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Abstract— We study the problem of network regression, where
one is interested in how the topology of a network changes
as a function of Euclidean covariates. We build upon recent
developments in generalized regression models on metric spaces
based on Fréchet means and propose a network regression
method using the Wasserstein metric. We show that when
representing graphs as multivariate Gaussian distributions, the
network regression problem requires the computation of a
Riemannian center of mass (i.e., Fréchet means). Fréchet means
with non-negative weights translates into a barycenter problem
and can be efficiently computed using fixed point iterations.
Although the convergence guarantees of fixed-point iterations for
the computation of Wasserstein affine averages remain an open
problem, we provide evidence of convergence in a large number
of synthetic and real-data scenarios. Extensive numerical results
show that the proposed approach improves existing procedures
by accurately accounting for graph size, topology, and sparsity
in synthetic experiments. Additionally, real-world experiments
using the proposed approach result in higher Coefficient of
Determination (R2) values and lower mean squared prediction
error (MSPE), cementing improved prediction capabilities in
practice.

I. INTRODUCTION

At the core of many classical [1] and modern data-based
control systems, one usually finds some form of regression
analysis [2]. Nevertheless, regression is typically studied
in Euclidean spaces, where regressors and outputs are real
multivariate values [3]. For example, in linear systems
identification, relationships between predictor variables and
their outputs are quantified by minimizing least squares error.
As data modalities within modern control systems grow,
extensions to non-Euclidean regression models are needed,
e.g., estimation, inference, learning, and control for graph
data and Euclidean covariates [4], [5]. Successful applications
range from brain imaging [6] where neurons are clustered
and we model their inter-connectivity as an output of age,
ecology [7], scheduling [8], estimation [9], to control [10].

In graph prediction for networked control systems, prior
work has successfully developed regression models using
the Frobenius Norm metric for graphs [11], implementing
models to quantify inter-state traffic as a response to changing
COVID-19 case numbers. However, recent results suggest that
Wasserstein distances better encapsulate a graph structure for
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data-based learning and control systems [12]. By representing
graphs as multivariate Gaussian distributions [13], we can
define a distance between graphs as the Wasserstein distance
between their respective Gaussian representations. Evidence
suggests Wasserstein distances allow for the prioritization
of global connectivity, which contributes to a more robust
metric [14]. These claims are supported by recent works study-
ing graph averages through Wasserstein barycenters [15] and
employing Gromov-Wasserstein methods for learning [16].

Recent research has developed the formal definition of
regression models in general metric spaces using Fréchet
means and variances. By extending notions of averages and
standard deviations to metric spaces, they allow for regression
models beyond Euclidean spaces [17]–[19]. Regression in
Wasserstein space has been recently studied using quantile
functions and empirical one-dimensional measures [20],
[21]. Later, [20] bridged theoretical formulations with com-
putational approaches for discretizing higher dimensional
distributions, where statistical consistency was shown.

In this paper, we develop a network regression model where
we leverage two main ideas: 1) Fréchet means for regression
in Wasserstein spaces, and 2) Network (graph) representation
as multidimensional Gaussian distributions. By combining
the effective weight function as derived in Fréchet regression
models [11], [19] and the Wasserstein metric [12], [14] for
graph comparison, we demonstrate better performances of
Wasserstein-based network regression models when compared
with traditional Euclidean-based methods. Errors in the
proposed method scale better with respect to the number
of nodes, and results in smaller prediction errors and greater
model fitness in the R2 coefficient compared with state-of-the-
art methods. We show the regressor’s improved predictions in
graph swelling, graph interpolation, and utilization of a graph
Laplacian’s spectral properties. These synthetic experiments
are then extended to real-world applications on taxi-cab data
in Manhattan as a response to COVID-19 cases, where the
Wasserstein regressor demonstrates improved model fitness
and lower prediction error while maintaining efficiency.

This paper is organized as follows. Section II outlines the
global regressor for general metric spaces and, in particular,
network spaces, defining both the Wasserstein and Frobenius
distances over these networks and providing a simple en-
couraging example. Section III then provides computational
frameworks for solving the Wasserstein regressor. Section IV
shows different experiments for the proposed Wasserstein-
based regression and compares them with Frobenius-based
approaches. Finally, Section V outlines further growth for our
methods to increase their applicability. Further experiments
can be found in the full-length document on ArXiv [22].
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II. REGRESSION ON NETWORK METRIC SPACES

A. Fréchet averages and Regression

Consider a random pair (X,G) ∼ F , where F is a joint
distribution, X takes value in Rp and G = (V,E,W ) is
a random graph with a fixed node set V , edge set E ⊆
V ×V , and W ∈ R|V |×|V |

≥0 as the set of bounded non-negative
edge weights, which contains the randomness of the system.
Moreover, we assume G takes value in a metric space (G, d),
where G is the space of graphs with |V | nodes, metriced by
d, in our case the Frobenius and Wasserstein distances, with
corresponding marginal distributions FX and FG, for which
the conditional distributions FX|G and FG|X exist. Extending
traditional concepts of mean and variances to metric spaces,
the Fréchet mean and variance [18] are defined as

G⊕ = argmin
G∈G

E[d2(X,G)], and V⊕ = E[d2(X,G⊕)].

In the Euclidean setting, for jointly distributed random
variables X and Y , the conditional distribution is E[Y |
X = x] = argminy∈R E[(Y − y)2 | X = x]. The authors
in [11], [19] propose a conditional Fréchet mean as a natural
extension to network-valued and other metric space-valued
responses, where (Y − y)2 is replaced by d2(G,w) for some
w in the metric space. Thus, the corresponding regression
function of G given X = x is defined as

m(x) := argmin
w∈G

E[d2(G,w)|X = x].

Moreover, by characterizing the regression function as a
weighted least square problem, the authors in [11] propose a
global Fréchet Regression model given X = x as the affine
average

mG(x) := argmin
w∈G

E[sG(X,x)d2(G,w)],

for a weight function sG(X,x) = 1 + (X − µ)TΣ−1(x −
µ), which is formulated to replicate Euclidean regression
properties in metric spaces [19, Section 2.2]. Here, µ =
E[X] and Σ = cov(X). Similarly, when a finite set of i.i.d.
pairs (Xi, Gi) ∼ F for i = 1, · · · , n is available, the model
becomes the empirical regressor

m̂G(x) := argmin
w∈G

1

n

n∑
i=1

siG(Xi, x)d
2(Gi, w), (1)

where the sample weight function is defined as siG(Xi, x) =
1 + (Xi − X̄)T Σ̂−1(x − X̄), X̄ = n−1

∑n
i=1 Xi is the

sample mean, and Σ̂ = n−1
∑n

i=1(Xi− X̄)(Xi− X̄)T is the
sample covariance matrix. Through incorporating a smoothing
kernel [23], we define the Local Regression model [11] to
reduce bias from sampling effects on our data distribution,
outlined in Appendix ??.

Next, we describe the two metrics d with which we will
study the network regression problem.

B. Metrics for Regression on Networks

The space of networks can be defined for many metrics,
each encapsulating network difference separately [24]. We
will focus on the Frobenius and the Wasserstein metrics and
demonstrate their formulations for simple, undirected graphs
with real-valued edge weights. The Frobenius Norm is a
baseline metric for initial network regression models [11].
However, recent results suggest that Wasserstein distances
outperform Frobenius distances when comparing network
structures. By representing graphs as signals, the Wasser-
stein distance can better capture global graph structure by
measuring the discrepancy in lower graph frequencies [12].
Further exploration into graph signal processing can be found
in [13], [25]. Therefore, one of our contributions is to propose
using Wasserstein metrics in network regression problems
and to present a set of algorithms and their computational
considerations, showing empirical evidence of the improved
performance of Wasserstein metrics versus Frobenius metrics.

Frobenius Norm [11]: All labeled graphs with no self-
loops, no multi-edges, and non-negative edge weights wij

have a one-to-one correspondence with their Laplacians
L = (Lij)

Lij =

{ −wij , if i ̸= j∑
k ̸=i wik, if i = j,

which are always positive semi-definite matrices by def-
inition [26]. Given two graphs G1 and G2 with their
corresponding graph Laplacians, L1 and L2, the power
Frobenius Norm, dF,α(G1, G2), between graphs G1 and G2

is defined as

dF,α(G1, G2)=dF (Fα(L1), Fα(L2))=∥Fα(L1)−Fα(L2)∥F ,
and Fα(S) = UΛαUT , where U is an orthogonal matrix, and
Λ is a diagonal matrix, representing the eigendecomposition of
S, and α > 0, a power applied to the eigenvalues contained
in Λ for metric scaling. Setting α = 1, one recovers the
Frobenius metric [19].

Recently, the authors in [12] showed several advantages of
using Wasserstein distances with respect to classical Frobenius
distances for capturing the geometric properties of graphs.
So, we explicitly define the Wasserstein distance between two
graphs, which builds on interpretations of graphs as elements
of multidimensional distributions of signals as proposed
in [27].

Wasserstein Distance [12]: The 2-Wasserstein distance
between graphs G1, G2 is defined as

dW (G1, G2) = W 2
2 (ν

G1 , νG2)

= inf
T#νG1=νG2

∫
R|V |

∥x− T (x)∥2dνG1 ,

where νGi = N (0, L†
i ) with L†

i denoting the pseudo-inverse
of Laplacian Li [28]. Given that νG1 and νG2 are zero-mean
Gaussian distributions, the authors in [29] showed their 2-
Wasserstein Distance has the closed-form

W 2
2 (ν

G1 , νG2) = Tr(L†
1 + L†

2)− 2Tr(

√
L
†/2
1 L†

2L
†/2
1 ).
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Fig. 1: We train our global network regression models over
{Xi, Gi}4i=1 pairs where Gi is the response and Xi is the predictor.
Then, we predict the graphs with predictor x = 5. The Frobenius
regressor produces a graph (top) with thirty times the error than our
Wasserstein regressor (bottom).

Remark 1 Note that the 2-Wasserstein Distance between
graphs reduces to the Bures-Wasserstein distance between
positive (semi)definite matrices [5], [30].

We introduce our numerical experiments by presenting a
toy example for network regression on simple graphs initially
developed in [11]. Figure 1 shows the results of network
regression where the Wasserstein-based regressor outperforms
the Frobenius-based regressor. Specifically, we have four
random pairs {Xi, Gi}4i=1 independently observed, with
weights shown next to the corresponding edges. Each graph
Gi has an associated covariate Xi, which is accounted for in
the weights of each sample graph during prediction. We seek
to estimate G at x = 5 by finding the conditional expectation
of G with response to x = 5 through the regression models
defined above, where we find the sample graph weights are
siG = 0.25 for i = 1, . . . , 4 and siL = 0.5 for i = 2, 3,
demonstrating importantly that the weights sum to one. The
unknown ground truth model is w1,2 = w1,3 = 1/X and
w2,3 = 2/X , thus we expect w1,2 = w1,3 = 0.2 and
w2,3 = 0.4.

III. COMPUTATIONAL ASPECTS OF WASSERSTEIN
NETWORK REGRESSIONS

The empirical regressor in (1) takes the form of an affine
combination of convex functions where the weights are de-
fined by the function skG since E[skG(X,x)] = 1. Frobenius
regression models thus require solving a convex quadratic
problem as was extensively studied in [11]. Similarly, for
Wasserstein regression models, the problem turns into the
computation of a weighted Wasserstein barycenter problem.

It follows from [31, Theorem 2.4] that the Wasserstein
barycenter of a set of zero-mean Gaussian random distri-
butions {N (0,Σi)}ni=1 each with non-negative weights λi

such that
∑n

i=1 λi = 1 is a zero-mean Gaussian distribution
with covariance matrix defined by the following implicit

equation S =
∑n

i=1 λi(S
1
2ΣiS

1
2 )

1
2 , which has been shown

to be well-defined [31].

Theorem 1 (Theorem 4.2 in [31]) Let {L†
i}ni=1 be a set of

d × d positive semidefinite matrices, with at least one of
them positive definite. For a positive definite S0, and a set
of non-negative weights {λi}ni=1, with

∑n
i=1 λi = 1, define

St+1 = S
− 1

2
t

(
n∑

i=1

λi(S
1
2
t L

†
iS

1
2
t )

1
2

)2

S
− 1

2
t , t ≥ 0.

Then, W2(N (0, St),N (0, S)) → 0 as t → ∞.

Theorem 1 implies that as t grows, St approaches the
covariance of the weighted barycenter of the set of Gaussian
distributions. However, by representing each graph Gi as
a multivariate Gaussian νGi = N (0, L†

i ), graph Laplacians
have a zero eigenvalue [26]; thus, the conditions in [31,
Theorem 4.2] do not hold because pseudo-inverses of these
Laplacians also have this zero eigenvalue [28], meaning that
our Gaussians will have non-invertible covariance matrices
and thus will be degenerate. The degeneracy issue of graph
Laplacians can be solved by considering the modified fixed-
point iteration proposed in [15] that shifts the covariances
before iteration

St+1=S
− 1

2
t

 n∑
i=1

λi

(
S

1
2

(
Li +

1

k
1k2

)−1

S
1
2
t

) 1
2

2

S
− 1

2
t

and then shifts the resulting barycenter back. Here, |V | = k.
Their convergence result is built on the following proposition

Proposition 1 (Propositon 3.4 in [15]) The Bures-Wasser-
stein barycenter of the set of graph Laplacians {L†

i}ni=1 is
also a Bures-Wasserstein barycenter for the set of graph
Laplacians {L†

i + (1/|V |)1|V |2}ni=1.

Another approach to tackle the non-degeneracy is to
consider Entropy Regularized Wasserstein distances and their
barycenters [32], where they propose the fixed-point iteration
for an arbitrary small ε > 0 as

S =
ε

4

n∑
i=1

λi

(
−I +

(
I +

16

ε2
S

1
2L†

iS
1
2

) 1
2

)
. (2)

Although the fixed-point iteration for ε = 0 is known
to converge, the authors in [32] point out that it is still
an open question whether (2) converges in other cases.
The evidence in our numerical analysis suggests a positive
answer. Additional approaches for the computation of Bures-
Wasserstein barycenters of positive-semidefinite matrices, and
in turn solving the barycenter of graphs, can be found in [30].

The proposed network regression algorithm is described
as follows1

1An alternative algorithm for the computation of the barycenter in the
Bures-Wasserstein space can be found in [15]
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Algorithm 1 Entropy-regularized Wasserstein-Based Network
Regression

Require: x ∈ Rd, ε ≥ 0, {(Xi, Gi)}, for i = 1, · · ·n.
1: X̄ = n−1

∑n
i=1 Xi, Σ̂ = n−1

∑n
i=1(Xi−X̄)(Xi−X̄)T

For i = 1, · · · , n:
2: L†

i is pseudo-inverse of Laplacian Li of graph Gi

3: siG(Xi, x) = 1 + (Xi − X̄)T Σ̂−1(x− X̄)
4: Solve for S

S =
ε

4

n∑
i=1

siG(Xi, x)

(
−I +

(
I +

16

ε2
S

1
2L†

iS
1
2

) 1
2

)
return Graph G(x) with Laplacian L(x) = S†.

A. An open problem in affine combinations for positively
curved spaces

Note that in our case, Problem (1) can be understood
as a barycenter problem where the weights are defined as
λi = siG(Xi, x) and determined by the regressors from the
available data pairs and its computation is not trivial [19]–
[21]. However, even though E[siG(X,x)] = 1, the weights
as defined for m̂G(x) can be negative.

The generic structure of Problem (1) with possibly negative
weights that add up to one can be understood as the
computation of the Riemannian center of mass [33], which
arises from the subdivision schemes. The existence of a unique
minimizer for Fréchet means in Riemannian manifolds for
Cartan-Hadamard (nonpositive sectional curvature) is well
understood [33, Theorem 6]. However, the Wasserstein space
is a non-negatively curved metric space [34, Section 7.3], and
only the existence of local minimizers can be guaranteed [35].

Some initial theoretical results on the existence and compu-
tation of Fréchet means on positively curved spaces have been
recently proposed [36]. However, general theoretical results
are still an open problem and lie outside of the scope of this
work. Generally, the convergence of the previously described
fixed-point iterations is not guaranteed [37]. However, in
practice, convergence occurs for the studied scenarios. As
discussed in [20], the computation of Wasserstein barycenters
with possibly negative weights, which turns the problem
into an affine combination instead of a convex combination,
remains an open problem. We propose these fixed-point
iteration methods for computational purposes and leave a
connection between Fréchet Means and General Fréchet
Means as a future extension [38].

IV. NUMERICAL ANALYSIS

This section shows metric comparisons over synthetic and
real-world graphs with various topologies. For more examples
regarding graph swelling, difference between regular and
entropy-regularized Wasserstein distances, and visualizations
of different regression outputs, please see the full-length
document in ArXiv [22].

Naive Interpolation of Topologies: We consider 5 feature
and graph pairs: path, cycle, star, wheel, and complete graphs,
each with 10 nodes and corresponding integer covariate from
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Figure 2: The error from our output graph and each named graph, where each color denotes a different named
graph. Below each covariate at 0.5 steps, the output graph is shown, with color corresponding to the named
graph line which should be minimal at this point, with non-integer covariates expected to have outputs inbetween
their adjacent named graphs. The first plot shows results when modeling with Frobenius distances, and the
second shows results when modeling with Wasserstein distances.

Figure 3: An example of the
graph construction process for
Taxi Cab data in Manhattan, with
nodes representing regions and
their edges representing trips be-
tween them.

which contains the number of passengers, the pickup and dropoff100

location, and the day on which the trip occurs, we formulate graph101

Laplacians for each of the 172 days from April 12, 2020, to Septem-102

ber 30, 2020 with 13 nodes, each representing a region in Manhat-103

tan [8], with edge weights equal to the riders traveling from region104

to region. Fig. 3 is an example of such a graph overlaid on a map105

of Manhattan. We then locally regress over these Laplacians in106

response to a binary weekend indicator, equaling 1 if the day is a107

weekend and 0 otherwise, and the daily number of COVID cases [24].108

Then, for each metric, we calculate the Fréchet version of the R2109

coefficient, which has similar interpretations of model fitness [12]110

and is defined as follows.111

R2
⊕ = 1− E[d2(Y,m⊕(X))]

V⊕
We calculate the sample version of this coefficient for our local112

models, with R̂2
⊕ = 0.428 for the Frobenius metric and R̂2

⊕ = 0.515113

for the Wasserstein metric. We can see in this system the Wasserstein114

metric fitting and predicting graph structure to an extent which the Frobenius does not.115

5 Conclusion116

We provided evidence for the superior performance of Wasserstein distances over the Frobenius117

norm in graph regression problems via experiments focused on network size, network structure,118

network variability, and analysis of real-world networks. While our models are translatable to other119

metric spaces or distance measures, the accuracy and speed of computation unique to Wasserstein120

Regression is vital to its applicability. We hope to motivate future efforts in network prediction by121

using the Wasserstein metric applied to a wider breadth of real-world systems which are larger, more122

varied, and equally as important in understanding our world.123

4

Fig. 2: We train regressors over 5 input and response pairs
{Xi, Gi}5i=1 respectively. The covariate Xi is an integer from 1 to
5, and Gi is a named graph in the legend ordered by increasing
connectivity, e.g., X1 = 1 and G1 is the path graph. We output the
graphs predicted with the Wasserstein regressor for each 0.5 step
between 1 and 5 on the x-axis. Each line plots the error between
a named graph and interpolations over 0.1 steps for the Frobenius
(top) and Wasserstein (bottom) regressors.

1 to 5 in order of increasing connectivity, e.g., X1 = 1 and
G1 is the path graph.

Figure 2 shows the distance between the Frobenius and
Wasserstein-based regressors’ predictions, computed follow-
ing (2), and the five topologies used. Interpolating sample
graphs with dW is more accurate as output graphs maintain
smaller distances to graphs in the sample space. For example,
the pink plot shows the distance between the predicted and
wheel graphs. It is expected that a minimal value occurs at
x = 4. The prediction error for Wasserstein-based regressors
is smaller than the Frobenius one.

Spectrum-based Interpolation of Topologies: We extend
our previous experiment by computing regressors over the
spectral properties of the graph Laplacians instead of the
(arbitrary) integers assigned before. We consider a set of
n = 12 named graphs: path, star, cycle, wheel, complete,
dumbbell, lollipop, Pentagonal Prism, two-star (two stars
connected by their center), and 4, 6, and 8 regular. Each
graph has 10 nodes, i.e., |V | = 10, where the covariate
Xi ∈ R2 is a vector containing the corresponding second
and third smallest eigenvalues of the graph Laplacians. We
computed the regressor in (1) to generate predicted graphs
for x ∈ (0, 10]2. Figure 3 shows the distance between the
predicted graphs and four named graphs used in the dataset.
The eigenvalues of our graphs correspond to the log base
axes of the heatmaps, with the closest predicted graph to the
true graph in magenta and the true graph in red.

Figure 3 shows that using the spectral properties of the
sample graphs leads to precise predictions, having output
graphs occurring near the true graphs and avoiding graphs
of different connectivities.

Large-Scale Real Data: We validate the performance of
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(a) Distance from Wasserstein regres-
sors to cycle

(b) Distance from Wasserstein regres-
sors to star

(c) Distance from Wasserstein regres-
sors to wheel

(d) Distance from Wasserstein regres-
sors to complete

Fig. 3: Heatmaps representing the distance from the Wasserstein
regressor to true graphs for cycle (a), star (b), wheel (c), and complete
(d), with minimums for Frobenius (yellow), Wasserstein (magenta),
and ground truth (red) as points. For all of these heatmaps, the
x-axis is the value of the second smallest eigenvalue, and the y-axis
is the value of the 3rd smallest eigenvalue, both being logarithmic
and ranging from 1 to 100

the Wasserstein-based methods by comparing its performance
on the network inference task of taxi usage in response
to the number of COVID-19 cases in Manhattan, studied
for Frobenius-based regressors in [11]. We reproduce the
original experiment and show that the Wasserstein regressor
outperforms the Frobenius regressor.

We take rider data from [39], including the number of
passengers, the pickup and dropoff location, and the day the
trip occurs. For a given day, we construct a graph where
each node represents one of 13 Manhattan regions, and the
edge weights represent the number of riders traveling between
regions. From these graphs, we compute 172 graph Laplacians
from April 12, 2020, to September 30, 2020. We then regress
over these Laplacians in response to a binary weekend
indicator, equaling 1 if the day is a weekend and 0 if not, and
the daily number of COVID-19 cases in Manhattan [40]. We
contrast the local Wasserstein regressor against the Frobenius
regressor for a select date in Figure 5. One can see the
Wasserstein regressor approximates edge weights closer to
the ground truth than the Frobenius regressor, particularly in
upper and lower regions of the network.

To quantitatively evaluate our model using all available data,
we calculate the Fréchet version of the R2 coefficient, which
has similar interpretations of model fitness [19], and is defined
for global models as R2

⊕ = 1 − E[d2(G,mG(X))]/V⊕.
Global results are R̂2

⊕ = 0.433 for the Power metric with
α = 1, R̂2

⊕ = 0.453 for the Power metric α = 1/2, and
R̂2

⊕ = 0.607 for the Wasserstein metric. When using the
method from [15], R̂2

⊕ = 0.592.
When computing this R2

⊕, we want to be sure that our
methods are computationally efficient. In Figure 4, we see

Fig. 4: The number of iterations until convergence for our method
on the left and existing methods [15] on the right. These iterations
are graphed against the weighted sum of the distances between
our output and the sample graphs, which is minimized through our
regression.

TABLE I: Accuracy Relative to Frobenius, smaller is better.

Distance Used % MSPE of Frobenius
Power Metric dF,α α = 0.5 96.4%

Wasserstein (Prediction) Frobenius (Error) 95.995%
Wasserstein (Prediction) Wasserstein (Error) 86.375%

the number of iterations it takes for the iterates generated in
(1) to converge to its minimizer for these inputs. In all these
cases, for both our methods and the methods in [15], we see
convergence in less than 20 iterations.

Additionally, we use 10-fold cross-validation [11] to
compute the mean square prediction error (MSPE) with
both the Frobenius and Wasserstein metrics. Prediction can
occur with either distance, but error computation should
be consistent to have comparable accuracy of results. Thus,
we have two results: error of Frobenius and Wasserstein
predictions measured with the Frobenius distance and error
measured with the Wasserstein distance. When averaging
over 100 iterations, the MSPE can be seen in Table I, leading
to two main conclusions. First, even when measuring error
with the Frobenius distance, the Wasserstein metric is still an
improvement over the power metric, which is an adaptation
of the Frobenius distance [11] that we would assume to
have a smaller error for a similar metric. Secondly, when we
compute the error with Wasserstein distances, we see a large
decrease, showing the extent of our improved predictions
when measuring error with the distance we model with.

Fig. 5: Graph prediction for Taxi Cab ridership on April 12, 2020,
with local Frobenius (left), Wasserstein (center), and true network
(right). Wasserstein regressor predicts edge weights more accurately,
as seen by their Wasserstein distance from the true network. Edge
coloring is scaled by edge weight.
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V. CONCLUSION

We provided evidence for the superior performance of
Wasserstein distances over the Frobenius norm in graph
regression problems via experiments focused on network
size, network structure, network variability, and analysis of
real-world networks. In all of these instances, the global
and local variants of the Wasserstein models obtain greater
accuracy relative to their Frobenius counterparts. While our
models generalize to arbitrary metric spaces, the computation
accuracy unique to Wasserstein Regression compared to
other graph prediction methods is vital to its applicability.
We hope to motivate future efforts in network prediction
by applying the Wasserstein metric to a wider breadth of
real-world systems that include data sets with graphs of
differing |V |. This extension would utilize the Gromov-
Wasserstein distance, which has been used in graph prediction
previously [16] and generalizes the Wasserstein distance
over graphs of differing sizes. By further investigating the
Riemannian center of masses in the space of Gaussians
measured with the Wasserstein distance, further research
can ensure the convergence of these General Frechét Means.
Such extensions would theoretically support our methods over
networks with a larger breadth of variance, cementing our
methods as essential in future graph prediction advancements.
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