN Traffic Rethink WAN traffic engineering with predictive and | Centralized, Online, Machine Learn-

Engineering (2023) [48] machine learning approaches ing

Traffic Engineering in a Shared Inter-DC WAN via
Deep Reinforcement Learning (2023) [23]

Optimizes inter-DC and internet traffic using MILP
formulation and RL techniques with real-world traces

Cloud, Centralized, Online, Ma-
chine Learning, Reinforcement

Learning

Table 2: Summary of AI/ML Traffic Engineering Papers
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