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ABSTRACT

Positional encodings from spectral graph theory—such as spectral distances like
effective resistance—have been shown to enhance the performance of graph neural
networks (GNNs). However, the theoretical expressive power of these spectral
features is not entirely understood. While certain spectral features are known to
increase expressive power, it is unclear if different spectral features are equally
powerful. Moreover, while it is established that spectral distance measures can
enhance the expressivity of transformer-based architectures, their implications for
message passing neural networks (MPNNs) are relatively underexplored. In this
work, we focus on one such family of spectral features: the k-harmonic distances.
We establish upper and lower bounds on the expressivity of MPNNs augmented
with k-harmonic distances. We also show that not all k are equally expressive, and
some are better than others in certain situations. To corroborate this theory, we
present several empirical results demonstrating k-harmonic distance’s expressive
power. We show its potential for computational efficiency over transformers in
some cases. Further, we experiment with making k a learnable parameter and find
that different datasets have different optimal values of k.

1 INTRODUCTION

Graph neural networks (GNNs) have been extensively studied in the machine learning community.
GNNs have demonstrated strong performance on a variety of tasks, including node classification,
graph classification, and regression. However, GNNs are fundamentally limited in their ability to
capture global structural information, which is essential for many graph learning problems.

This limitation has been formalized (Xu et al., 2018; Morris et al., 2019) by showing that message-
passing neural networks (MPNNs), perhaps the dominant class of GNNs, are no more powerful than
the Weisfeiler-Lehman (WL) graph isomorphism test (Weisfeiler & Lehman, 1968). In practice,
MPNNs are further limited by issues such as oversmoothing (Oono & Suzuki, 2020; Cai & Wang,
2020) which harm the performance of MPNNs as the number of layers increase.

Positional encodings (PEs) have been proposed as a solution to both limitations. They can provide
the missing global structural information in the form of node or edge features, and can curb the issue
of oversmoothing by requiring fewer layers of message passing for this global structural information
to propagate through the graph, resulting in a shallow GNN (i.e. a GNN with few layers.)

Various positional encodings have been explored to provide different types of structural information
to GNNs, including shortest-path distances (Ying et al., 2021) and spectral distances such as effective
resistance (a.k.a. commute time) (Zhang et al., 2023; Velingker et al., 2023). However, the broader
question of which positional encoding is best suited for any given task remains open—both in theory
(expressive power) and in practice (empirical performance).

A broad class of positional encodings are derived from the eigenvalues and eigenvectors of the graph
Laplacian, so-called spectral positional encodings. Some of these encodings are relative (they assign
values to pairs of nodes), while others are absolute (they assign values to individual nodes). A GNN
that makes use of spectral PEs is said to be a spectral GNN. Further, a major class of relative spectral
PEs are spectral distances, defined generally as
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Df (s, t) =
√

(1s − 1t)⊤f(L)(1s − 1t), (1)

where f(L) is a matrix function of the Laplacian and 1x is an indicator vector that is 1 at index x and
zero everywhere else. Well-known examples of such distances include effective resistance1 (Kirch-
hoff, 1847), where f(L) = L+, biharmonic distance (Lipman et al., 2010), where f(L) = (L+)2,
k-harmonic distance (Black et al., 2024a), where f(L) = (L+)k, and diffusion distance at time
t (Coifman & Lafon, 2006), where f(L) = e−tL.2

The goal of this work is to advance our understanding of the expressive power of spectral positional
encodings. To this end, we show that the class of k-harmonic distances is as expressive as any other
spectral distance (Theorem 6.4). This result allows us to focus on analyzing the expressive power of
k-harmonics as positional encodings, with implications for the broad class of spectral encodings.

Different k-harmonic distances are known to encode several fundamental properties of a graph,
making them a good candidate for use as a PE. The effective resistance between nodes s and t is
lower the more different paths exist between s and t so it measures how well-connected s and t are.
It is also connected to the expected number of steps in random walks between s and t (Chandra et al.,
1996). The biharmonic distance has been shown to measure how important or central an edge (s, t)
is to the overall structure of a graph (Li & Zhang, 2018; Yi et al., 2018a; Black et al., 2024a).

While there are known upper bounds on the expressivity for generic spectral positional encodings
that subsume the spectral distances (e.g., the eigenspace projection invariant (Zhang et al., 2024;
Gai et al., 2025)), these positional encodings rely on projections into Laplacian eigenspaces which
are not computationally feasible for most graph data, warranting an exploration of more efficient,
but potentially less expressive, positional encodings like the k-harmonic distances. Moreover, with
the exception of (Velingker et al., 2023) and (Feldman et al., 2023), most of the theoretical work
on spectral positional encodings have been for transformers (Zhang et al., 2023) or fully-connected
GNNs like IGNs (Black et al., 2024b; Zhang et al., 2024) whose runtime scales quadratically with
the number of nodes, in contrast to MPNNs that scale linearly with the number of edges.

Despite their generality, the power of k-harmonic distances as positional encodings for GNNs is
not well understood beyond the case of k = 1 (Velingker et al., 2023; Zhang et al., 2023). Many
questions remain open: What is the expressive power of different values of k? Are some values
more informative for specific tasks or graph structures? Can combining multiple k-harmonics yield
more powerful representations? And how effective are these encodings in practice, particularly in
shallow GNNs with limited receptive fields?

Contributions We address these questions through theoretical analysis and empirical evaluation:

• We show that the set of the first 2n k-harmonic distances for an n-vertex graph is at least
as expressive as any other spectral distance for MPNNs (Theorem 6.4).

• We show that k-harmonic positional encodings strictly increase the expressive power of
MPNNs beyond the WL test (Theorem 5.1), but not beyond the 3-WL test (Theorem 5.2).

• As Theorem 6.1 shows that different k-harmonic different information about the graph,
this suggests combining multiple k-harmonics increases expressivity. However, this benefit
has diminishing returns: we prove that for any graph, the number of distinct k-harmonics
that contribute new information is at most the number of distinct Laplacian eigenvalues
(Theorem 6.3). At this point, the concatenated k-harmonics are as powerful as general
spectral positional distance (Theorem 6.4).

• We show that different k-harmonics capture different structural properties in shallow GNNs
(Theorem 6.1), and thus, there are better (more expressive) values of k for different tasks
and types of graphs. Conversely, we show that if a pair of graphs can be distinguished by
some k-harmonic, then they can be distinguished for all but finitely many other k-harmonic
distances (Theorem 6.2).

1Technically, effective resistance is defined R(s, t) = (1s − 1t)
⊤L+(1s − 1t), i.e., with no square root.

Surprisingly, even without the square root, effective resistance is a metric (Klein & Randić, 1993, Theorem B)
2L+ denotes the Moore-Penrose pseudoinverse of the Laplacian L.
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• We empirically validate (Theorem 5.1) and (Theorem 5.2) using the BREC dataset (Wang
& Zhang, 2024) as a measure of realized expressivity. To validate the differences between
individual k, we evaluate on ZINC (Dwivedi et al., 2023) and ogbg-molhiv (Hu et al.,
2020a), confirming that the optimal choice of k depends on the dataset or task at hand. This
motivates using multiple or learnable k values in practice. We also implement a learnable-k
parameter and report its performance.

• Finally, we observe that k-harmonic encodings can improve training efficiency. On ZINC,
k-harmonic MPNNs offer a favorable trade-off between training time and accuracy com-
pared to more expensive graph transformers.

2 RELATED WORK

k-harmonic distances Though the k-harmonic distance is a natural extension of the effective
resistance and biharmonic distance, it was only recently proposed (Black et al., 2024a) and has not
been fully explored. Its efficacy has been shown for clustering, but little else is known.

The effective resistance is much more well-studied in the literature. It has been shown several times
that the effective resistance of a graph is a measure of connectivity and has been utilized for various
graph-specific tasks such as sparsification (Spielman & Srivastava, 2011), clustering (Alev et al.,
2018), and is now being used as an positional encoding in GNNs (Velingker et al., 2023; Zhang
et al., 2023). As it relates to our work, it has been shown that MPNNs that make use of effective
resistance are strictly more expressive than the WL test (Velingker et al., 2023).

The biharmonic distance has been used in the study of consensus networks (Yi et al., 2018b; 2021)
and has been shown to be a measure of edge centrality (Li & Zhang, 2018; Yi et al., 2018a; Black
et al., 2024a). However, it has not been studied as a positional encoding in GNNs.

Positional Encodings from Spectral Graph Theory While we consider incorporating spectral
information into GNNs using the k-harmonic distances, there have been many previously proposed
methods for incorporating spectral information in other ways. The first graph transformers used
Laplacian eigenvectors as positional encodings (Dwivedi & Bresson, 2021), with subsequent works
also using Laplacian eigenvectors as positional encodings (Kreuzer et al., 2021; Rampasek et al.,
2022; Zhou et al., 2024). However, Laplacian eigenvectors suffers from sign and basis ambiguities,
so Lim et al. (2023) proposed to use the projection onto the eigenspaces, rather than the eigen-
vectors themself, to avoid this ambiguity. Huang et al. (2024) and Zhang et al. (2024) proposed
alternative techniques using the projections onto the eigenspaces. Other graph neural networks have
used spectral invariants beyond the eigenvectors as positional encodings, including the effective re-
sistance (Zhang et al., 2023; Velingker et al., 2023) and heat kernels (Choromanski et al., 2022;
Feldman et al., 2023).

Expressivity of Spectral Invariants for Graph Isomorphism Understanding the capability of
spectral invariants, such as spectral distances, to distinguish non-isormorphic graphs has recently
been an active area of research as its relate to graph learning, specifically in the area of graph
transformer. However, understanding which pairs of graphs are distinguished by different spectral
invariants predates GNNs. Fürer (2010) proposed a spectral invariant that he showed was weaker
than the 3-WL test. Rattan & Seppelt (2023) showed Furer’s invariant was strictly weaker than the
3-WL test and the (1,1)-WL test. Zhang et al. (2023) studied the expressive power of effective
resistance as a relative positional encoding for a transformer. They proposed the RD-WL test—a
variant of the WL test that incorporates effective resistance—as an upper bound of the expressive
power of these transformers and showed this was weaker than the 3-WL test. The resistance-distance
transformer was generalized to eigenspace projection neural networks (EPNNs) by Zhang et al.
(2024). They also introduced the eigenspace projection WL (EP-WL) test as an upper bound for
EPNNs, which they proved was weaker than both 3-WL and certain types of subgraph WL tests.

3 BACKGROUND

Let G = (V,E) be an undirected, unweighted graph. Denote the number of vertices and edges as
n = |V | and m = |E|. Additionally, let the graph have a set of node features, {xv ∈ Rd : v ∈ V },
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and a set of edge features, {euv ∈ Rf : (u, v) ∈ E}. The adjacency matrix of G is the matrix
A ∈ Rn×n where Ai,j = 1 if (i, j) ∈ E and 0 otherwise. The degree matrix is the diagonal matrix
D ∈ Rn×n where Di,i = deg(i). The Laplacian matrix is L = D − A and is the central structure
of study in spectral graph theory, and is positive semidefinite by definition. The eigenvalues of the
Laplacian are the spectrum of the graph. Throughout this paper, multisets are denoted with the
double curly bracket notation {{}}.

Message Passing Neural Networks Graph neural networks are functions that take as input a
graph G = (V,E), a set of node features, {xv ∈ Rd : v ∈ V }, and (optionally), a set of edges
{euv ∈ Rf : (u, v) ∈ E}. The tth layer of a GNN computes features h(t)v for each vertex using the
node features from the previous layer h(t−1)

v . The most common type of graph neural network are
message passing neural network (MPNNs) (Gilmer et al., 2017). Each layer of an MPNN updates
the feature of a node by aggregates the feature from its neighbors h(t)u and the features of the incident
edegs euv . Initially, h(0)v = xv . For each layer t ∈ {1, ..., T}, a message passing layer updates the
node features using the following formula:

h(t)v = ϕ(t)
(
h(t−1)
v , ψ(t)

(
{{(euv, h(t−1)

u ) : (u, v) ∈ E}}
))

, (2)

where ϕ(t) and ψ(t) are learnable functions and ψ(t) is invariant on multisets, e.g. sum.

WL Tests The Weisfeiler-Lehman (WL) test is an iterative algorithm that assigns labels to nodes
in order to deduce whether or not two graphs are isomorphic. Specifically, the WL test assigns each
vertex v ∈ V a color χ(t)(v) for all t ≥ 0. The labels are initialized to some arbitrary constant in
the 0th iteration, e.g., χ(0)(v) = 1 for all v ∈ V . For t ≥ 1, the WL color of a vertex v is defined

χ(t)(v) = hash
(
χ(t−1)(v), {{χ(t)(u) : (u, v) ∈ E}}

)
(3)

where hash is an injective hash function.

Let χ(t)(G) = {{χ(t)(v) : v ∈ VG}}. Two graphs G and H are indistinguishable by the WL test if
they have the multisets of colors for all t ≥ 0, or formally,

χ(t)(G) = {{χ(t)(v) : v ∈ VG}} ={{χ(t)(v) : v ∈ VH}} = χ(t)(H) ∀t ≥ 0.

G and H are indistinguishable by T iterations of the WL test if χ(t)(G) = χ(t)(H) for T ≥ t ≥ 0.

The WL test provides an upper bound on the distinguishing power of MPNNs with constant node
features (Xu et al., 2018; Morris et al., 2019).

Further, there are higher order variants of the WL test called the k-WL tests that assign colors to
tuples of k nodes rather than to single nodes; see (Huang & Villar, 2021).

Comparing Isomorphism Tests The WL test is a one-sided graph isomorphism test. That is, if
two graphs are distinguishable by the WL test they are guaranteed to be non-isomorphic, but two
graphs that are indistinguishable are not guaranteed to be isomorphic. MPNNs are also a one-sided
graph isomorphism test. An MPNN distinguishes a pair of graphs G and H if the multiset of node
features are different, i.e., {{h(t)v : v ∈ VG}} ̸= {{h(t)v : v ∈ VH}}.

We are interested in comparing isomorphism tests. Suppose we have two different one-sided iso-
morphism tests, A and B, that for any two graphs G and H return if they are distinguishable or
indistinguishable. Test A is said to be as strong as test B if any two graphs G and H that are indis-
tinguishable by A are also indistinguishable by B. That is, if A fails to distinguish a pair of graphs,
then B will as well. Likewise, A is strictly stronger than B if A is as strong as and there exist some
pair of graphs G and H such that A distinguishes but B does not distinguish.

4 SPARSE ψ WL TEST

In this section, we present the sparse ψ WL test, a modification of the WL test that incorporates edge
features. While the WL test provides an upper bound on the expressive power of MPNNs, the sparse
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Figure 1: The graphs G (the length 9 cycle graph) and H (3 copies of the length 3 cycle graph) are
indistinguishable by the WL test, but distinguishable by any sparse k-harmonic WL test

ψ WL test upper bounds MPNNs that use edge features. In Section 5, we present several results
about the expressivity of this sparse ψ WL test when ψ is a k-harmonic distance.

An edge positional encoding is a function ψ that assigns each graph G a map ψG : EG → Rm
such that, if σ : EG → EH is the map on edges induced by a graph isomorphism, then ψG =
ψH ◦ σ; edge positional encodings complement previously defined absolute and relative positional
encodings which are functions αG : VG → Rd and ρG : VG × VG → Rd respectively; see (Black
et al., 2024b). In the current work, we usually take ψ to be a k-harmonic distance, i.e., ψ((u, v)) =
Hk(u, v) ∈ R.

Like the WL test, the sparse ψ WL test iteratively assigns labels to the vertices of a graph. The
labels for the tth iteration are computed using the following formula:

χ
(t)
ψ (v) = hash

(
χ
(t−1)
ψ (v), {{(ψ((u, v)), χ(t−1)

ψ (u)) : (u, v) ∈ E}}
)

(4)

Indistinguishability for the sparse ψ WL test is defined the same as for the WL test in Section 3.

It is an open question as to how different choices of ψ affect the distinguishing power of the test.
When ψ is a constant function, the sparse ψ WL is equally strong as the original WL test. Therefore,
for any ψ, the sparse ψ WL is at least as strong as the original WL test. In Section 5, we will prove
that with certain choice of ψ, that the sparse ψ WL test is strictly stronger than the WL test.

The reason we introduce the sparseψ WL is because it provides an upper bound on the distinguishing
power of MPNNs with edge features ψ, as evidenced by the following lemma.

Lemma 4.1. Let G and H be graphs with constant node features and edge features given by ψ. If
G and H are indistinguishable by t iterations of the sparse ψ WL test, then for any t-layer MPNN
f , the multisets of node features at each layer are equal, i.e., {{h(t)v : v ∈ VG}} = {{h(t)v : v ∈ VH}}

Related Work. While our sparse WL test is defined for edge positional encodings, there are simi-
lar WL tests defined for relative positional encodings (RPEs) (Zhang et al., 2023; Black et al., 2024b;
Zhang et al., 2024; Arvind et al., 2024; Gai et al., 2025). The RPE WL test aggregates over all nodes
in an iteration; in contrast, our sparse WL test only aggregates a node’s neighbors in a given itera-
tion, hence the name “sparse.” While both tests generalize the classical WL tests by incorporating
positional encodings, these two WL tests play different roles in the study of GNNs. RPE WL tests
provide an upper bound on the expressive power of graph transformers and similar architectures like
IGNs, while our sparse WL test provides an upper bound on MPNNs with edge features.

5 COMPARING THE SPARSE k-HARMONIC AND CLASSICAL WL TESTS

In this section, we compare the sparse k-harmonic WL tests to classical WL tests. We show that it
lies in the space between the WL test and the 3-WL test.

5
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We show that any k ≥ 1 yields a sparse k-harmonic WL test that is strictly more expressive than
the WL test. This had previously been shown for k = 1 (i.e., effective resistance) (Velingker et al.,
2023, Theorem 3.7), but it was not known for general k.

Theorem 5.1. Let k ≥ 1. The sparse k-harmonic WL is strictly stronger than the WL test.

We defer the full proof to the Appendix, but we utilize the pair of regular graphs found in Figure 1.
It is well known that the WL test is unable to distinguish pairs of regular graphs. We show that the
edge features decided by any k ≥ 1 is able to distinguish a given edge in these graphs.

Theorem 5.2. The 3-WL test is strictly stronger than the sparse k-harmonic WL test for all k ∈ R.

In the opposite direction, we show that 3-WL is an upper bound for our sparse k-harmonic WL test.
The proof is implied by (Zhang et al., 2024, Lemma A.16), but we include a complete proof in the
Appendix.

6 COMPARING DIFFERENT k-HARMONIC DISTANCES

Section 5 laid the groundwork for study of sparse k-harmonic WL test. We now provide theoretical
results for comparing different values of k and comparing the k-harmonic distances to other spectral
distances.

Per Lemma 4.1, a t-layer GNN is equivalent to a WL test with t iterations. In this section, we
provide results to show that not all values of k are equally powerful. To prove this, we show that
there are graphs that sparse biharmonic WL can distinguish in fewer iterations than sparse resistance
WL, corresponding to a GNN with fewer layers.

In this theorem, the sparse resistance WL test and sparse biharmonic WL test to refer to the sparse
ψ WL test when ψ is the effective resistance of biharmonic distance respectively.

Theorem 6.1. There are pairs of graphs that sparse biharmonic distance WL can distinguish in one
iteration but the sparse resistance WL test cannot distinguish in o(n) iterations.

The pairs of graphs we consider in this proof are both trees. To prove this theorem, we will use the
following fact.

Lemma 6.1. The sparse resistance WL test is equally strong as the WL test when G and H are trees

This result is directly implied by a result of Ghosh et al. (2008, Theorem 2.3) that the effective resis-
tance between any two nodes in a tree is their shortest path distance. Thus, the effective resistance of
all edges in a tree is 1, giving no additional information. Conversely, Black et al. (2024a, Theorem
5.1) proves that the biharmonic distance for any edge in a tree uniquely determined by the number
of nodes on either side of that cut edge, which does supply more additional topological information
about an edge. The full proof of Theorem 6.1 is contained in Appendix B.1. While this may suggest
that sparse biharmonic WL is much more powerful than sparse resistance WL on trees, this does not
generalize to all trees. We can construct a counterexample consisting of a pair of non-isomorphic
trees that sparse biharmonic WL cannot distinguish in o(n) iterations. We defer this example to the
appendix as well.

Importantly, this result gives credence to the idea that there is an important amount of expressive
granularity that exists within the k-harmonics and spectral distances as a whole. That is, while all
k-harmonics are situated between 1-WL and 3-WL, the WL hierarchy does not tell the whole story
of their expressive power, and there can be stronger and weaker spectral encodings in this space.

Theorem 6.1 proves that sparse biharmonic WL can distinguish a pair of graphs much more quickly
than sparse resistance WL. A natural follow-up question is if this is common. Our next theorem
suggests this is not usually the case for different k-harmonic distances. Intuitively, if two graphs are
distinguishable by some k-harmonic WL test, they will be distinguishable for most k-harmonic WL
tests (disregarding the number of iterations t). A proof can be found is found in Appendix B.3.

Theorem 6.2. LetG andH be graphs with n vertices that are distinguishable by sparse k-harmonic
WL for some k. Then for all butO(n5) values of k′ ∈ R+,G andH are distinguishable by the sparse
k′-harmonic WL test.

6
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We have shown that most k-harmonics provide equally powerful WL tests. A potential way to
improve the expressive power of the k-harmonic distance would be to use the concatenation of
multiple k-harmonic distances as an edge feature. Concatenating multiple positional encodings is
a common technique that is known to increase the expressive power of a network (Ma et al., 2023;
Zhang et al., 2023). However, we show that this technique has a limit. Specifically, we show
that concatenating the first 2n k-harmonic distances is as strong as taking all k-harmonic distances.
This is analogous to known results for other RPEs like powers of the adjacency matrix or heat
kernels (Black et al., 2024b; Gai et al., 2025).

For a set of values S ⊂ R, let the sparse S-harmonic WL test denote the sparse ψ-WL test for
ψ : E → R|S| defined ψ(u, v) = (H(k)(u, v) : k ∈ S), i.e., we concatenate the k-harmonic
distances for all k ∈ S.
Theorem 6.3. Let [2n] = {1, 2, . . . , 2n}. For graphs on n vertices, the sparse [2n]-harmonic WL
test is equally strong as the sparse R-harmonic WL test.

Lastly, we show that these [2n] harmonic distances subsume all spectral distance measurements with
reference to their respective WL tests. That is, any expressive power that can be gained from the
spectral distances is contained within the first [2n] k-harmonics.
Theorem 6.4. Let Df be a spectral distance. The sparse [2n]-harmonic WL test is as strong as the
sparse Df -harmonic WL test.

In summary, the results in this section imply that there is an important amount of granular expressiv-
ity present in the k-harmonic distances.

7 RESULTS AND DISCUSSION

To corroborate our results, we test the k-harmonic distance on both synthetic and real world data.
In order to empirically verify the expressivity of the k-harmonic distance, we examine performance
on the BREC dataset, a dataset that utilizes contrastive learning in order to test a GNN’s ability
to distinguish non-isomorphic graphs. Further, we examine performance on the ZINC dataset as a
measurement for a regression task, and ogbg-molhiv to measure classification. These experiments
also validate our theoretical results seen in Section 6, as we see that different datasets have different
optimal values for k.

Architecture We use the k-harmonic distances as edge features. We use the GINE architec-
ture (Hu et al., 2020b) as our MPNN. We provide further experimental settings in the Appendix.

Learnable k In an attempt to further explore the empirical power of the k-harmonic distances, we
set k to be a learnable parameter in our MPNN as one of our experiments. That is, k is trained with
gradient descent during the learning process. In all experiments, we initialize k = 1.5, with further
justification given in the Appendix.

7.1 BREC

The BREC dataset was introduced by Wang & Zhang (2024) as an attempt to measure the realized
expressivity of GNNs. That is, the dataset makes use of a contrastive learning approach to test
whether or not the GNN is able to learn to map non-isomorphic graphs to different features in latent
space, and isomorphic graphs to similar areas. The dataset consists of several different types of
graphs including Basic Graphs, Regular Graphs, Extension Graphs, and CFI Graphs which range
from WL indistinguishable up to 4-WL indistinguishable.

We conduct the experiment by comparing an MPNN that makes use of effective resistance, bihar-
monic distance, and higher k-harmonic distances to their own theoretical expressivity. We present
the most compelling results in Table 1, which shows that the realized expressivity of k-harmonic
distance augmented MPNNs is in line with what we would expect, that is, stronger than 1-WL but
weaker than 3-WL. We defer a full discussion of the results to the Appendix.

Further, the learnable k parameter does not prefer any value of k over another. That is, we suspect
any value of k results in a local optimum and the MPNN is able to learn BREC nearly equally as

7
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well with any initialization of k. This directly supports our findings in Theorem 6.2 that almost any
k-harmonic works equally as well at distinguishing graphs.

Table 1: % Accuracy for each family of graph in BREC.
Accuracy Resistance Biharmonic 4-harmonic Learnable k = arbitrary

Basic 100 100 100 98

Regular 50 49 46 50
Extension 95 99 94 99
CFI 4 5 6 4

Total 52 52.5 51.5 52

7.2 OGBG-MOLHIV

Though BREC provides a measure of the empirical expressivity of different k-harmonic distances,
it is still imperative to test the performance on real world datasets. We test on ogbg-molhiv, a
popular binary classification task that aims to predict whether a given molecule inhibits HIV virus
replication.

Table 2 depicts the main results from the experiment. Interestingly, the biharmonic distance has the
best absolute performance on the dataset with two layers of message passing. However, when given
only one layer of message passing, the learnable k parameter is able to find a more optimal value,
tending towards k = 2 but ultimately landing on an average of 1.81 across all tests. This suggests
that k = 2 may be at least a local optimum for k. We provide further discussion in the Appendix.

In the spirit of Theorem 6.3, we also concatenate n different k-harmonic values together to create
an edge feature euv ∈ Rn in order to see whether or not it gives us more expressive power. This
experiment is largely ineffective, and single values of k perform better in most instances.

Lastly, we report that these results are statistically significant (α = 0.05 via the paired Wilcoxon
test). That is, the biharmonic distance is significantly better than any other static value of k as well
as not using a k harmonic.

Table 2: % AUC for ogbg-molhiv. k = [1, 4] refers to appending all k-harmonic distances from 1 to
4 together. Results are averaged across 10 seeds.

k 1 Layer 2 Layers 4 Layers
No k-Harmonic 74.2 ± 1.4 74.3 ± 1.6 72.5 ± 3.5
k = 1 73.6 ± 1.6 75.5 ± 1.3 71.1 ± 3.7
k = 2 75.7 ± 2.1 78.2 ± 1.4 74.4 ± 2.8
k = 3 74.8 ± 1.5 74.7 ± 1.7 74.6 ± 2.4
k = 4 73.7 ± 0.9 72.6 ± 2.1 70.6 ± 5.6
k = [1, 4] 73.7 ± 1.3 73.5 ± 1.7 73.4 ± 1.4
Learnable k 77.0 ± 1.2 77.5 ± 1.1 74.1 ± 1.4

7.3 ZINC

The form of the ZINC dataset that we utilize (12K) was formalized in Dwivedi et al. (2023) which
is a graph regression task that seeks to learn the constrained solubility of a molecule.

Similarly to molhiv, more layers of message passing help the network with the regression task,
though only up to the point of 4 layers. Also of note, the effective resistance outperforms any other
k-harmonic distance on this dataset. Full results are provided in the Appendix.

The learnable k parameter corroborates our findings and settles at around 1.15 across all experiments,
indicating that effective resistance is locally optimal.

8
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Further, we compare to other models across multiple architectures that have used the ZINC dataset
in Table 3. The resistance and biharmonic transformer come from (Black et al., 2024b), Graphormer
(Ying et al., 2021), GraphGPS (Rampasek et al., 2022), GCN-PE, GAT, 3-WL GNN (Dwivedi et al.,
2023). Though our MPNN model is outclassed in raw performance by transformer models that make
use of PEs, we argue the benefit of computational efficiency when the power of k-harmonic distances
are added to low-cost networks — retaining most of the performance with 1/5th of the parameters
incurring 1/10th of the runtime (on equivalent hardware) — suggesting that the power lies within the
use of the k-harmonic distance, rather than the specific choice of network architecture.

Table 3: Test MAE for ZINC compared against number of parameters. The parameter to perfor-
mance ratio is calculated as (1/ test MAE)× # parameters (in millions), where higher is better.

Resistance
MPNN

Biharmonic
MPNN

Resistance
Transformer

Biharmonic
Transformer Graphormer GraphGPS GCN-PE GAT 3WLGNN

Test MAE 0.127 0.157 0.106 0.132 0.122 0.071 0.214 0.384 0.256

# Parameters 95,601 95,601 573,922 573,922 489,321 423,717 505,011 531,345 103,098

Performance to
Parameter Ratio 82.36 66.63 16.44 13.20 16.75 33.24 9.25 4.90 37.89

8 LIMITATIONS

Though we provide interesting experimental results showing there are better values of k for specific
datasets, it is an open question as to why these values of k were better in these cases. That is, though
ZINC and ogbg-molhiv are both chemical datasets consisting of graphs that are roughly the same
size, our experiments suggest that effective resistance performs better on ZINC while the biharmonic
distance performs better on ogbg-molhiv.

Further, though the theoretical expressivity of arbitrary k is clearly present from our BREC results,
on real datasets we struggle to find an optimal k that is not 1 or 2 - which is compounded by the
inability to have an intuitive interpretation of any k-harmonic of k > 2. It remains an open question
how to interpret values of k > 2, and whether or not these k-harmonic distanecs have any additional
power beyond that of k = 1, 2. This is in contrast to the results in (Black et al., 2024a), where values
of k >> 2 gave the best results for several clustering experiments.

Theorem 6.1 shows that the sparse biharmonic WL can distinguish certain graphs much more quickly
than sparse resistance WL. However, sparse resistance WL is able to distinguish these graphs given
enough iterations. It is an open question whether there are pairs of graphs that sparse k-harmonic
WL can distinguish for some value of k but not for another value of k′ in any number of iterations.

9 CONCLUSION

In this paper, we proved several theoretical properties of the k-harmonic distances. We theorized the
practical use of these k-harmonic distances on specific families of graphs, as well as limitations on
the expressive power to be gained with an increasing number of k-harmonic distances. To substanti-
ate these results, we provide several empirical tests both on toy datasets and real-world applications
to give insight into how these k-harmonics perform. We believe this provides a compelling case for
the use of the k-harmonic distances as a positional encoding in GNNs.

In future work, we hope to further explore exactly what the k-harmonic distance tells us about a
graph for k > 2. By doing so, we may find consistent insights that allows us to recommend specific
k-harmonic distance for certain types of real world data/graphs.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Vedat Levi Alev, Nima Anari, Lap Chi Lau, and Shayan Oveis Gharan. Graph clustering using
effective resistance. In 9th Innovations in Theoretical Computer Science Conference (ITCS 2018).
Schloss Dagstuhl-Leibniz-Zentrum fuer Informatik, 2018.

V. Arvind, Frank Fuhlbrück, Johannes Köbler, and Oleg Verbitsky. On a Hierarchy of Spectral
Invariants for Graphs. In Olaf Beyersdorff, Mamadou Moustapha Kanté, Orna Kupferman, and
Daniel Lokshtanov (eds.), 41st International Symposium on Theoretical Aspects of Computer Sci-
ence (STACS 2024), volume 289 of Leibniz International Proceedings in Informatics (LIPIcs), pp.
6:1–6:18, Dagstuhl, Germany, 2024. Schloss Dagstuhl – Leibniz-Zentrum für Informatik. ISBN
978-3-95977-311-9. doi: 10.4230/LIPIcs.STACS.2024.6. URL https://drops.dagstuhl.
de/entities/document/10.4230/LIPIcs.STACS.2024.6.

Mitchell Black, Lucy Lin, Weng-Keen Wong, and Amir Nayyeri. Biharmonic distance of graphs
and its higher-order variants: Theoretical properties with applications to centrality and clus-
tering. In Forty-first International Conference on Machine Learning, 2024a. URL https:
//openreview.net/forum?id=3pxMIjB9QK.

Mitchell Black, Zhengchao Wan, Gal Mishne, Amir Nayyeri, and Yusu Wang. Comparing graph
transformers via positional encodings. In Forty-first International Conference on Machine Learn-
ing, 2024b.

Chen Cai and Yusu Wang. A note on over-smoothing for graph neural networks, 2020. URL
https://arxiv.org/abs/2006.13318.

Ashok K. Chandra, Prabhakar Raghavan, Walter L. Ruzzo, Roman Smolensky, and Prasoon Ti-
wari. The electrical resistance of a graph captures its commute and cover times. computa-
tional complexity, 6(4):312–340, Dec 1996. ISSN 1420-8954. doi: 10.1007/BF01270385. URL
https://doi.org/10.1007/BF01270385.

Krzysztof Choromanski, Han Lin, Haoxian Chen, Tianyi Zhang, Arijit Sehanobish, Valerii Likhosh-
erstov, Jack Parker-Holder, Tamas Sarlos, Adrian Weller, and Thomas Weingarten. From block-
toeplitz matrices to differential equations on graphs: towards a general theory for scalable masked
transformers. In International Conference on Machine Learning, pp. 3962–3983. PMLR, 2022.

Ronald R Coifman and Stéphane Lafon. Diffusion maps. Applied and computational harmonic
analysis, 21(1):5–30, 2006.

Vijay Prakash Dwivedi and Xavier Bresson. A generalization of transformer networks to graphs.
AAAI Workshop on Deep Learning on Graphs: Methods and Applications, 2021.

Vijay Prakash Dwivedi, Chaitanya K Joshi, Anh Tuan Luu, Thomas Laurent, Yoshua Bengio, and
Xavier Bresson. Benchmarking graph neural networks. Journal of Machine Learning Research,
24(43):1–48, 2023.

Or Feldman, Amit Boyarski, Shai Feldman, Dani Kogan, Avi Mendelson, and Chaim Baskin. Weis-
feiler and leman go infinite: Spectral and combinatorial pre-colorings. Transactions on Machine
Learning Research, 2023. ISSN 2835-8856. URL https://openreview.net/forum?
id=YJDqQSAuB6.

Martin Fürer. On the power of combinatorial and spectral invariants. Linear algebra and its appli-
cations, 432(9):2373–2380, 2010.

Jingchu Gai, Yiheng Du, Bohang Zhang, Haggai Maron, and Liwei Wang. Homomorphism ex-
pressivity of spectral invariant graph neural networks. In The Thirteenth International Confer-
ence on Learning Representations, 2025. URL https://openreview.net/forum?id=
rdv6yeMFpn.

Arpita Ghosh, Stephen Boyd, and Amin Saberi. Minimizing effective resistance of a graph. SIAM
review, 50(1):37–66, 2008.

10

https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.STACS.2024.6
https://drops.dagstuhl.de/entities/document/10.4230/LIPIcs.STACS.2024.6
https://openreview.net/forum?id=3pxMIjB9QK
https://openreview.net/forum?id=3pxMIjB9QK
https://arxiv.org/abs/2006.13318
https://doi.org/10.1007/BF01270385
https://openreview.net/forum?id=YJDqQSAuB6
https://openreview.net/forum?id=YJDqQSAuB6
https://openreview.net/forum?id=rdv6yeMFpn
https://openreview.net/forum?id=rdv6yeMFpn


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Justin Gilmer, Samuel S Schoenholz, Patrick F Riley, Oriol Vinyals, and George E Dahl. Neural
message passing for quantum chemistry. In International conference on machine learning, pp.
1263–1272. PMLR, 2017.

Weihua Hu, Matthias Fey, Marinka Zitnik, Yuxiao Dong, Hongyu Ren, Bowen Liu, Michele Catasta,
and Jure Leskovec. Open graph benchmark: Datasets for machine learning on graphs. Advances
in neural information processing systems, 33:22118–22133, 2020a.

Weihua Hu, Bowen Liu, Joseph Gomes, Marinka Zitnik, Percy Liang, Vijay Pande, and Jure
Leskovec. Strategies for pre-training graph neural networks. In International Conference
on Learning Representations, 2020b. URL https://openreview.net/forum?id=
HJlWWJSFDH.

Ningyuan Teresa Huang and Soledad Villar. A short tutorial on the weisfeiler-lehman test and its
variants. In ICASSP 2021-2021 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP), pp. 8533–8537. IEEE, 2021.

Yinan Huang, William Lu, Joshua Robinson, Yu Yang, Muhan Zhang, Stefanie Jegelka, and Pan
Li. On the stability of expressive positional encodings for graphs. In The Twelfth International
Conference on Learning Representations, 2024. URL https://openreview.net/forum?
id=xAqcJ9XoTf.

Graham J. O. Jameson. Counting zeros of generalised polynomials: Descartes rule of signs and
laguerres extensions. The Mathematical Gazette, 90:223 – 234, 2006. URL https://api.
semanticscholar.org/CorpusID:17184843.

G. Kirchhoff. Ueber die auflösung der gleichungen, auf welche man bei der untersuchung der
linearen vertheilung galvanischer ströme geführt wird. Annalen der Physik, 148:497–508, 1847.
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A PROOFS FROM SECTION 5

A.1 PROOF OF THEOREM 5.1

Theorem 5.1. Let k ≥ 1. The sparse k-harmonic WL is strictly stronger than the WL test.

Proof. Let Cn denote the ring graph on n nodes. In particular, let C9 be the ring graph on 9 nodes,
and let C3,3 = ∪3

i=1C3 be the graph that is the union of 3 ring graphs on 3 nodes; see Figure 1.
Observe that C9 and C3,3 are indistinguishable by the WL test as they are both 2-regular graphs.

Now, we will show that C9 and C3,3 are distinguishable by one iteration of the sparse k-harmonic
WL.

First, for any edges e, e′ ∈ C9, Hk
C9

(e) = Hk′

C9
(e′); likewise for any two edge in C3,3. This is

because both graphs are edge-transitive. Second, for any edge e ∈ EC3,3
and any edge e′ ∈ EC3

,
Hk
C3,3

(e) = Hk′

C3
(e′). This is because for a graph G with connected components G1, . . . , Gk,

Lk+G =

L
k+
G1

0 . . .

0 Lk+G2

...
. . .


This follows from the fact that the eigenvectors of a disconnected graph are the eigenvectors of each
of its connected components with zero padding to be the correct dimesnionality; see (Spielman,
2025, Lemma 3.1.1).

As C9 is a regular graph and all edges have the same k-harmonic distance, then all nodes in C9

have the same sparse k-harmonic WL color; likewise for C3,3. For both graphs, these colors are
χ(1)(v) = (1, {{(1,Hk(e), (1,Hk(e)}}), where Hk(e) denotes the unqiue k-harmonic distance in
the respective graph. Therefore, we only need to show that Hk

C9
(e) ̸= Hk

C3
(e′) for e ∈ EC9 and

e′ ∈ C3.

We first derive an exact formula for the k-harmonic distances of edges in these graphs.

Lemma A.1. Let C2n+1 be the cycle graph on 2n + 1 vertices. Let k > 0. Then the k-harmonic

distance of any edge in C2n+1 is Hk
C2n+1

(e) = 2
2n+1

∑n
t=1

(
2− 2 cos

(
2πt

2n+1

))−(k−1)

Proof. The analytical form of the eigenvectors and eigenvalues of cycle graphs are well-
established (Spielman, 2025, p. 49). In addition to the all-ones vector with eigenvalue 0 (which
is an eigenpair of the Laplacian of all graphs), for all 1 ≤ t ≤ n, there are two distinct eigenval-
ues corresponding xt and yt corresponding to the eigenvalue λt. Let the vertices of C2n+1 as the
integers {0, ..., 2n}. The eigenvectors are

xt(i) =

√
2

2n+ 1
· cos

(
2πti

2n+ 1

)
, yt(i) =

√
2

2n+ 1
· sin

(
2πti

2n+ 1

)
with eigenvalue

λt = 2− 2 cos

(
2πt

2n+ 1

)
.

Further, the kth power of the pseudoinverse of G is

(L+)k =

n∑
t=1

(λt)
−k (xtxTt + yty

T
t

)

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Thus, the k-harmonic distance of an edge in C2n+1 is
Hk
C2n+1

(i, i+ 1) =(1i − 1i+1)
TL+k(1i − 1i+1)

=
n∑
t=1

(
2− 2 cos

(
2πt

2n+ 1

))−k
2

2n+ 1

[
cos2

(
2πti

2n+ 1

)
+ sin2

(
2πti

2n+ 1

)
− 2 sin

(
2πti

2n+ 1

)
sin

(
2πt(i+ 1)

2n+ 1

)
− 2 cos

(
2πti

2n+ 1

)
cos

(
2πt(i+ 1)

2n+ 1

)
+ sin2

(
2πt(i+ 1)

2n+ 1

)
+ cos2

(
2πt(i+ 1)

2n+ 1

)]
Here 0 ≤ i < 2n. The choice of i is arbitrary as all edges in C2n+1 have the same k-harmonic
distance. By applying the common trigonometry identities sin2(x)+cos2(x) = 1 and cos(x−y) =
cos(x) cos(y) + sin(x) sin(y), we arrive at

Hk
C2n+1

(i, i+ 1) =
2

2n+ 1

n∑
t=1

(
2− 2 cos

(
2πt

2n+ 1

))−k [
2− 2 cos

(
2πt

2n+ 1

)]

=
2

2n+ 1

n∑
t=1

(
2− 2 cos

(
2πt

2n+ 1

))−(k−1)

Observe that for the case of the disconnected 3-cycle graph (n = 1), the k-harmonic of an edge is

Hk
C3

(e) =
2

3

(
2− 2 cos

(
2π

3

))−(k−1)

and for the case of the 9-cycle graph (n = 4) we have

Hk
C9

(e) =
2

9

(
2− 2 cos

(
2π

9

))−(k−1)

+
2

9

(
2− 2 cos

(
4π

9

))−(k−1)

+
2

9

(
2− 2 cos

(
2π

3

))−(k−1)

+
2

9

(
2− 2 cos

(
8π

9

))−k−1

It is easy to see that

Hk
C9

(e) =
1

3
Hk
C3

(e) +
2

9

[(
2− 2 cos

(
2π

9

))−k−1

+

(
2− 2 cos

(
4π

9

))−k−1

+

(
2− 2 cos

(
8π

9

))−k−1
]

or more simply

Hk
C9

(e) =
1

3
Hk
C3

(e) + f(k)

so we want to show that f(k) > 2
3H

k
C3

. Because cos(πx) is strictly decreasing on the interval
x ∈ [0, 1] this implies that

0 < 2− 2 cos

(
2π

9

)
< 2− 2 cos

(
4π

9

)
< 2− 2 cos

(
2π

3

)
< 2− 2 cos

(
8π

9

)
Accordingly, for k ≥ 1,

2

9

(
2− 2 cos

(
2π

9

))−(k−1)

≥ 2

9

(
2− 2 cos

(
4π

9

))−(k−1)

≥2

9

(
2− 2 cos

(
2π

3

))−(k−1)

=
1

3
Hk
C3

(e)

≥2

9

(
2− 2 cos

(
8π

9

))−(k−1)

> 0
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The first two terms are larger than 1
3H

k
C3

(e), with the last term being strictly positive regardless.
This implies that

f(k) >
2

3
Hk
C3

or that Hk
C9

(e) and Hk
C3

(e) are never equal for any value of k ≥ 1. This implies that any value of
k used for the sparse k-harmonic test will be able to successfully distinguish any two edges in C3,3

and C9. Therefore, a single iteration of sparse k-harmonic WL will result in different multisets for
G and H as the edge features will be aggregated to their incident nodes. Thus, as we have found a
pair of graphs that sparse k-harmonic WL can distinguish that 1-WL cannot, sparse k-harmonic WL
> WL.

Corollary A.1. Sparse k-harmonic WL can distinguish any two odd cycle ring graphs of the form
Cn and n

m copies of Cm where m|n.

Proof. Observe that the logic in the previous proof follows similarly when n is varied up to

n∑
t=1

2

n

(
2− 2 cos

(
2πt

2n+ 1

))−k−1

for the rest of the proof to hold, we need to deduce that Hk
Cm

(e) ⊂ Hk
Cn

(e). For this to be true for
two summations of the form cos(2πt/2n+ 1) it must be the case that m|n. While it is true that the
two summations will share terms when m and n are not coprime, for Hk

Cm
(e) ⊂ Hk

Cn
(e) it must be

that m|n.

From here, the rest of the proof remains true.

A.2 PROOF OF THEOREM 5.2

We use the following lemma about the number of roots of an exponential function. A stronger
variant of it is proved in (Jameson, 2006, Theorem 3.1).

Lemma A.2. Let f(x) =
∑t
i=1 aib

x
i , with nonzero ais and positive bis. Then, f(x) = 0 for at most

t values of x.

Theorem 5.2. The 3-WL test is strictly stronger than the sparse k-harmonic WL test for all k ∈ R.

Proof. We rely on the important results from (Zhang et al., 2024), which proves that 3-WL upper-
bounds an isomorphism test called the eigenspace projection-WL (EP-WL). We will thus show that
sparse k-harmonic WL is upper bounded by EP-WL. EP-WL is defined as:

χ
(t+1)
P (v) =

(
χ
(t)
P (v), {{χ(t)

P (u), P(u, v) : u ∈ V }}
)

(5)

where PL(u, v) is the eigenspace projection invariant associated with graph laplacian L. Specifi-
cally, the Laplacian can be defined as

L =
∑
i∈m

λiPi (6)

where λi are the distinct eigenvalues and Pi are the projection matrices for m unique eigenvalues λi.
The eigenspace projection invariant is the multiset

P(u, v) = {{(λ1, P1(u, v)) , . . . , (λm, Pm(u, v))}}.

The outline for the rest of the proof is as follows. We aim to upper bound sparse k-harmonic WL by
EP-WL. In order to prove our upper bound, we need to prove that both 1.) EP-WL can determine
the k-harmonic distance of a pair of nodes and 2.) EP-WL can successfully recover which pairs of
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nodes are connected by an edge. Part 1) is implied by Lemmas A.3 and A.5 (and proved in the proof
of Lemma A.6) and part 2) is Corollary A.2.

We begin with a few observations about EP-WL.

Lemma A.3. Let G and H be graphs. Let u, v ∈ VG and x, y ∈ VH . Then P(u, v) = P(x, y) if
and only if LkG(u, v) = LkH(x, y) for all k ∈ R

Proof of Lemma A.3. If P(v, v) = P(u,w), then for any k,

LkG(u, v) =

m∑
i=1

λkG,iPi,G(u, v) =

m∑
i=1

λkH,iPi,H(x, y) = LkH(x, y).

Now assume P(v, v) ̸= P(u,w). Consider the polynomial

LkG(u, v)− LkH(x, y) =

m∑
i=1

λkG,iPG,i(u, v)−
m∑
i=1

λkH,iPH,i(x, y)

As P(v, v) ̸= P(u,w), then there is some i such that λi,G ̸= λi,H or PG,i(u, v) ̸= PH,i(x, y). In
either case, this polynomial is not the zero polynomial. Thus, by Lemma A.2, there must be some k
such that LkG(u, v)− LkH(x, y) ̸= 0, and so LkG(u, v) ̸= LkH(x, y).

Corollary A.2. Let G and H be graphs. Let u, v ∈ VG and x, y ∈ VH . If P(u, v) = P(x, y), then
(u, v) ∈ EG if and only if (x, y) ∈ EH

Proof of Corollary A.2. LG(u, v) < 0 if and only if (u, v) ∈ EG, so this follows from Lemma A.3.

In what follows, an isolated vertex is a vertex with 0 neighbors.

Corollary A.3. Let G and H be graph. Let v ∈ VG and u,w ∈ VH . If v is not an isolated vertex,
then P(v, v) = P(u,w) only if u = w.

Proof of Corollary A.3. LH(u,w) > 0 only if u = w and u is not an isolated vertex, so this follows
from Lemma A.3.

Lemma A.4. Let G and H be graph. Let v ∈ VG and x ∈ VH . If χ(1)
P (v) = χ

(1)
P (x), then either

both v and x are isolated vertices or neither v and x are isolated vertices.

Proof of Lemma A.4. If v is an isolated vertex, for any u ∈ V , LG(u, v) = 0. Therefore, as
{{P(u, v) : v ∈ VG}} = {{P(x, y) : y ∈ VH}}, by Lemma A.3, it must also be the case that
LH(x, y) = 0 for all y ∈ VH .

Lemma A.5. Let G and H be graph. Let v ∈ VG and x ∈ VH . If neither v and x are isolated
vertices and χ(1)

P (v) = χ
(1)
P (x), then Lk(v, v) = Lk(x, x) for all k ∈ R.

Proof of Lemma A.5. If χ(1)
P (u) = χ

(1)
P (v), then this implies that {{P(u, v) : v ∈ VG}} = {{P(x, y) :

v ∈ VG}}. As v and x are not isolated, then by Corollary A.3, P(v, v) = P(x, x). Thus, Lemma A.3
implies the lemma.

Recall that the k-harmonic distance is

Hk(s, t) =
√
L+k(s, s) + L+k(t, t)− 2L+k(s, t)

Let χ(t)
k (v) denote the sparse k-harmonic WL color.

Lemma A.6. Let G and H be graphs. Let v ∈ VG and x ∈ VH . For all t ≥ 0, if χ(t+1)
P (v) =

χ
(t+1)
P (x), then χ(t)

k (v) = χ
(t)
k (x).
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Proof of Lemma A.6. We prove this by induction on t. For t = 0, this is trivial as all vertices have
the same sparse k-harmonic WL color.

Now assume this is true for some t− 1. We will prove it is the case for t.

If χ(t+1)
P (v) = χ

(t+1)
P (x), then by Lemma A.4, there are two cases: both v and x are isolated

vertices or neither are.

If v and x are isolated vertices, then χ
(t)
k (v) = χ

(t)
k (x) as all isolated vertices have the sparse

k-harmonic WL color.

If v and x are not isolated vertices, then(
χ
(t)
P (v), {{χ(u),P(u, v) : u ∈ VG}}

)
=
(
χ
(t)
P (x), {{χ(y),P(x, y) : y ∈ VH}}

)
.

By the induction hypothesis, the first part of the tuple implies that χ(t−1)
k (v) = χ

(t−1)
k (x).

Next, observe that by Corollary A.2 that

{{χ(t)
P (u),P(u, v) : u ∈ VG}} ={{χ(t)

P (y),P(x, y) : (x, y) ∈ VH}}

⇒ {{χ(t)
P (u),P(u, v) : (u, v) ∈ EG}} ={{χ(t)

P (y),P(x, y) : (x, y) ∈ EH}}

Thus, there is a bijection σ : N(v) → N(X) such that (χ
(t)
P (u),P(u, v)) =

(χ
(t)
P (σ(u)),P(x, σ(u))) for all u ∈ N(v). We claim that for each u ∈ N(v) that

(χ
(t)
k−1(u),H

k(u, v)) = (χ
(t−1)
k (σ(u)),Hk(x, σ(u))). As χ(t)

P (u) = χ
(t)
P (σ(u)), the inductive

hypothesis implies that χ(t)
k−1(u) = χ

(t−1)
k (σ(u). To prove that Hk(u, v) = Hk(x, σ(u)), first

observe that because v and x are not isolated vertices and χ(t+1)
P (v) = χ

(t+1)
P (x), then L+k

G (v, v) =

L+k
G (x, x) by Lemma A.5. Likewise, L+k

G (u, u) = L+k
G (σ(u), σ(u)). Finally, as P(u, v) =

P(x, σ(u)), then L+k(u, v) = L+k(x, σ(u)) by Lemma A.3. Therefore, Hk(u, v) = Hk(x, σ(u)).
As we have shown there is a bijection σ : N(v) → N(X) such that (χ(t)

k−1(u),H
k(u, v)) =

(χ
(t−1)
k (σ(u)),Hk(x, σ(u))) for all u ∈ N(v), this concludes our proof that χ(t)

k (v) = χ
(t)
k (x)

We can now use this lemma to prove the theorem. If G and H are 3-WL indistinguishable, they
are EP-WL indistinguishable by Zhang et al. (2024). If G and H are EP-WL indistinguishable,
this implies that {{χ(t)

P (v) : v ∈ VG}} = {{χ(t)
P (x) : x ∈ VH}} for all t ≥ 0. Lemma A.6 then

implies {{χ(t)
k (v) : v ∈ VG}} = {{χ(t)

k (x) : x ∈ VH}}, so G and H are sparse k-harmonic WL
indistinguishable.

B PROOFS FROM SECTION SECTION 6

B.1 PROOF OF THEOREM 6.1

The k-hop neighbor of radius k around a node v is the graph (Bk(v), Ek(v)) with nodes Bk(v) =
{u ∈ V : d(v, u) ≤ k} and edges Ek(v) = {{u,w} : d(v, u) ≤ k − 1, d(v, w) ≤ k}. Two nodes u
and v have isomorphic k-hop neighborhoods if there is a graph isomorphism σ : Bk(u) → Bk(v)
such that σ(u) = v. While the following lemma is folklore, we will prove a stronger version of this
theorem in the coming section (proof of Lemma B.3), so readers interested in a proof of this lemma
are encouraged to read that proof.

Lemma B.1 (Folklore). Let G and H be graphs, and let v ∈ VG and u ∈ VH . If v and u have
isomorphic k-hop neighborhoods, then the WL colors χ(l)(v) = χ(l)(x) for all 0 ≤ l ≤ k.

Lemma B.2 ((Black et al., 2024a, Theorem 5.1)). Let G = (V,E) be a connected graph. Let
(u, v) ∈ E be a cut edge, and let S, T ⊂ V be the connected components of G after removing the
edge (u, v). Then

B(u, v)2 =
|S||T |
|V |

.
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n/3 n/3

n/3

n/4 n/4

n/2

Figure 2: Two non-isomorphic trees that sparse biharmonic WL can distinguish in 1 iteration but
sparse resistance WL cannot distinguish in o(n) iterations.

Proof of theorem 6.1. Let n be any positive integer that is divisible by 12. We consider the pair of
rooted trees G and H where G is a root connected to three paths of length n/3 and H is a root
connected to two paths of length n/4 and one path of length n/2; see Figure 2 for a picture of G
and H . Observe that these graphs are both trees and both have n+ 1 vertices. We will show that G
and H are indistinguishable by ⌊n/8⌋ iterations of the WL test, but are distinguishable by a single
iteration of the sparse biharmonic WL test.

First, we show that these graphs are distinguishable by one iteration of sparse biharmonic WL.
First, observe that because G and H are both trees, then all edges in either graph is a cut edge;
accordingly, we can use Lemma B.2 to compute the biharmonic distance of all edges in each graph.
In particular, consider the edge e connecting the root of H to the path of length n/2. The squared
biharmonic distance of e isB(e)2 = (n/2)(n/2+1)

n+1 ; any edge e′ inG has biharmonic distance at most

B(e′)2 ≤ (n/3)(2n/3+1)
n+1 < (n/2)(n/2+1)

n+1 = B(e)2. Therefore, the sparse biharmonic WL color of

the root χ(1)
B (rH) ofH contains an edge with biharmonic distanceB(e) =

√
(n/2)(n/2+1)

n+1 . As there

is no edge inG with biharmonic distance
√

(n/2)(n/2+1)
n+1 , there is no node inG with the same sparse

biharmonic WL color as rH . Therefore, one iteration of sparse biharmonic WL distinguishes G and
H .

Next, we need to show that G and H cannot be distinguished in ⌊n8 ⌋ iterations of the WL test. First,
we observe that for any k < ⌊n8 ⌋, the k-hop neighborhoods of the nodes in G and H are of one of
three types:

1. Nodes that are distance r < k from a leaf of a tree The k-hop neighborhoods of these
nodes are the node connected to a path of length r (the path connecting the node to the
leaf) and a path of length k.

2. Nodes that are distance r < k from the root The k-hop neighborhoods of these nodes are
the node connected to a path of length k and a path of length r connected to two paths of
length k − r.

3. Nodes that are distance > k from both a leaf and the root The k-hop neighborhood of
these nodes are the node connected to two paths of length k.

As k < ⌊n8 ⌋, there are no nodes of that are both distance < k to a leaf and a root, as the distance
between any leaf and a root in either tree is n

4

For any 0 < r < k, in both graphs, there are three nodes of distance exactly r to a leaf and distance
exactly r to the root. For r = 0, there is one node of distance r to the root (the root itself) and three
nodes of distance r = 0 to the leaves (the leaves themself.) The remaining n − 6k nodes of the
graph are at distance > k from both a leaf to a root. As there is a bijection from the nodes of G to
the nodes of H such that paired nodes have isomorphic k-hop neighborhoods, then by Lemma B.1,
we conclude that G and H are indistinguishable by k iterations of the WL test for all k < ⌊n8 ⌋.
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B.2 EXAMPLE OF THEOREM 6.1

In Theorem 6.1, we asserted that there are trees that sparse biharmonic WL can distinguish in one
iteration. However, this does not generalize to all non-isomorphic trees. We provide one such coun-
terexample in Figure 3 where it would take both sparse biharmonic WL and 1-WL Ω(n) iterations
to distinguish these two trees.
Theorem B.1. There exist pairs of graph G and H with n nodes that cannot be distinguished in
o(n) iterations of the sparse biharmonic WL test.

To prove this, we will use a variant of Lemma B.2 for the sparse ψ WL test. For an edge positional
encoding ψ and two graphs G and H , we define a ψ-preserving isomorphism as an isomorphism
σ : VG → VH such that for each edge (u, v) ∈ EG, ψ(u, v) = ψ(σ(u), σ(v)). In the following
lemma, when we say a ψ-preserving isomorphism between neighborhoods, we define ψ with respect
to the entire graphs G and H , and not with respect to the neighborhoods.
Lemma B.3. Let G and H be graphs, and let v ∈ VG and u ∈ VH . Let ψ be an edge positional
encoding. If there is a ψ-preserving isomorphism between the k-hop neighborhoods of v and x, then
the WL colors χ(l)

ψ (v) = χ
(l)
ψ (x) for all 0 ≤ l ≤ k.

Proof. We will actually prove a stronger result. If there is a ψ-preserving isomorphism σ between
the k-hop neighborhoods of u and v, then for all 0 ≤ l ≤ k and for all vertices u that are at most
k − l hops away from v, then χ(l)

ψ (v) = χ
(l)
ψ (σ(u))). We will prove this by induction on l. As u is

0 hops from itself, then this implies the theorem.

For the base case of l = 0, this is true by the definition of the sparse ψ WL test.

Now assume this is true for some l ≥ 0; we will prove it is true for l+1. Consider a vertex u that is
at distance at most k − (l + 1) from v. We claim that χ(l+1)

ψ (u) = χ
(l+1)
ψ (σ(u)). The color of v is

defined
χ
(l+1)
ψ (u) = (χ

(l)
ψ (u), {{(χ(l)

ψ (u), ψ(u,w)) : (u,w) ∈ EG}}).

By the inductive hypothesis, we know that χ(l)
ψ (u) = χ

(l)
ψ (σ(u)) as u is at most distance k−(l+1) <

k − l from v.

Moreover, as σ is an isomorphism, then the neighbors of u are {σ(w) : (u,w) ∈ EG} = {y :

(σ(u), y) ∈ EH}. Moreover, any neighbor of u is at most distance k − l from v, so χ(l)
ψ (w) =

χ
(l)
ψ (σ(w)). Finally, as σ is ψ-preserving, we know that ψ(u,w) = ψ(σ(u), σ(w)). Therefore, we

conclude that

χ
(l+1)
ψ (u) =(χ

(l)
ψ (u), {{(χ(l)

ψ (u), ψ(u,w)) : (u,w) ∈ EG}})

=(χ
(l)
ψ (σ(u)), {{(χ(l)

ψ (σ(u)), ψ(σ(u), σ(w))) : (u,w) ∈ EG}})

=(χ
(l)
ψ (σ(u)), {{(χ(l)

ψ (σ(u)), ψ(σ(u), y)) : (σ(u), y) ∈ EH}})

=χ
(l+1)
ψ (σ(u))

Proof of Theorem B.1. We will prove this theorem for the two graphs shown in Figure 3. Let n =
2k − 1 for some integer k. G and H both consist of a root, two children, and then attached to each
child a path of length n. At the end of the path, there is either a complete binary tree containing n
vertices or a path of length n. G and H are not isomorphic as the binary trees in either graphs have
different least common ancestors.

Observe that all edges in both G and H are a cut, so by Lemma B.2, the biharmonic distance of any
edge will equal |S||T |/|V |, where S and T are sets of vertices on either side of the cut. Each branch
of both G and H has the same number of nodes.

Therefore, it should be easy to see that for any edge in G, there is an edge in H must have the same
biharmonic distance. These edges are matched in the "obvious" way, i.e., each edge in the tree T is
matched to the edge in the same position in the other tree. Moreover, if we match the nodes inG and
H in the “obvious” way, then the k-hop neighborhoods of these nodes will be biharmonic-preserving
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isomorphic for all k < n. In other words, for k < n, no k-hop neighborhood can tell if two trees,
two paths, or a tree and a path are in the same branch of the tree. Therefore, by Lemma B.3, G and
H cannot be distinguished in n iterations of the sparse biharmonic WL test.

PP
TT

Length n

P P
TT

Length n

Figure 3: Two non-isomorphic trees G and H with n vertices that sparse biharmonic WL takes o(n)
iterations to distinguish. Let T be the complete tree consisting of n nodes and P be a path of n
nodes.

B.3 PROOF OF THEOREM 6.2

Theorem B.2. Let G and H be two graphs such that the Laplacians LG and LH have tG and tH
distinct non-zero eigenvalues respectively. Let u, v ∈ VG and x, y ∈ VH . Then, either

(1) the k-harmonic distances Hk(u, v) = Hk(x, y) for all k ∈ R, or

(2) the k-harmonic distances Hk(u, v) = Hk(x, y) for at most tG + tH values of k ∈ R.

Proof. Suppose that the Laplacian of G has tG distinct non-zero eigenvalues. Let LG be the Lapla-
cian of G, let 0 < λ1 < λ2 < · · · < λt be its nonzero distinct Laplacian eigenvalues, let Ui be the
matrix with columns that are an orthogonal basis for the eigenspace of Ui. Then the Laplacian of G
is

LG =

t∑
i=1

λiUiU
T
i .

Therefore, the k-harmonic distance between two vertices u and u is

(1u − 1v)
T (L+

G)
k(1u − 1v) =(1u − 1v)

T

(
n∑
i=2

λ−ki UiU
T
i

)
(1u − 1v)

=

t∑
i=1

λ−ki (UTi (1u − 1v))
TUTi (1u − 1v)

=

t∑
i=1

λ−ki p2i (u, v),

where pi(x, y) = ∥UTi (1x − 1y)∥2.

We can similarly write LH as the decomposition of its eigenvalues and eigenvectors. To distinguish
the eigenvectors and eigenvalues of G and H , we will denote each with a subscript G and H

20



1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133

Under review as a conference paper at ICLR 2026

It follows that if G and H have the same number t of distinct eigenvalues, these eigenvalues are
equal (λi,G = λi,H for 1 ≤ i ≤ t), and pi(u, v) = pi(x, y) for all 1 ≤ i ≤ t, then these pairs must
have the same k-harmonic distance for all values of k.

Otherwise, either G and H have a different number of distinct eigenvalues, there is an eigenvalue
λG,i ̸= λH,i, or there exists at least one 2 ≤ i ≤ t for which pi(x, y) ̸= pi(u, v). Now, consider

f(k) = (1x−1y)
T (L+

H)k(1x−1y)−(1u−1v)
T (L+

G)
k(1u−1v) =

tG∑
i=1

λ−ki,Gp
2
i (u, v)−

tH∑
i=1

λ−ki,Hp
2
i (x, y)

as a function k ∈ R, i.e. f : R → R and k is its only variable. Since this is an exponential function
that is not identically zero, it has at most tG + tH roots by Lemma A.2. The k-harmonic distances
between x, y and u, v are different for all other values of k.

Lemma B.4. Let G and H be graphs. Let ψ and ψ′ be edge positional encodings such that, for all
u, v ∈ VG and x, y ∈ VH , ψ(u, v) ̸= ψ(x, y) implies ψ′(u, v) ̸= ψ′(x, y). Then if sparse ψ WL
distinguishes G and H , then sparse ψ′ WL distinguishes G and H .

Proof. Let χ(t)
ψ (v) denote the color of node v under the sparseψ WL test at step t. Further, let vi ∈ G

and vj ∈ H . As a first step towards proving this lemma, we will show that if χ(t)
ψ (vi) ̸= χ

(t)
ψ (vj),

then χ(t)
ψ′ (vi) ̸= χ

(t)
ψ′ (vj), or that if nodes vi and vj are not the same color under the sparse ψ WL

test, they will not be the same color under the sparse ψ′ WL test. We will prove this by induction on
t.

Base Case: For t = 0, this is vacuously true as χ(0)
ψ (vi) = χ

(0)
ψ (vj) = 1 for all vi ∈ G and vj ∈ H .

Induction Hypothesis: Suppose this is true for t − 1 ≥ 0. That is, if χ(t−1)
ψ (vi) ̸= χ

(t−1)
ψ (vj), then

χ
(t−1)
ψ′ (vi) ̸= χ

(t−1)
ψ′ (vj)

We will now prove this is true for t. Suppose χ(t)
ψ (vi) ̸= χ

(t)
ψ (vj). By definition of the WL test, it

is either the case that: the colors were different in the previous iteration of the test: χ(t−1)
ψ (vi) ̸=

χ
(t−1)
ψ (vj), or the nodes aggregated distinguishing information in step t: {{ψ(vi, x), χ(t−1)

ψ (x) :

(vi, x) ∈ EG}} ̸= {{ψ(vj , y), χ(t−1)
ψ (y) : (vj , y) ∈ EH}}

• Case 1: χ(t−1)
ψ (vi) ̸= χ

(t−1)
ψ (vj) By the induction hypothesis, χ(t−1)

ψ′ (vi) ̸= χ
(t−1)
ψ′ (vj).

This implies that χ(t)
ψ′ (vi) ̸= χ

(t)
ψ′ (vj)

• Case 2: {{ψ(vi, x), χ(t−1)
ψ (x) : (vi, x) ∈ EG}} ̸= {{ψ(vj , y), χ(t−1)

ψ (y) : (vj , y) ∈ EH}}
WLOG suppose that vi and vj have the same number of neighbors, as their mul-
tisets will be vacuously different if they don’t. Given that they have the same
number of neighbors but have different multisets of colors, we can conclude that
for any bijection σ : N(vi) → N(vj), there is a vertex u ∈ N(vi) such that
(ψ(vi, u), χ

(t−1)
ψ (u)) ̸= (ψ(vj , σ(u)), χ

(t−1)
ψ (σ(u))).

If χ(t−1)
ψ (u) ̸= χ

(t−1)
ψ (σ(u)) then the induction hypothesis holds and χ

(t−1)
ψ′ (u) ̸=

χ
(t−1)
ψ′ (σ(u)). Ifψ(vi, u) ̸= ψ(vj , σ(u)), then we invoke our assumption to sayψ′(vi, u) ̸=
ψ′(vj , u) and the statement holds.

Thus, in both cases, χ(t)
ψ′ (vi) ̸= χ

(t)
ψ′ (vj).

To finish the proof, we show that G and H are distinguishable by the sparse ψ′ WL test. Given
that G and H are distinguishable by sparse ψ WL, there is some t > 0 such that {{χ(t)

ψ (vi) : vi ∈
VG}} ̸= {{χ(t)

ψ (vj) : vj ∈ VH}}. So, for any bijection σ : VG → VH , there is a vertex v ∈ VG
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such that χ(t)
ψ (v) ̸= χψ(σ(v)). From the above, this implies that χ(t)

ψ′ (v) ̸= χψ′(σ(v)). Therefore,

{{χ(t)
ψ′ (vi) : vi ∈ VG}} ̸= {{χ(t)

ψ′ (vj) : vj ∈ VH}}, so sparse ψ′ WL also distinguishes G and H .

Note In the following theorems, some of the constants in the theorem statements are slightly different
than in the body of the paper as we had to revise these proofs in finishing the appendix. However,
the statements of these theorems are the same beyond these small changes.

Theorem 6.2. LetG andH be graphs with n vertices that are distinguishable by sparse k-harmonic
WL for some k. Then for all butO(n5) values of k′ ∈ R+,G andH are distinguishable by the sparse
k′-harmonic WL test.

Proof. Let G and H be graphs that are distinguishable by k-harmonic WL. For all pairs of nodes
u, v ∈ VG and x, y ∈ vH , let

K(u, v, x, y) =

{
∅ if Hk(u, v) = Hk(x, y) for all k ∈ R
{k ∈ R : Hk(u, v) = Hk(x, y)} otherwise

Now let K = ∪u,v∈VG, x,y∈VH
K(u, v, x, y) and let k′ ∈ R \ K. By construction, for any pairs

u, v ∈ VG and x, y ∈ VH , if Hk(u, v) ̸= Hk(x, y), then Hk′(u, v) ̸= Hk′(x, y). Therefore, the
k′-harmonic distance satisfies the conditions of Lemma B.4, so G and H are distinguishable by the
sparse k′-harmonic WL test. Moreover, G and H each have at most n − 1 distinct eigenvalues, so
the size of K is O(n5).

Theorem 6.3. Let [2n] = {1, 2, . . . , 2n}. For graphs on n vertices, the sparse [2n]-harmonic WL
test is equally strong as the sparse R-harmonic WL test.

Proof. Let [n] = {1, 2, . . . , n}. For graphs on n vertices, the sparse [2n]-harmonic WL test is
equally as strong as the sparse R-harmonic WL test.

Recall that for two WL tests to be equally as strong as one another, if two graphs, G and H are
indistinguishable by x then they are indistinguishable by y, and vise versa. Another way to say this
is if G and H are distinguishable by x then they are distinguishable by y, and vise versa.

We invoke the result of Theorem B.2 which implies that either the Hk
G(u, v) = Hk

H(x, y) for all
k ∈ R, or that Hk

G(u, v) = Hk
H(x, y) for at most 2n− 2 values of k. As we are working with sparse

[2n] WL, if Hk
G(u, v) = Hk

H(x, y) for 1 ≤ i ≤ 2n, it must be the case that Hk
G(u, v) = Hk

H(x, y)
for all k ∈ R.

This means that we can invoke Lemma B.4 and say that if sparse [2n]-harmonic WL distinguishes
G and H , then sparse R-harmonic WL can distinguish G and H . This implies that sparse R WL is
at least as strong as sparse [n]-harmonic WL.

The other direction follows easily. That is, if HR
G(u, v) = HR

G(x, y) , then vacuously Hk
G(u, v) =

Hk
H(x, y) for 1 ≤ i ≤ 2n, so we can apply Lemma B.4 in the other direction.

Theorem 6.4. Let Df be a spectral distance. The sparse [2n]-harmonic WL test is as strong as the
sparse Df -harmonic WL test.

Proof. Let Df be a spectral distance. We will prove the sparse [2n]-harmonic WL test is as strong
as the sparse Df WL test. By Lemma B.4, it is only the case that Hk

G(u, v) = Hk
H(x, y) for

1 ≤ k ≤ 2n if Hk
G(u, v) = Hk

H(x, y) for all k ∈ R. However, by the proof of Lemma B.4, it
is only the case that Hk

G(u, v) = Hk
H(x, y) for all k ∈ R if G and H have the same number t

of distinct eigenvalues, λi,G = λi,H for 1 ≤ i ≤ t, and pi(u, v) = pi(x, y) for all 1 ≤ i ≤ t.
However, if all three of these conditions are true, then for any spectral distance Df , Df (u, v) =∑t
i=1 f(λi,G)pi(u, v) =

∑t
i=1 f(λi,h)pi(x, y) = Df (x, y). Therefore, by Lemma B.4, the sparse

[2n]-harmonic WL is as strong as the sparse Df WL test for any function f .
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C EXPERIMENTS

Learnable k-Harmonic Distance In all reported experiments we initialize k = 1.5, chosen as
a midpoint between the commonly observed best results for each dataset (k = 1, 2). This choice
avoids predisposing the model towards either value.

While we experimented with alternative initializations (k = 0, k = 3, k ∼ U(0, 1)), they consis-
tently converge to similar values but yielded inferior performance, likely due to slower convergence
and difficulty fitting training data early on.

C.1 BREC

The BREC dataset includes several families of graphs ranging from 1-WL indistinguishable, to 4-
WL indistinguishable. We provide a quick overview of the dataset and justification for why the
results we received are consistent with our theoretical results.

Basic: Consists of 60 pairs of 1-WL indistinguishable graphs.

Regular: Consists of 140 pairs of regular graphs, subdivided into different families of regular
graph. 50 pairs of simple regular graphs which are 1-WL indistinguishable, 50 pairs of strongly
regular graphs which are 3-WL indistinguishable, 20 pairs of 4-vertex condition graphs which are
at least 3-WL indistinguishable, and 20 pairs of distance regular graphs which are at least 3-WL
indistinguishable.

Extension: Consists of 100 pairs of graphs that sit between 1-WL indistinguishable and 3-WL
distinguishable. These graphs were generated outside of the context of the WL hierarchy with
methods such as substructure counting, node marking, and n-hop subgraphs. The authors claim that
these graphs are meant to provide more granularity to the space between 1-WL and 3-WL.

CFI: Consists of 100 pairs of graphs generated by the intentionally difficult Cai, Furer, and Im-
merman method. 60 pairs of these graphs are 1-WL indistinguishable, 20 pairs are 3-WL indistin-
guishable, and a further 20 pairs are 4-WL indistinguishable.

Given that we have previously proven that sparse k-harmonic WL is strictly more expressive than
1-WL, but upper bound by 3-WL, we would expect any MPNN equipped with k-harmonic distance
to distinguish some amount of the graphs in BREC that are 1-WL indistinguishable, but none of the
graphs that are 3-WL indistinguishable and higher. Of note, it is well known that 1-WL = 2-WL
(Huang & Villar, 2021), so the tightest bound that can be achieved in the WL framework is between
1-WL and 3-WL.

Concretely, sparse k-harmonic WL is able to distinguish all 1-WL indistinguishable graphs barring
the exceptionally difficult CFI graphs. However, this is not without precedent. Black et al. (2024b)
execute a similar experiment with transformer-based models that make use of effective resistance
and experience similar difficulties learning the CFI graphs while being able to learn all other 1-WL
indistinguishable graphs.

Further, Table 4 shows how both effective resistance and biharmonic distance respond to more layers
of message passing. That is, layers of message passing largely does not have an effect on results. It
is worth noting that in all experiments, the effective resistance is required to be normalized. That is,
without input normalization, effective resistance scores an average 41.75% accuracy on BREC, as
opposed to the 52% pictured. This is the only k-harmonic that improves with input normalization,
and it is unclear why this is the case. Perhaps most interestingly, the layers of message passing do
not have a significant effect on the realized expressivity of any k’s ability to distinguish graphs.

C.2 OGBG-MOLHIV

Notably, molhiv also provides edge features indicating the type of bond present between two nodes
(atoms), and node features that denote atom type, chirality, among other things. In our early experi-
ments, we see that bond types notably help the k-harmonic distances perform in all cases (α = 0.05)
and thus include them in all experiments. Specifically, the bond types are passed through a learnable
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Table 4: % Accuracy for each family of graph in BREC broken down by number of message passing
layers for both Effective Resistance and Biharmonic Distance

Resistance Biharmonic
Layers 1 2 3 4 1 2 3 4
Basic 100 96.6 100 100 100 100 96.6 96.6

Regular 50 50 49 47 46 47 49 49
Extension 95 97 94 95 95 99 93 94

CFI 3 3 4 4 4 6 6 5
Total 52 52 51.75 51.5 51.25 52.5 51.5 51.5

linear layer and then summed with the k-harmonic distances that have also been passed through a
separate learnable linear layer.

Perhaps most importantly, we see that only k = 1 and k = 2 give statistically significantly better
results than the control experiment (α = 0.05 via the paired Wilcoxon test). Though we ran several
tests experimenting with input normalization (mean, min/max, log), very few had any positive effect
on the results. Therefore, it is likely that higher values of k introduce too much numerical instability,
or simply lose too much structural information on this dataset. This is further corroborated by
the learnable k parameter tending towards 2 with little exploration or variance beyond k = 2.1,
suggesting that k values beyond 2 are simply suboptimal.

C.3 ZINC

We present the full results from the ZINC experiments in Table 5, in a similar fashion to Table 2.
Consistent with the learnable k parameter settling around 1.15 across all experiments, we see that
effective resistance is likely the optimal value of k for this dataset over biharmonic or any other k.
Further, we verify that these results are statistically significant (α = 0.05 via the paired Wilcoxon
test)

Table 5: MAE for ZINC. Results are averaged across 10 seeds.
k 1 Layer 2 Layers 4 Layers
k = 1 0.244 ± 0.005 0.144 ± 0.005 0.127 ± 0.004
k = 2 0.368 ± 0.017 0.188 ± 0.006 0.157 ± 0.006
k = 3 0.401 ± 0.008 0.319 ± 0.020 0.495 ± 0.417
k = 4 0.504 ± 0.063 0.797 ± 0.493 1.133 ± 0.434
learnable k 0.218 ± 0.047 0.142 ± 0.009 0.136 ± 0.003

Further, we give a brief summary of extraneous experiments. That is, the inclusion of the edge
features that are native to the ZINC dataset (bond information) largely have no effect on results, so
we do not include them in our experimentation. Further, input normalization has very little effect in
most cases, and is statistically insignificant in all cases regardless of the type of normalization used
(min/max, logarithmic, or mean/standard deviation).

Settings, Hyperparameters, and Hardware The settings and hyperparameters for any given ex-
periment are contained in the configuration files that accompany our code.

All experiments were run on a single NVIDIA V100 GPU with 32GB of VRAM.

Code Our code builds off of (Rampasek et al., 2022; Black et al., 2024b; Müller et al., 2024) and
use of the code is allowable under the MIT Licensing present

https://anonymous.4open.science/r/expressive_power_of_k_harmonic_
distance-9B0C
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