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ABSTRACT

We study the problem of ecological network (food web) alignment, where we
seek to identify structural equivalences among species and uncover backbones
of interactions that represent shared functional substructures. These fundamen-
tal properties reveal the functional relationships that sustain ecosystems, enabling
more accurate predictions of biodiversity responses to environmental change. Ex-
isting methods are computationally expensive, not scalable, and hard to interpret
ecologically. We provide a first rigorous formalization of food web alignment
based on network motifs, and show existing methods popularized in the ecological
community are equivalent to minimizing a Fused Gromov-Wasserstein-like cost
functional, termed Wasserstein Motifs. Moreover, we propose an interpretable
and provably correct algorithm that efficiently computes non-deterministic align-
ments between food webs by leveraging their representation as feature measure
networks. As a byproduct, we introduce a novel approach for identifying the
non-deterministic backbones of interactions. Experiments on a continental-scale
dataset of 129 Sub-Saharan African mammal food webs demonstrate significant
gains in accuracy, scalability, and interpretability over state-of-the-art methods.
Our results establish a principled bridge between ecological network science and
optimal transport, opening avenues for the analysis of complex structured data.

1 INTRODUCTION

Ecological networks represent the web of interactions among species within an ecosystem, with
nodes denoting individual species and edges indicating interactions, such as predation. A species’
ecological role is thus encoded in its network position, and species with similar functions tend to
occupy structurally comparable niches within the network (Mora et al., 2018a)). Identifying such
similarities across ecosystems requires establishing correspondences between species in different
networks—a task naturally formulated as a network alignment problem.

Network alignment (NA) aims to identify correspondences between nodes in different networks
according to a task-specific cost function. The problem originates from the quadratic assignment
problem (QAP) (Koopmans & Beckmann, |1957), which seeks a bijection between node sets that
minimizes a non-convex, structure-dependent cost. Classical methods for approximating QAP solu-
tions, such as branch-and-bound and linear relaxations, face severe scalability limitations on large
graphs (Burkard, |1984)). To overcome these computational barriers, modern approaches map nodes
into structure-preserving embeddings, usually reducing NA to tractable linear assignment problems.
The central challenge then lies in constructing effective embeddings, which are typically obtained
from spectral properties of graph representations (e.g., adjacency or Laplacian matrices) (Goyal &
Ferrara, 2018), or learned through models such as graph neural networks (GNNs) (Xu et al., 2019;
He et al.| 2024).

A pioneering work in ecological network analysis (Mora et al.l 2018a)) provided an NA formulation
based on network motif distributions (small, recurring subgraphs) to quantify species similarity and
alignment quality. Originally created for social network analysis (Holland & Leinhardt, |1976) and
popularized in systems biology and network science (Milo et al.l 2002), network motifs have since
been adopted widely across the machine learning and data mining communities as local building
blocks for complex networks (Benson et al., [2016; Ribeiro et al., 2017; [Sankar et al., [2020; (Chen
et al.l 2021} 'Yu & Gao, 2022). In particular, motif counts and motif-based embeddings have been
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utilized as features for graph classification, role discovery, and representation learning, offering a
compact and interpretable approach to capture higher-order connectivity beyond pairwise edges.
In ecological network analysis, motifs are widely used to capture local structural information of
food webs, mutualistic systems, and multi-trophic interaction networks (Baiser et al 2016} |Tavella
et al., [2022; |Cenci et al., [2018} [Paulau et al., [2015). Motif structure has been linked to interpretable
functional roles of species (e.g., basal producers, intermediate consumers, top predators) and to key
ecosystem-level properties such as stability, robustness, and energy flow. Aggregating motif role oc-
currences for species yields their motif role profiles (Stouffer et al., 2012), which quantify the func-
tional similarity of species across networks. However, the approach in (Mora et al.,|2018a) looks for
deterministic alignments, i.e., one-to-one correspondences. Moreover, simulated annealing is used
to compute alignments, which is slow for large networks and can lead to inconsistent alignments,
a problem that is exacerbated by the existence of functionally equivalent species. An alternative
motif-based approach is proposed in |[Almulhim et al.| (2019), but it also suffers from the rigidity
of deterministic alignments. Deterministic alignments restrict correspondences to one-to-one pair-
ings between species across networks. While such mappings are intuitive and interpretable, they
impose rigid constraints that limit ecological applicability. In practice, species frequently exhibit
overlapping or redundant functional roles (Stouffer et al., |2012)). Enforcing a strict one-to-one cor-
respondence discards these valid alternatives and obscures functional redundancy. These drawbacks
restrict the feasibility of deterministic approaches for large or heterogeneous ecological datasets.

Optimal transport (OT) (Cuturi, 2013} /Sturm) 2006;[Mémoli, |201 1)) has enabled other NA paradigms.
OT-based methods offer superior speed compared to classical methods and enable additional model-
ing capabilities, as alignments are allowed to be non-deterministic (many-to-many). Moreover, the
recently proposed Partial Gromov-Wasserstein (PGW) distance (Bai et al., 2024) has enabled par-
tial non-deterministic alignments, where only a subset of nodes needs to be aligned. In ecological
NA domains, partial non-deterministic alignments are crucial for identifying functionally equivalent
species, that is, species that play similar roles within a network. In Hung et al.| (2025)), NA is for-
mulated using the Gromov-Wasserstein (GW) distance, allowing for non-deterministic alignments,
but the mass conservation constraint imposed by GW lacks the flexibility to allow species playing
unique functional roles to self-align, potentially forcing undesired alignments. This mass conser-
vation constraint is relaxed in the Partial Gromov-Wasserstein distance (Bai et al., 2024) and has
been applied for NA (Liu et al., 2020), but the Gromov-Wasserstein cost depends only on nodes’
local neighborhood, which is insufficient for characterizing functional species equivalence. This
can be mitigated by endowing nodes with a motif-based node embedding and then using a partial
version of the Fused Gromov-Wasserstein distance (FGW) (Vayer et al., 2020; |Chapel et al., [2020),
but the quadratic cost in the FGW still only depends on local connectivity. Ecological network data
are scarce because collection is time- and resource-intensive, and inconsistencies across research
groups further limit the usable datasets (de Aguiar et al., 2019). Therefore, recent deep learning
approaches to network alignment (Xu et al.,|2019; |[Ratnayaka et al., 2024)) face limited applicability,
since the lack of large-scale homogeneous data hinders their effectiveness on the ecological network
alignment task. See Appendix [A.2]for a table that summarizes recent network alignment methods.

In this paper, we leverage a motif-based ecological network representation and propose a provably
correct algorithm for computing non-deterministic motif-based alignments between networks. A
schematic overview of the complete Wasserstein Motif Pipeline is provided in Appendix

Our main contributions are as follows:

1. Mathematical formalization of ecological network alignment: We provide a first mathematically
rigorous formulation for ecological network alignment based on network motifs.

2. Non-deterministic alignment: We propose a provably correct algorithm for the computation of
non-deterministic food web alignments and the identification of structurally equivalent species.

3. Backbone identification: We introduce the notion of the backbone of interactions for non-
deterministic alignments.

4. Numerical Analysis: We verify that our proposed formulation outperforms baselines in the eco-
logical network alignment task and produces valid backbones on a continental-scale dataset.

Figure 1] illustrates alignments between two toy food webs (red: species A-D, blue: species a—e),
with arrows indicating predator—prey interactions. Prior approaches (Mora et al. 2018a} |Hung
et al., [2025}; Bai et al., 2024) produce several inconsistencies: for example, species D is often mis-
aligned with nodes of different trophic roles, and species € is either weakly or spuriously aligned.
In contrast, our method consistently aligns A—C with a—c, preserving the top-to-bottom trophic or-
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Figure 1: Alignment between two toy networks. Thicker lines indicate stronger alignment.

dering, while correctly distinguishing between the structurally distinct species D and e. This results
in stronger, ecologically coherent correspondences that better capture the functional roles of species
across the two networks. See Appendix [A.T]for more examples.

Notations: Denote R and R as the set of real and non-negative real numbers, respectively, and
[n] := {1,2,--- ,n} be the set of positive integers up to and including n. The cardinality of a set
S'is denoted as | S|, and the vectors of ones and zeros in R? by 14 and 04, respectively. Denote
the d-simplex by A%~! where A%"! = {z € RY | 271, = 1}, and the uniform discrete measure
over the discrete set S as vg, i.e., vg = ses Jds, where d5(x) = 1if x = s and 0 otherwise.
Let /i denote a finite measure supported by a finite and discrete set S. We denote the probability
measure induced by /i to be y, i.e., pr : S — AlSI=1is defined as y := 05y Lses i({s})ds. The

element at the i-th column and j-th row of a matrix A € R™*" is denoted as A;; for all i € [m)]
and j € [n]. Assuming an order for the elements in a set S = {s1,---, 5|5/}, we can identify

the measure 115 on S with a vector in p € RISI, where p; = p({s;}). The Hadamard product of
two matrices A, B € R™*" is denoted as A ® B. The indicator function of a set is defined as
Ie(x) = 0ifz € C, and I¢(x) = 400, otherwise. The diagonal matrix formed by a vector z € R
is denoted as diag(x) € R™*™. The number of vertices of a (measure or feature measure) network
X is denoted as m := |X|. A finite, unweighted, undirected, (feature) measure network is defined
as a tuple X = (X, A, fi, ¢) consisting of a set of nodes X = {z!,---, 2™}, an adjacency matrix
A € R™ ™ a fully-supported measure i : X — R, and a feature vector ¢ : X — RM,

2 NON-DETERMINISTIC FEATURED MEASURE NETWORK ALIGNMENT

Given two featured undirected measure networks X; = (X3, A1,/i1,¢1) and Xy =
(X2, Az, 12, #2), we seek an alignment matrix 7' € R’'*™ that balances structural consistency
with feature similarity. Inspired by the Fused Gromov—Wasserstein (FGW) loss function (Vayer,
et al.| 2020), we consider the following optimization problem.

: . A _ =
Te%?)l(rll,Xg)g(T, C,o6) = (1—a){T,C) +a(T,A1(T ©C)A2)+ Ea.(T), (1)

zeroth-order similarity first-order similarity self-alignment penalty
Bae(T) = —e(a(T, A1 T Az) + (1 = @) [|T1),
T (X1, X)) 2 {T e RT*™ | T1,, < iy and T " 1,5, < fao},

where « € [0, 1] and =, . denote a self-alignment penalty. Moreover, for 2 € Xy and 27 € Xy, we
define their feature dissimilarity by d (¢1(z%), p2(27)), where d : RM™ x RM — R, where d is any
nonnegative discrepancy. Collecting all pairwise dissimilarities yields the cost matrix C' € R"*"
with entries C;; := d(¢1(z?), p2(2?)), where i € [m], j € [n].

Note that a variant of our method using directed adjacency matrices has been considered. However,
this variant performs less favorably as compared to our formulation. More details and experiments
regarding this variant can be found in Appendix [A.10]

In (T)), the zeroth-order similarity term promotes direct feature matching; note that it is minimized
when the alignment assigns values proportional to the cost matrix C. The first-order similarity
term encourages adjacency relations to be preserved under the alignment; it is minimized when the
alignment matrix assigns values to entries where neighbors of nodes are well aligned. They form a
“fused” objective that considers feature representations of vertices and network topology between
vertices. Moreover, in the absence of regularization, the trivial alignment 7' = O minimizes (]I[),
corresponding to no alignment at all. The self-alignment term penalizes trivial self-alignments where
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a node is not aligned with any other node. Specifically, for an € > 0, we can define C¢ := C' —
€l,,1,, and the objective in (I) becomes:

9(T;C 0 €) = aT, A1 (T © Ce)Ag) + (1 — a)(T, Ce),
=a(T, A (T ® C)As) + (1 — a)(T,C) — e(a(T, A1 T As) + (1 — ) ||T||1)-

Additionally, note that =, . (T") o —e(a(T, AyT A2) + (1 — a)(||t1 |1 + ||t2]]1)), where the vectors
t1:= i1 —T1, and ty := jis — T71,,, are called the self-alignment vectors.

Note that C' denotes the base feature dissimilarity matrix (non-negative by construction), while C.
is a shifted version introduced solely within the optimization problem to enforce the self-alignment
regularization term. Hence, although C' may contain only non-negative entries, C, can include
negative values without affecting the interpretation of C'itself as a cost matrix.

If we let /i1 and /i be probability measures, we call the solution of () an optimal non-deterministic
alignment, or an optimal deterministic alignment if T € {0,1}™>™. Informally, we distinguish
whether each unit of mass (or measure) in one network is mapped exclusively to a single counterpart
or may be split across multiple counterparts. Deterministic alignments (with probability measures)
are thus a special case of non-deterministic alignments where 7' is restricted to be binary. This
distinction mirrors the classical relationship between the Monge and Kantorovich formulations of
optimal transport (Villani et al., 2008; [Kantorovich, [1942); we relax deterministic pairings into
many-to-many alignments (Peyré et al., 2019). Feasible deterministic alignments correspond to a
matching in a complete bipartite graph when e = 0, which can be solved in polynomial time (Kuhn,
1955). However, once structural terms are incorporated (o« > 0), the objective no longer admits such
a reduction, and the problem becomes a general quadratic assignment problem.

Proposition 1. Ler X1 = (X1, A1, vx, ), Xo = (X2, As,vx,) be measure networks with uniform
discrete measures over their respective vertex sets. Let K, , = (X1 U Xo, E) be the complete
bipartite graph over their vertex sets. Then, the set of matchings in K,, y, is in bijection with the set
of deterministic alignments between X1 and Xo.

To avoid confusion with the Fused Gromov—Wasserstein (FGW) formulation, we emphasize that our
objective is structurally distinct from FGW in both modeling assumptions and objective structure.
Classical FGW assumes two metric spaces (X1, d;) and (Xs, d2) and its quadratic term compares
all distance pairs through

> Ldy(xi, i), da(y;,y;0)) Ty Torjr.

L,
LEVEXRV

In our formulation, structural information is encoded by adjacency. Expanding our first-order term,

(T, AT © C)As) = > (A)iir(A2)j5 Corys Tij Ty,

1,351",3"

reveals a fundamentally different interaction: only actual edges (A;);7 = 1 and (Ag);;» = 1
contribute, making the structural cost strictly local and feature-aware. Feature dissimilarity C' is
embedded directly inside this localized structural interaction, coupling motif-role similarity with
adjacency in a way that cannot be reproduced by any choice of metrics dy, ds or loss L in FGW. For
this reason, FGW with motif-based features is not a feature-matched surrogate for our formulation.
For more details and numerical experiments comparing motif-based FGW and our formulation, see

Appendix [A.6]
2.1 COMPUTATION OF NON-DETERMINISTIC ALIGNMENTS

From an optimization perspective, Problem (I)) in its deterministic variations is a non-convex con-
strained optimization problem over transport matrices with inequality marginals. Coupled with the
integrality constraints, the deterministic alignment problem is a (combinatorial) quadratic assign-
ment problem (Koopmans & Beckmann|(1957))). Efficiently solving this problem is out of the scope
of this work; we refer the curious reader to |(Gurobi Optimization, LLC| (2024) for a baseline and
Shi et al.|(2025) for a recent advancement in this direction. Thus, we focus on the non-deterministic
alignment problem. We propose a variation of the KL Bregman Alternating Projected Gradient (KL-
BAPG) algorithm with Dykstra subroutines. This approach preserves non-negativity by design,
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achieves a practical balance between accuracy and efficiency, and is supported by strong theoretical
guarantees from prior work [Li et al.|(2023)); Benamou et al.| (2015).

We propose the following algorithm for the computation of an optimal non-deterministic alignment
between X and X» (see detailed derivation in Appendix [A23):

T®=Pe, (T* Y @ exp(—Q* 1)), and T*D=Pe, (T™ & exp(—Q *))), )

1 / . 1
QW:=aA,(C.oT* 1) Ay + 5(1=a)Ce, and Q B):=aC, © (A4, TH 4,) + 5(1=a)C,

where Cy (11) := {T € [0,1]™*" | T1,, = u}, Co(v) := {T € [0,1]™*" | T"1,, < v}, and vy > 0.
Assumption 1 (Bounded accumulative asymmetrical error (AAE)). The iterates generated by

Eq. @) have the following property: S5 o(Dy(T®), TH:+1) — Dy (TR TR))) < o0, where

Dy, is the Bregman divergence generated by the entropy function h(X) =", ; Tij log x;; .

AAE of Toy Example for Various ~

Assumption [T] is the key condition that allows us to
control the non-symmetric part of the Bregman diver-
gence D, when we build a global Lyapunov function
for the alternating scheme. When h is quadratic, Dy,
is symmetric and the asymmetric term in the summand
vanishes identically, so Assumption [T] holds trivially
(this is precisely the setting treated in the quadratic
case 12023 Proposition 3.5)). In the entropic
case, the Bregman divergence is non-symmetric, and
the differences do not cancel in general; proving that
its accumulation is finite couples the geometry of the
entropy and the two-block structure of the algorithm.
Verifying it analytically for entropic Bregman genera-
tors is currently an open question. Following the approach in 2023 Figure 3), we empiri-
cally verify the result and observe that the cumulative error stabilizes for all step sizes we consider.
However, Assumption [T)is a concrete instance of the classical “summable error” conditions that ap-
pear in the analysis of inexact proximal and Bregman methods: the descent inequality holds up to
an error term, and one assumes that these errors form an absolutely summable sequence in order to
apply the Kurdyka-}t.ojasiewicz framework (Giiler, [1992} [Attouch et al] [Yang & Tohl [2022]
Chu et al 2023} [Yang et al [2025). In our main result, i.e., Theorem [I} we keep Assumption [I]
for the general fixed-step-size entropic scheme. Figure 2] shows the AAE of the iterates generated
by @) with & = 0.5, ¢ = 1.0 and various values of . This provides empirical evidence that the
Assumption [ holds. However, we also show that Assumption [I]is not ad hoc: in Appendix [C] we
prove (c.f., Theorem [2)) that, for the entropic generator, the accumulative asymmetric error is auto-
matically summable under a mild “small enough” and decaying step-size regime (3_ -, 3 < 00).
We are now ready to state our main result on the convergence of Eq. ([2) to a first-order stationary

point of (T).

Theorem 1. Let X; = (X3, A1, p), Xo = (Xa, Aa,v) be two featured measure networks, C' €
RT*", a €[0,1], e > 0, with Ce := C — €l,, 1), v > 0, and T = 11,17 LetAssumption
hold. Then, the iterates generated by [2) converge to a first-order stationary point of ().
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2.2 NETWORK MOTIFS FOR ALIGNMENT OF ECOLOGICAL NETWORKS

. . Q Q
Ecological networks are represented by directed graphs 52 [\;4/) ‘ Q\S/j ‘ ng/o
G = (X, A), where X is the set of species and A is the ad- C=—0 o2
jacency matrix of the directed graph (not necessarily sym- Av f{_\ 07 ‘ Q{y :‘(E
metric). We model ecological networks as featured mea- c—0
sure networks X = (X, A, u, m), where A := A+ AT is Figure 3: The 13 non-isomorphic three-
the adjacency matrix of the underlying undirected graph node directed motifs (adapted from
of G, u is a measure reflecting the relative importance of (Mora et al |, 2018b)).

species, and m is the corresponding motif role profile for
this network. Specifically, given G, its motif role profile is a map mx : X — RP defined as

(mx(x)); = #{occurrences of motif role i that  participates in G}, Vi=1,...,p.
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Figure 5: Alignment results between Cliff of Bandiagara and Namaqua for various alignment meth-
ods: Red lines divide the species by dietary classification (carnivore, omnivore, herbivore), and
species are sorted by decreasing biomass within each division. Number-species correspondences
can be found in Appendix [A.4]

The feature vector m is defined for all directed unweighted networks; hence, its definition can carry
over to arbitrary directed unweighted measure networks. Moreover, note that we decouple the di-
rected graph into its (undirected) topological structure, captured by both A and m, and the direction
information, captured by m. In the rest of this paper, we will refer to this motif role profile map
as m when the domain of the map can be inferred. Figure [3] depicts the thirteen non-isomorphic
three-node motifs for directed graphs, for a total of 30 unique role positions.

Remark 2.1. We adopt the uniform probability distribution over species, i.e., p = vx /| X|, i.e., all
species are weighted equally. However, the formulation naturally allows for more general measures

when abundance, biomass, or trait data are available.
O Sudanian Savanna  © Subequatorial

In (Mora et al.| 2018al Eq. (3)), the authors proposed the fol- @ Lake Turkana
lowing cost to quantify the quality of a deterministic alignment o Southern Drylands  victoria Basin &
between ecological networks A and B: © Congolian Forests  Albertine Rift Forests

ean(d) = Yoer (Siamen, A= p@B) +&), G

where A is the set of pairs of aligned nodes, with a € A, and
B € B, A, C Ais the set of pairs of nodes containing a neigh-
bor « of a and a neighbor 3 of b, &, = (1 —¢) max (k. , kzy)-
where k;,, (and k) is the number of neighbors of a (and b)
that are not paired with a neighbor of a (and b), which can
be understood as the penalty for the unpaired neighbors of ev-
ery pairing x = (a,b); finally, p(«, 3) measures the species
role similarity as the correlation coefficient of their respective
network motifs. Moreover, the authors provide an annealing
approach to compute alignments that achieve a low cost. How-
ever, in addition to only allowing deterministic alignments, re-  ; gure 4: Locations of the 129 sites
sults str((;ngly depend on tpe stochasticity of the annealipg Pro- , ross Africa. The locations used
cess, and no guarantees of convergence to stationary points are = . Cohl

provided. Our next theoretical result formalizes the heuristic in Fig. |§|are highlighted.
developed in (Mora et al.,|2018a)) as a deterministic alignment computation, and shows its geometric
structure as an optimization problem with a Gromov-Wasserstein-like cost functional.

Savannas & Woodlands

Cliff of Bandiagara

Proposition 2. Ler X; = (X1, A1,vx,,my) and Xy = (Xo, A, vx,, Ma), with uniform measures,
and « = 1, € > 0. Then, a deterministic alignment minimizes @) if and only if the generated
alignment pairs minimize (3).

3 NUMERICAL ANALYSIS ON SUB-SAHARAN MAMMAL FOOD WEBS

In this section, we demonstrate the interpretability, scalability, and versatility of the proposed frame-
work. We use Python for the following experiments, using the NetworkX library by Hagberg et al.
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(2008) for network data handling and the pymfinder package by Mora et al.| (2018b)) for net-
work motif computations. Unless explicitly mentioned, we model all unweighted directed networks

G = (X, A) as the featured measure network X = (X, A, vx, m), where A = A+ AT, v is the
uniform discrete measure over the vertex set X, and m denotes the motif profile map.

We use a dataset of 129 Sub-Saharan

. 25 - 25 -
African mammal food webs (Hung et al.| B20 - 590 -
20235), which contains prey—predator inter- 215- g15-
0 . . - o |
actions for large-bodied terrestrial mammals g 19 2 19
. @ O o h-
(> 500g). The dataset comprises 216 mam- 0 == a oM L=
1 o5 12 ord d 33 fami 15 30 45 60 75 0.04 0.08 0.12 0.16 0.20
ma Spe.CICS rom orders an. ami- Species Richness Connectance
lies. Figure [] shows the .IOCEIUOHS of the (a) Species richness. (b) Species connectance.
food webs, classified by biomes. Interac-
tions were compiled using a metaweb ap- oo g G0
Herbaceous oo g R
proach (Dunne| [2006), where a compre- q Fruit 2 95
hensive binary interaction matrix was con- v«whmw‘ Seed g
. . Onfiivite | Omnivore 12
structed from the union of predator—prey in- -\ 0 Bl
; : - AR 1ncribrate 20 40 60 80 100 120
teractions from Mammals of Africa (King- Bird il Number of Locations
don|, 2013) and global mammal interaction . fsh i '
b (c) Dietary categories. (d) Species occurrences.

data (Fricke et al., 2022), and additional in-
ferred interactions based on taxonomic in-
formation and body size overlap (Brose et al., 2019} |Gravel et al.| 2013} |Segar et al., |2020; [Wood-
ward et al., |2005). See Hung et al.| (2025) for methodological details of the dataset assembly.
Figure [0] provides a statistical overview of the dataset. Species richness across sites ranges from
16 to 75 and connectance from 0.0345 to 0.221 (Figs. [6aHEb). Taxonomically, the dataset spans
herbivores(~ 42.6%), omnivores(~ 34.5%), and carnivores (~ 22.9%), with a detailed breakdown
shown in Fig. While 14.8% species are restricted to a single site, a large group recurs broadly
across ecosystems (Fig. [6d).

Figure 6: Dataset Statistics

We first examine the food web alignments generated by various methods between the sites Cliff of
Bandiagara and Namaqua. See Appendix [A.3]for a visualization of these food webs. Notably, the
Fused-Gromov Wasserstein(FGW) method by [Hung et al.| (2025) and the Partial-FGW method by
Chapel et al.|(2020) require additional feature information about the species. The feature dissimilar-
ity required for those methods is computed by taking the Gower distance between the functional trait
data for each pair of species. See Hung et al.[(2025) for more information regarding its construction.

Figure 3] shows that the species within each dietary group are func- 0.06

tionally similar to each other, with the exception of the alignment % 004k
between Mungos Mungo (Banded mongoose, an insectivore) with % 8 !
Raphicerus campestris (Steenbok, a herbivore), marked with a star. = 0.02- %
Upon further inspection, we find that the prey of the banded mon- é %

0.00-

goose all have body masses below 500¢g and are therefore excluded Identical Different
from the network. As a result, the banded mongoose does indeed Species Species
play a functional role in Cliff of Bandiagara that is similar to that Fjgure 7: Alignment discrep-
of the steenbok, testifying to the reliability of the proposed method.  ancy of species.

However, the exceptions found in the alignment produced by the

FGW and Partial-FGW approaches are less ecologically consistent. For example, both of these
methods aligned Felis Silvestris (Wildcat, a carnivore) to Eudorcas rufifrons (Red fronted gazelle,
a herbivore). Unlike the prior case, the wildcat feeds on small mammals, four of which are also
present in the Namaqua food web. On the contrary, the red fronted gazelle is near the bottom of
the food chains in Cliff of Bandiagara, only very rarely feeding on Ichneumia albicauda, the white
tailed mongoose. The wildcat and the gazelle play different functional roles in their ecological com-
munities, but are nevertheless aligned strongly by the FGW and partial-FGW methods. The method
in (Mora et al.,2018a) produces a similar exception where the Hippotragus equinus (Roan antelope,
a herbivore) is aligned to the Suricata suricatta (Meerkat, a carnivore).

A challenge in the ecological network alignment task is to identify functionally overlapping or re-
dundant species. Deterministic alignments produced by Mora et al,| (2018a) overlook this phe-
nomenon by aligning species with their single most similar counterparts. While an improvement
from strictly deterministic alignments, we observe that the FGW and Partial-FGW alignment meth-
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Figure 8: Additional non-deterministic alignments between sites. Red lines divide the species by

dietary classification (carnivore, omnivore, herbivore), and species are sorted by biomass.

ods generate transport plans with as few alignments as possible. Figure [§] showcases three more
alignments obtained using the proposed method. While the left alignment depicts two food webs
with very few overlapping/redundant roles, the proposed alignments identify two groups of species
that share very similar alignment distributions in the remaining two. This indicates that multiple
species from the same network are functionally similar to the same set of species in the other net-
work, suggesting that the functional roles of these species are also similar. In particular, these groups
of species primarily fall within the omnivore and herbivore dietary classes (together accounting for
about 75% of the entire dataset), suggesting that their functional roles are statistically more likely to
overlap.

We performed network alignment using the proposed method pairwise across all locations in the
dataset(with & = 0.5 and € = 1.0), for a total of 8256 alignments. We perform a comprehensive
hyperparameter analysis in Appendix [A.7]to evaluate the sensitivity of our method to these choices.
Although cost matrix construction is often the computational bottleneck (~ 0.15 £ 0.07 seconds of
0.20£0.08 seconds per alignment), we could compute the motif embedding for each food web a pri-
ori and reduce the cost matrix computation to pairwise dissimilarity of the motif role profiles. This

way, the computational bottleneck becomes the (];, ) pairwise alignments, where N is the dataset
size. Given precomputed motif embeddings and running on an AMD Ryzen 7 9700X CPU, our
method averaged 0.05 4= 0.01 seconds per alignment, which represents a 158x speedup compared to

the 7.92 seconds average reported by the method in Mora et al.| (2018a)).

Figure[7)shows that our alignment method captures species’ functional
roles. In the absence of ground truth for ecological roles, we adopt
the common assumption that identical species across different com-
munities typically play more similar roles than arbitrary non-identical
species. To test whether our alignments are consistent with this as-
sumption, we defined the alignment discrepancy between two species
as the average L, difference of their alignment distributions across
networks. We then compared discrepancies between identical and non-
identical species. Results show that identical species exhibited a mean
discrepancy of 0.015£0.008, significantly lower than the 0.0240.007
observed for non-identical species. These results demonstrate that the
proposed method yields significantly more consistent alignments for

L: Large C: Cami.vore
S: Small O: Omnivore
. H: Herbivore
LC 0.9
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LO 0.5
o W M
Li o
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Figure 9: Weighted aver-
age of alignment strengths
across and within groups

identical species, verifying its ability to recover functional role simi- .
larities. of species.
Figure [9] shows the meta alignment obtained by partitioning %' - i "
the 216 species into six groups based on dietary class and me- <
08

dian biomass. Each group is treated as a supernode, with align-
ment strengths computed as weighted averages of species-level
alignments. For each pair of species and the alignment be-
tween them, the weight is defined as the product of the sizes of
the two networks from which the two species are derived, so
that the alignment strengths are comparable across networks.
The results reveal strong alignments within large carnivores
and within small carnivores, but a weak alignment between
the two, consistent with the exclusion of small-prey species
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3
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Figure 10: Meta alignment weights
within each group of species vs €.

(< 500g9) that lowers the trophic placement of small carnivores relative to larger ones.
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Figure [T0] depicts within-group meta alignments across varying e. As e increases, within-group
strengths rise overall, with small carnivores showing the sharpest increase, surpassing large carni-
vores at ¢ = 1.5. This pattern indicates that small carnivores are primarily self-aligned at low €
and only align with one another at higher values, highlighting their distinct functional roles. To
further assess the robustness of our approach, we present results on alignments on additional real
and synthetic data in Appendix [A.§]

4 IDENTIFICATION OF NON-DETERMINISTIC BACKBONES OF INTERACTIONS

Backbones of interactions identify recurrent structural patterns in food webs that persist despite eco-
logical or environmental variability. These backbones highlight trophic links that are consistently
conserved across different ecosystems, thereby revealing ecological regularities that shape com-
munity assembly and constrain possible reorganization under disturbance. The existing approach
to identifying backbones relies on deterministic alignments, where species are mapped one-to-one
across networks (Mora et all |[2018a). However, the rigidity of deterministic methods is also evi-
dent in backbone identification. By recovering the full set of valid role correspondences within each
pairwise alignment of ecological networks, non-deterministic alignments produce backbones that
better reflect structural regularities across ecosystems. Formally, backbones are defined through role
similarity scores that summarize how strongly a species aligns with counterparts across a dataset
of ecological networks. Species with consistently high role similarity scores are considered central
to the structural backbone, and the induced subgraph formed by these species provides a rigorous
representation of the backbone of interactions. We now introduce the relevant definitions.

Definition 4.1. Ler D = {X1,..., XN} denote a collection of featured measure networks, and
let {T}N \j=1 be the pairwise non-deterministic alignments between them with corresponding dis-

similarity matrices {C%}N For a species uw € X;, its role similarity score S is defined as

3,j=1*
S(u)= szl ZueX (1 — CIP)T'2. A species achieves a high role similarity score when little of
its mass is self-aligned and when it aligns with species that have a low dissimilarity cost across the
dataset.

Definition 4.2 (Top-k backbone). Given a network X; and the role similarity scores of its species,
the top-k backbone of X;, denoted B; = (Vp,, Ep,), is the subgraph induced by the k species in X;
with the highest role similarity scores.

We adopt the criteria of Mora et al.| (2018a)) to assess the internal consistency and ecological co-
herence of B;: (i) relative connectance, the ratio of connectance within the backbone compared to
the full network; (ii) connectivity (“path likelihood” in (Mora et al., 2018a)), the fraction of back-
bones that induce a connected subnetwork; and (iii) transitivity. While (i) and (ii) lift directly to
our setting, (iii) requires a new definition because our proposed correspondences are fractional and
many-to-many. Therefore, we introduce the following notion of non-deterministic transitivity:

Definition 4.3 (Non-deterministic transitivity score). For each species w € Vp,, its non-
deterministic transitivity score is

) £ 2 paety, Tuex, Duex, T - Tib T2/ % pactv], Loex, Swex, T - Tid:
p<q, p,q#i p<q, p,qFi

The transitivity score of a backbone is obtained by averaging Tr(u) across all u € Vip,. It measures
the consistency with which species alignments form transitive triangles across networks.

We empirically analyze the backbones of interactions underlying the food webs in our dataset.
Fig. [T1] shows the top-7 backbones of two of our food webs. We first computed role similarity
scores (Def. for all species for each network, and sorted them in decreasing order. Then, for
a given k, we compute the subnetwork induced by the top-k species to obtain the top-k backbone
(Def. [4.2). We measure the connectivity and transitivity of our backbones to assess the quality of
the generated backbones. In particular, for each backbone size k, we find the median relative con-
nectance (Fig. [I2a)), path likelihood (Fig. [I2b) and transitivity score (Fig. defined in Def. [4.3).
These scores are compared to a null model, where the same computations are performed on the sub-
network induced by k species that are randomly selected, averaged over 50 trials. Our backbones
demonstrated a significantly higher relative connectance than the null model for smaller values of
k. For large values of k, it is expected that the relative connectance of both our backbones and the
null backbones converges to 1, because both backbones cover the vast majority of species in most
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Figure 11: Examples of the top-7 backbones of food webs in our dataset. Species in the backbone
are marked red, while the remaining species are blue. The full correspondence between number
labels and species names can be found in Appendix [A.4}

food webs, making them have similar connectance to the full web. Moreover, our backbones are
much more likely to form a single connected component than the null model, as demonstrated by
having more than half of the backbones connected with as few as 6 species, which is significantly
fewer than the 19 species required for the null backbones. Lastly, our backbones are consistently
more transitive than the null model, exhibiting high transitivity scores for all values of k£ up to 7.
Definition [4.2] involves summing over all triples of networks and all triples of backbone species,
yielding time complexity O(N?3k?3), which is polynomial time and tractable for typical ecological
datasets. In practice, the transitivity computation is dominated by the null-model estimation, which
requires recomputing the metric across 50 random subsets. On our mid-range desktop CPU (AMD
Ryzen 7 9700X), the entire null-model computation took approximately 20 hours, a cost incurred
once solely for evaluation purposes. Overall, these findings demonstrate that our method produces
backbones that consistently meet the backbone criteria proposed in|Mora et al.| (2018a)), while also
offering scalability and reproducibility.
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Figure 12: Structural properties of our top-k backbones as a function of k.

5 CONCLUSIONS AND FUTURE WORK

We introduced Wasserstein Motifs, a non-deterministic network alignment framework for the eco-
logical network alignment problem. We introduced a provably correct algorithm that efficiently
computes species correspondences by functional role similarity. From these correspondences, we
defined backbones of interactions underlying ecological networks. Numerical analysis performed on
a continental-scale dataset of African mammal food webs showcased the capability of the proposed
method to identify groups of functionally similar species, sidestepping species with redundant or
overlapping roles. We evaluated the quality of the backbones derived from our alignments to dis-
cover that they demonstrate higher connectivity and transitivity than an appropriate null model.

Our experiments considered the uniform discrete measure over the species (Remark [2.I). Future
work should restrict the measure to emphasize a focal subset of species, enabling zoomed-in analyses
of functional role similarity. These extensions demonstrate the flexibility of the proposed framework
in integrating heterogeneous ecological information while maintaining mathematical consistency.
Moreover, parameter-free backbone constructions could be developed, such as backward backbones,
where the least well-aligned species are removed in sequence until the scenario where removing the
next species causes the food web to become disconnected.

10



Under review as a conference paper at ICLR 2026

REFERENCES

Aljohara Almulhim, Vachik S Dave, and Mohammad Al Hasan. Network alignment using graphlet
signature and high order proximity. In International Conference on Machine Learning, Optimiza-
tion, and Data Science, pp. 130-142. Springer, 2019.

Hedy Attouch, Jérome Bolte, and Benar Fux Svaiter. Convergence of descent methods for semi-
algebraic and tame problems: proximal algorithms, forward—backward splitting, and regularized
gauss—seidel methods. Mathematical programming, 137(1):91-129, 2013.

Yikun Bai, Rocio Diaz Martin, Abihith Kothapalli, Hengrong Du, Xinran Liu, and Soheil Kolouri.
Partial gromov-wasserstein metric. arXiv preprint arXiv:2402.03664, 2024.

Benjamin Baiser, Rasha Elhesha, and Tamer Kahveci. Motifs in the assembly of food web networks.
Oikos, 125(4):480-491, 2016.

Jean-David Benamou, Guillaume Carlier, Marco Cuturi, Luca Nenna, and Gabriel Peyré. Iterative
bregman projections for regularized transportation problems. SIAM Journal on Scientific Com-
puting, 37(2):A1111-A1138, 2015.

Austin R Benson, David F Gleich, and Jure Leskovec. Higher-order organization of complex net-
works. Science, 353(6295):163-166, 2016.

Ulrich Brose, Phillippe Archambault, Andrew D Barnes, Louis-Felix Bersier, Thomas Boy, Jodo
Canning-Clode, Erminia Conti, Marta Dias, Christoph Digel, Awantha Dissanayake, et al. Preda-
tor traits determine food-web architecture across ecosystems. Nature ecology & evolution, 3(6):
919-927, 2019.

Rainer E Burkard. Quadratic assignment problems. European Journal of Operational Research, 15
(3):283-289, 1984.

Simone Cenci, Chuliang Song, and Serguei Saavedra. Rethinking the importance of the structure of
ecological networks under an environment-dependent framework. Ecology and evolution, 8(14):
6852-6859, 2018.

Laetitia Chapel, Mokhtar Z Alaya, and Gilles Gasso. Partial optimal tranport with applications on
positive-unlabeled learning. Advances in Neural Information Processing Systems, 33:2903-2913,
2020.

Xuexin Chen, Ruichu Cai, Yuan Fang, Min Wu, Zijian Li, and Zhifeng Hao. Motif graph neural
network. arXiv preprint arXiv:2112.14900, 2021.

Hong TM Chu, Ling Liang, Kim-Chuan Toh, and Lei Yang. An efficient implementable inexact
entropic proximal point algorithm for a class of linear programming problems. Computational
Optimization and Applications, 85(1):107-146, 2023.

Joel E Cohen and Charles M Newman. A stochastic theory of community food webs i. models and
aggregated data. Proceedings of the Royal society of London. Series B. Biological sciences, 224
(1237):421-448, 1985.

Marco Cuturi. Sinkhorn distances: Lightspeed computation of optimal transport. Advances in neural
information processing systems, 26, 2013.

Marcus AM de Aguiar, Erica A Newman, Mathias M Pires, Justin D Yeakel, Carl Boettiger, Laura A
Burkle, Dominique Gravel, Paulo R Guimaraes Jr, James L. O’Donnell, Timothée Poisot, et al.
Revealing biases in the sampling of ecological interaction networks. PeerJ, 7:€7566, 2019.

Jennifer A Dunne. The network structure of food webs. Ecological networks: linking structure to
dynamics in food webs, 1:27-86, 2006.

Evan C Fricke, Chia Hsieh, Owen Middleton, Daniel Gorczynski, Caroline D Cappello, Oscar
Sanisidro, John Rowan, Jens-Christian Svenning, and Lydia Beaudrot. Collapse of terrestrial
mammal food webs since the late pleistocene. Science, 377(6609):1008-1011, 2022.

11



Under review as a conference paper at ICLR 2026

Palash Goyal and Emilio Ferrara. Graph embedding techniques, applications, and performance: A
survey. Knowledge-Based Systems, 151:78-94, 2018.

Dominique Gravel, Timothée Poisot, Camille Albouy, Laure Velez, and David Mouillot. Inferring
food web structure from predator—prey body size relationships. Methods in Ecology and Evolu-
tion, 4(11):1083-1090, 2013.

Osman Giiler. New proximal point algorithms for convex minimization. SIAM Journal on Opti-
mization, 2(4):649-664, 1992.

Gurobi Optimization, LLC. Gurobi Optimizer Reference Manual, 2024. URL https://www.
gurobi.com.

Aric Hagberg, Pieter J Swart, and Daniel A Schult. Exploring network structure, dynamics, and
function using networkx. Technical report, Los Alamos National Laboratory (LANL), Los
Alamos, NM (United States), 2008.

Jiashu He, Charilaos Kanatsoulis, and Alejandro Ribeiro. T-gae: Transferable graph autoencoder
for network alignment. In The Third Learning on Graphs Conference, 2024.

Paul W Holland and Samuel Leinhardt. Local structure in social networks. Sociological methodol-
ogy, 7:1-45, 1976.

Kai M. Hung, Lydia Beaudrot, Ann E. Finneran, Alex G. Zalles, and César A. Uribe. Quanti-
fying functionally equivalent species and ecological network dissimilarity with optimal trans-
port distances. Methods in Ecology and Evolution, n/a(n/a), 2025. doi: https://doi.org/10.1111/
2041-210x.70130. URL https://besjournals.onlinelibrary.wiley.com/doi/
abs/10.1111/2041-210x.70130.

Leonid V Kantorovich. On the translocation of masses. In Dokl. Akad. Nauk. USSR (NS), volume 37,
pp- 199-201, 1942.

Jonathan Kingdon. Mammals of Africa. Bloomsbury, 2013.

Tjalling C Koopmans and Martin Beckmann. Assignment problems and the location of economic
activities. Econometrica: journal of the Econometric Society, pp. 53-76, 1957.

Harold W Kuhn. The hungarian method for the assignment problem. Naval research logistics
quarterly, 2(1-2):83-97, 1955.

Jiajin Li, Jianheng Tang, Lemin Kong, Huikang Liu, Jia Li, Anthony Man-Cho So, and Jose
Blanchet. A convergent single-loop algorithm for relaxation of gromov-wasserstein in graph
data. arXiv preprint arXiv:2303.06595, 2023.

Weijie Liu, Chao Zhang, Jiahao Xie, Zebang Shen, Hui Qian, and Nenggan Zheng. Partial gromov-
wasserstein learning for partial graph matching. arXiv preprint arXiv:2012.01252, pp. 115, 2020.

Facundo Mémoli. Gromov-wasserstein distances and the metric approach to object matching. Foun-
dations of Computational Mathematics, 11(4):417-487, August 2011. ISSN 1615-3375, 1615-
3383. doi: 10.1007/s10208-011-9093-5.

Ron Milo, Shai Shen-Orr, Shalev Itzkovitz, Nadav Kashtan, Dmitri Chklovskii, and Uri Alon. Net-
work motifs: simple building blocks of complex networks. Science, 298(5594):824-827, 2002.

Bernat Mora, Dominique Gravel, Luis J Gilarranz, Timothée Poisot, and Daniel B Stouffer. Identify-
ing a common backbone of interactions underlying food webs from different ecosystems. Nature
Communications, 9(1):2603, 2018a.

Bernat Bramon Mora, Alyssa R Cirtwill, and Daniel B Stouffer. pymfinder: a tool for the motif
analysis of binary and quantitative complex networks. BioRxiv, pp. 364703, 2018b.

Pavel V Paulau, Christoph Feenders, and Bernd Blasius. Motif analysis in directed ordered networks
and applications to food webs. Scientific reports, 5(1):11926, 2015.

12


https://www.gurobi.com
https://www.gurobi.com
https://besjournals.onlinelibrary.wiley.com/doi/abs/10.1111/2041-210x.70130
https://besjournals.onlinelibrary.wiley.com/doi/abs/10.1111/2041-210x.70130

Under review as a conference paper at ICLR 2026

Gabriel Peyré, Marco Cuturi, et al. Computational optimal transport: With applications to data
science. Foundations and Trends® in Machine Learning, 11(5-6):355-607, 2019.

Gathika Ratnayaka, James Nichols, and Qing Wang. Learning partial graph matching via optimal
partial transport. arXiv preprint arXiv:2410.16718, 2024.

Leonardo FR Ribeiro, Pedro HP Saverese, and Daniel R Figueiredo. struc2vec: Learning node
representations from structural identity. In Proceedings of the 23rd ACM SIGKDD international
conference on knowledge discovery and data mining, pp. 385-394, 2017.

Aravind Sankar, Junting Wang, Adit Krishnan, and Hari Sundaram. Beyond localized graph neural
networks: An attributed motif regularization framework. In 2020 IEEE International Conference
on Data Mining (ICDM), pp. 472-481. IEEE, 2020.

Simon T Segar, Tom M Fayle, Diane S Srivastava, Thomas M Lewinsohn, Owen T Lewis, Vojtech
Novotny, Roger L Kitching, and Sarah C Maunsell. The role of evolution in shaping ecological
networks. Trends in Ecology & Evolution, 35(5):454—466, 2020.

Liangliang Shi, Haoran Zhang, Shuheng Shen, Changhua Meng, Weigiang Wang, and Junchi Yan.
Biqgap: Neural bi-level optimization-based framework for solving quadratic assignment problems.
In Proceedings of the 31st ACM SIGKDD Conference on Knowledge Discovery and Data Mining
V. 2, pp. 2550-2561, 2025.

Daniel B Stouffer, Marta Sales-Pardo, M Irmak Sirer, and Jordi Bascompte. Evolutionary conserva-
tion of species’ roles in food webs. Science, 335(6075):1489-1492, 2012.

Karl-Theodor Sturm. On the geometry of metric measure spaces. Acta Mathematica, 196(1):65—
131, 2006. doi: 10.1007/s11511-006-0002-8.

Julia Tavella, Fredric M Windsor, Débora C Rother, Darren M Evans, Paulo R Guimaraes Jr, Tania P
Palacios, Marcelo Lois, and Mariano Devoto. Using motifs in ecological networks to identify the
role of plants in crop margins for multiple agriculture functions. Agriculture, Ecosystems &
Environment, 331:107912, 2022.

Titouan Vayer, Laetitia Chapel, Remi Flamary, Romain Tavenard, and Nicolas Courty. Fused
gromov-wasserstein distance for structured objects. Algorithms, 13(9), 2020. ISSN 1999-4893.
doi: 10.3390/a13090212. URL https://www.mdpi.com/1999-4893/13/9/212|

Cédric Villani et al. Optimal transport: old and new, volume 338. Springer, 2008.

Richard J Williams and Neo D Martinez. Simple rules yield complex food webs. Nature, 404(6774):
180-183, 2000.

Guy Woodward, Dougie C Speirs, Alan G Hildrew, and C Hal. Quantification and resolution of a
complex, size-structured food web. Advances in ecological research, 36:85—-135, 2005.

Hongteng Xu, Dixin Luo, and Lawrence Carin. Scalable gromov-wasserstein learning for graph
partitioning and matching, 2019. URL https://arxiv.org/abs/1905.07645|

Lei Yang and Kim-Chuan Toh. Bregman proximal point algorithm revisited: A new inexact version
and its inertial variant. SIAM Journal on Optimization, 32(3):1523-1554, 2022.

Lei Yang, Jingjing Hu, and Kim-Chuan Toh. An inexact bregman proximal difference-of-convex
algorithm with two types of relative stopping criteria. Journal of Scientific Computing, 103(3):
91, 2025.

Zhaoning Yu and Hongyang Gao. Motifexplainer: a motif-based graph neural network explainer.
arXiv preprint arXiv:2202.00519, 2022.

13


https://www.mdpi.com/1999-4893/13/9/212
https://arxiv.org/abs/1905.07645

Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 MORE ALIGNMENT TOoY EXAMPLES

(Mora et al., 2018a) Ours,a =0 Ours, o = 0.5 Ours,a =1

%

Figure 13: Optimal alignment between two toy networks with various alignment methods. Thicker
lines indicate stronger alignment.

A.2 TABLE OF COMPARISON

Table 1: Comparison with existing network alignment methods

DESIRED PROPERTY
METHOD NON-DET. TOP.-AWARE PARTIAL MOTIF-BASED

atnayaka et al.[ (2024
mulhim et al.
asserstein Motifs (Ours)

N XX NN\ X%
AN N 2 S N
WX WX WX S
NN X XX X S

14



Under review as a conference paper at ICLR 2026

A.3 ALGORITHM ANALYSIS AND DETAILS
We can rewrite our objective functional in Eq. (1) as follows:
1
g(m,w; C,a,€) = alm, A1 (C © w)Asz) + (1 — a)(C, 5(71' +w)) + Zq (T, w),

where Z, (7, w) = —e(a(m, AjwAs) + (1 — a)(||7[|1 + ||w][1)). thus Eq. (I) is equivalent to
min g(m,w; C, o, €) + I, (m) + I, (w), 4)

where ¢, denotes the indicator function for the constraint set C;. Then, we can penalize the equality
constraint in the cost function and construct the penalized cost function:

1 i
miurjlg(mw) + I, () 4+ I, (w) + ;Dh(mw), with D, (X,Y) & Z {xij log z—q,
, — ij

ij
where Dy, is the Bregman divergence induced by h(X) = >, z;jlogz;;, and v > 0. Now,
following L1 et al.|(2023), at iteration k, we alternate between linearizing g around each operator (7
and w) and solve a KL—proximal step subproblem:

1 / 1
7P = arg min <Q(k),ﬂ'> + =Dy, (7, w*) and w* = arg min <Q (k). w> + =D, (w, 78,
w€eCy v wECs v

where the cost surrogates Q*) and Q' (%) are defined as:

) 1 1
QW = aA,(C o wr) Ay + F(1—a)C - e(Ajwk Ay + 51,711;)
/ 1 1
QW = aCo (A Ay) + F(1=a)C - e(Aymh A, + 51,7111).

In each of the subproblems, we minimize a linear term plus the Bregman divergence between the
previous iteration of the other operator, under nonnegativity and a single set of marginal constraints.

We write the generic subproblem as minycc(Q, X) + %D;L(X7 Y) with C € {C1,Ca}. Setting
C = C; and introducing dual variables A € R, the Lagrangian is

1
L(X,N):= <Q,X>+;Dh(X,Y)+<)\,X1n—u1> (5)
Minimizing w.r.t. X entrywise yields, for any z;; > 0:
oL 1. Xy
OZaTij:Qij+;1OgYi;+>\i = Xij:Yz‘jGXp(*’Y(QijJr/\i)) (6)

If we denote X;; ; = Yi; exp (—yQ;;) as the unconstrained optimizer, then the Lagrangian optimizer
can be written as X = Yj; exp (—7Qi;) exp (—7\i) = Xij exp (—y\;), with complementary
slackness A} (X*1,, — p1), = O for all i € [m]. An analogous derivation with column constraints
C = Cy introduces 1 € R} and yields

X3 =Yexp (—1Qi) exp (=), nf (X*Tly—p2), =0 Vj € [n].

The structure of the Lagrangian optimizer shows that enforcing 1,, < 1 (orw ' 1,,, < o) is equiv-

alent to scaling each row ¢ (or column j) of the unconstrained optimizer X by a factor exp (—vA;)
(or exp (—yn;)). Complementary slackness implies that:

e if the current row sum ()A(ln)l < (p1); (or column sum (XTlm)j < (p2);), then A¥ = 0 (or
17 = 0) and we leave the row (or column) unchanged,

e if (X1,); > (p1); (or (XTlm)j > (u2);), then A\¥ > 0 (or n; > 0) and the row (or column) is
uniformly scaled until it satisfies the constraint.

Therefore, the Dykstra projection steps onto the constraint sets are defined as

SN 1. . H1 % N . H2
Pe, (X)) := diag (mm <X1 ,1m>) X, and P, (X):= Xdiag <m1n <XT1n,1n)> .

n

Algorithm |I{summarizes our algorithm.
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Algorithm 1: KL-BAPG with Dykstra Projections

Input :
* featured measure networks Xy = (X1, A1, i1, $1), Xo = (Xa, Ao, 12, P2).

» the feature discrepancy d : RM x RM — R, .

* the tradeoff parameter « € [0, 1].

* the self-alignment regularization parameter € > 0.

* the step size v > 0.

* stopping criteria for main loop (maximum iterations K, step tolerance, etc.).

Output: 7*, an approximate solution to the non-deterministic alignment problem between X

and Xs.
1 Normalize pq and po;
2 Cyj + d(¢1(z"), g2(2?)) — eforall z* € Xy and 27 € X5 ; // Uniform shift
3 TO) ﬁlml;[; // Initialize with uniform matrix

4 foreachk =1,2,--- , K do

s | QW adi(CoOTE DA +1(1-a)C;

6 T(k) + Tk-1) ® exp (f’yQ(k)) ) // Unconstrained Lagrangian optimizer
7 TH) diag(min(f(‘:i;ln, lm))T(k) ; // Proj. into row constraints
s | QW aCo (A TMA) + 11 -a)C;

9 T T(k) @exp(f'yQ(k)/) ; // Unconstrained Lagrangian optimizer
10 Tk T(k)diag(min(#ﬂma 1)) // Proj. into column constraints
11 Break if any stopping criterion is met;

2 return 7);

—

16
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A.4 FOOD WEB SPECIES

CORRESPONDENCES

Table 2: Species correspondences in Namaqua site

Index

Species Name

Common Name

N PO 00U AW~

Cynictis_penicillata

Suricata_suricatta
Sylvicapra_grimmia

Otocyon_megalotis
Lepus_capensis
Lepus_saxatilis
Genetta_genetta
Raphicerus_campestris
Procavia_capensis

Caracal_caracal Caracal
Proteles_cristata Aardwolf
Felis_silvestris Wildcat
Vulpes_chama Cape fox
Ictonyx_striatus Striped polecat

Herpestes_pulverulentus

Hystrix_africaeaustralis

Yellow mongoose
Cape gray mongoose
Meerkat
Common duiker
Cape porcupine
Bat eared fox
Cape hare

Scrub hare
Common genet
Steenbok

Rock hyrax

Table 3: Species correspondences in Cliff of Bandiagara site.

Index

Species Name

Common Name

(NI NI NS T NS T NS N NS NS T N R e N e N e
QA RERON S 0RO UNR DN~ OO RIRNN R LN~

Crocuta_crocuta Spotted hyena
Panthera_pardus Leopard
Aonyx_capensis African clawless otter
Caracal_caracal Caracal
Leptailurus_serval Serval

Canis_adustus Side striped jackal
Mellivora_capensis Honey badger
Felis_silvestris Wildcat
Herpestes_ichneumon | Egyptian mongoose
Vulpes_pallida Pale fox

Ictonyx_libycus
Mungos_mungo
Ictonyx_striatus
Herpestes_sanguineus
Orycteropus_afer
Hyaena_hyaena
Civettictis_civetta
Chlorocebus_sabaeus
Ichneumia_albicauda
Lepus_capensis
Genetta_genetta
Lepus_victoriae
Hippotragus_equinus
Papio_anubis
Eudorcas_rufifrons
Erythrocebus_patas
Procavia_capensis

Saharan striped polecat
Banded mongoose
Striped polecat
Common slender mongoose
Aardvark

Striped hyena

African civet

Green monkey

White tailed mongoose
Cape hare

Common genet
African savanna hare
Roan antelope

Olive baboon

Red fronted gazelle
Common patas monkey
Rock hyrax
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918
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925
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928
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936 Figure 14: Examples of food webs as directed graphs.
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A.5 FOOD WEB VISUALIZATION

(a) Namaqua (b) Cliff of Bandiagara
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A.6 MOTIF-BASED FUSED GROMOV-WASSERSTEIN VARIANTS

First-order alignment discrepancy vs. Gromov-Wasserstein We further expound on the dif-
ference between our proposed formulation [I] and that of Fused Gromov-Wasserstein (FGW). We
emphasize the difference between our first-order term and its analogue in FGW (i.e., the Gromov-
Wasserstein term).

Given a pair of networks GG; and G, our first-order term is

(T, A1 (T ©C)Az) = > (Av)iwr(As) 5 Cire Ty Ty,
i7j7i/,j/

whereas the GW distance term is

> L(da(wi i), da(ys,y5)) TijToryr-
1,5,1",5"

The critical difference between these terms lies in our cost matrix C, which is comprised of distances
between the features of a pair of nodes v} € G; and v; € (G5. The GW distance, on the other hand,
assumes that the spaces it is computing the distance between are incomparable Mémoli| (2011),
implying that a cost between (G1 and G5 cannot appear. Therefore, there is no choice of L for which
our first-order term and the GW distance are equal, in general. In the case that L(x,y) = zy and C
is the all ones matrix, these terms coincide, but this case is not practical as it implies that all nodes
have the same motif profile.

Baseline Comparison. In order to determine whether the improved performance of our method
over Gromov-Wasserstein based methods is due to the formulation of the cost function or the choice
of features, we modify the existing baselines by incorporating the motif-role dissimilarity. In par-
ticular, we consider the following baselines, the last two of which are augmented with motif-based
features/distances:

 Vanilla FGW Hung et al.| (2025): Gower trait distance; shortest-path distance as metric (shown
in Figs. [I6]and [17).

« FGW (traits as features, motifs as metric): Gower trait distance as features; motif-role dissim-
ilarity as metric (shown in Figs. [I8]and[19).

* FGW (motifs as features and metric): motif-role dissimilarity used for both features and metric

(shown in Figs. 20|and [21).

All baselines were assessed against the L, alignment discrepancy (Fig. [7), meta-web alignment
(Fig. ), and (3) backbone quality (Fig. [I2) produced by our method.

All FGW variants separate identical vs. non-identical species in the discrepancy test. For meta-
alignment, FGW with trait features performs well, as biomass and diet directly encode functional
roles. The motif-only FGW variant performs noticeably worse for large carnivores, demonstrating
that simply inserting motif features into FGW does not reproduce the expressivity of our structural
term. FGW-based backbones also exhibit structural inconsistencies:

¢ Vanilla FGW: connected but non-transitive backbones,
* FGW (traits as features, motifs as metric): transitive but largely disconnected,
« FGW (motifs as both features and metric): lower connectance than Wasserstein Motifs.

Our method, in contrast, consistently produces backbones that are both connected and transitive,
uniquely allowing controllable self-alignment via the regularizer e, a capability that FGW lacks.
Overall, these findings demonstrate that our improvements stem from the objective design, not from
feature choice, and that FGW/Partial-FGW baselines are neither structurally nor computationally
comparable to our method.

On Partial- FGW. We additionally examined Partial-FGW, as it is the closest FGW-based ap-

proach conceptually aligned with our goal of non-deterministic correspondences. However, we
found it to be computationally infeasible at ecological scales. In an experiment computing pairwise
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alignments across a representative subset of networks (spanning the full range of 20-75 species),
Partial-FGW required up to 15 seconds per alignment for networks with ~ 60 nodes (as shown
in Fig. [T3). In contrast, FGW and our method required about ~0.05 seconds. Since our analysis
requires 8256 pairwise alignments, Partial-FGW would require several days of computation and is
therefore not a practical baseline for ecological network data. This is consistent with prior reports

of Partial-FGW scaling poorly when structural consistency dominates the cost.

© Ppartial FGW (Cross)
14| @ Fow (cross)
©  Wasserstein Motif (Cross)

0

Optimization Time (seconds)
=

40

0 0
Sum of Graph Sizes (Nodes)

100
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ol ® s 8 ssuMosends
6
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Figure 15: Optimization Time vs Graph Sizes for our method and the Baselines.
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Figure 16: Alignment Discrepancy and Meta-alignment for Vanilla FGW
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Figure 17: Statistical Analysis of Top-k backbones for Vanilla FGW
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Figure 18: Alignment Discrepancy and Meta-alignment for FGW with Traits as features and motif-
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Figure 19: Statistical Analysis of Top-k backbones for FGW with Traits as features and motif-role
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A.7 HYPERPARAMETER ANALYSIS

Sensitivity Analysis. In this section, we conduct sensitivity analyses on the model parameters
(o, €,7), and clarify how they interact.

The tradeoff parameter o. We set a = 0.5 as the default to reflect an equal balance between the
zeroth-order (feature-driven) and first-order (structure-driven) terms in Equation (T). This choice
corresponds to the natural modelling assumption that motif-role similarity and structural similarity
contribute comparably to ecological functional equivalence. In Figure 22a), we found that both the
zeroth-order and first-order cost alignment costs are near-constant, and that the first-order cost is
larger than the zeroth-order. This justifies & = 0.5 as a reasonable trade-off between the respective
costs. Moreover, in Figure 22|b), we found that the solution varies smoothly with a: perturbing o by
+0.1 changes the alignment by only ~ 0.12 in Frobenius norm. This small and approximately linear
response demonstrates that (i) & = 0.5 is a robust and interpretable default, and (ii) the method is
not sensitive to moderate deviations from this value.

Zeroth and First Order Cost Tradeoff

0.04

—0.21 /
4; e zeroth order
S 044 first order
@] 0.4 — total

—0.6 1

—0.8 - : . ‘

0.25 0.50 0.75
oy
(@ (b)

Figure 22: o Sensitivity

The self-alignment regularizer e. 'We additionally examined how the total transported mass (con-
trolled directly by ¢) varies with €. For a pair of food webs with sizes m and n, respectively, the
relationship follows a smooth saturating curve well-approximated by

fle) = a(l — exp(—be)),

where a ~ 0.83 and b ~ 4.25(m + n) — 56.5. Figure 23| shows this approximation on three pairs
of real food webs, with a mean R? value of 0.984. This indicates that e influences the degree of
self-alignment in a stable and predictable manner. This also yields a practical scheme for selecting
e given a desired level of tolerated self-alignment.
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Figure 23: Approximated and empirical total mass transported vs. € for three pairs of food webs.
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The step size vv. In the problem formulation and algorithm,  effectively plays the role of a step-
size in the usual sense of a first-order optimization algorithm. We found v = 0.1 to be a suitable
default value that strikes a balance between stability and the speed of convergence. To test this, we
align several pairs of networks, using different values of vy, and show robustness to the choice of this
parameter. Our theory shows convergence for any v > 0 as shown in Theorem I} thus the choice of
~ controls convergence rates, not convergence properties. In Fig. 24 we show that, in producing an
alignment between Cliff of Bandiagara and Namaqua, our algorithm smoothly minimizes the cost
with a y-depdendent rate of convergence.

~ Sensitivity Test
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Figure 24: v sensitivity

Ablation Analysis. To further clarify the role of individual terms in the objective, we conducted
two ablations:

¢ Self-alignment removed (¢ = 0): Performance deteriorates sharply. Meta-alignment consis-
tency collapses, and backbones fall below the null model in transitivity, confirming that the self-
alignment penalty is essential to avoid trivial low-mass solutions (shown in Figs. 23] 26).
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Figure 25: Alignment Discrepancy and Meta-alignment for € = 0

¢ First-order term removed (o« = 0): Results remain comparable on most tasks, showing that
the model is robust to the tradeoff parameter. Since « interpolates between two ecologically
meaningful similarity sources (motif-based features and structural interactions), o = 0 represents
a valid special case rather than a failure mode (shown in Figs. 27] 28).

23



Under review as a conference paper at ICLR 2026

Relative Connectance

Relative Connectance

Relative Connectance vs k

1.0

08

Path Likelihood vs k

=]
o
O o
e
o
>, 08
= .
= -
= -
= 06 el
O 04 >=T"
— -
a9} g
054 ,I —@— Empirical Median ~ 024 -~ —@— Empirical Median
00 1 ===+ Null Model Median "‘o_; ===+ Null Model Mean
= r . : - - S 00 : . : .
5 0 15 20 25 30 = 5 0 15 20 25 30
Backbone size by ARS E Backbone size by ARS
(a) (b)

3

&

S

=}

=

=

E 0.6

<

6 0.4

=

s . . ~

/ —@— Empirical Median ~ 024 _47 —@— Empirical Median
! === Null Model Median g ==+ Null Model Mean

S 00 T T T T T T
5 10 15 20 25 30 = 5 10 15 20 25 30
Backbone size by ARS B Backbone size by ARS

(a) (b)

sitivity Score

Average Tran

0.0025

0.0020

0.0015

0.0010

0.0005

0.0000

Transitivity Score vs k

—@— Empirical Median
Null Model Median

————8—80

7

2 3 4 5 6
Backbone size by ARS

(©)
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Figure 27: Alignment Discrepancy and Meta-alignment for oo = 0
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Figure 28: Statistical Analysis of Top-k backbones for o = 0
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A.8 ALIGNMENTS ON ADDITIONAL REAL AND SYNTHETIC DATA

To demonstrate broader applicability to ecological networks, we also evaluated our method on a sub-
set of food webs from Mora et al.|(2018al), for which we were able to obtain the directed interaction
data. We performed pairwise alignments between selected pairs of food webs, shown in Figure 29
However, the dataset does not include species-level trait profiles or other ecological attributes that
would allow for quantitative ecological validation (e.g., comparing aligned species by diet, body
size, or functional role). As a result, our evaluation here is restricted to qualitative inspection of
alignment structure rather than trait-based assessment.
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Figure 29: Examples of pairwise alignments between the dataset used in Mora et al.|(2018a). (Left)
Coachella (26 species) vs. Connery (30 species); (Middle) Mondego (48 species) vs. Reef (50
species); (Right) Alford (56 species) vs. Beaver (61 species).

To further demonstrate general utility, we additionally aligned synthetic ecological networks gen-
erated by the classical Niche model (Williams & Martinez, [2000) and Cascade model (Cohen &
Newman, [1985). (Fig.[30} Fig.[3I) In both the Niche-model and Cascade-model experiments, we
observe that species with similar niche values, which correspond to similar trophic positions in the
generative models, tend to align strongly with one another. This is exactly the structural pattern pre-
dicted by these models: species with comparable niche parameters have overlapping feeding ranges
and play analogous roles in the synthetic food web. The fact that our method reconstructs these rela-
tionships from network structure alone, without access to the underlying niche values, demonstrates
that the alignment objective captures meaningful functional similarities. This serves as an additional
validation step, showing that Wasserstein Motifs recovers ecologically coherent correspondences
even in controlled synthetic systems where the ground-truth generative mechanism is known.
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Figure 30: Examples of pairwise alignments between synthetic food webs generated by the Niche
model (Williams & Martinez, 2000). Species are sorted in decreasing niche values, which represent
trophic levels. (Left) 10 species, expected connectance 0.4 vs. 10 species, expected connectance 0.3;
(Middle) 30 species, expected connectance 0.3 vs. 30 species, expected connectance 0.25; (Right)
30 species, expected connectance 0.3 vs. 10 species, expected connectance 0.4.
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Figure 31: Examples of pairwise alignments between synthetic food webs generated by the Cascade
model (Cohen & Newman|, [1985). Species are sorted in decreasing niche values, which represent
trophic levels. (Left) 10 species, expected connectance 0.4 vs. 10 species, expected connectance 0.3;
(Middle) 30 species, expected connectance 0.3 vs. 30 species, expected connectance 0.25; (Right)
30 species, expected connectance 0.3 vs. 10 species, expected connectance 0.4.
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A.9 WASSERSTEIN MOTIFS PIPELINE
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Figure 32: Pipeline Diagram for Wasserstein Motifs Framework.
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A.10 DIRECTED ADJACENCY VARIANT

This section explores the variant of Wasserstein Motifs where directed adjacency is used instead
of its undirected counterpart in Equation[I] Importantly, none of our theoretical results require the
adjacency matrices A; and As to be symmetric. The first-order term

(T, A1(T & C)Ay)

remains well-defined for any nonnegative matrices, and directed adjacencies (e.g., separate in-/out-
adjacency matrices) are therefore a drop-in replacement in our framework.

However, using directed adjacencies changes the ecological interpretation of the first-order similar-
ity. In this variant, the structural term compares only directed neighbors (e.g., prey sets), whereas
our main formulation averages over predator—prey interactions by symmetrizing the adjacency. This
shift places stronger weight on trophic directionality and weaker weight on undirected neighborhood
structure.

To evaluate this directed variant, we repeated all key experiments - pairwise alignments, role-
consistency analysis, meta-alignment, and backbone quality - with directed adjacency matrices.
Figure 33| and [34] report the results. While the method remains capable of distinguishing identi-
cal species from non-identical ones, we observed two consistent degradations:

1. Meta-alignment performance declined substantially. Alignment strengths across networks
became noisier, and trophic-group structure was less pronounced.

2. Backbone quality weakened. Although the resulting top-k backbones remained connected,
their non-deterministic transitivity was only slightly above the null model, which is far below
the improvement observed under our undirected formulation.

Overall, while the framework technically supports directed adjacencies, our empirical analysis indi-
cates that the directed version yields weaker alignment coherence and backbone structure. We at-
tribute this degradation to the loss of structural information when only outgoing interactions (prey)
are considered, whereas ecological role similarity is typically driven jointly by both predator and
prey relationships.
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Figure 33: Alignment Discrepancy and Meta-alignment for the Directed-adjacency Variant
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Figure 34: Statistical Analysis of Top-k backbones for the Directed-adjacency Variant
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B PROOF OF CLAIMS

B.1 PROOF OF THEOREM[I]

We first write the split form of the problem as seen in Equation (d):

min g(ﬂ—v w) + ]IC1 (W) + HC2 (w)v
— )
where C; = {X € [0,1]™": X1 < pu}, Co={X€[0,1]™":XT1=<v}.
Let h(X) = >, ; Tijlog z;; be the negative entropy function and Dy, be its Bregman divergence.
Let {(7*),w*))},>¢ be the sequence generated by alternatively solving the subproblems in ().

We define the potential function:
E,(m,w) £ g(m,w) + L, (7) + Ie, (w) + %Dh(w, w).
Lemma 1. The following properties hold:
1. f(m,w) = ar, A1 (C © w)Ay) is bilinear;

2. Cy and Cy are closed, convex polytopes;

3. the potential function I, is coercive.

Proof of Lemmall] The three statements are proved in parallel:

1. This follows immediately due to the linearity of inner products, matrix multiplication, and
the Hadamard product.

2. Closedness: Both inequality constraints X1 < s (resp. X 1 < v) can be represented as
an intersection of closed half-spaces. Since [0, 1]™*" is a product of closed intervals which
is also closed, we have that the intersection of closed sets is closed; hence, C; and Cs are
closed.

Convexity: Both the unit box [0, 1]"*™ and the linear inequalities are convex, and hence
their intersection is convex.

Polytope: Both C; and C5 are bounded by the unit box [0, 1]™*™. In addition, they are
both given by finitely many linear inequalities, so they are polyhedra. Since they are both
bounded polyhedra, by definition, they are polytopes.

3. Since both C; and C; are bounded, C; x Cq is bounded. Hence, whenever || (7, w)|| — oo,
we must have that (7, w) ¢ C; x Co, which implies either 7 ¢ C; or w ¢ Co. In the former
case, we have that I, () — o0, and in the latter case we have that I¢, (w) — oo, both of
which implies F, (7, w) — 00, as desired.

O

Proof of Theorem([l} Since the accumulative asymmetrical error is bounded and the statements
in Lemma E] hold, then by (Li et al., 2023 Theorem 3.6), every limit point of the sequence
{(7®),w*))} ;50 generated by (@) belongs to the fixed point set of the Bregman Alternating Pro-
jected Gradient. Hence, the updates (2]) generate a sequence {T(k) }>0 that converges to a first-order
stationary point of Problem 7] and therefore a first-order stationary point of Equation (T). O

30



Under review as a conference paper at ICLR 2026

B.2 PROOF OF PROPOSITION[I]

Proof of Proposition[l] Let X1 = (X1, A1,vx,) and Xo = (X3, A3, vx,) be measure networks
with the uniform discrete measures over their vertex sets. Recall from Equation (T)) that the feasible
set for deterministic alignment is

{T€{0,1}™":T1, Svx,, T 1, <vx,}.

Since vx, and vx, each assign one unit of mass to each vertex, the marginal constraints can be
further reduced to

> T;<1 and > T; <1 (8)
j=1 i=1
Consider the complete bipartite graph K, , = (X; U Xy, E) with partition (X7, Xs). A (not
necessarily perfect) matching M C FE is a set of vertex-disjoint edges.

‘We now construct an explicit bijection between matchings of K, ,, and feasible deterministic align-
ments.
Matchings — Deterministic Alignments. Given a matching M, define 7™ € {0, 1}™*" by

M _ Lif (zg,2)) € M,
Y 710 otherwise.

Since M is a matching, no vertex is incident to more than one edge. Hence T satisfies () and is
a deterministic alignment.

Deterministic Alignments — Matchings. Conversely, let T" be a deterministic alignment. Define

MT = {(l‘i,l‘; eFE: Tij = 1)}
The marginal constraints in (8) imply that each z; € X; and 1; € Xy is incident to at most one
edge in M7, making M7 a valid matching.
Bijection. Clearly,

T

M =M and TM = T,
which implies that the two maps are inverses of each other. Hence, there is a one-to-one correspon-
dence between matchings of K, ,, and deterministic alignments, as desired. O
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B.3 PROOF OF PROPOSITION[Z]

Proof of Proposition2] Let the feature dissimilarity matrix C' € R™*™ be constructed with discrep-
ancy d(+,-) = 1 — p(-,-), where p is the Pearson correlation. In our deterministic model, a feasible
T € {0,1}™*™ N T (X, Xs) encodes a deterministic matching between X; and X5. Given an
alignment matrix, define the alignment set

AT) £ {(i,5) € VixVe : Ty = 1JU{(5,0) € VixB: Y Ty; = 0JU{(B,j) € OxVa: Y Ty; =0}

Conversely, any alignment A as defined in|Mora et al.|(2018a)) induces such a feasible 7.

We prove that when o = 1, the cost functional in (1)) is equal to (3)) up to an additive constant, so
that their sets of minimizers are equal.

First, with o = 1, the first two terms of Equation (T)) collapses to
raCem=YT, Y Y o,
,J 1€NX1 (’L) j€Nx2 ( )

where Ny (i) denote the set of 1-hop neighbors of i in X'. For each aligned pair of species z =

(i,7) € M(T), the inner double sum ranges over the set of neighbor pairings A, = {(«a, ) € A\(T) :
o ENGI( ) B 6NG2( )} Thus

(T ACOTA)= > Y Cup= > > | .B)), ©)
z€X(T) (o,B) €A, z€X(T) (o,B) €A,
which is exactly the first term in (3).
Next, for some alignment « = (i, j) € A(T'), write the “matched neighbor count” as
(A1TAz)i; = {(a, B) € A}.
Then, the penalty matrix Z in (I gives, entrywise,
Eij(T) = —€T3; (A T Az)s;
x e (max {(Allm)i, (A21n)j} - Tij(AlTAg)ij>

= (max {((Allm)i =T (AT A2)ij, (A2ly); — Tij(AlTAQ)ij})
= €-max {k%,km} ,

where k;_, (and k,,) is the number of neighbors of « (and (3) that are not paired with a neighbor of
B (and o) (Mora et al,|2018a, Alignment algorithm section of Supplementary Methods). Therefore,

E(T) o Y (1-emax(kd, k)= > &. (10)
zeX(T) zeX(T)
Combining Equations (9) and (T0), we have
9(T,C,L,e)

= (T, A1(C o T)A2) + E(T)
o Z Z 1—p(a,8) + Z &x

zEXT) (o,8)EA zeX(T)

= Z Z (1_p(a’ﬂ))+€x )

zeXT) \(o,B)ENs

as desired. O
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C BOUNDED ACCUMULATIVE ASYMMETRICAL ERROR (AAE):
ASSUMPTION

For completeness, we briefly recall the setup we are working on. We work with matrices 7' € R™*"
with strictly positive entries and the entropic generator

h(X) = Zl’ij IOg.TZ'j, X = (:Eij)i,j; Tij > 0.
4,J
The associated Bregman divergence is
Tii
Dh(XHY) = Z (xij log yfj — Ty + y¢j> s
ij Y

defined for strictly positive matrices X, Y.
We consider the row and column constraint sets
Ci(p) = {T eRP*":T1, = M}7 Co(v) = {T e R T'1,, < 1/},
for fixed vectors u € R, v € R}, where 1, is the all-ones vector and =< denotes component-wise
inequality.

We are also going to use the following facts and assumptions:

* i >0andv; > Oforalld,j,and ), pu; < oo, >, v; < oo. We have worked with positive
margins only. This is a working assumption that is maintained throughout the paper.

e O, € R™*™ and A; € R™*™ A, € R™ ™ are fixed finite matrices, with C, := C —
e1,,1,}, for some given C and € > 0.

* The initial iterate 7(%) satisfies 7(®) > 0 and T(®) € Cy(v). This condition holds automat-

ically with our initialization scheme T(®) = ﬁ L,1n

We slightly rewrite our proposed algorithm in (2) to enhance exposition and clarity of proof. Indexed
by k> 1, can be rewriten as:
UF) = 7D @ exp(—yQ* V),

row

T® = Pe, (UE)),

} . (11)
Uc((];l) i=T" © exp(—Q'™),
k
T(kJrl) = PCZ(V) (Uc(ol))’
where Pc, () and Pg,(,) denote the KL projections onto C' (x) and Co(v), respectively, and
QW = aA (CcoT* DA+ 11 -a)C., .

Q"™ =aC.0 (ATHMA) +1(1-a)C.,
for some fixed a € [0, 1]. The step sizes v > 0 will be specified below.

The multiplicative updates in (TT)) involve exponentials of finite matrices and start from 7 > 0.
Thus, they maintain strict positivity at each iteration. Similarly, KL projections onto C7(u) and
Cy(v) with positive inputs yield strictly positive solutions: the scalar function

t — tlog(t/u) —t+u

has derivative log(t/u), which tends to —occ as ¢ — 07T; since the constraints are of the
form “<” with positive right-hand side, the minimizer cannot be at zero. Thus all iterates

T®), T(k), Ur(fv)v, U, (ffl) have strictly positive entries at any given iteration k, yet no uniform lower
bound is available.
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For the adjacency matrices and cost function, we define the row/column norms:

m n

Bri= max 3 O[(A)gl Bai= max ST|(A2)gle Gl = max| (Co)yl.
p=1 qg=1
Finally, we introduce the global bound

Thax := max{maxui,max Vj} < 00.
i J

Lemma 2 (Uniform bound on Q*) and Q'®)). Let Q%) and Q'*) defined in (12)), and let

1l-«a
LQ = ||Oe||oonax <OZB1B2 =+ 9 ) .
Thus, for all iterations k > 0 and all indices 1, j,
k E
QY < Lo, QP < Lo.

Proof. We first bound Q(¥). Define
M® = CooT® D, ME) = (Co)pg T,

Since T*~1) € Cy(v), for each column j we have > Ti(kfl) < vj, hence 0 < k=1

i o SV S
Trax. Thus

M| < | CellocTrmax forall p,q.
We then compute
(A M® Ag)iy = 37 (A1)ip ME (As) 5.

b,q
Using the bound on M %), we obtain

’(AIM(k)AQ)ij’ < Z [(A1)ip] \M£§)| |(A2) ;]

p.q

< N CellooTmax D 1(An)ip| [(A2)qgs]

= 1Ce e T (3 1A ]) (32 1(42)51)

S ||CEH<X>TmaxBlBQ~

The second term in (12)) satisfies

[3(1 = a)(Co)ij| < 3(1 = @)[|Cx e
Therefore,

Q| = |a(A1M®) Ag);; + 1 (1 — a)(C)yj]

< af|C¢ ||l oo Timax B1 Ba + %(1 = a)[|C |l so-
By the definition of L¢, we conclude that |Q§f)| < Lg forall 4,7, k.
We now bound Q'(%). Define

N(k) = Alf(k)AQ
Since T®) ¢ C1(w), for each row ¢ we have ,TV(-k) < u;, hence 0 < T,(.k) < p; < Thax, and
/‘L ] ’L] /'L ’L] /'L

thus

(k)| _
|Nij | =

> (AN T (As)g

p,

q
<Y (A T [(Az)gs
p,q

< Thax Z |(A1)ZI)‘ |(A2)qj|

p,q

S TmaxBlBQ-
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Hence *)
|(C€ QN(k))ij‘ = ‘(Ca)ijl |Nij | < HCEHOOTmaxBlB?,

and therefore )
|Q'L’j ‘ < a||C€||oonaxBlB2 + %(1 - O‘)HCEHOO < Lgq.

This establishes the claimed bounds for both Q*) and Q’(*).
Lemma 3 (Local cubic asymmetry of the scalar entropy). For scalars u,v > 0, define
D(uljv) := ulog You+t v, A(u,v) := D(u|lv) — D(v||u).
v
Let 69 = % and Cy = 2. Then, for any u,v > 0 satisfying
|u —v| < dp min(u,v),

it holds that 5
A, 0)| < Co L= .

=0 min(u, v)
Proof. We first compute A(u,v) in closed form. From the definition,
D(ullv) = ulog % —u+wv,
D(v||u) = vlog% —v+u,

SO
A(u,v) = D(ullv) = D(v][u)

:ulogg —u+v— (vlogE —v—l—u)
v U
:ulogg —&—vlogE —2(u —v)
v v
= (u—&-v)logg —2(u — ).
v
Without loss of generality, assume v > v. We may then write w = rv with » > 1. In that case,
u
— — — 1 —_ =
u—v=(r—1uv, _=n

and
A(u,v) =vf(r), fry:=@+1logr—2(r—1).

We now study f(r) near r = 1. Direct differentiation yields

F)=0,  f)=logr+s—1, F(1)=0,

1 1 r—1
f”(T) — ; — T—Q — TT’ f”(l) _ 0’
and J ) 5
(3) _ & T — _ T
Fo) dr( r2 ) r3

The condition |u — v| < dp min(u, v) with §o = 1/2 and u > v becomes
1 1
|u7v|:(r71)v§§v = |r71|§§,

that is, » € [1/2,3/2]. For such r,

2—r 2—1/2 3/2
190 = 3 < (1/2)/3 :1§8:

12.

Let M3 :=12.
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By Taylor’s theorem with Lagrange remainder around r = 1, there exists a point &, between 1 and
7 such that

Fr) = FQ) + PO = 1) + 570 =17 + 27O ) - 1)
Since f(1) = f/(1) = f”(1) = 0, this simplifies to
£(r) = £~ 1P,
Therefore, for all r with |r — 1| < 1/2,

M.
FOI < =1 =2 — 1%

Recalling that r = u/v and min(u, v) = v in the case u > v, we note that

oo el e
v min(u,v)’
It follows that
[A(u, )| = o[ f(r)|
<2ur — 13
()
=g (1
v
u—vf®
02
u—vf®
~ “min(u,v)?’

This proves the desired inequality when u > v.

If u < v, then the condition |u —v| < §p min(u, v) is symmetric in (u,v), and A(u,v) = —A(v, ).
Hence the same bound holds in this case as well. The lemma is therefore proved with §y = % and
Cp = 2. O

Remark C.1. For matrices X = (x;;) and Y = (y;;) with strictly positive entries, if
|@ij — yiz| < 0o min(wij, yij) Vi, j,
then, with D and A as in Lemma[3)

Dy(X||Y) = Dp(Y||X) = ZA Tijy Yii)s
and Lemma 3] gives

|zij = yisl®
Dn(X|Y) - Dp(Y||X)| <C 5"
LX) - DY) £ Q0 el
Lemma 4 (Marginal stability of the Cy(v) block). Let Lg be as in Lemma |2} and suppose the

iterates (T(k), T(k)) are generated by the scheme (T1)—(12)) with strictly positive initial point 7O ¢
Ca(v). Assume the step sizes satisfy

1
0<v < @ forall k.

Then there exists a constant
Cq:=40Lg
such that, for all k > 0 and all indices i, j,

|T(k+1 T(k+1) T(k))

| < Cy v mln( T35
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Proof. Fix an iteration index k£ > 1 and, to simplify notation, denote

T~ :=T* D U :i=UE, T:=T® Uy :=UW

row? col?

T = Tk+D

and
Q=Q" Y, @=QY, y=m
By construction, 7, 7% € Cs(v) and all matrices have strictly positive entries. Lemma gives
|Qij| < L and |Qj;| < Lq.
We first control the column sums after the row update. The multiplicative step is given by

Urow,ij = T;’;e_’YQU‘

row = Z Urow K% Z T e_’YQ”

’YLQE - vLqy,.
Se zﬂljge l/ju

%

For each column j,

where we used |Q;;| < Lo and T~ € Ca(v).

Next, 7' is the KL projection of U,y onto Cy (), which is row-wise. For each row 4, the projection
problem is

i £l — ) t tir <
min > (” og i Fug) s Z i < s
J J
where u;; := U,ow,ij. The KKT conditions show that
~ . i
Tij = aiUrow,ija ;= Imin ( ) € (0, 1]
Zg row,il

In particular, Tij < Usow,ij for all 4, j. Consequently, for each column j,

T):= Zﬁ] < Z Urow,ij = Sj(Urow) < eA/LQVj-

We now consider the second multiplicative step

P o1l
Ucolyij = Tije~ 1.

col Z Ucol K% Z sze ’YQ”
< e“/LQ Z Ty

g 62’YLQ Vj7

For each column j,

using |Q};| < Lq and the bound on S (7).
For « € [0, 1], the function g(x) := 1 4+ 2z — e” satisfies g(0) = 0 and ¢’'(z) = 2 — ", hence
g(x) > 0on [0, 1]. Thus e* < 1+ 2z whenever € [0, 1]. Since yLg < 1/(4Lg) - Lo = 1/4, we
have 2vyLg < 1/2 < 1 and therefore

et <1+ 4vLq.

It follows that
Si(Ueol) < (14 4vLg)v; forallj.

We now examine the KL projection of U, onto Cy(v). For a fixed column j, we solve

mm Z(t” log — i + ulj) S.t. Ztij <vj,
i
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where u;; := Ucol,s;. The Lagrangian is
tij
E(t,A) = Z(tij logufjj —tij +U,’j) —|—)\(Ztij —I/j), A Z 0.

2 7

First-order optimality for ¢;; > 0 yields

oL ts N
8tij :logu—:j+/\:0 = tij = uj;e .

Thus the minimizer has the form
Ti‘; = BijUcolij, Wwith f; = e > 0.
The complementary slackness and feasibility conditions imply
+ + —
ST <v, Az0, AT -v) =0
i i
Hence either the constraint is inactive and 3; = 1, or the constraint is active and
v
T»Jf:ﬂ- Ueolij = Vi = fj=—>2—.
zi: 1] J Z: col,zg J J Sj(Ucol)
In all cases,
Vi
T = BiUcolijs ;=min (1, —2— | .
ij ﬂ] col,ij 6] ( Sj(Ucol)>

If S;(Ucot) < vj, then 8; = 1 and Tjj‘ = Ucol,ij- If Sj(Ucot) > vj, then the bound S;(Ucor) <
(1 +4~Lg)v; implies

ﬁ‘ _ l/j l/j o 1
T Sj(Ueol) T (1+49Lq)y;  1+47Lq
In that case,
1— ﬁj —1_ Vj _ S]'(Ucol) —Vj S (1 + 4’YLQ)VJ' —Vj _ 4’7LQ.
S;i(Ucol) S (Ucol) Vj
Consequently, in both cases the bound
1= Bj] <4vLq
holds. Moreover, if ¥ < 1/(4Lg), then 4yLg < 1 and
1 1
bz T 2 2
+avLq

Using Tg = B;Ucol,ij» we deduce
| T55 = Ucorisl = Ucolij|1 = 85 < 4Lq7y Ucol,ij-
On the other hand, f; € [1/2,1] implies T;; < Ucolij and T;5 > 5Uecol,ij, whence
. 1
mln(Ti—;a Ucol,ij) = TZ-; > §Ucol,ija

and the previous inequality may also be written as

T35 = Ucoij| < 8Ly min(T;5, Ucol,ij)-
We now relate U, and T'. From the definition,

Ucolij = Tij exp(—7Qj;),
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and by Lemma |Q};] < Lq. Thus [yQ};| < vLq < 1/4. For any z with |z| < 1/2, the function
e~* satisfies [e=® — 1| < el®l|z| < e'/?|z| < 2|z|, hence
le™9u — 1] < 2]7Q);| < 2vLq.
This yields
|Ueori — Tij| = Tijle % — 1] < 2Ly T

Furthermore, since [yQ;;| < 1/4, we have e~1/4 < 7@ < /4, and the numerical estimates
et/* < 2and e~'/* > 1/2 imply

1. .

iTij < Ucolij < 2T35.
Introduce the quantity

mij = min(T”,T ).
From the inequality Uco1,ij > 1T and the bound 737 > §Ucol,q5, We obtain

1 1. 1.

ol,ij = 5 2T =

T+ > UC i Z ij-
Thus T; < 47;;. Combining this with Uso1 i; < 27} yields Ueor,ij < 8T}

If m; = Ty < TjF. then Ty; = my; and Ueoriy < 2035 = 2myj. If my; = T;F < Tjj, then
Tij < 4Tij = 4my; and Ucol,ij < 8Tij = 8my;. In all cases,

Ti; < 4my;, Ucol,ij < 8my;.

We now combine the previous inequalities:
T = Tij| < T3 = Ueovis| + [Ueoris — T
< ALY Ucorij + 2Ly Ty
< 4Lg7y - 8myj +2Lg7y - 4my;
= (32 + 8)Lgoym,;
=40Lqgy min(Tm,T i)
Defining C,; := 40L gives the desired inequality

T = Tij| < Cory min(T}5, Ty5).

Since the argument holds for every k£ > 1 and all 4, j, the lemma is proved. O

Theorem 2 (Summability of the asymmetric error for entropic k). Let h(X) = }, ;x;;log zy;

and Dy, be its associated Bregman divergence. Let (T(k), T(k)) be the sequence generated by the
scheme (T1)~(12) under the setup and assumptions stated above. Define, for each k > 0,

Ay = Dh(jv(k)’T(kH)) _ Dh(T(kJrl)’T(k)).

Assume the step sizes satisfy

_ 1 =
0<'yk§7::@ forall k, ng<oo.
Then -
Z |Ak| < o0.
k=0
In particular, the accumulative asymmetric error
Z(Dh(f(k),T(kH)) _ Dh(T(k+1),T(k)))
k=0

is absolutely convergent, i.e., Assumption I holds for the entropic generator h under these condi-
tions.

39



Under review as a conference paper at ICLR 2026

Proof. Since T™) € C () for all k, we have

ZT(k) Z T(k)l i < Z,ui =M < oc.

By Lemma[d] with Cy = 40L¢, for each k, 1, j
|Ti(jk+1) ’ < CyVie mln(T(k+1) T(k)).

» Lig
Since v, <4 = 1/(80Lg), we obtain

1 1

Let §p = % be the constant from Lemma Then

T — 78| < o min (T, 7)) foralld, j, k.

» Lig

Define

W10, DT, o i o)

(k) ()

ij »Vi; ) satisfies the locality condition of Lemmafor

The inequality above shows that the pair (u
all 7, j, k. Hence Lemma|§| gives

k
i — o3}

(k) k)1, (k)
|D( ||11 ) — D(v;” [lug; )| < Co Wa
ij

where C = 2. Using Lemma 4] again,
k E - (k k41
iy = o) | = 1757 = T < Comemly.
It follows that
u (k) _ (k) |3

Uij

k
(@ﬁ

(k)

3
<C Vkng .

Therefore,
k k k k k
D@ [6) = DEE ul)] < CoC3Em®.

The matrix-level asymmetric error can be written as
Ap = DT, T = Dy (T T0) = 3 (D} |off”) = D(vf)[[ui3)).
i,

Taking absolute values and applying the previous bound yields

\M<ZWUWW)(“% <c@ﬁ2m
©,J

(k) _

(k)
i T] we have

S < ST <
4,J 4,J

Since m(]) <u;

where M := )", j1; < co. Thus
|Ak| < C*’Yg, O* = C()OSM

Finally, by the assumption Z:io v3 < oo, we obtain

oo o0
Z |Ag] < C. Zwi’ < 0.
k=0 k=0

This establishes the claimed absolute convergence of the series >, |A|, and hence Assumption 1
holds for the entropic generator /& under the stated conditions. O
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