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Abstract
While recent work shows ML-based approaches are a promising
alternative to conventional optimization methods for Traffic En-
gineering (TE), existing research is limited to a single traffic class.
In this paper, we present Hattrick, the first ML-based approach for
handling multiple traffic classes, a key requirement of cloud and
ISP WANs. As part of Hattrick we have developed (i) a novel neural
architecture aligned with the sequence of optimization problems
in multiclass TE; and (ii) a variant of classical multitask learning
methods to deal with the unique challenge of optimizing multiple
metrics that have a precedence relationship. Evaluations on a large
private WAN and other public datasets show Hattrick outperforms
state-of-the-art optimization-based multiclass TEmethods by better
coping with prediction error – e.g., for GEANT, Hattrick outper-
forms SWAN by 5.48% to 19.3% across classes when considering
the traffic that can be supported 99% of the time.
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• Networks→ Traffic engineering algorithms; • Computing
methodologies→Machine learning.
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1 Introduction
The efficient management of cloud and Internet Service Provider
(ISP) Wide Area Networks (WANs) depends on optimizing traffic
routing to meet diverse service level objectives. While centralized
controllers have emerged as an effective solution for network-wide
optimization, recent research has demonstrated the potential of
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Machine Learning (ML) for Traffic Engineering (TE), particularly in
leveraging predicted traffic matrices and scaling to large networks.

While ML-based TE holds promise, existing research has focused
primarily on optimizing a single class of traffic for a single metric. In
reality, cloud and ISP WANs support multiple classes of traffic with
diverse requirements, including latency-sensitive applications with
critical timeliness constraints (e.g., search) and elastic applications
that prioritize minimizing transfer times [15, 16, 18, 23].

A naive extension of existing ML-based TE to multiple classes
might involve using a simple Multi-Layer Perceptron (MLP) with an
additive loss function that prioritizes higher-priority traffic. How-
ever, we demonstrate that this approach falls short due to the need
for a neural architecture that is better aligned with the task of mul-
ticlass TE and the limitations of weighted sum loss functions in
capturing the nuances of TE.

This disparity between existing ML-based TE approaches and
the complexity of real-world networks motivates our research. Our
work investigates two key questions: (1) What principled design
approaches enable effective ML-based TE systems for multiclass
scenarios? (2) How does a ML-based TE scheme architected on
these principles perform compared to traditional “predict, then
optimize” approaches when handling multiple traffic classes?

Contributions. In this paper, we present Hattrick1, a new
neural architecture and optimization methodology designed to dy-
namically allocate resources across traffic classes while accounting
for future demand uncertainty. As part of Hattrick, we make several
contributions:
• First, we have designed a multi-stage neural architecture that
features a series of recurrent units which sequentially optimizes
traffic classes in order of priority similar to many optimization-
based multiclass TE approaches [11, 16, 19]. Notably, this novel
architecture enables later stages to refine routing decisions made
for higher-priority traffic in earlier stages, allowing for more flexi-
ble accommodation of lower-priority traffic without compromising
the performance of higher-priority traffic. This design is consistent
with a recently proposed optimal multiclass TE strategy [19], which
we demonstrate offers significant advantages over more conven-
tional multiclass TE approaches [11, 16] that lack such fine-tuning
capabilities.
• Second, Hattrick also distinguishes itself by prioritizing perfor-
mance under prediction error, a critical aspect that has received
limited attention in previous multiclass Traffic Engineering (TE)
schemes [11, 15, 16, 19]. To address this, Hattrick is deliberately
designed to optimize key performance metrics that capture the
1Code available at https://github.com/Purdue-ISL/Hattrick/
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potential consequences of prediction error, including link under-
utilization and capacity violations. By seamlessly integrating a
differentiable, class-aware flow-based simulator into its training
process, Hattrick more effectively models these detrimental effects.
This new approach leverages the unique opportunity afforded by
ML-based schemes to incorporate such simulators, thereby enhanc-
ing the robustness and reliability of TE in the face of prediction
uncertainty.
• Third, Hattrick addresses the challenge of optimizing multiple,
potentially conflicting objectives across traffic classes. A natural
approach is to employ multiple loss functions, one per class, re-
flecting their respective objectives. However, a challenge arises
from potential conflicts between these different optimization ob-
jectives. Existing multi-task learning approaches for conflicting
objectives [29, 34] assume equal task importance, an assumption
that breaks down in TEwhere strict priority ordering exists between
traffic classes.

To overcome this limitation, Hattrick introduces a gradient pro-
jection technique based on [42] that ensures updates for lower-
priority objectives cannot degrade the performance of higher-priority
traffic classes. Our approach demonstrates improved performance
compared to conventional multi-task learning approaches, pro-
viding a more effective and efficient solution for ML-based TE in
multiclass scenarios.

Results. We evaluate Hattrick using a multi-week dataset of
a private WAN which supports multiple traffic classes, and using
other publically available topologies and traffic data. Our results
show that Hattrick outperforms classical optimization-based multi-
class TE methods by better coping with prediction error for mul-
tiple predictors. For instance, for GEANT, the fraction of traffic
that Hattrick can support 99% of the time is higher by 5.48% to
19.3% relative to SWAN depending on the priority class. The corre-
sponding improvements over BEST_MC are as high as 11.6% for
some classes. An ablation study confirms the importance of the
key elements of Hattrick’s design including its neural architecture,
and its precedence-aware multitask learning approach. Hattrick
achieves significant computation benefits for larger topologies –
e.g., for a topology of 754 nodes, it reduces computation time by a
280X and 36X relative to BEST_MC and SWAN respectively.

2 Background and Motivation
2.1 Background
Multiclass TE. Network operators [11, 16, 18] classify their traffic
into multiple categories depending on the timeliness requirements.
For example, search traffic has high priority since it has stringent
timeliness requirements, and video traffic may be given high pri-
ority since loss impacts user experience. In contrast, background
traffic (e.g., replicating data across data centers) may be assigned a
lower priority. Each traffic class is associated with a Service Level
Objective (SLO) which indicates a minimum percentage of time
that both network connectivity and promised bandwidth must be
available between a pair of sites. The SLOs are stringent – pro-
duction networks have SLO requirements ranging from 99.99% (4
9’s) for the highest priority class, to 99% (2 9s) for lower priority
classes [17].

While production networks may maintain any number of traffic
classes, throughout this paper we will assume three classes by
default for concreteness (following [16]). The TE pipeline takes
as inputs a network topology, a predicted traffic matrix per class
(i.e. one for high, one for medium, and one for low), a set of link
capacities, and a set of precomputed tunnels (paths). Trafficmatrices
are predicted from past measurements of traffic matrices (typically
collected in the granularity of minutes). The TE algorithm then
determines how each class’s traffic should be routed on the tunnels
while optimizing network-wide metrics related to the traffic of each
class.

ML-Driven TE. Tradtionally, TE algorithms are based on opti-
mization methods, whose effectiveness is sensitive to the accuracy
of traffic matrix predictions. Robust optimization techniques (e.g.,
[5, 37, 43]) consider a set of potential traffic matrices, and optimize
the worst-case performance across all the matrices. However, ex-
plicitly specifying all matrices is non-trivial, and the performance
can be overly conservative for any given matrix [7, 24] (we discuss
further in §6).

Recent studies [3, 26, 32, 40] have investigated the application of
machine learning (ML) to TE, where ML models directly determine
traffic routing decisions along tunnels. These schemes are based on
neural models which decide how traffic must be routed in the future
while taking as input past matrices [32] or predictions based on past
matrices [3]. Neural models for WAN TE are promising given they
can learn to account for potential prediction inaccuracies [3, 32]
unlike conventional optimization methods. Additionally, ML-based
TE has been shown to offer reduced computation times for larger-
scale topologies [40]. While ML-driven TE holds promise, existing
schemes are limited to a single class of traffic. In contrast, real-world
TE scenarios typically involve multiple traffic classes, which is the
primary focus of this paper.

2.2 Challenges for ML-based multiclass TE
In designing ML architectures for multiclass TE, two key challenges
must be addressed which do not arise with single-class TE:

Model a sequence of optimization problems. Multiclass TE
entails solving a series of interconnected optimization problems,
rather than a single problem. This is exemplified in [16], where the
total flow for high-priority traffic is first optimized, followed by the
optimization of the total flow for the next traffic class in the residual
network, and so on. More formally, a multiclass TE problem can be
characterized as a sequence of 𝐾 optimization problems, where 𝐾
denotes the number of distinct traffic classes, and each subsequent
problem is solved over the residual network obtained from the
previous optimization step.

Capturemultiple objectives with precedence relationships.
In contrast to single-class TE, which often focuses on a single ob-
jective, multiclass TE involves optimizing multiple, hierarchically-
related metrics. In many settings [16], the primary objective is
to maximize the flow for the highest-priority traffic class, while
secondary and tertiary objectives aim to maximize the flow for
subsequently lower-priority classes, subject to the precedence re-
lationships between them. This hierarchical structure reflects the



Hattrick: Solving Multiclass TE using Neural Models ACM SIGCOMM ’25, September 8–11, 2025, Coimbra, Portugal

inherent priority ordering among traffic classes, where the opti-
mization of higher-priority classes takes precedence over that of
lower-priority ones.

Why simple extensions are insufficient? To illustrate the
challenges in adapting single-class ML-based TE schemes to mul-
ticlass TE, we consider DOTE [32], a prominent and influential
ML-based TE approach. DOTE takes as input the last 𝐻 traffic ma-
trices and predicts the optimal routing allocations for each tunnel in
the next time step. Built on a fully connected neural network (DNN),
also known as a multilayer perceptron (MLP), DOTE supports var-
ious common single-class TE optimization objectives, including
maximizing the flow carried, and minimizing maximum link uti-
lization (MLU).

We extended DOTE to multiclass TE by modifying its input to
include 3𝐻 traffic matrices, representing the past 𝐻 time steps for
each of the three traffic classes. The same MLP architecture was
retained, but the output was adapted to generate allocations for
each flow and traffic class on each tunnel. Furthermore, wemodified
DOTE’s loss function to maximize a weighted total flow metric.
The metric computes the weighted sum of traffic carried across all
classes, with different weights assigned to each of the three classes
to reflect their relative priorities.

However, this simple extension falls short and fails to adequately
capture the intricacies of multiclass TE. To see this, consider Fig-
ure 1 which presents an evaluation of the modified DOTE on the
GEANT topology. The figure presents a series of subplots, each
corresponding to a distinct weight configuration in the additive
loss function. Each figure plots the FulfillRatio for each of the three
traffic classes (the fraction of traffic carried successfully for each
class, and we elaborate further on the metric in §3.)

To provide a meaningful baseline, the results are normalized
against the optimal flow, computed using an oracle with perfect
knowledge of ground truth future traffic matrices (see §4 for a
detailed description of the methodology). Note that normalized
valuesmay exceed 1 for lower classes, indicating a priority inversion
in which higher class traffic receives a suboptimal allocation, which
leaves more bandwidth for lower classes to utilize. As an extreme
example, a sub-optimal scheme that drops all high class traffic,
and uses the entire capacity for lower priority traffic will achieve
zero NormFulFill for higher priority, and a NormFulFill that may
exceed 1 for lower priority. We further expand with an example in
Appendix A.

A close examination of Figure 1 shows the inadequacies of the
augmented DOTE in reconciling the competing demands of het-
erogeneous traffic classes. The introduction of weighted losses,
notwithstanding its intuitive appeal, fails to strike a balance be-
tween the diverse objectives of multiple traffic classes, regardless
of the chosen weight configuration.

The root of this issue lies in the inherent tension between high-
priority and low-priority traffic. When higher weights are assigned
to high-priority traffic (as evident in the top graphs), its perfor-
mance improves, but at the cost of degraded performance for lower-
priority classes. This is not merely a matter of trade-off, but rather
a more fundamental limitation: our analysis reveals that gradient
dominance, induced by the heavily-weighted high-priority class, sti-
fles parameter updates that could potentially benefit lower-priority
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Figure 1: Performance of DOTE augmented to support multi-
ple classes with additive loss on the GEANT topology. Each
subplot shows the NormFulFill achieved for the three traffic
classes under a different additive weight configuration, with
the tuple below indicating the relative weights assigned to
high, medium, and low priority traffic classes, respectively.
The results highlight the challenge of using simple exten-
sions of single classML-based TEmethods, and using additive
loss. Normalized values exceed 1 in the bottom right figure
because suboptimal performance for high priority traffic,
leaves more capacity that may be utilized by lower priority
traffic.

traffic without hurting higher-priority ones. In contrast, adopting
equal weighting (bottom right) appears to improve the performance
of lower-priority classes, but this comes at the expense of com-
promised performance for high-priority traffic. This phenomenon
underscores the complexity of balancing competing objectives in
multiclass TE and highlights the need for a more sophisticated
approach that can navigate these challenges.

Summary. Our analysis suggests that the extended DOTE ap-
proach falls short due to two fundamental limitations: (i) theweighted
loss function proves ineffective in reconciling the competing de-
mands of diverse traffic classes, leading to suboptimal performance;
and (ii) the straightforward DNN architecture lacks the necessary
expressiveness to co-optimize different traffic classes. The remain-
der of this paper presents our approach, Hattrick, which explicitly
addresses these two issues, and demonstrates the importance of
tackling each of them in §4.
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Stage 1 Stage 2 Stage 3 Simulator

Figure 2: Overview of Hattrick’s multistage architecture depicting three priority classes (ℎ,𝑚, 𝑙).

3 Hattrick Design
We introduce Hattrick, a novel neural network architecture de-
signed for the complexities of multiclass TE optimization. Hattrick
is grounded in two key principles:
1. Multi-stage sequential modeling ofmulticlass TE optimiza-
tion problems.Hattrick’s neural architecture is explicitly designed
to capture the inherent sequentiality of multiclass TE optimization
problems, mirroring the relationships between optimization vari-
ables and constraints. This multi-stage architecture is described in
detail in §3.1.
2. Precedence-aware multitask learning. Building on recent
advances in multitask learning, we adapt these techniques to ac-
commodate the strict precedence relationships that should govern
the optimization of metrics across different traffic classes. Unlike
conventional multitask learning approaches, which assume a flat
importance structure among tasks (e.g., [29, 34]), Hattrick incorpo-
rates a gradient projection method that prioritizes updates based
on class precedence. This ensures that the optimization process
respects the hierarchical relationships between traffic classes, pre-
venting lower-priority classes from compromising the performance
of higher-priority ones. We elaborate on this approach in §3.3.

3.1 Hattrick’s multi-stage architecture
Modeling optimalmulticlass TE routing.A promising approach
to tackling multiclass TE could emulate the sequential optimization
process employed by traditional methods, such as SWAN [16] and
EBB [11]. This process typically unfolds in three stages: (i) optimiz-
ing for higher-priority traffic; (ii) creating a residual network with
updated link capacities that reflect the remaining capacity after
allocating higher-priority traffic; and (iii) routing lower-priority
traffic in the residual network.

However, this approach is not without its limitations. Since mul-
tiple routing configurations for high-priority traffic can yield the
same flow allocation, prematurely pinning the routing in the first
stage unnecessarily constrains the flexibility for lower-priority traf-
fic classes, ultimately impacting their allocations. Instead, the opti-
mal strategy—an approach that has received little attention in the
literature, with only tangential mention in a recent work [19])—
only decides the allocation to higher priority traffic in earlier stages,

but defers the actual decision on how this traffic must be routed to
later stages, as long as the earlier stage allocations are honored. We
describe this scheme further in §4.

The Hattrick architecture is inspired by this optimal strategy,
which enables Hattrick to explore a wider range of possible solu-
tions and improve overall performance. The architecture of Hattrick
comprises multiple stages that sequentially consider different prior-
ity classes, as shown in Figure 2. The first stage focuses on optimiz-
ing decisions for high-priority traffic. While each subsequent stage
focuses on its corresponding class, adaptive adjustments may be
made to earlier stage decisions. These adjustments are designed to
improve the performance of lower priority without hurting higher
priority traffic, as we elaborate later.

Learning to cope with prediction error. Prior literature on
multiclass TE [11, 16, 19] does not extensively discuss the impact of
prediction errors, a key focus of Hattrick. These schemes typically
solve MaxFlow problems. While MaxFlow is an ideal metric when
predictions are perfect, it falls short when predictions are imprecise.
For example, if flow allocations are limited based on predicted
traffic, the allocation may be unduly conservative when actual
traffic is higher. Further, strategies that are feasible for the predicted
matrix (e.g., if the fraction of traffic of each flow is limited) are
not guaranteed to be feasible upon traffic realization (say, when
the actual traffic is higher). Real-world WANs accommodate such
violations through WAN router queuing policies that prioritize
higher class traffic, so losses typically only correspond to lower
class traffic [16, 18].

Instead, Hattrick seeks to optimize FulfillRatio, i.e., the frac-
tion of traffic in each class that is delivered successfully after
accounting for the impact of link capacity violations caused by pre-
diction errors. To capture these effects, we employ a differentiable,
class-aware flow-based simulator, whose details are provided in §4.
During training, Hattrick leverages this simulator to compute the
FulfillRatio metrics, which are then incorporated into its loss func-
tion. Learning in such a fashion is a unique opportunity available
only to ML-based schemes, as modeling such artifacts is difficult in
conventional optimization methods.

Aiding learningwith auxiliarymetrics. Production networks
are typically sufficiently provisioned to handle traffic from the most
critical classes with ease, resulting in a large solution space that can
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Figure 3: Details of Hattrick’s architecture expanding the third stage

𝑑𝑐𝑠𝑡 Predicted traffic of class 𝑐{ℎ,𝑚, 𝑙} from 𝑠 to 𝑡
𝑑𝑐𝑠𝑡 Ground truth traffic of class 𝑐 from 𝑠 to 𝑡
𝑤𝑐
𝑠𝑡𝑘,𝑖

Split ratios, i.e., frac of traffic of class 𝑐 from 𝑠

to 𝑡 routed on tunnel 𝑘 after stage 𝑖
∀𝑐, 𝑠, 𝑡, 𝑖∑𝑘 𝑤

𝑐
𝑠𝑡𝑘,𝑖

= 1
𝑈ℎ
𝑖
, MLU (Util of most congested link) after stage 𝑖

𝑈ℎ𝑚
𝑖

only considering the top class, top two classes
𝑈ℎ𝑚𝑙
𝑖

or all classes
𝐹ℎ , 𝐹ℎ𝑚 FulfillRatio for traffic of the top class,
𝐹ℎ𝑚𝑙 top two classes, and all traffic

Table 1: Notation table

achieve high FulfillRatio for these classes. However, this leads to a
challenging optimization problem for ML-based schemes, as loss
functions based solely on these metrics yield limited learning over
these top classes due to vanishing gradients. Specifically, solutions
may saturate links with higher priority traffic, which is a challenge
when this traffic is more than predicted. Instead, Hattrick considers
multiple link utilization metrics (summarized in Table 1) in its loss
functions in addition to FulfillRatio. This steers learning towards
preferring lower utilization solutions when multiple candidates
with high FulfillRatio exist.

3.2 Architecture details
Formally, we adopt the notation presented in Table 1, where 𝑑
variables represent predicted traffic, and𝑤 variables denote split
ratios (fractions of traffic sent on different tunnels) determined by
Hattrick at each stage. As illustrated in Figure 2, the first stage
computes an initial set of split ratios for high-class traffic (𝑤ℎ

𝑠𝑡𝑘,1)
that minimize 𝑈ℎ

1 , the utilization of the most congested link (or
Maximum Link Utilization, MLU) when only high-class traffic is
considered.

The second stage then determines split ratios for medium-class
traffic (𝑤𝑚

𝑠𝑡𝑘,2) with the objective of minimizing 𝑈ℎ𝑚
2 , the MLU

when traffic from the top two classes is considered. This stage is
also allowed to adjust the split ratios of high-class traffic (with

𝑤ℎ
𝑠𝑡𝑘,2 denoting the updated values). The final stage aims to mini-

mize𝑈ℎ𝑚𝑙
3 , the MLU when all traffic is considered, while ensuring

that the 𝑈ℎ and 𝑈ℎ𝑚 metrics are not compromised. This is ac-
complished by solving a multi-objective optimization problem that
balances the competing goals of minimizing𝑈ℎ𝑚𝑙

3 and maintaining
the performance of the higher-priority classes.

Figure 3 presents a more detailed view of the third stage alone
(the other stages are similar and omitted). Consider that the previous
stages have generated initial candidate split ratios for the high and
medium classes (𝑤ℎ

𝑠𝑡𝑘,2 and 𝑤𝑚
𝑠𝑡𝑘,2) and computed the resulting

MLU variables (𝑈ℎ
1 ,𝑈

ℎ
2 and𝑈ℎ𝑚

2 ). The third stage comprises (i) a
multilayer perceptron (MLP) that fine-tunes variables𝑤ℎ and𝑤𝑚

and proposes an initial split ratio for the lower priority class (𝑤𝑙 );
and (ii) a recurrent unit, which further fine-tunes𝑤ℎ and𝑤𝑚 and
improves𝑤𝑙 .

The recurrent unit is executed per tunnel and includes a compu-
tation block (depicted in Figure 3 (right)) which we describe next.
First, we observe that the𝑤 variables assume that all traffic of ev-
ery flow of each class is routed. To capture capacity violations, we
use the same class-aware flow-based simulator described earlier
to compute corresponding 𝑤̃ variables which denotes the effective
traffic of each flow successfully delivered after making adjustments
for capacity violations. The recurrent unit takes as input both 𝑤
and 𝑤̃ variables. In addition, the recurrent unit takes as input a set
of variables computed for three cases: (a) only considering traffic
of the top class; (b) considering traffic of the top two classes; and
(c) considering all traffic. Let 𝑙ℎ

𝑠𝑡𝑘
denote the bottleneck (most con-

gested) link of the 𝑘𝑡ℎ tunnel from 𝑠 to 𝑡 when only high priority
traffic is carried. The variables corresponding to the case (a) include
(i) a suitable embedding based of this bottleneck link E(𝑙𝑐

𝑠𝑡𝑘
) which

we elaborate further later; (ii) the utilization of the bottleneck link
𝑈 (𝑙𝑐

𝑠𝑡𝑘
); and (iii) the network-wide MLU when only high priority

traffic (𝑈ℎ
3 ).

A primary goal of the recurrent unit is to fine-tune the𝑤ℎ and
𝑤𝑚 variables to accommodate lower priority traffic without com-
promising the𝑈ℎ and𝑈ℎ𝑚 metrics computed in the previous stage.
To achieve this, we employ an MLP (Adjusting MLPH,M,L) whose
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actions are supervised by another neural network, Violation-MLP,
through a custom loss function (detailed in §3.3) that strikes a bal-
ance between optimizing 𝑈ℎ𝑚𝑙

3 and preserving the 𝑈ℎ and 𝑈ℎ𝑚

metrics. In cases where Violation-MLP deems the adjustments un-
satisfactory, it intervenes by modifying the behavior of the Ad-
justing MLP, thereby striving that the higher priority𝑈ℎ and𝑈ℎ𝑚

metrics are preserved.
Finally, as illustrated in Figure 3, Hattrick leverages tunnel and

edge embeddings as inputs, building upon the methodology out-
lined in previous work [3]. Specifically, this process involves two
key components: (i) a graph neural network that ingests the network
topology along with capacity information, ultimately generating a
rich embedding of edges; and (ii) a set transformer that uses these
edge embeddings to produce embeddings of tunnels. Furthermore,
the set transformer also yields tunnel-edge embeddings, which rep-
resent the embeddings of each edge conditioned on the specific
tunnel it belongs to, thereby capturing the relationships between
tunnels and their constituent edges. We implemented Hattrick us-
ing PyTorch [31] and used Adam [21] optimizer to optimize its
weights.

3.3 Loss function and learning algorithm
During the training phase, Hattrick generates the𝑤𝑐

𝑠𝑡𝑘,3 variables
that determine the traffic routing over the tunnels. Although these
variables may result in link capacity violations, they are used as
inputs to the class-aware flow simulator, alongside the ground truth
demand matrices (𝑑𝑐𝑠𝑡 ). This setup enables the computation of key
metrics, including 𝐹ℎ , 𝐹ℎ𝑚 , and 𝐹ℎ𝑚𝑙 , which are essential for the
optimization process.

We note that during inference, Hattrick produces the 𝑤𝑐
𝑠𝑡𝑘,3

variables without relying on ground truth demandmatrices. Instead,
it operates solely based on the learned patterns and relationships,
routing traffic according to these generated variables.

For its training, Hattrick has six distinct objectives with six dis-
tinct loss functions, organized in priority order: (-𝐹ℎ , max𝑖 𝑈ℎ

𝑖
,

-𝐹ℎ𝑚 , max𝑖 𝑈ℎ𝑚
𝑖

, -𝐹ℎ𝑚𝑙 , max𝑖 𝑈ℎ𝑚𝑙
𝑖

). These loss functions are struc-
tured to reflect the system’s multiple objectives, with the first two
focusing on the highest priority class, the next two on the aggregate
traffic of the top two classes, and the final two on all traffic. Each
pair of loss functions within these categories includes both the
FulfillRatio metric (e.g., 𝐹ℎ , 𝐹ℎ𝑚 , 𝐹ℎ𝑚𝑙 ) and the utilization metric
(e.g., 𝑈ℎ

𝑖
, 𝑈ℎ𝑚

𝑖
, 𝑈ℎ𝑚𝑙

𝑖
). The utilization metrics are formulated to

minimize the maximum value across stages, denoted by max𝑖 𝑈ℎ
𝑖
,

ensuring that Hattrick keeps it as small as possible while adjusting
variables like𝑤ℎ . Similarly, max𝑖 𝑈ℎ𝑚

𝑖
indicates the maximum of

the𝑈ℎ𝑚 metric across stages, which Hattrick again tries to keep as
small as possible, and so on.

To effectively manage the precedence relationships between ob-
jectives, we introduce a gradient projection approach that tackles
two key challenges: (i) reconciling conflicting gradients arising
from distinct objectives and (ii) maintaining task precedence dur-
ing the optimization process. Our method operates as follows: after
completing the forward pass, computing losses, and obtaining gra-
dients for a given mini-batch, we update the model parameters by
projecting the gradients of lower-priority tasks onto the orthogonal

Function 1 Parameter Update with Gradient Projection
Input: 𝜃, 𝜂, 𝑔1, 𝑔2, 𝑔3

1: g′2 = g2 −
g2 · g1
g1 · g1

g1

2: G =
[
g1 g′2

]
,

g′3 = g3 − G(G𝑇G)−1G𝑇 g3
3: g = g1 + g′2 + g

′
3

4: 𝜃 ← 𝜃 − 𝜂 ∗ g

subspace of higher-priority task gradients. This deliberate projec-
tion eliminates the components of lower-priority gradients that
could potentially interfere with the optimization of higher-priority
tasks, thereby ensuring that the model prioritizes the optimization
of high-priority flows without compromising their performance. By
doing so, the model can focus on optimizing lower-priority flows
in a manner that respects and preserves the optimization objectives
of higher-priority flows.

Specifically, let 𝑔1, . . . , 𝑔𝑛 denote the gradients of loss functions
loss1, loss2, . . . , loss𝑛 , respectively. Given these gradients, model
parameters 𝜃 , and learning rate 𝜂, our approach (detailed in Func-
tion 1 for the case of 𝑛 = 3 metrics) uses a multi-step projection
process to enforce task precedence. For each 𝑖 = 2, . . . , 𝑛, we project
the gradient 𝑔𝑖 onto the null space of span(𝑔1, . . . , 𝑔𝑖−1), yielding
𝑔′
𝑖
. This projection ensures that optimizing loss𝑖 does not compro-

mise the optimization of higher-priority losses loss1, . . . , loss𝑖−1.
By applying this projection in every mini-batch, Hattrick effectively
prioritizes the optimization of higher-importance metrics, shielding
them from potential interference by lower-priority metric gradi-
ents. As shown in §5.2, this precedence-aware multi-task learning
approach outperforms optimizing a traditional weighted sum of all
objectives.

The above design can be simplified in practice. In many real-
world scenarios (including our experimental settings), networks
are sufficiently provisioned to handle high and medium traffic de-
mands. As a result, the gradients of the 𝐹ℎ and 𝐹ℎ𝑚 metrics become
negligible, having an insignificant impact on the training of Hat-
trick parameters. Consequently, these metrics can be safely omitted
from the design without compromising its effectiveness, thereby
streamlining the optimization process.

While we do not explore, it is feasible to extend Hattrick to con-
sider latency requirements. For instance, the Hattrick framework
may be used with latency as a secondary metric, and FulfillRatio as
the primary metric for each class, or using a weighted metric which
maximizes throughput while penalizing latency following [16]. It is
also possible to extend Hattrick’s implementation to restrict more
latency-sensitive higher priority traffic to a smaller subset of lower
latency tunnels while allowing all tunnels for other classes. We
defer a detailed investigation of these approaches to future work.

4 Evaluation Methodology
Our primary goal is to evaluate the effectiveness of Hattrick for
multiclass TE under prediction error by comparing it with state-
of-the-art multiclass TE schemes. We also conduct an ablation
study to investigate the impact of individual design components
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on Hattrick’s performance, allowing us to quantify the importance
of each mechanism.

Datasets.We conducted experiments with PrivateWAN, a real-
world private WANwith several tens of nodes and several hundreds
of edges. The dataset spans multiple weeks, and records at a per sec-
ond granularity (i) the topology (nodes, edges, and link capacities);
and (ii) three traffic matrices corresponding to three classes (high,
medium, and low) supported by the network. Across snapshots,
high priority traffic is 23%-42% of the total traffic, while medium
priority traffic is 21%-38%, and low priority traffic is 25%-46%. The
PrivateWAN topology is dynamic, exhibiting temporal variations
characterized by fluctuations in the set of nodes and links (owing to
maintenance, failures, and organic growth), and significant changes
in link capacities (owing to partial and full link failures), as well as
periodic tunnel recomputations on significant changes.

We also conduct experimentswith GEANT [1, 35].While publicly
available traffic matrices exist for GEANT, splits by traffic class are
not (in fact, we are unaware of any publicly available dataset which
provides matrices corresponding to different classes). Hence, we
split the traffic of GEANT into three classes using traffic ratios
derived from the PrivateWAN data. We complement the above
datasets with larger topologies from the Internet Topology Zoo [22]
where we use synthetic traffic matrices.

Schemes compared. We compare Hattrick, an ML-based TE
scheme with two state-of-the-art multiclass TE schemes: SWAN[16]
and BEST_MC[19]. Further, while existing ML-based TE schemes
do not consider multiple classes, we have conducted experiments
comparing Hattrick with DOTE and HARP (two recent and repre-
sentative single class ML-based TE schemes), augmenting them in
natural ways to support multiple classes. We have also compared
Hattrick to several of its variants to explore the importance of its in-
dividual design components. We discuss these extensions to DOTE
and HARP, and Hattrick variants in §5.2, and elaborate on SWAN
and BEST_MC below.
SWAN. Given the three traffic matrices, SWAN [16] first i) solves
a MaxFlow optimization problem considering high priority traf-
fic alone on the original network to determine the allocation and
routing for high priority traffic; (ii) creates a residual network re-
flecting the remaining capacity after allocating and routing high
priority traffic; and (iii) solves a MaxFlow optimization problem in
the residual network and considering the traffic of the next class
alone to decide the allocation and routing for that class. Steps (ii)
and (iii) are performed iteratively until all classes are handled.
BEST_MC. BEST_MC [19] shares the same Step (i) as SWAN to
maximize the total flow of high priority traffic. However, it only
uses allocation decisions at this step, and does not freeze how
higher priority traffic is routed. Instead, in the next step, it solves a
MaxFlow problem for the intermediate traffic class while adding
a constraint that the total flow of high priority traffic must match
Step (i), yet allowing high and intermediate class traffic to be routed
flexibly as long as capacity constraints are met. Finally, it optimizes
the total flow for the lowest priority class while adding constraints
such that the total flow of the high and intermediate traffic classes
match the previous steps. Note that BEST_MC is optimal when
given ground-truth matrices, but in our results, it is computed using
predicted matrices. We present the full formulation of BEST_MC
in the Appendix.

Methodology and metrics. All schemes that we compare take
three predicted traffic matrices (corresponding to the three classes)
as input and generate split ratios (the fraction of traffic to be sent
on each tunnel for each pair and each class) for the future unknown
traffic matrix. We evaluate two different prediction methods: (i)
Linear Regression; and (ii) Exponential Smoothing. All our experi-
ments use the K shortest paths as tunnels for all node pairs and all
traffic classes. We use K=15 for PrivateWAN, K=8 for GEANT and
UsCarrier [22], and K=3 for KDL [22]

Although the split ratios generated by a system maybe feasible
for the predicted traffic matrix, link capacities may be violated
on the ground truth matrix if actual traffic exceeds predicted. In
practice, real-world WANs handle such scenarios through router
queuing policies that prioritize traffic of higher classes [16]. We
capture this with a class-aware flow level simulator that we
describe next.

Given (i) split ratios generated on a predicted matrix; and (ii) a
ground truth matrix, the simulator computes the traffic for each
flow of each class which is successfully carried. The simulator does
so iteratively, with the first iteration considering high priority traf-
fic alone, and the 𝑘𝑡ℎ iteration considering the 𝑘𝑡ℎ traffic class. In
the first iteration, the simulator starts by computing utilizations of
each link considering ground truth traffic of the highest priority
class using the split ratios for flows of that class suggested by a
scheme. Next, for each tunnel, the simulator computes the utiliza-
tion 𝑢 of the most congested link of that tunnel and reduces the
allocation to the tunnel by a factor of 𝑢 if 𝑢 > 1. At the conclusion
of the first iteration, no link’s capacity is violated. The resulting
allocation to each flow is considered to be the amount of traffic suc-
cessfully delivered for that flow. The 𝑘th iteration is similar except
that (i) the simulator uses the residual topology with link capacities
adjusted to account for the flow allocated to previous classes; and
(ii) adjustments are made to the allocations of the 𝑘th traffic class
to account for link capacity violations if any.

For each traffic class, the simulator reports the Fulfillment Ratio
for that class which is the fraction of total traffic of that class which
is successfully carried. We normalize the fulfillment ratios relative
to an oracle which performs optimal multiclass TE with knowledge
of ground truth. Thus, we report the Normalized FulFillment Ratio
for each class (which we abbreviate as NormFulFill). For high
priority traffic, NormFulFill is at most 1. For other traffic classes, a
NormFulFill may exceed 1 with a scheme which indicates a priority
inversion with that scheme – i.e., the scheme carried more traffic
of the class than the optimal multiclass TE scheme at the expense
of higher priority traffic class.

5 Results
We begin by comparing Hattrick to state-of-the-art multiclass TE
schemes (SWAN and BEST_MC) in §5.1 using PrivateWAN and
GEANT. Next, we show the benefits of the design elements of Hat-
trick in §5.2. We evaluate Hattrick’s benefits with larger topologies
in §5.3, and its performance on other predictors in §5.4.

5.1 Hattrick vs Current Multiclass TE
We compare Hattrick to the state-of-the-art multiclass TE schemes
SWAN and BEST_MC for the PrivateWAN and GEANT networks.
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Figure 4: Comparing Hattrick to SWAN and BEST_MC using GEANT dataset considering exponential smoothing predictor. All
schemes are normalized to an optimal oracle that has ground truth information. Normalized values for a scheme may exceed 1
for lower priority classes owing to a priority inversion (the scheme may under-perform for a higher priority class and use the
capacity for a lower priority class).

In both cases, we trained Hattrick using about 6000 samples, used
around 1500 additional samples for validation, and the rest for
testing (about 21000 samples for PrivateWAN, and around 2700
samples for GEANT).

GEANT. Figure 4 compares the performance of the three systems
over the three traffic classes for the GEANT topology. The figure
shows that Hattrick is close to optimal for all classes and clearly
out-performs SWAN and BEST_MC. For instance, Hattrick achieves
a 10%ile NormFulFill of 1.0, 1.0 and 0.9986 for the three classes. In
contrast, the corresponding values for BEST_MC are only 0.9915,
0.9652 and 0.9552, and for SWAN are 0.9713, 0.9194 and 0.9264. The
benefits are even stronger at the tail – for example Hattrick achieves
a 1%ile NormFulFill (which corresponds to two 9’s of performance)
of 0.9963, 0.9921 and 0.9824 for the three classes while SWAN
performs significantly worse achieving 0.9445, 0.832, and 0.8229,
and BEST_MC achieves 0.971, 0.9186, and 0.8924 respectively for
the three classes.

These results demonstrate Hattrick’s ability to outperform meth-
ods based on optimization, given ML-based TE schemes can learn
to compensate for prediction errors. Further, SWAN does signifi-
cantly worse than BEST_MC because it makes decisions on how to
route higher priority traffic without accommodating the needs of
lower priority traffic. In contrast, Hattrick may adjust split ratios
for higher priority traffic as long as its performance is unaffected
to aid other classes.

PrivateWAN. Figure 5 compares the systems for PrivateWAN.
First, we note that all schemes perform better in PrivateWAN rela-
tive to GEANT – this is because PrivateWAN is a better provisioned
network with link utilizations lower overall. Second, Hattrick is
close to optimal for all three classes, and continues to provide
benefits over other schemes. For lowest priority traffic, Hattrick
achieves a 10%𝑖𝑙𝑒 NormFulFill of 0.996 while the corresponding
values for SWAN and BEST_MC are 0.924 and 0.967 respectively.
For medium priority traffic, SWAN performs significantly worse
than Hattrick with a 10%𝑖𝑙𝑒 NormFulFill of 0.940, while Hattrick
achieves 0.996. Finally, for high priority traffic, Hattrick improves
tail performance over both SWAN and BEST_MC. Overall, the re-
sults highlight Hattrick’s ability to provide benefits over classical
optimization schemes.

5.2 Benefits of Hattrick’s design elements
We start by demonstrating the benefits of two key innovations with
Hattrick: (i) a new neural architecture aligned with multiclass TE;
and (ii) a new precedence-aware multitask learning algorithm. To
this end, we consider a variant of Hattrick which we term Hattrick-
AL. This scheme has the same architecture as Hattrick but uses
a weighted additive loss function (with larger weights for higher
priority classes) instead of the learning algorithm discussed in
§3.3. We then demonstrate the benefits of Hattrick’s alignment
approach which allows tuning high priority traffic to accommodate
the needs of lower priority traffic over an alternative that does
not. We conclude with an ablation that evaluates the benefits of
incorporating a simulator in the training of Hattrick.

Benefits of architecture. To evaluate the benefits of Hattrick’s
architecture, we compare Hattrick-AL with a variant of DOTE
which we introduced in §2 on GEANT. Recall that this scheme
(which we refer to as DOTE-MC) is our augmentation of DOTE [32]
to support multiple classes by using a simple DNN with a weighted
additive loss function. Figure 6 compares DOTE-MC and Hattrick-
AL for a weight configuration where DOTE-MC performed rela-
tively better for the GEANT topology. Each pair of boxplots corre-
sponds to a traffic class, and show the distribution of NormFulFill
for the two schemes. Hattrick-AL is clearly better for all classes,
with particularly strong benefits for the medium and lower pri-
ority classes. These results show the benefits of using Hattrick’s
architecture over a simple MLP.

Benefits of precedence-aware learning. Next, we compare
Hattrick and Hattrick-AL where the architectures are the same,
but the schemes differ in that Hattrick uses a precedence-aware
multitask learning algorithm, while Hattrick-AL uses an additive
loss function. Figure 7 compares the schemes for the PrivateWAN
topology. The figure shows that Hattrick performs much better on
low priority traffic – the median and 10%ile NormFulFill of Hattrick-
AL is 0.97 and 0.917, while the corresponding values are 1.00 and
0.996 for Hattrick. The systems perform comparably on high and
medium priority traffic – we omit results for brevity. Overall, the
results show that besides architecture, the learning algorithm used
by Hattrick is important to its performance.
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Figure 5: Comparing Hattrick to SWAN and BEST_MC using PrivateWAN dataset. We show a log scale for the Y-Axis at lower
percentiles to better highlight tail performance.
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Figure 7: Benefits of precedence learning. Comparing Hat-
trick (which uses precedence-aware multitask learning) and
Hattrick-AL (with additive loss multitask learning) on Pri-
vateWAN for low priority traffic.

Benefits of Hattrick’s alignment approach As discussed in
§3, Hattrick’s architecture allows fine-tuning of how higher priority

traffic is routed in later stages while preserving performance for
lower priority traffic. We will compare this design decision of Hat-
trick with an alternate ML-based approach that does not support
such fine-tuning.

To this end, we extend HARP [3], a recent neural TE scheme
designed for traffic of a single class, to support multiclass TE. We do
so by training separate HARPmodels for each traffic class as follows:
(i) a first network trained on the original topology and higher
priority traffic; and (ii) a second network trained on the residual
topology (with the remaining capacity) and medium priority traffic;
and (iii) a third network trained on the residual topology and low
priority traffic. Note that link capacities in the residual topology can
exhibit substantial variability across examples depending on the
demands of the higher-priority class in each instance. We focus on
HARP in our comparisons because it is designed for such capacity
variations unlike most existing ML-based TE schemes [3]. We refer
to the above adaptation of HARP for multiple classes as HARP-MC.

Figure 8 comparesHattrick andHARP-MCon theGEANTdataset.
Figure 8(b) and (c) show that Hattrick significantly outperforms for
medium and lower priority traffic. For example, Hattrick achieves
10%ile NormFulFill values of 1.0 and 0.9998 for the medium and
lower priority classes, while the corresponding values for HARP-
MC are 0.888 and 0.914. Further, Figure 8(a) shows these benefits
of Hattrick do not come at the expense of higher priority traffic.
Figure 9 shows Hattrick outperforms HARP-MC for PrivateWAN as
well. There is a clear improvement in performance for low priority
traffic and a noticeable improvement in the tail for medium priority
traffic.

HARP-MC does not perform as well because of the residual
approach – decisions are made for the higher priority trafficwithout
considering the needs of other classes. In contrast, Hattrick fine-
tunes routing of higher priority traffic to consider other classes
while maintaining the objective of the higher priority class. The
out-performance is stronger for GEANT since it is a more saturated
network, and the need for such fine-tuning is more critical. Overall,
the results show the benefits of Hattrick’s alignment approach.

Benefits of incorporating simulator into training. As dis-
cussed in §3, Hattrick uses loss functions that consider both Fulfill-
Ratio and MLU. Hattrick incorporates FulfillRatio by integrating a
differentiable simulator in its training which models the effects of
link capacity violations that may arise owing to prediction error. We
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Figure 8: Benefits of Hattrick’s alignment approach. Comparing Hattrick (where routing of high priority traffic can be adjusted
to accommodate lower priority traffic) to HARP-MC, which does not support such adjustment, using the GEANT dataset.
Hattrick improves traffic of lower priority classes without compromising higher priority.
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Figure 9: Comparing Hattrick and HARP-MC for PrivateWAN.
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Figure 10: Benefits of Hattrick’s approach of incorporating simulator into training compared to a variant Hattrick-MLU that
does not since it only considers MLU metrics. Hattrick improves the performance of all classes but most clearly for low priority
traffic.

use GEANT dataset to evaluate the benefits of doing so by compar-
ing Hattrick to a variant, which we call Hattrick-MLU which only
considers MLU metrics and does not consider FulfillRatio. Figure 10
shows that Hattrick provides a noticeable improvement for low

priority traffic, and a slight improvement for other classes. For ex-
ample, the 1%𝑖𝑙𝑒 NormFulFill for Hattrick is 0.982 while only 0.940
for Hattrick-MLU. These results indicate the benefit integrating the
simulator into the training process.
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Figure 11: Comparing computation times of schemes across
different topologies.
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Figure 12: Comparing Hattrick to BEST_MC and SWAN on
UsCarrier.

5.3 Benefits for larger topologies
Besides dealing better with prediction error, another potential ad-
vantage of ML-based schemes is their ability to reduce computation
times for larger topologies. To investigate this, we compare Hattrick
with BEST_MC and SWAN using two large topologies from the
Internet Topology Zoo [22]. Specifically, we used UsCarrier (158
nodes, 378 edges) and KDL (754 nodes, 1790 edges). Since traffic
matrices were not available, we used synthetic matrices via the code
provided by [32] and randomly split the traffic into three classes
by uniformly sampling high priority traffic to be between 0.45-0.5
of the total traffic, medium priority traffic to be between 0.4-0.45 of
the total traffic, and the rest of the traffic is assigned to low priority
traffic (0.05-0.15).

Figure 11 compares the computation time of Hattrick to SWAN
and BEST_MC. The runtime for Hattrick was obtained through
an NVIDIA RTX 4090 24GB GPU. SWAN and BEST_MC were im-
plemented using Gurobi, and we report Gurobi runtime computed
using an AMD EPYC 7763 64-Cores machine with 128GB RAM
while using barrier methods without crossover with aggressive
pre-solving.

The figure shows that for larger topologies, Hattrick significantly
reduces computation time. For example, for UsCarrier, the average
computation time per snapshot (three TMs) with Hattrick is 0.37
seconds, while the corresponding values for BEST_MC and SWAN
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Figure 13: Comparing Hattrick to BEST_MC and SWAN on
KDL.

are 55.20s and 12.68s respectively. For KDL, the time needed for
Hattrick is 2.59 seconds on average, while BEST_MC and SWAN
need 725.89 and 92.82 seconds respectively. Note that BEST_MC is
more computationally expensive than SWAN because its second
and third stage optimization problems have a much larger number
of variables. For example, in the third stage it resolves for split ratios
of all pairs and all classes, while SWAN only determines split ratios
of traffic corresponding to the lowest priority class. For smaller
topologies, all schemes have small and comparable computation
times.

Figure 12 and Figure 13 compare the performance of the three
schemes for UsCarrier and KDL. Hattrick outperforms BEST_MC
and SWAN for medium and low priority traffic, while the schemes
perform comparably for higher priority traffic with SWAN doing
slightly worse in the tail for KDL. Interestingly, when lower priority
traffic is considered, SWAN achieves a higher median FulfillRatio
than BEST_MC for KDL, and improves the tail for UsCarrier. . We
believe this is because SWAN did not do as well on medium priority
traffic, and could use the extra capacity for lower priority traffic.
Overall, the results show Hattrick provides significant computation
benefits for larger topologies while continuing to provide strong
performance benefits.

5.4 Performance with other predictors
Our results so far have been presented using the exponential smooth-
ing predictor. Figure 14 and 15 compare Hattrick with SWAN and
BEST_MC using a linear regression predictor for the GEANT and
PrivateWAN datasets respectively. Each plot presents three sets
of boxplots (one for each priority class), with each set including
one boxplot for each of the three scheme. The results are similar
to the exponential smoothing predictor: (i) Hattrick outperforms
BEST_MC and SWAN for both topologies; (ii) the performance
wins are higher for GEANT, with a significant improvement in the
median and 25𝑡ℎ %iles for all priority classes, and an even greater
improvement in the tail; (iii) there is still a noticeable benefit in
PrivateWAN especially with the lower priority class, while Hattrick
improves the tail for higher priority classes. All of this confirms
Hattrick continues to provide benefits with other predictors.
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Figure 14: Comparing Hattrick to other multiclass TE
schemes using the linear regression predictor for GEANT.
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Figure 15: Comparing Hattrick to other multiclass TE
schemes using the linear regression predictor for Private-
WAN. Dashed lines show the 10th and 1st percentiles respec-
tively.

6 Related work
Many recent works have explored ML techniques for TE [3, 14, 25,
32, 36, 40, 41, 44], and network planning [45]. We have discussed
DOTE [32] extensively. Teal [40] uses a deep reinforcement learning
approach. Teal focuses on demonstrating the computation benefits
of ML-based TE for larger-scale topologies, and does not consider
the impact of prediction error. HARP [3] was primarily designed
to handle topology dynamics. None of these approaches consider
multiple traffic classes, which is the focus of this paper.

Several works have used optimization-based methods for solving
multiclass TE problems [15, 16, 18, 19, 23]. These works do not
address issues related to prediction error, a key focus of this paper.

There is a rich literature of TE techniques that use oblivious
routing and robust optimization methods to cope with demand pre-
diction error [4, 5, 9, 10, 12, 13, 33, 37, 43]. These techniques focus
on a single traffic class and typically on an MLU metric. Extending
robust techniques to multiple traffic classes and other metrics such
as Maxflow is an interesting area for future research. Further, robust
optimization approaches requires explicitly specifying the scenar-
ios being designed for, and can be overly conservative [7, 8, 19, 24].

Optimizing for expected performance (or other probabilistic mea-
sures) [7, 8, 19, 38] requires explicit probabilities of different sce-
narios, which is unfortunately challenging to get in practice. In
contrast, ML-based TE can implictly learn probabilities and how to
compensate for prediction error.

Recent works have been developing better predictors of traffic
matrices using deep learning techniques [20, 27, 30, 39]. Incorporat-
ing better predictors into Hattrick can potentially further improve
its performance.

Many ongoing efforts in both the networking [2, 15, 19, 28] and
optimization communities [6] seek to scale optimization methods.
ML methods such as Hattrick offer another approach to achiev-
ing such scaling. However, beyond computation benefits, Hattrick
is motivated by the goal of achieving good performance under
prediction error. Further, Hattrick can model feedback from simula-
tors, an aspects that is hard to capture for traditional optimization
techniques.

7 Conclusion
In this paper, we have presented Hattrick, the first ML-based TE
approach for handling multiple traffic classes while optimizing
their bandwidth requirements. As part of Hattrick we have devel-
oped (i) a novel neural architecture aligned with the sequence of
optimization problems in multiclass TE; and (ii) a new precedence-
aware multitask learning method tailored for multiclass TE given
the need to optimize multiple metrics with a precedence relation-
ship. Evaluations on a large private WAN and other public datasets
show Hattrick outperforms state-of-the-art multiclass TE schemes
including SWAN and BEST_MC by better coping with prediction
error. For the GEANT network, Hattrick improves 1%ile NormFul-
Fill (corresponding to the performance 2 9’s of the time) relative
to SWAN by 5.48% to 19.3% depending on the traffic class. Rel-
ative to BEST_MC, the corresponding improvements of Hattrick
are 2.6%, 8% and 11% for the three traffic classes. Further, Hattrick
reduces computation times by 280X and 36X relative to BEST_MC
and SWAN respectively on a topology with 754 nodes.

This work does not raise any ethical issues.
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(a) BEST_MC when provided with
predicted demands

(b) BEST_MC when provided with
actual demands by an oracle.

Figure 16: An illustration of how even the optimal strategy
(BEST_MC) can result in a priority inversion owing to inac-
curacies in predicted demand.

A Appendix A
Appendices are supportingmaterial that has not been peer-reviewed.

A.1 Priority inversion with BEST_MC under
prediction errors.

As discussed earlier, a sub-optimal scheme may achieve a NormFul-
Fill higher than 1 for lower classes because of a priority inversion
– i.e., it may not transmit as much high priority traffic as the op-
timal strategy, and may use the additional capacity to transmit
more lower priority traffic. In this section, we illustrate that (i)
a priority inversion could result even when the optimal strategy
(BEST_MC) is used on a predicted matrix; and (ii) the inversion
could be significant depending on the error.

Consider Figure 16 which depicts a simple two node network
connected by two links, each with a capacity of 1 unit. There are
two priority classes, and the predicted traffic demand involves 1
unit of each of high and low priority traffic. However, the true
traffic demand involves 1 + 𝛽 units of high traffic and 1 unit of low
traffic.

When provided the predicted demand, a potential solution for
BEST_MC is to route 100% of high priority traffic on the upper
link, and 100% of the low priority traffic on the lower link. When
these split ratios are applied to the true demand, the scheme can
effectively only carry 1 unit of high priority traffic and 1 unit of low
priority traffic as shown in Figure 16(a). In contrast, the optimal
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strategy when provided the true demand by an oracle is to transmit
the entire 1 + 𝛽 units of high priority traffic and use the residual ca-
pacity of 1−𝛽 for low priority traffic (Figure 16(b) shows a potential
solution). Thus, BEST_MC when provided the predicted demand
would achieve a NormFulFillℎ𝑖𝑔ℎ of 1

1+𝛽 and a NormFulFill𝑙𝑜𝑤 of
1

1−𝛽 . The NormFulFill of low priority not only exceeds 1, but can
be arbitrarily large based on 𝛽 .

A.2 Mathematical Formulation of BEST_MC
The mathematical formulation outlined in Function 2 describes the
three-stage optimization problem solved by BEST_MC. Each stage
incrementally incorporates a new traffic class while preserving the
total amount of traffic fulfilled in previous stages.
• Stage 1: Optimizes high-priority traffic (𝑐 = ℎ) by maximiz-
ing the total fulfilled demand, subject to demand and link
capacity constraints.
• Stage 2: Adds medium-priority traffic (𝑐 ∈ {ℎ,𝑚}) while
preserving the total high-priority fulfillment obtained in
Stage 1.
• Stage 3: Adds low-priority traffic (𝑐 ∈ {ℎ,𝑚, 𝑙}) while pre-
serving both the high-priority fulfillment from Stage 1 and
the combined high + medium fulfillment from Stage 2.

The decision variables 𝑤𝑐
𝑠𝑡𝑘,𝑖

represent the fraction of class 𝑐
demand from source 𝑠 to destination 𝑡 routed through tunnel 𝑘 at
stage 𝑖 .

Function 2 BEST_MC Mathematical Formulation

maximize 𝐹ℎ =
∑︁
𝑠,𝑡,𝑘

𝑤ℎ
𝑠𝑡𝑘,1 · 𝑑

ℎ
𝑠𝑡

subject to
∑︁
𝑘

𝑤1
𝑠𝑡𝑘,1 ≤ 1 ∀(𝑠, 𝑡) ∈ 𝑁∑︁

𝑠,𝑡,𝑘

𝑤ℎ
𝑠𝑡𝑘,1 · 𝑑

ℎ
𝑠𝑡 ·𝑇𝑖 𝑗𝑠𝑡𝑘 ≤ 𝐶𝑖 𝑗 ∀(𝑖, 𝑗) ∈ 𝐸

𝑤ℎ
𝑠𝑡𝑘,1 ≥ 0 ∀(𝑠, 𝑡, 𝑘)

Denote optimal objective as 𝐹ℎ

maximize 𝐹ℎ𝑚 =
∑︁

𝑐∈{ℎ,𝑚}

∑︁
𝑠,𝑡,𝑘

𝑤𝑐
𝑠𝑡𝑘,2 · 𝑑

𝑐
𝑠𝑡

subject to
∑︁
𝑘

𝑤𝑐
𝑠𝑡𝑘,2 ≤ 1 ∀(𝑠, 𝑡) ∈ 𝑁, 𝑐 ∈ {ℎ,𝑚}∑︁

𝑐∈{ℎ,𝑚}

∑︁
𝑠,𝑡,𝑘

𝑤𝑐
𝑠𝑡𝑘,2 · 𝑑

𝑐
𝑠𝑡 ·𝑇𝑖 𝑗𝑠𝑡𝑘 ≤ 𝐶𝑖 𝑗 ∀(𝑖, 𝑗) ∈ 𝐸∑︁

𝑠,𝑡,𝑘

𝑤ℎ
𝑠𝑡𝑘,2 · 𝑑

ℎ
𝑠𝑡 = 𝐹

ℎ

𝑤𝑐
𝑠𝑡𝑘,2 ≥ 0 ∀(𝑠, 𝑡, 𝑘), 𝑐 ∈ {ℎ,𝑚}

Denote optimal objective as 𝐹ℎ𝑚

maximize 𝐹ℎ𝑚𝑙 =
∑︁

𝑐∈{ℎ,𝑚,𝑙 }

∑︁
𝑠,𝑡,𝑘

𝑤𝑐
𝑠𝑡𝑘,3 · 𝑑

𝑐
𝑠𝑡

subject to
∑︁
𝑘

𝑤𝑐
𝑠𝑡𝑘,3 ≤ 1 ∀(𝑠, 𝑡) ∈ 𝑁, 𝑐 ∈ {ℎ,𝑚, 𝑙}∑︁

𝑐∈{ℎ,𝑚,𝑙 }

∑︁
𝑠,𝑡,𝑘

𝑤𝑐
𝑠𝑡𝑘,3 · 𝑑

𝑐
𝑠𝑡 ·𝑇𝑖 𝑗𝑠𝑡𝑘 ≤ 𝐶𝑖 𝑗 ∀(𝑖, 𝑗) ∈ 𝐸∑︁

𝑠,𝑡,𝑘

𝑤ℎ
𝑠𝑡𝑘,3 · 𝑑

ℎ
𝑠𝑡 = 𝐹

ℎ

∑︁
𝑐∈{ℎ,𝑚}

∑︁
𝑠,𝑡,𝑘

𝑤𝑐
𝑠𝑡𝑘,3 · 𝑑

𝑐
𝑠𝑡 = 𝐹

ℎ𝑚

𝑤𝑐
𝑠𝑡𝑘,3 ≥ 0 ∀(𝑠, 𝑡, 𝑘), 𝑐 ∈ {ℎ,𝑚, 𝑙}

Where:
(1) 𝐸: Set of all links/edges, ⟨𝑖, 𝑗⟩ ∈ 𝐸
(2) 𝐶𝑖 𝑗 : Capacity of link ⟨𝑖, 𝑗⟩
(3) 𝑑𝑐𝑠𝑡 : Traffic of class 𝑐 from source 𝑠 to destination 𝑡
(4) 𝑁 : Set of all source-destination node pairs, ⟨𝑠, 𝑡⟩ ∈ 𝑁
(5) 𝑇𝑖 𝑗𝑠𝑡𝑘 : Binary indicator for whether link ⟨𝑖, 𝑗⟩ is used in

tunnel 𝑘 from 𝑠 to 𝑡
(6) 𝑤𝑐

𝑠𝑡𝑘,𝑖
: Split ratio of 𝑑𝑐𝑠𝑡 from source 𝑠 to destination 𝑡 on

tunnel 𝑘 at stage 𝑖
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