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ABSTRACT

Empirical studies on the robustness of graph neural networks (GNNs) have sug-
gested a relation between the vulnerabilities of GNNs to adversarial attacks and
the increased presence of heterophily in perturbed graphs (where edges tend to
connect nodes with dissimilar features and labels). In this work, we formalize
the relation between heterophily and robustness, bridging two topics previously
investigated by separate lines of research. We theoretically and empirically show
that for graphs exhibiting homophily (low heterophily), impactful structural at-
tacks always lead to increased levels of heterophily, while for graph with het-
erophily the change in the homophily level depends on the node degrees. By
leveraging these insights, we deduce that a design principle identified to signif-
icantly improve predictive performance under heterophily—separate aggregators
for ego- and neighbor-embeddings—can also inherently offer increased robust-
ness to GNNs. Our extensive empirical analysis shows that GNNs adopting this
design alone can achieve significantly improved empirical and certifiable robust-
ness compared to the best-performing unvaccinated model. Furthermore, models
with this design can be readily combined with explicit defense mechanisms to
yield improved robustness with up to 18.33% increase in performance under at-
tacks compared to the best-performing vaccinated model.

1 INTRODUCTION

Graph neural networks (GNNs) aim to translate the enormous empirical success of deep learning
to data defined on non-Euclidean domains, such as manifolds or graphs (Bronstein et al., [2017),
and have become important tools to solve a variety of learning problems for graph structured and
geometrically embedded data. However, recent works show that GNNs—much like their “standard”
deep learning counterparts—have a high sensitivity to adversarial attacks: intentionally introduced
minor changes in the graph structure can lead to significant changes in performance. This finding,
first articulated by [Ziigner et al.| (2018) and Dai et al.| (2018), has triggered studies that investigated
different attack scenarios (Xu et al.,[2019; Wu et al., 2019; [Li et al., 2020a; Ma et al.| 2020).

A different aspect of GNNSs that has been scrutinized recently is that most GNNs do not perform well
with many heterophilous datasets. GNNs generally perform well under homophily (or assortativity),
i.e., the tendency of nodes with similar features or class labels to connect (Pei et al.||2020; [Zhu et al.,
2020). Such datasets are thus called homophilous (or assortative). While homophilous datasets
dominate the study of networks, homophily is not a universal principle; certain networks, such as
romantic relationship networks or predator-prey networks in ecology, are mostly heterophilous (or
disassortative). Employing a GNN which does not account for heterophily can lead to significant
performance loss in heterophilous settings (Abu-El-Haija et al.| [2019; |[Zhu et al., 2020; Bo et al.|
2021)). Previous works have thus proposed architectures for heterophilous data.

While previous work has focused on naturally-occurring heterophily, heterophilous interactions may
also be introduced as adversarial noise: as many GNNs exploit homophilous correlation, they can
be sensitive to changes that render the data more heterophilous. A natural follow-up question is
if and how this observation manifests itself in previously proposed attacking strategies on GNNs.
In this work, we thus investigate the relation between heterophily and robustness of GNNs against
adversarial perturbations of graph structure, focusing on semi-supervised node classification tasks.

More specifically, our main contributions are:
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* Formalization: We formalize the relation between adversarial structural attacks and the change
of homophily level in the underlying graphs with theoretical (§3.1)) and empirical (§5.1)) analysis.
Specifically, we show that on homophilous graphs, effective structural attacks lead to increased
heterophily, while, on heterophilous graphs, they alter the homophily level contingent on node
degrees. To our knowledge, this is the first formal analysis of such kind.

* Heterophily-inspired Design: We show how the relation between attacks and heterophily can in-
spire more robust GNNs by demonstrating that a key architectural feature in handling heterophily,
separate aggregators for ego- and neighbor-embeddings, also improves the robustness of GNNs
against attacks (§3.2).

* Extensive Empirical Analysis: We show the effectiveness of the heterophilous design in im-
proving empirical (§5.2)) and certifiable (§5.3) robustness of GNNs with extensive experiments
on real-world homophilous and heterophilous datasets. Specifically, we compare GNNs with this
design, which we refer to as heterophily-adjusted GNNs, to non-adjusted models, including state-
of-the-art models designed with robustness in mind. We find that heterophily-adjusted GNNs are
up to 5 times more certifiably robust and have stronger performance under attacks by up to 32.92%
compared to non-adjusted, standard models. Moreover, this design can be combined with exist-
ing vaccination mechanisms, yielding up to 18.33% higher accuracy under attacks than the best
non-adjusted vaccinated model.

2 NOTATION AND PRELIMINARIES

Let G = (V, &, X) be a simple graph with node set V, edge set £ and node attributes X. The one-hop
neighborhood N (v) = {u : (u,v) € £} of anode v € V is the set of all nodes directly adjacent
to v; the k-hop neighborhood of v € V is the set of nodes reachable by a shortest path of length k.
We represent the graph G algebraically by an adjacency matrix A € {0, 1}/V/*IV and node feature
matrix X € RVIXF We use A, = A +1 to denote the adjacency matrix with self-loops added, and
denote the corresponding row-stochastic matrices as A = DA and Ay = D1 A, respectively,
where D is a diagonal matrix with D;; = j A;; (Dy is defined analogously). We further assume
that there exists a vector y, which contains a unique class label 4/, for each node v. Given a training
set Ty = {(v1,y1), (v2,ya2), ...} of labeled nodes, the goal of semi-supervised node classification is
to learn a mapping ¢ : V — ) from the nodes to the set ) of class labels.

Graph neural networks (GNNs). Most current GNNs operate according to a message passing
paradigm where a representation vector r,, is assigned to each node v € V and continually updated
by K layers of learnable transformations. These layers first aggregate representations over neigh-
boring nodes N (v) and then update the current representation via an encoder ENC. For prevailing
GNN models like GCN (Kipf & Welling, 2017) and GAT (Velickovic et al., 2018)), each layer can

be formalized as r$®) = Enc (aGGR ({r{™" :u e N(v)U {u}})), where AGGR is the mean func-

tion weighted by node degrees (GCN) or an attention mechanism (GAT), and ENC is a learnable
(nonlinear) mapping.

Adversarial attacks on graphs. Given a graph G = (V,£,X) and a GNN f that processes G, an
adversarial attacker tries to create a perturbed graph G’ = (V, &', X) with a modified edge-set &’
such that the performance of the GNN f is maximally degraded. The information available to the
attacker can vary under different scenarios (Jin et al., [2020a; |Sun et al.| 2020). Here, we follow
the gray-box formalization by Ziigner et al.| (2018)), where the attacker knows the training set 7,
but not the trained GNN f. The attacker thus considers a surrogate GNN and picks perturbations
that maximize an attack loss L,y (Ziigner et al.l [2018; |Ziigner & Gilinnemann, [2019a), assuming
that attacks to the surrogate model are transferable to the attacked GNN. For node classification,
the attack loss L, quantifies how the predictions z, € [0, 1]|y | made by the GNN f differ from
the true labels y. For a targeted attack of node v with class label y,, € )V, we adopt the negative
classification margin (CM-type) (Ziigner et al., 2018} Xu et al., 2019): Lok = —A¢ = — (2o ,y, —
MaXy £y, Zy,y). The attacker usually has additional constraints, such as a limit on the size of the
perturbations allowed (Ziigner et al., 2018} [Ztigner & Gilinnemann, 2019a).

Taxonomy of attacks. We follow the taxonomy of attacks introduced in (Jin et al.,[2020a};Sun et al.,
2020). For node classification, the attacker may aim to change the classification of a specific node
v € V (targeted attack), or to decrease the overall classification accuracy (untargeted attack).
Attacks can also happen at different stages of the training process: we refer to attacks introduced
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before training as (pre-training) poison attacks, and attacks introduced after the training process
(and before potential retraining on perturbed data) as (post-training) evasion attacks. While our
theoretical analysis (§3)) mainly considers targeted evasion attacks, we consider other attacks in our
empirical evaluation (§5).

Characterizing homophily and heterophily in graphs. Using class labels, we characterize the
types of connections in a graph contributing to its overall level of homophily/heterophily as follows:

Definition 1 (Homo/Heterophilous path and edge) A k-hop homophilous path from node w to u
is a length-k path between endpoint nodes with the same class label y,, = vy,. Otherwise, the path
is called heterophilous. A homophilous or heterophilous edge is a special case with k = 1.

Following (Zhu et al.,[2020; |Lim et al., 2021)), we define the homophily ratio A as:

Definition 2 (Homophily ratio) The homophily ratio is the fraction of homophilous edges among
all the edges in a graph: h = |{(u,v) € E|yu = yu }|/IE].

When the edges in a graph are wired randomly, independent to the node labels, the expectation for
his h, = 1/|Y| for balanced classes (Lim et al., 2021). For simplicity, we informally refer to
graphs with homophily ratio & > 1/|)| as homophilous graphs (which have been the focus in
most prior works), graphs with homophily ratio h < 1/|)| as heterophilous graphs, and graphs
with homophily ratio A =~ 1/|)| as weakly heterophilous graphs.

3 RELATION BETWEEN GRAPH HETEROPHILY & MODEL ROBUSTNESS

In this section, we first show theoretical results on the relation between adversarial structural attacks
and the change in the homophily level of the underlying graphs. Though empirical analyses from
previous works have suggested this relation on homophilous graphs (Wu et al., |2019; [Jin et al.,
2020a)), to our knowledge, we are the first to formalize it with theoretical analysis and address the
case of heterophilous graphs. As an implication of the relation, we then discuss how a key design that
improves predictive performance of GNNs under heterophily can also help boost their robustness.

3.1 How DO STRUCTURAL ATTACKS CHANGE HOMOPHILY IN GRAPHS?

Homophilous Graphs: Structural Attacks are Mostly Heterophilous Attacks. Our first re-
sult shows that, for homophilous data, effective structural attacks on GNNs (as measured by loss
Latx) always result in a reduced level of homophily where either new heterophilous connections
are added or existing homophilous connections are removed. It also states that direct perturba-
tions on 1-hop neighbors of the target nodes are more effective than indirect perturbations (influ-
encer attacks (Ziigner et al.,[2018)) on multi-hop neighbors. For simplicity, akin to previous works
(Zigner et al 2018} [Ztigner & Glinnemann, [2019a) we establish our results for targeted evasion
(post-training) attacks in a stylized learning setup with a linear GNN. However, our findings gen-
eralize to more general setups on real-world datasets as we show in our experiments (§5.1). In the
theorems below, we use the notion of gambit node: node u is called a gambit if a perturbation that
targets node v € )V adjusts the connectivity of node u € V.

Theorem 1 Let G = (V, &, X) be a self-loop-free graph with adjacency matrix A and node features

Xy = p - onehot(y,) + ﬁ -1 for each node v, where 1 is an all-1 vector, and p is a parameter that

regulates the signal to noise ratio. Assume that a fraction h of each node’s neighbors belong to the
1-h

same class, while a fraction a belongs uniformly to any other class. Consider a 2-layer linear

GNN féQ)(A, X) = AZXW trained on a training set Ty, C Dy, with at least one node from each
class y € Y, and degree d for all nodes with a distance less than 2 to any v € Dy. For a unit
structural perturbation that involves a target node v € Dy, and a correctly classified gambit node

with degree d,, the following statements hold if h > Wl‘

1. the attack loss Lax (§2) of the target v increases only for actions increasing heterophily, i.e.,
when removing a homophilous edge or path, or adding a heterophilous edge or path to node v;

2. direct perturbations on edges (or 1-hop paths) incident to the target node v lead to greater
increase in Ly than indirect perturbations on multi-hop paths to target node v.

We give the proof in App. [C.1] Intuitively, the relative inability of existing GNNs to make full use
of heterophilous data (Pei et al., 2020; |[Zhu et al., [2020) can be exploited by inserting heterophilous
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connections in graphs where homophilous ones are expected. Though the theorem shows that effec-
tive attacks on homophilous graphs necessarily reduce the homophily level, the converse is not true:
not all perturbations which reduce the homophily level are effective attacks (Ma et al., 2021).

Heterophilous Graphs: Structural Attacks Can Be Homophilous or Heterophilous, depending

on Node Degrees. When a graph displays heterophily, our analysis shows a more complicated

picture on how the level of homophily in the graph is changed by effective structural attacks: in

heterophilous case, the direction of change is dependent on the degrees of both the target node v and

the gambit node u of the attack. Specifically, if the degree of either node is low, attacks increasing

the heterophily are still effective; however, if the degrees d and d,, of both nodes are high, attacks

decreasing the heterophily will be effective. Similar to the homophilous case, we formalize our

results below for targeted evasion attacks in a stylized learning setup.

Theorem 2 Under the setup of Thm.[I] for a unit perturbation that involves a target node v with

degree d, and a correctly classified gambit node with degree d,, the following statements hold:

1. (Low-degree target node) if 0 < d < |Y| — 2, for any d, > 0 and h € [0, 1], the attack loss
Latx (2) of v increases only under actions increasing heterophily in the graph;

2. (High-degree target node) if d > |)| — 2, conditioning on the degree d,, of the gambit node:

(a) (Low-degree gambit node) if d, < %, Sor any h € [0, 1], the attack loss Lax

(§2) of v increases only under actions increasing heterophily in the graph;

(b) (High-degree gambit node) if d, > %,ﬁ)ro <h< d”(dfly‘(ji)ligilrgj)(‘ylfl) <

ﬁ, Lotk (§2) of v increases only under actions reducing heterophily in the graph.

In the statements above, the actions increasing heterophily in the graph include removing a ho-
mophilous edge or adding a heterophilous edge to node v, and the actions reducing heterophily in
the graph include when adding a homophilous edge or removing a heterophilous edge to node v.

The above theorems cover the situation when the gambit nodes are initially classified correctly
(where attacks introducing heterophily can be unambiguously defined using the ground-truth class
labels of the nodes involved). However, in §5.1} we show on real-world datasets that a relaxed in-
terpretation of the theorems, where heterophily is instead defined by the predicted class labels of
GNN:gs, can explain the behavior of the attacks regardless of the initial correctness of the gambits.

3.2 BOOSTING ROBUSTNESS WITH A SIMPLE HETEROPHILOUS DESIGN

A natural follow-up question is whether GNNs with better performance under heterophily are also
more robust against structural attacks. We deduce that a key design for improving GNN performance
for heterophilous data—separate aggregators for ego- and neighbor-embeddings—can also boost
the robustness of GNNs by enabling them to better cope with adversarially-introduced changes in
heterophily.

Separate Aggregators for Ego- and Neighbor-embeddings. This design uses separate GNN ag-
gregators for ego-embedding r, and neighbor-embeddings {r, : v € N(v)}. Formally, the repre-
sentation learned for node v in the k-th layer is:

r* = Enc (Z—\GGRl(rLk_l),rsjk_z), ™), aGeR2({r Y tu e N(u)})) , )

where AGGR1 and AGGR2 are separate aggregators, such as averaging functions (GCN), atten-
tion mechanisms (GAT), or other pooling mechanisms (Hamilton et al., 2017). The ego-aggregator
AGGR1 may also introduce skip connections (Xu et al.l |2018) to the ego-embeddings aggregated
in previous layers as shown in Eq. (I). This design has been utilized in existing GNN models (see
§D.1|for details), and has been shown to significantly boost the representation power of GNNs under
natural heterophily (Zhu et al., 2020).

Intuition. The key design changes, as compared to the GCN formulation in allow for the ego-
embedding r, to be aggregated and weighted separately from the neighbor-embeddings {r,, : u €
N (v)}, as well as for the use of skip connections to ego-embeddings of previous layers. Intuitively,
ego-embeddings of feature vectors at the first layer are independent of the graph structure and thus
unaffected by adversarial structural perturbations. Hence, a separate aggregator and skip connections
can provide better access to unperturbed information, and helps mitigate the effects of the attacks.

Theoretical Analysis. We formalize the above intuition that shows how separate aggregators for
ego- and neighbor-embeddings enable GNN layers to reduce the attack loss.
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Theorem 3 Under the setup of Thm. |l} consider two alternative layers from which a two-layer
linear GNN is built: (1) a layer defined as fs(A,X) = A XW,; and (2) a layer formulated as
fA X ) = ((1 —a)A + aI) XW, which mixes the ego- and neighbor-embedding linearly un-
der a predefined weight a € [0,1]. Then, for h > 1/|Y|, o > 1/(1 + d,), and a unit perturbation
increasing Lk as in Thm. I} outputs of layer f lead to a strictly smaller increase in L.y than f,.

We provide the proof in App. note that for « = 1/(1+d,), the two layers are the same:
fA; X;a) = fo(A,X). Theorem [3| shows that an increase to the weights of ego-embedding
improves the robustness of the GNN f for a homophily ratio & > 1/|)|. Though aggregators and
encoders are stylized in the theorem, the empirical analysis in §5.2] confirms that GNNs with more
advanced aggregators and encoders also benefit from separate aggregators. Specifically, we find that
such GNNs outperform methods without this design by up to 33.33% and 48.88% on homophilous
and heterophilous graphs, respectively, while performing comparably on clean datasets.

4 RELATED WORK

Adversarial Attacks and Defense Strategies for Graphs Since NETTACK (Ziigner et al.|, 2018)
and RL-S2V (Dai et al} 2018)) first demonstrated the vulnerabilities of GNNs against adversarial
perturbations, a variety of attack strategies under different scenarios have been proposed, including
adversarial attacks on the graph structure (Dai et al.| [2018} [ Xu et al., 2019; Bojchevski & Giinne-
mannl |2019a; [Li et al.} 2020a; (Chang et al., 2020)), node features (Takahashi, [2019;|Ma et al.l|2020),
or combinations of both (Ziigner et al., 2018 [Zligner & Giinnemann), [2019a; Wu et al., [2019). On
the defense side, various techniques for improving the GNN robustness against adversarial attacks
have been proposed, including: adversarial training (Xu et al., |2019; Ziigner & Giinnemann, |2019aj
Bojchevski & Giinnemann,|[2019b); RGCN (Zhu et al.,2019)), which adopts Gaussian-based embed-
dings and a variance-based attention mechanism; low-rank approximation of graph adjacency (En-
tezari et al., [2020) against Nettack (Ziigner et al., 2018)); Pro-GNN (Jin et al.| [2020b)), which es-
timates the unperturbed graph structure in training with the assumptions of low-rank, sparsity, and
homophily of node features; GCN-Jaccard (Wu et al.,2019) and GNNGuard (Zhang & Zitnik,|2020),
which assume homophily of features (or structural embeddings) and train GNN models on a pruned
graph with only strong homophilous links; and Soft Medoid (Geisler et al., 2020), an aggrega-
tion function with improved robustness. Other recent works have looked into the certification of
nodes that are guaranteed to be robust against certain structural and feature perturbations (Ziigner
& Giinnemann, 2019b}; [Bojchevski & Glinnemann, |2019bj [Ziigner & Gilinnemann, 2020), including
approaches based on model-agnostic randomized smoothing (Cohen et al., 2019; |Lee et al., 2019;
Bojchevski et al.| [2020). Interested readers are referred to the recent surveys (Jin et al., [2020a; Sun
et al.,[2020) for a comprehensive review of the literature.

GNNs & Heterophily Recent works (Pei et al., 2020; [Liu et al., [2020; Zhu et al., 2020; [Ma et al.,
2021)) have shown that heterophilous datasets can lead to significant performance loss for popular
GNN architectures (e.g., GCN (Kipf & Welling}, 2017), GAT (Velickovic et al.,|2018))). This issue is
also known in classical semi-supervised learning (Peel, [2017). To address this issue, several GNN
designs for handling heterophilous connections have been proposed (Abu-El-Haija et al., [2019; Pei
et al.| [2020; Zhu et al., |2020; Dong et al., 2021} |L1 et al., 2021; [Zhu et al., 2021; Bo et al., [2021]).
Yan et al.| (2021)) recently discussed the connection between heterophily and oversmoothing for
GNN:gs, and proposed designs to simultaneously address both issues. However, the formal connection
between heterophily and robustness of GNNSs has received little attention. Here we focus on a simple
yet powerful design that significantly improves performance under heterophily (Zhu et al., |2020),
and can be readily incorporated into GNNS.

5 EMPIRICAL EVALUATION

Our analysis seeks to answer the following questions: (Q1) Does our theoretical analysis on the rela-
tions between adversarial attacks and changes in heterophily level generalize to real-world datasets?
(Q2) Do heterophily-adjusted GNNS, i.e., models with separate aggregators for ego- and neighbor-
embeddings, show improved robustness against state-of-the-art attacks? (Q3) Does the identified
design improve the certifiable robustness of GNNs?
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First, we describe the experimental setup and datasets that we use to answer the above questions.

Attack Setup. We consider both targeted and untargeted attacks (§2), generated by NET-
TACK (Ziigner et al., 2018)) and Metattack (Ziigner & Giinnemann, 2019a)), respectively. For each
attack method, we consider poison (pre-training) and evasion (post-training) attacks, yielding 4 at-
tack scenarios in total. We focus on robustness against structural perturbations and keep the node
features unchanged. We randomly generate 3 sets of perturbations per attack method and dataset,
and consistently evaluate each GNN model on them. We provide more details in App.[D.2]

GNN Models. To show the effectiveness of our identified design, we evaluate four groups of models
against adversarial attacks: (1) Models with this heterophilous design only: GraphSAGE (Hamilton
et al.||2017), HoGCN (Zhu et al.,|2020), CPGNN (Zhu et al.,2021), GPR-GNN (Chien et al.| [2021)
and FAGCN (Bo et al.| [2021)); we discuss how these models instantiate this design in App. @
(2) State-of-the-art “vaccinated” architectures designed with robustness in mind: ProGNN (Jin et al.,
2020b), GNNGuard (Zhang & Zitnik} [2020) and GCN-SVD (Entezari et al., 2020); (3) Models
with both the heterophilous design and explicit robustness-enhancing mechanisms based on low-
rank approximation: HoGCN-SVD and GraphSAGE-SVD; (4) Models without any vaccination,
including some of the most popular methods: GCN (Kipf & Welling, [2017), GAT (Velickovi¢ et al.}
2018), and the graph-agnostic multilayer perceptron (MLP) which relies only on node features. We
discuss the implementations and parameters used for the models in App.[D]

Datasets & Evaluation Setup. We con- Table 1: Dataset statistics.

sider two standard datasets with strong ho-

mophlly, Cora (McCallum, 2()()()) and Cite- Homophilous graphs Heterophilous graphs

seer (Sen et al.,|[2008)), complemented with Cora Citeseer FB100 Snap

one Wegkly and one strongly heterophilous  gNodes V| 2.485 2.110 2,032 4562

graph, introduced by [Lim et al| (2021):  #Edges |5‘\ | 5,069 3,668 78,733 12,103
#Classes | 7 6 2 5

FB100 (Traud et al, [2012) and Snap "= = 1433 3,703 1193 220

Patents (Leskovec et al., 2005; [Leskovec & Homophily »  0.804 0.736 0.531 0.134

Krevl, 2014)). We report summary statistics
in Table 1} and provide more details in App.[D.5] For computational tractability, we subsample the
Snap Patents data via snowball sampling (Goodman, [1961), where we keep 20% of the neighbors
for each traversed node (see App. [D.5]for details). We follow the evaluation procedure of [Ziigner
et al| (2018) and Jin et al.| (2020b), where we split the nodes of each dataset into training (10%),
validation (10%) and test (80%) data, and determine the model parameters using the training and
validation splits. We report the average performance and standard deviation on the 3 sets of gener-
ated perturbations. For targeted attacks with NETTACK, we report the classification accuracy on the
target nodes; for untargeted attacks with Metattack, we report it over the whole test data.

Robustness Certificates. We adopt randomized smoothing for GNNs (Bojchevski et al., |2020) to
evaluate the certifiable robustness, with parameter choices as detailed in App. We only consider
structural perturbations in the randomization scheme. Following |Geisler et al.| (2020), we measure
the certifiable robustness of GNN models with the accumulated certifications (AC) and the average
maximum certifiable radii for edge additions (7,) and deletions (74) over all correctly predicted
nodes. More specifically, AC is defined as —R(0,0) + >_,. . < R(ra,7a), Where R(r,,7q) is the
certifiably correct ratio, i.e., the ratio of the nodes in the test splits that are both predicted correctly by
the smoothed classifier and certifiably robust at radius (r,,r4). In addition, we report the accuracy
of each model with randomized smoothing enabled on the test splits of the clean datasets, which is
equal to R(0,0). We report the average and standard deviation of each statistic over the 3 different
training, validation and test splits.

5.1 (Q1) STRUCTURAL ATTACKS ARE MOSTLY HETEROPHILOUS: EMPIRICAL VALIDATION

To show that our theoretical analysis in generalizes to more complex settings beyond the as-
sumptions we made in the theorems, we look into effective targeted attacks made by NETTACK on
real-world homophilous and heterophilous datasets, and present statistics of the attacks in Table [2}
with a focus on the ratios of heterophilous attacks. We use a budget of 1 perturbation per target node
in this experiment, and the statistics are reported among all effective perturbations targeting nodes
that are correctly classified on clean datasets by the surrogate GNN used by NETTACK (i.e., GCN)
as described in §5] To help validate the dependency between the degrees of the target/gambit nodes
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and the changes of heterophily predicted by Thm. 2] we also show the scatter plots of target and
gambit node degrees in Fig.[2]in App.

Homophilous Networks. For the strongly  Table 2: Effective targeted attacks by NETTACK: ra-
homophilous Cora and Citeseer graphs, tios of edge additions, deletions and heterophilous at-
all changes in the graph structure that tacks (i.e., attacks increasing heterophily). We consider
are introduced by effectives attacks fol-  two heterophily definitions, one based on ground-truth
low the conclusion of Thm. m they re-  class labels (Label), and the other on predicted class la-
duce homophily (increase heterophily) by bels by GCN on clean datasets (Pred.). All attacks are

adding heterophilous edges or removing direct perturbations on edges incident to the targets.
homophilous edges. These results show

that despite the simplified analysis, the Dataset  S2mple _ Attack Type Hete. Attacks
takeaway of Thm. [I|can be generalized to Sizes Add.  Del. Label  Pred.
real-world datasets. In addition, the at-  » Coa 150 99.33% 0.67%  100.00% 100.00%
K Iy introd th th’ O Citeseer 121 100.00% 0.00%  100.00% 100.00%
tacks mostly introduce, rather than prune, £ “ygigq i1y 100.00%  0.00% " 50.00% 100.00%
edges, suggesting that attacks adding out-  Z snap 51 100.00%  0.00% 64.71%  100.00%

lier edges to the graph are more powerful
than attacks removing informative existing edges. These observations in our experiments are con-
sistent with the observations from previous works (Jin et al.,|2020a} |Geisler et al., 2020).

Heterophilous Networks. For heterophilous graphs FB100 (h ~ 1/|)|) and Snap (h < 1/|Y)),
Fig.[2)in App. shows that almost all attacks leverage gambit nodes with low degrees (1 or 2); no
node with degree higher than 5 is leveraged. All attacks leveraging correctly classified gambit nodes
are connecting node u € V with a different ground-truth class label y,, # ¥, to the target nodes
v € V; attacks leveraging incorrectly classified gambit nodes are always connecting node u with a
different predicted class label §,, # 9, = ¥y, to the target node v, even though some gambit nodes
have the same ground-truth class label y,, = y, # ¥, as the target nodes. These results validate
the conclusion of Thm. [2on correctly classified gambit nodes, and demonstrate its generalizability
under the heterophily definition based on predicted class labels. Note that the predicted class labels
1., for each node u € V are based on GCN, which is the surrogate GNN used by NETTACK.

5.2 (Q2) BENCHMARK STUDY OF GNN MODELS: HETEROPHILOUS DESIGN LEADS TO
IMPROVED EMPIRICAL ROBUSTNESS

To answer (Q2) on whether heterophily-adjusted GNN models show improved performance against
state-of-the-art attacks, we conduct a comprehensive benchmark study. We consider all four cat-
egories of GNN models mentioned in §5] and evaluate their robustness against both targeted and
untargeted attacks. We report the hyperparameters for each method in App. Table (3| shows
the performance of each method under poison (pre-training) attacks, and Fig. [T visualizes the corre-
sponding performance changes relative to the clean datasets. For conciseness, we report further re-
sults under evasion (post-training) attacks and on clean (unperturbed) data in the Appendix (Table
for NETTACK; Table [§] for Metattack). Also, in App.[E.4 we discuss how our simple heterophilous
design leads to only minor computational overhead compared to existing vaccination mechanisms.

Targeted attacks by NETTACK. (D) Poison attacks. Under targeted poison attacks, Table [3] (left)
shows that GraphSAGE-SVD and H,GCN-SVD, which combine our identified design with a low-
rank vaccination approach adopted in GCN-SVD (Entezari et al., |2020) (details in App. , out-
perform state-of-the-art methods across all datasets by up to 13.34% in homophilous settings and
18.33% in heterophilous settings.

Methods merely employing the identified design also show significantly improved robustness,
though there are differences in the amount of robustness improvement due to architectural differ-
ences. Specifically, these methods outperform the best unvaccinated method (GAT) on all datasets
by up to 32.92% in average, despite having comparable performance on clean datasets. On Citeseer
and FB100, methods with the heterophilous design also show comparable or even better robustness
than state-of-the-art vaccinated GNNs like ProGNN and GCN-SVD.

@ Evasion attacks. Under evasion attacks (Table[7), we observe similar trends as in poison attacks:
GraphSAGE-SVD and H,GCN-SVD are up to 20.55% more accurate than the GCN-SVD baseline,
and methods featuring the identified design alone achieve up to 24.45% gain in average performance
against the best unvaccinated baseline. We note that GNNGuard and ProGNN are not capable of ad-
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Table 3: Benchmark study: mean accuracy against poison attacks (accuracy on clean datasets in
paranthesis). Accuracy is reported on target nodes for NETTACK, and on full test splits for Metattack.
Best GNN model is highlighted in blue per dataset, and in gray per model group. MLP is immune
to structural attacks and not considered as a GNN model. Detailed results, including stdev and
accuracy against evasion attacks, are listed in Table |Z| and |§| and the setup in §|§l

s & Homophilous graphs Heterophilous graphs Homophilous graphs Heterophilous graphs
g g Cora Citeseer FB100 Snap Cora Citeseer FB100 Snap
= > h=0.804 h=0.736 h=0.531 h=0.134 h=0.804 h=0.736 h=0.531 h=0.134
H>GCN-SVD v v 70.00 7444 65.00 70.00) 59.44 6161 28.89 (056) 67.87 689y 70.42 1342 56.72 68y 25.60 (2763
GraphSAGE-SVD v Vv 71.67 @122 67.78 0.00) 60.00 o0 26.67 @7.22) 68.86 77252 69.10 (72.16) 55.76 5738 26.58 (2672
"H.GCN o 38.89 s 272204 2778 wso 1278 qooy 5775 won 5434 asa 54.84 695 2534 149
GraphSAGE v 36.67 5222 31.67 co.s6) 33.89 w000y  16.67 (24.44) 54.68 221y 59.74 (7a64) 54.72 s660)  24.14 118
CPGNN v 47.22 s1617  40.56 (7333) 49.44 611y 21.67 289 T4.55 o067  68.07 (7492 61.58 wo.1  26.76 (21.13)
GPR-GNN v 5 21.67 w222y  24.44 178 2.78 (s6.67) 4.44 (213 —;3 48.29 184y 35.25 (o071 59.94 62400 21.06 6.08)
FAGCN v E 26.11 ¢339 25.56 @0s6) 6.11 833 833 @4y £ 60.11 ®is9  53.18 7399 55.97 o6 24.04 @1.15)
"GNNGuard VB 8Bom NHMewm 056 @z 944y 2 7420w 6813w 60.89 6560 23.78 c651)
ProGNN v 48.89 049y 32.78 6122 33.89 sy 17.78 2122 4510 132 46.58 718 53.40 @wossy  24.80 (2749
GCN-SVD v 5333 asse)  28.89 (5044 41.67 s0s6  25.00 @7.78) 47.82 as61y  51.20 w690) 55.00 541 25.25 2663
GAT 13.89 was 889 w0 0.56 s 3.89 coso) 4170 w72 48.40 7340 50.37 6160 25.00 @130
GCN 1.67 w278 4.44 ©9.49) 0.56 6333 2.22 @333 37.46 sa3  45.81 (a21) 51.82 @86  25.03 @730
MLps T 6444 wa 7056 qos 57.78 179 30.00 oo, 64.55 @55  67.67 @en 56.56 650 26.25 @625)

dressing evasion attacks. In summary, these observations show that the heterophily-inspired design
is orthogonal to existing vaccination mechanisms for improving the robustness of GNNs.

Untargeted attacks by Metattack.

(D Poison attacks. We also test the :gf;i:fggsvn =gfaiiz;\ss EgiglNNN ‘EZAr«lGN%:am 22@32’\\;0 gggl o
robustness of each method against un- Citeseer (h = 0.736) FB100 (h = 0.531)
targeted attacks. Table [3] (right) shows o] o]

the performance under poison attacks. £ N

Though our theoretical analysis in §3] &1 o+ g 607 “+
focuses on the effect of the heterophilous £ 40 'é{l' < w0 14

design under targeted attacks, we ob- £, ] LA P :

serve similar improvements in robustness e 2

against untargeted attacks in the poison N R O O O
setup. GNNs with the identified design O e O ey

show mostly improved robustness com-
pared to unvaccinated models, while
having similar performance on the clean
datasets.  Specifically, CPGNN shows
exceptional robustness, outperforming
the best unvaccinated model by up to
32.85%. Moreover, models combining
the identified design with low-rank approximation show more than 10% improvement accuracy
compared to GCN-SVD, which uses only low-rank approximation, and ProGNN. We note that
GNNGuard, which uses a similarity-based defense strategy, also shows more competitive robustness
under untargeted attacks. This is in line with existing works showing that low-rank based approach
does not adapt well to untargeted attacks (Jin et al., 2020b). Nevertheless, methods combining a
heterophilous design and low-rank approximations still outperform GNNGuard on two datasets.

Figure 1: (Best viewed in color.) Classification accu-
racy on clean data and against poison attacks for target
nodes attacked by NETTACK. Error bars show standard
deviation across different sets of experiments. Detailed
results are listed in Table m As expected, MLP is not
influenced by the adversarial structural attacks.

@ Evasion attacks. We present the performance under evasion attacks and on clean datasets in Ta-
ble 8] in the Appendix. Unlike the poison attacks, the evasion setup only leads to a slight decrease
in average accuracy of less than 2% for most models. Moreover, there appears to be no clearly
increased robustness for vaccinated models (with the identified design or other vaccination mach-
anisms) compared to unvaccinated models. This can be attributed to the reduced effectiveness of
evasion vs. poison attacks (as in NETTACK), and the increased challenges of untargeted attacks.

5.3 (Q3) HETEROPHILY-ADJUSTED GNNS ARE CERTIFIABLY MORE ROBUST

It is worth noting that robustness against specific attacks such as NETTACK and Metattack does
not guarantee robustness towards other possible attacks. To overcome this limitation, robustness
certificates provide guarantees (in some cases probabilistically) that attacks within a certain radius
cannot change a model’s predictions. Complementary to our evaluation on empirical robustness, we
further demonstrate that heterophily-adjusted GNNs featuring our identified design are certifiably
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Table 4: Accumulated certifications (AC), average certifiable radii (7, and 74) and accuracy of
GNNs with randomized smoothing enabled (i.e., f(¢(s))) on the test splits of the clean datasets,
with a ramdomization scheme ¢ allowing both addition and deletion (i.e., p4 = 0.001,p_ = 0.4).
For each statistic, we report the mean and stdev across 3 runs. Best results highlighted in blue per
dataset, and in gray per model group. For results with other randomization schemes, see Table E}

s Addition & Deletion Addition & Deletion
= AC Ta T Acc. % AC Ta Ta Acc. %
H,GCN v 3914031 0461008 3.88+020 79.141201 2984088 0.341013  3.29+067 71.431392
GraphSAGE v 2124007 0.12+000 241004 79.43+143 2.25+015  0.20x001  2.59+010  73.34+266
CPGNN v 1.87+027  0.14+005s 2.24+030 75.37+165 5 2.03+017  0.11x001  2.52+020 = 73.48+061
GPR-GNN vV B 442+043 0.63:006 435022 74.90+23¢ 2 4.63:027 0.81t007 4.92+024  66.33+020
FAGCN v 8 430007  0.57+002 4254004 76494173 8  4.07+01s  0.58+002 4231000 71.82+073
"GAT 1605010 0075001 1.83005 | 79.884240  © 130006  0.08%002  1.62%006  72.87+0s0
GCN 1.73+000  0.09+001  1.99+003 79.39+372 1.77+008  0.14+002  2.09+007 73.48+053
H>;GCN v 8.12+010 1.76+002  8.14+006 57.38+017 1.44+018  0.59%010 3.79+040 26.97+0.10
GraphSAGE vV 6.98+006  1.50+004  7.32+013  56.72+156 0.70+021  0.19+011  2.16+054  26.84+047
CPGNN v - 6.80+0.10  1.41+021  7.05+070 59.00+s57 1454023 0.61+014 3.89+051  26.71+025
GPR-GNN v S 58lxous  Lllso 59500 61.99+044 Z 0.52+006 0.11x001  1.70+014  26.31+103
FAGCN v E 745021 1.53+002  7.40+006 59.76+147 &  L4liorn  0.56006 3.81x02  27.07:016
GAT T 430026 0774004 4724010 61.56x078 0.28+000  0.04x001  0.95+03 | 27.1240%
GCN 3934000  0.64+002 4241010  65.54+043 0.33+006  0.03+000 1.17+025 26.79+030

more robust than methods without it, thus answering (Q3). For GNN models, we include HoGCN,
GraphSAGE, CPGNN, GPR-GNN, FAGCN, GAT and GCN in this analysis. We exclude other
models that either learn to rewrite the graph structure through the training process or require a
recalculation of the low-rank approximation for every randomized perturbation as sampling on these
models is infeasible. We use the same hyperparameters as in the benchmark study in

Table ] shows multiple metrics of certifiable robustness of each GNN model under a randomiza-
tion scheme allowing for both addition and deletion of edges; we additionally report results under
randomization schemes allowing only addition or deletion in Table 9] For the scheme allowing
both addition and deletion, we observe that all heterophily-adjusted methods have better certifiable
robustness compared to methods without the design. Specifically, on homophilous datasets (Cora
and Citeseer), methods with the identified design achieve an up to 1.6 times relative improvement
in accumulated certification. On heterophilous datasets (FB100 and Snap), they outperform the
baselines by a factor of 4.4. In the more challenging case with the addition only scheme, methods
with the design also show up to 1.2 times relative increase in AC on the homophilous datasets and
5.0 times relative increase in AC on the heterophilous datasets compared to the baselines. For the
deletion only scheme, unvaccinated models like GCN already have decent certifiable robustness in
this scenario. This is commensurate with our discussions in that deletions create less severe
perturbations. Overall, our results show that models featuring our identified design achieve signif-
icantly improved certifiable robustness compared to models lacking this design. However, like in
our empirical robustness evaluation, architectural differences lead to some variability of robustness;
the results also show tradeoffs between accuracy and robustness. We also observe that the robust-
ness rankings for methods under certifiable and empirical robustness are different, as in the previous
results from|Geisler et al.| (2020); we discuss possible reasons in App.

6 CONCLUSION

We formalized the relation between heterophily and adversarial structural attacks, and showed the-
oretically and empirically that effective attacks gravitate towards increasing heterophily in both
homophilous and heterophilous graphs by leveraging low-degree (gambit) nodes. Using these in-
sights, we showed that a key design addressing heterophily, namely separate aggregators for ego- and
neighbor-embeddings, can lead to competitive improvement on empirical and certifiable robustness,
with only small influence on clean performance. Finally, we compared the design with state-of-the-
art vaccination mechanisms under different attack scenarios for various datasets, and illustrated that
they are complementary and that their combination can lead to more robust GNN models. We note
that while we focus on the structural attacks, GNNs are also vulnerable to other types of attacks such
as feature perturbations. In addition, the graph-agnostic MLP, which is immune to structural attacks,
on some datasets outperforms all GNNs against attacks; this calls for further works in understanding
of the nature of the attacks and also for effective defense strategies upon our discoveries.
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REPRODUCIBILITY STATEMENT

For reproducibility, we describe the experimental setups in §5| with additional details in App. [D.2}
including the implementation and the hyperparameter settings used for each method, and the hard-
ware specifications. We provide anonymized code and datasets in the supplementary material with
instructions for replicating the experiments, and will make them publicly available upon acceptance.
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A SOCIETAL IMPACTS

A large number of popular GNN models are inherently based on homophily. Our work shows
that such models may be less robust to adversarial perturbations, and thus when employed for
decision-making these models may lead to undesirable, erroneous or biased results. For exam-
ple, an inherently homophilous GNN model may lead to the so-called “filter bubble” phenomenon
in a recommendation system in which existing beliefs or preferences are reinforced. Similarly, as
homophily-based GNNss typically average over node neighborhoods, this may result in less visibility
of minority groups in the network, thus reinforcing disparities. Heterophilous network design may
improve some of these aspects, and also benefit from some additional robustness as shown in this
work.

However, it should be noted that heterophilous GNNs on their own cannot fully solve the aforemen-
tioned issues. In particular, while heterophilous design can improve robustness, it is not (in general)
constructed to ensure other important aspects such as fairness. Better understanding of GNNs and
tailored auditing tools are necessary in order to deploy these learning algorithms in the context of
decision-making affecting humans.

B NOMENCLATURE

We summarize the main symbols used in this work and their definitions below:

Table 5: Major symbols and definitions.

Symbols Definitions

G=,E&X) graph G with nodeset V), edgeset £, and |V| x F node feature matrix X
X [V| x F node feature matrix of G, X € RIVI*¥

A [V| x |V| adjacency matrix of G, A € {0, 1}/VI*VI

Ag adjacency matrix with self-loops added, A; = A +1

D diagonal matrix of degrees, with D;; = > j A;j

A row-stochastic matrix for A, A = D~1A

A, row-stochastic matrix for A, Ay = D TA,

A low-rank approximation of the adjacency matrix A

W learnable weight matrix for GNN models

Xy F'-dimensional feature vector for node v

N(v) direct (1-hop) neighbors of node v in G without self-loops (i.e., excluding v)
Yy set of class labels

Yo class label for node v € V

y |V|-dimensional vector of class labels (for all the nodes)
Tv = {(v1,91), (v2,y2),...} training data for semi-supervised node classification

g =Ww:~e,X) graph G’ with modified edgeset &’
f a certain GNN model that processes G
K the number of layers of GNN f
rgjk) node representations learned by GNN f at round / layer k
AGGR function that aggregates node feature representations within a neighborhood
ENC learnable (nonlinear) mapping that generates latent representation
Zy label prediction by GNN f for node v € V, z, € [0, 1]1%
Latk attack loss that quantifies the mismatch between z and the true labels y
LM attack loss defined with negative classification margin
LGN = —Ac = —(20,y, — MaXyLy, Zo,y)
d the degree of the nodes which have a distance less than 2 to any v € Dy,
dg, the degree of a gambit node leveraged by an attack
D parameter regulating the signal strength of one-hot class label vs. uniform noise
! a predefined weight scalar in Theorem a € [0,1]
h homophily ratio defined on node class labels, h = |{(u, v) € E|yu = yu }H/|E|
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C PROOFS AND DISCUSSIONS OF THEOREMS

C.1 DETAILED ANALYSIS OF THEOREM 1

Proof 1 (for Thm.[TI) We give the proof in three parts: first, we analyze the training process of the
GNN f§2)(A, X) = A2XW on clean data and analytically derive the optimal weight matrix W,
in a stylized learning setup; then, we construct a targeted evasion attack and calculate the attack
loss for a unit structural attack; last, we summarize and validate the statements in the theorem.

Stylized learning on clean data. Given the 2-layer linearized GNN f* (A, X) = A2XW and the
training set Ty C Dy, the goal of the training process is to optimize the weight matrix W to min-
imize the cross-entropy loss function L([z] 7, ., [Y|7,..), where predictions [z] 7, . = [A2X] 5, W
correspond to the predicted class label distributions for each node v in the training set Ty, and
[Y]7,.: is the one-hot encoding of class labels provided in the training set.

Without loss of generality, we reorder Ty, accordingly such that the one-hot encoding of labels for
nodes in the training set [Y |7, . is in increasing order of the class label y,,:

1 0 0 07
100 0
01 0 0
Y|r:=]0 10 - 0 2)
0 0 0 1
LO 00 - T Ly
Now we look at the term [A2X] 7, . in [z] 7, . = [A2X]x, . W, which are the feature vectors aggre-

gated by the two GNN layers for nodes v in the training set Ty,. As stated in the theorem, we assume

Ty C Dy, where node v € Dy, have degree d; proportion h of their neighbors belong to the same

class, while proportion Dl]‘ihl of them belong to any other class uniformly, and for each node v € V

the node features are given as x,, = p - onehot(y, ) + 1|y;f - 1 for each node v € V. Then, after the
first layer, we have:

i —h —h —h -
(hd+p debdp dchp o Ak
—h —h —h
(hd+1)p  yrpdp  priydp yrrdp
Sitrde (b Up Bitrdp o lvds
[AX] R (hd:+1)p I A 1o
R PEI? T BT o
srrde  pride prtydp (hd + 1)p
srade pride e (hd + 1)p

[TV X[V

3)
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and after the second layer

i Sl T1 T1 Tl T
Sl T1 Tl Tl
TS T - T
) 1 . . . . . 1
A%X]r, . = ho S nho T tp @
[ASX]Ts,, A+ 102V =) |- - - - . V| @
T T - S
Tl Tl Tl Sl

- TV

where Sy = (WY — 1)d + Y| - 1)* p, and Ty = WX=LHVIZ0

For [Y]T,,. and [AEXJTV,: which we derived in Eq. and @), we can find the optimal weight
matrix W, such that [A2X]r, .W.,. = [Y|r, ., making the cross-entropy loss L([z]7s, ., [Y]7,..) =
0.

To find W ., we can proceed as follows. First, sample one node from each class to form a smaller
set Ts C Ty. Therefore, we have:

1 0 0 0
O 10 --- 0
[Yl7s,: = Lo . : =Lyl
0 0 O 1 YIx Il
and
St Ty --- 1Y
A2X] 1 n S T - Ty N 1
X1, = . . . . -
° @+12(Y -1 | + e |V
o1y Ty - 5

[YIx|Y]

Note that [AgX]TS,: is a specific circulant matrix, and therefore its inverse exists. Using the
Sherman-Morrison formula, we can find its inverse as:

V-1 -1 .. -1
(d+1)°(1Y] 1)’ oML
. . + RG]

(A2X]7.) ' =

— . 5
PO EDEN DR ®

1 -1 Y —-1

Now, let W, = ([AgX]TS7:)71, then we have [z] 7, . = [AZX]7, W, = [Y]rg. = Lyxy|. Itis
also easy to verify that [z] 7, . = [A2X] 5, ‘W, = [Y]p,,.. Since W, satisfies L([z]7s, ., [Y]7,..) =
0, we know W, = ([AgX]TS’Z) s the optimal weight matrix that we can learn under Ty.

Attack loss under evasion attacks. Now consider an arbitrary target node v € Dy, with class label
Yy € YV, and a unit structural perturbation leveraging gambit node u € V with degree d, that af-

fects the predictions z,, of node v made by GNN fs(2). Without loss of generality, we assume node

v has y, = 1. As fs@) contains 2 GNN layers with each layer aggregating feature vectors within
neighborhood N (v) of each node v, the perturbation must take place in the direct (1-hop) neighbor-
hood N (v) or 2-hop neighborhood N»(v) to affect the predictions z.,. For the unit perturbation, the
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attacker can add or remove a homophilous edge or path between nodes u and v, which we denote
as 01 (01 = 1 for addition and 61 = —1 for removal); alternatively, the attacker can add or remove
a heterophilous edge or path between nodes v and v, which we denote as 62 = =1 analogously. We
denote the perturbed graph adjacency matrix as AL, and z!, = [A?X], . W,

(D Unit perturbation in direct neighborhood N (v). We first consider a unit perturbation in the direct
(1-hop) neighborhood N (v) of node v. For simplicity of derivation, we assume that the perturbation
does not change the row-stochastic normalization of Ag, and only affects the aggregated feature
vectors of the target node v.

In the case of 61 = £1 and 65 = 0, we have

A/X],, — [A.X],. = da1+ 5 (55e+n) a5 - a(5p) ]
and
AZX],. ~ [A3X],. = e [ S P n ],

-1 7 PI-1
(

where Sy = 81 (da(p(A(RY| — 1) + BIY| + V] — 2) +d+2) + (d+ (V| — Dp+d+2) and

T, = 6y (— (da(p(d(RIY] — 1) + AIY| + [V = 2) + (—d — 2|1V - 1)) + (d+ 2)([¥] - 1)(p— 1)).
By Multiplying [A’ 2X],.. by W.,, we can get the predictions z., after perturbations; we omit the
analytical expression of z., here due to its complexity.

On the perturbed graph, the CM-type attack loss is calculated as

L3 (2) = (2, — maxzl,,)
Since on clean data, Egtl}f (z,) = —1, the change in attack loss before and after attack is
Aﬁmtk - ‘Catk( ) ﬁ'}tk( ) ‘Catk( '/I)) +1 (6)
(@4 DRV = 1) (da(d(piV] = 1) + AV + V= 2) + ([@d+ (V= 1)
(do +1)2(d(R|Y| = 1) + V] —1)?
Solving following system of inequalities for 61,
ALEM >0
h € [0,1]
V=2 ®)
da daa |y| € Z+
we get the valid range of 01 as
01 <0, when0 <d < |Y|—2
0y <0, when d > |Y| — 2 and d,, < “EEIFED
9 <0, whend > |Y|—2andd, > % and1>h > N EZ :i@i”gé:i:z: B
51 >0, whend > |Y| —2and d, > S phe s and0 < h < CESNIEA
)
Note that the above solution is not applicable when h = dfd%,lrrl, in which case d(h|Y|—1)+1|Y|—

1 = 0 and the solution of optimal weight matrix W ,, = ([AfX]TS,:) s undefined.

In the case of 61 = 0 and § = £1, we have
AXD — AX = oy [0 () (5 en) o a5t e) ]

and
1

= @R |

where §4 = 8 (— (da (p(d(BIY] — 1) + BY] + Y] = 2) + (=d — 2)(1Y] = 1)) + (d +2)(1¥] = 1)(p — 1)))
and Ty = 03 (da(p(d(h|Y] — 1) + BY| + V] = 2) + d+2) + (d + 2)([Y| — )p+d +2). By

[Agx]v,: - [Agx]v Ty -+ Ty } ,
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multiplying [A2X],, . with W, we can get the predictions z!, after the perturbations. Following a
similar derivation to that in the previous case, we can compute the change in the CM-type attack
loss before and after attack as

_ @)Y= 1) ([da(d(pY] = 1) + A+ [V~ 2) + (d +2)(|¥] ~ 1)) b2

ALSN = (10)
. (da +1)2(d(h[Y] = 1) +[V] = 1)
Solving the same system of inequalities as Eq. (8) for d2, we obtain the valid range of 62 as
da >0, when 0 < d < |Y| -2
0y >0, when d > |Y| — 2 and d,, < L2
(d+2)(|¥]—1) da (d=|Y|+2)—(d+2)(|Y|=1)
da >0, whend > |Y| —2and d, > m and1 > h > o ‘yfi;))l(d‘_:_jz)uy‘ .,
d2 <0, whend > |Y| —2and d, > S phe s and 0 < h < CESNIEA
(11
Note that the above solution is not applicable when h = dfd%lrrl, in which case d(h|Y|—1)+|Y|—
1 = 0 and the solution of optimal weight matrix W, = ( [AS,X]T&;) s undefined. We also note
da (d—|Y]+2) = (d+2)(|Y| -1 —1)(da+d+2
that we always have ( ‘yl;+)1)|g}r;a)(|y‘ ) _ ‘i = 7(‘y|(d-sl-)1()\y|+da+ ) < 0 when V| > 2.

@ Unit perturbation in 2-hop neighborhood Ny (v). We now consider a unit perturbation in the
2-hop neighborhood N (v) of node v. In this case we will have [AX], . = [A;X],,..

In the case of 61 = £1 and 63 = 0, we have

_ _ 1
2 2 _ Ty T
[AFX], . — [AZX],. = @y S5y 1 |
where
S5 = (da(p(h|Y] = 1) + 1) + (|¥| = Dp+1) 61
and

T5 = (da(=PYIp + [V +p = 1) + [VI(=p) + V| +p—1) 01.
By multiplying [A2X],, . with W, we can get the predictions 7., after perturbations. Following
a similar derivation as before, we can get the change in the CM-type attack loss before and after
attack as

(d+ 1DV =) (da(rY] =D + [V = 1) &

Ak = = DT - U - 1 1
Solving the same system of inequalities as Eq. (8) for 61, we get the valid range of 6 as
01 <0, when dg, < |Y| -1
51<O,whenda2|y|—1and#<h<l . (13)
01 >0, whendy, > |Y|—1and0 < h < %

Note that the above solution is not applicable when h = d_d%},lrl , in which case d(h|Y| —1)+|Y| —

1 = 0 and the solution of optimal weight matrix W ,, = ([AEX]TS,:) s undefined.

For the case 61 = 0 and 6o = £1, we have

_ _ 1
2 A2 o S Te - T,
[As X]'U,. [ASX]U7~ (da + 1)2|y‘ [ D}|*1 6 6 :|

where
Sg =02 (da(=h|Ylp+ Y| +p—1)+ [ Y|(=p) + V| +p—1)
and
Ts = b2 (da(p(hY| = 1) + 1) + (1Y = 1)p+1).

Multiplying [A2X],, . with W ., we can get the predictions z., after perturbations. As before we can
compute the change in the CM-type attack loss before and after attack as
(d+1)*(IY = 1) ([da(RIY] = 1) + Y] — 1) 62

(do +1)2(d(RY] = 1) + V] — 1)

A,Cdtk = (14)
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Finally, solving the same system of inequalities as Eq. (8) for d2, we get the valid range of 53 as

09 >0, whend, < |Y|—1

52>o,whendaz|y|—1and%<h<1 ‘ (15)
02 < 0, whenda>|y|—1and0§h<%

Note that the above solution is not applicable when h = d_d“);lrl , inwhich case d(h|Y|—1)+|Y|—

1 = 0 and the solution of optimal weight matrix W ,, ([AgX]TS7:) s undefined. We also note

do—|V|+1 1 _ 1-]Y]
that we always have Vide = Y < 0 when |Y| > 2.

Summary and validation of theorem statements. Based on our derivations, we summarize and
validate our statements in the theorem next.

(D The attack losses Lai (CM-type, §2) increase only by removing a homophilous edge or path, or
adding a heterophilous edge or path to node v. From Eq. ), (I1), (13), (I3), we observe that for
both direct attacks in 1-hop neighborhood N (v) and indirect attacks in 2-hop neighborhood N (v),
when h > |17‘ the attack loss increases only if 51 < 0, which represents removal of a homophilous
edge or path to node v, or if §o > 0, which represents addition of a heterophilous edge or path to
node v.

@) Direct perturbations on edges (or 1-hop paths) of the target node v lead to greater increase in
Ltk than indirect perturbations on multi-hop paths to target node v.

From Eq. (1) and Eq. (10), the change in the CM-type attack loss ALEY (z!) for direct perturba-
tions on I- hop neighborhood N (v) of the target node v considering both 01 and 02 can be written
as

ApOMdirect _ (d+ DV =1) (da(d(hP] = 1) + hP| + V] = 2) + (d + 2)(V] = 1)) (62 — 61)

e (da +1)2(d(h|Y] = 1) + V] = 1)
(16)

From Eq. and Eq. (14), the change in the CM-type attack loss ALSY(z)) for indirect pertur-
bations on 2-hop neighborhood N (v) of the target node v considering both 61 and d is

AKCM indirect _ d+ 1 |y‘ B 1) da<h‘y| — 1) + |y| — 1) (62 — 61)

17)
(da + 1) 2@dRY— D) + 1V — 17 (
Note that when h > m, we have h|Y| > 1, and

YL = d+2Y =2 _ |- DD - D@D g

dhY| = 1)+ Y| -1 da(RY|=1)+ (Y] -1
Therefore we will always have AECM direct A.Cgtl\f indirect o an effective unit perturbation that
increases attack loss Eatk (i.e., 61 = —1land 65 = 0, or 61 = 0 and 6o = 1) when h > il

|

C.2 DETAILED ANALYSIS OF THEOREM 2

Proof 2 (for Thm.[2) For a direct unit perturbation in the 1-hop neighborhood N (v) of the target
node v, from Eq. Q) and (T1) of Proof[l} we observe that the signs of 61 and 62 which increase the
attack loss are contingent on the degree of the target node d, the degree of the gambit node d, and
the homophily ratio h of the graph:

D if0 < d < |Y| — 2 (i.e., when degree d of the target node is low), regardless of d, and h, the
attack loss increases only if 61 < 0, which represents removal of a homophilous edge to node v, or
if 62 > 0, which represents addition of a heterophilous edge to v;

@ ifd > |Y| — 2 (i.e., when degree d of the target node is high), the increase of the attack loss will
be dependent to the degree of the gambit node d, and the homophily ratio h of the graph:
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(a) when d, < % (i.e., when degree d, of the gambit node is low), regardless of h, the

attack loss increases only if §1 < 0, which represents removal of a homophilous edge to node
v, or if 6o > 0, which represents addition of a heterophilous edge to v;

(b) when d, > % (i.e., when degree d, of the gambit node is high), for 0 < h <

d“(d_ly‘(zi)ligfﬁf)(‘yl_l) < ﬁ, the attack loss increases only if 51 < 0, which represents

removal of a homophilous edge to node v, or if §o > 0, which represents addition of a het-
erophilous edge to v.

We note that the above conclusions are not applicable when h = d—d||3)7)\|+1, in which case d(h|Y| —

1) + |Y| — 1 = 0 and the solution of optimal weight matrix W, = ([A2X]7, .) s undefined.
|

C.3 DETAILED ANALYSIS OF THEOREM 3

Proof 3 (for Thm.[3) In this proof, we mainly focus on analyzing the increase in Ly for the GNN

layer defined as f(A,X;a) = ((1 —a)A + aI) XW. We follow a similar process as in Proof

since the layer defined as fs(A,X) = A;XW is a special case of the previous formulation when
1

a:71+d.

Layer f(A,X;a) = ((1 - a)A + o) XW. We first derive the optimal weight matrix W, in a
stylized learning setup as in Proof[l] Following a similar process, for this GNN layer we have

Sy Iy Ty - In
~ 1—p T Sy Ty - Ty
[((1—a)A+oJ)x]TS7::WJr A
T7 T7 T7 S7 VIVl
where S7 = p(a+ h — ah), and T; = W#, and
100 --- 0
o1 o0 --- 0
Y7 = Do =Lyixy|
o0 o0 --- 1 VIx Yl
Using the Sherman-Morrison formula, we find its inverse:
A - yI-1
([(( ) ) }TS“) pla(h = DY =AY+ D]V
1—|Y 1 1 ... 1
T T L .
. . . + —
: : o : |V
1 1 1 - 1=

_ ~1
Assuming W, = ([((1 —a)A+ aI) X] Te :) , we obtain
[Z]Ts,: = [((1 — Oz)A + O(I) X} Ter W, = [Y]Ts,: = ID;|><D;|.
Since W, satisfies L([z]T,, .., [Y]1,..) = 0, we know W is the optimal weight matrix that we can

learn under Ty.

Now consider an arbitrary target node v € Dy, with class label y, € Y, and a unit structural
perturbation leveraging gambit node u € V with degree d,, that affects the predictions z., of node v

made by GNN fs(Z). Without loss of generality, we assume node v has vy, = 1. Note that we will only
discuss the case of direct structural perturbation to the 1-hop neighborhood N (v) of target node
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v, as indirect perturbations do not affect the predictions z, for node v produced by a single GNN
layer. Denote AA = A’ — A as the change in the adjacency matrix A before and after the attack.
Similar to Proof{l} for simplicity of derivation, we assume that the perturbation does not change the
row-stochastic normalization of A, and we use 0, to denote addition (61, = 1) or removal (§; = —1)
of a homophilous edge to node v, and use §5 to denote addition or removal of a heterophilous edge
to node v.

In the case of 61 = 1 and 65 = 0, we have

_ 1—a)d
(- )8&+anX],, = C=S (V= Dp+1) (=) - (1=p) ]
and the change in the CM-type attack loss Eatk before and after the perturbation can be derived as

(L=a)Y[+a—-1)4

ALK = da(a(h —1) = W)Y+ ds’ (19)
In the case of 61 = 0 and § = £1, we have
_ —a)d
(- wah+anx], = CZSE 0oy i-pr e - Dp )

and the change in the CM-type attack loss E,Stl\f before and after the perturbation can be derived as

(a = 1)Y= 1)d,
da(a(h— 1) — W)Y+ do”

AL = (20)

From Eq. @) and Eq. @, the change in the CM-type attack loss Aﬁgﬁf for GNN layer f(A,X; )
considering both 61 and 6o can be written as
apeme_ (—@l+a-18  (@-DI-1%
atk do(a(h—1) = h)| Y| +ds  do(a(h—1)=h)|Y|+d,

1)

Layer f,(A,X) = AXW. This formulation is a special case of the previously discussed

f(A, X; «) formulation when o = 1-1—#'
In the case of 61 = £1 and 63 = 0, from Eq. (19), we have the change in the CM-type attack loss

ESJ}(/I before and after the perturbation as

L (-ns,
AL = =AY D+ DT T -

In the case of 61 = 0 and 62 = +1, from Eq. (20), we have the change in the CM-type attack loss

L before and after the perturbation as

(Y] = 1)d2

A = .
L = G =D+ 1V =1

(23)

From Eq. 22)) and Eq. (23)), the change in the CM-type attack loss Aﬁatk for GNN layer f(A,X)
considering both 61 and o can be written as

Y| —1)é (IV[ = 1)d2
R 15 ey e X 75 R g o0
Comparison of increase in attack loss Aﬁatk
Solving the following system of inequalities for variable o
CM.f CM,f
AL >AL >0
a,h €10,1]
V| > 2 (25)
dav |y| S Z+

51752 S {_1707 1}
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we get the valid range of o as

<a<l, when0<h< IJ’\ and 0 < d, <h|y\ 1and51<(52

when 0 < h < m and d, > h|y|\ 7 and 61 > 0 . (26)

< h<1landéd; < dq

d+1
0<a<d+1,

<a<l, whenl

do+1 +1 VI

From the solution in Eq. 26), we observe that when h > m , a unit perturbation increasing Ly as
discussed in Theoremm(l.e. 61 = —1land d3 = 0, or 61 = 0 and §3 = 1) will satisfy the condition
01 < 02, and thus lead to a strictly smaller increase Aﬁcﬁf’f in the attack loss for layer f(A,X; @)

than the increase AES ® for layer fs(A,X) ifa > a1 +1 |
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D DETAILED EXPERIMENTAL SETUPS AND HYPERPARAMETERS

D.1 INSTANTIATIONS OF DESIGN ON GNNSs

We explicitly demonstrate how the heterophilous design outlined in Eq. (1) of §3.2] are instanti-
ated in various GNN models used in our experiments. In particular, we highlight how these GNN
architectures allow separate aggregations of the ego- and neighbor-embeddings.

In HoGCN, a final hidden representation is computed for each node v € V through r(ﬁnal)

CONCAT(rS,O), rf,l), .. Sf“) where r( ) is the non-linear ego-embedding of node features and

(k) are the mtermedlate representations aggregated in the k-th layer, where & € (1,..., K). By
1nterpret1ng the update rule’s CONCAT as the ENC operation, AGGR1 as the skip connection to
the ego-embedding of node features, and the concatenation of the intermediate representations
as AGGR2, the ego- and neighbor-embeddings are separately aggregated and the identified het-
erophilous design is recovered.

Similarly, GraphSAGE (with mean aggregator) utilizes a concatenation-based encoding scheme
through their update of

M =g (CONCAT (rq(,’“*l), MEAN ({rg’“*”,vu € N(i)})) -W)

where AGGR1(-) = r{¥~Y, AGGR2 is the mean function and ENC(x1,X2) = 0(CONCAT(x1,X2)-

GPR-GNN embeds each node feature vector separately with a fully connected layer to compute
rq()o) (or HSJO;) as in the original paper), similar to HoGCN, and then updates each node’s hidden
representations through a weighted sum of all k-th hop layers around the ego-node, where k €
(0,1,...,K). By interpreting the summation as the ENC operation as well as AGGR1(+) = ~oH(®)
and AGGR2(+) = & b1 'ykASymH(kfl) , where -y is a vector denoting the weights associated with
each k-hop ego network, the aggregation of the ego- and neighbor-embeddings can be decoupled
and thus GPR-GNN also satisfies the heterophilous design.

FAGCN follows a similar update function to GPR-GNN with

h{" = en'® + 3 h” b

JEN() V
(0)

where hgo), equivalent to r; "’ in Eq. (I), represents the non-linear ego-embedding and ag isa
proportionality constant measuring the ratio of low and high frequency components. The relation-
ship between FAGCN and the proposed heterophilous design can similarly be inferred by inter-
preting the sum as the ENC operation, AGGR1(:) = shz(-o) as a weighted skip connection to the
ego-embedding of feature vectors, and the weighted sum of embeddings within the neighborhood
N (i) of node i € V as AGGR2(-).

CPGNN formulates the update function of belief vectors B(¥) after the k-th propagation layer as
B®*) = B 4 AB*~1H, where B(®) consists of prior belief vectors for each node (which can
be seen as the ego-embedding rg ) in Eq. (1)), and H is the linearized compatibility matrix. The
heterophilous design can be recovered by letting AGGR1(:) = B(©) as a skip connection to the

prior belief, AGGR2(-) = AB*~VH, and the ENC operation as the summation.

22



Under review as a conference paper at ICLR 2022

D.2 MORE DETAILS ON THE EXPERIMENTAL SETUP

Benchmark Implementations. Our empirical framework is built on DeepRobust (Li et al., 2020b),

Python Fireﬂ

and signa

We incorporated the following implementations of GNN models in our

framework. For GNNGuard and GCN-SVD, there are some implementation ambiguities, which we
discuss in the next paragraph.

H>GCN (Zhu et al.[2020)

GraphSAGE (Hamilton et al.|2017)

CPGNN (Zhu et al.{[202T)

GNNGuard (Zhang & Zitnik!2020)

ProGNN (Jin et al.[[2020b)

GCN-SVD (Entezar et al.|[2020}

GAT (Velickovic et al.]2018]
GCN (Kipf & Welling| 2017}

https://github.com/GemsLab/H2GCN

https:

https:
https:
https:
https:
https:

//github.
//github.
//github.
//github
//github.
//github.

Implemented on top of https://github.com/GemsLab/H2GCN
com/GemsLab/CPGNN
com/mims-harvard/GNNGuard
com/ChandlerBang/Pro-GNN

.com/DSE-MSU/DeepRobust /blob/master/examples/graph/test_gcn_svd.py

com/DSE-MSU/DeepRobust/blob/master/deeprobust/graph/defense/gat.py
com/DSE-MSU/DeepRobust/blob/master/deeprobust/graph/defense/gcn.py

Notes on the GNNGuard and GCN-SVD Implementations. We note that there are ambiguities in
the implementations of GNNGuard (Zhang & Zitnik} [2020) and GCN-SVD (Entezari et al., |2020),
which can lead to different variants with different performance and robustness, as we show in Ta-

ble

Table 6: Performance comparison between variants of GNNGuard and GCN-SVD: mean accuracy
=+ stdev over multiple sets of experiments.

Homophilous graphs Heterophilous graphs Homophilous graphs Heterophilous graphs
Cora Citeseer FB100 Snap Cora Citeseer FB100 Snap
h=0.804  h=0.736 h=0.531 h=0.134 h=0.804  h=0.736 h=0.531 h=0.134
Clean Datasets Clean Datasets
GNNGuard (I) 75.56+515  70.00+£624 68.89+208  31.67+000 79.58+097  71.68x1.10 65.31+148  26.37x070
GNNGuard (II) 77224620  67.78+478 67224208  28.33+360 80.15+055  72.61+028 65.60+£060  26.51+098
GCN-SVD (1) k=5 66.67+s516  63.89+550 51.67+x624  29.444079 69.43+£099 68.31x034 52.95+013  27.66x005
GCN-SVD (II) k& 52.78+s550  35.00+136 50.56+437  25.00+593 55.05+177  41.47 072 52.40+018  25.84+007
GCN-SVD (I) k=10 & 66.1146m1 ¢ 65.004300 | 52784416 30.56:208 G 7108040 69194113 5447x0m  27.57x018
GCN-SVD (II) £ = 10 45.00+3.60 S51.10+208 22224478 £ 64.79+156  52.17+030 51.19x041  25.45+021
GCN-SVD () k=15 2 72781698 63.89477 57781287 28.894208 < 12745020 6651415 57.67x03  27.61055
GCN-SVD (I) k& 69.444208  46.67+624 52784515 21.67+136 65.61+019  60.55+073 53244045  26.63+025
"GCN-SVD (I) k& '78.80+629  66.674360 65.562283 31114070 77.98=043  68.25+086 6341005 27.81030
GCN-SVD (II) k = 50 75.56+416  59.44+079 55.00+136  27.78+67 76.61+031  66.90+0.16 55.47+023  25.62+012
Poison Attacks Poison Attacks
GNNGuard (I) 57.224208  60.00+3.60 0.56+0.79 11.11+079 73.68+099  67.89+092 60.82+045  23.98+071
GNNGuard (IT) 58.33+136  59.4443.14 0.56x079 9.444157 74.20+055 68.13x074 60.89+048  23.78x067
'GCN-SVD (D) k=5 ¢ 64445006 60.00x4m1 41.67x624 27784620 64.65:25 6635114 5314003 25.641047
GCN-SVD (1) k& 44441083 33331272 41.67+236  25.00+630 42194533 40.17+157 51.87+038  24.82+043
GCN-SVD (1) k S 6778k 5778115 3556415 3167450 G 65.5441x  6546x00 55.68=015  25.931075
GCN-SVD (II) k& E 48.89+314  31.67+236 34441079 26.11+6ss =  49.924s88  47.164393 53.16+045  25.30+028
"GCN-SVD (I) k& 2 6444305 52 784ans 23.80+629  29.444305 < 6546423 61.04100 58.06=005  25.83+060
GCN-SVD (II) k& 51.11+342  33.89+393 30.56+283  26.11+614 50.30+380 47.87+131 54.20+036  25.25+091
GCN-SVD (1) k 61.67x4m1 48331707 16.67+408  30.564797 60.06+543  49.314452 62.07x069  26.05+063
GCN-SVD (I) & = 50 53334491 28.89+208 23331272 25.00+544 47.82+750  51.20x178 55.00+206  25.18+x098
Evasion Attacks Evasion Attacks
GNNGuard (I) - - - - - - - -
GNNGuard (II) - - - - - - - -
"GCN-SVD (D) k=5 64.44+520 41012797 31674360 68.18+113 67544007 5291=02  27.40+020
GCN-SVD (D) k=5 46.67 +4.08 45564393 26.11+614 52.01+245  30.69+101 52.32+010  25.87+027
GCNSVD (1) k=10 & 65561700 57224300 3611015 3101407 G 6836m1n  67.85:0m 54.51+06s  27.30=030
GCN-SVD (I) k& E 57224614 36.67+360  30.56+s885 £ 58.70+3.00 52.58+020  24.60+026
"GCN-SVD (I) k=15 B 672250 S4.4dicn 2444s550 3000213 2 69324121 652600 57.79+03  28.06+02
GCN-SVD (II) k£ = 15 65.56+614  38.33+593 23.89+698  27.224797 64.02+130  54.09+225 53.81x035  25.29+041
GCN-SVD (1) k =50 65.00x624  50.564645 18331236 25564157 7530206 6449115 63.53006  27.74z001
GCN-SVD (II) k£ = 50 60.00+624  47.78+437 25.00+471  30.56+9.56 73214168  59.34434 56.95+033  25.80+067

For GNNGuard, the ambiguity comes from different interpretations of Eq. (4) in the original pa-
per (Zhang & Zitnik} 2020): we consider the authors’ original implementation as variant (I), and
the model described in the original paper as variant (II), which we implement by building on the
authors’ implementation.

"nttps://github.com/google/python-fire
https://signac.io
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Table [6] shows that the differences in accuracy between the two variants are in most cases less than
2%, while in many cases variant (II) shows better accuracy compared to variant (I), especially in
experiments against Metattack. Thus, we use variant (II) as the default implementation for the
empirical evaluations in §5]

For GCN-SVD, the ambiguity comes from the order of applying the preprocessing and low-rank
approximation for the adjacency matrix A, which is not discussed in the original paper (Entezari
et al.l [2020).

* Variant (I): Since the original authors’ implementation is not publicly available, we consider
the implementation provided in DeepRobust (L1 et al., 2020b) as variant (I): it first calculates
the rank-k appr0x1mat10n A of A, and then generates the preprocessed adjacency matrix A, =

1/2(A +I)D Y% =D 1/2ASDS 1/2, which is then processed by a GCN (Kipf & Welling,
2017). However, as the identity matrix I is added into A after the low-rank approximation, the
diagonal elements of the resulting A, matrix (i.e., the weights for the self-loop edges in the graph)
can become significantly larger than the off-diagonal elements, especially when the rank & is low.
As a result, this order of applying the preprocessing and low-rank approximation inadvertently
adopts Design 1 which we identified; we have shown in Theorem [3 that even merely increasing
the weights « for the ego-embedding in the linear combination ENC in Eq. (T can lead to reduced
attack loss L) under structural perturbations.

* Variant (II): In variant (II), we consider the opposite order where we first add the identity matrix
I (self-loops) into the original adjacency matrix A, then we perform the low-rank approx1mat10n
and finally we symmetrically normalize the low-rank matrix A, to generate the preprocessed A,
used by a GCN model. This order allows the diagonal elements to be more on par in magnitude
with the off-diagonal elements. As an example, on Citeseer, when using variant (I) with rank
k = 5, the average magnitude of the diagonal elements of the resulting A can be 22.3 times
the average magnitude of the off-diagonal elements; when using variant (II) instead, the average
magnitude of the diagonal elements is only 9.0 times that of the off-diagonal elements.

In Table[6] we report the performance of the two variants of GCN-SVD under the experimental set-
trngs considered in §.w1th rank k € {5,10, 15,50}: Variant (I), with our first design implicitly built-
in, has in most cases significantly higher performance than variant (II), especially on homophilous
datasets and when rank £ is low. These results further demonstrate the effectiveness of Design 1 that
we identified. To enable a clear perspective of the performance and robustness improvement brought
by Design 1, in our empirical analysis in §5] on top of the low-rank approximation vaccination we
adopt variant (II) as the default implementation.

Attack Implementations. We incorporate the following implementations of attacks from
DeepRobust (Li et al.,[2020b) to our empirical framework.

NETTACK (Ziigner et al.|[2018] https://github.com/DSE-MSU/DeepRobust/blob/master/deeprobust/graph/targeted_attack/nettack.py

MetaltacktZu ner & Giinnemann|[2019a]  'https://github.com/DSE-MSU/DeepRobust/blob/master/deeprobust/graph/global_attack/mettack.py.

More Details on the Attack Setup. For NETTACK, we randomly select 60 nodes from the graph as
the target nodes for each set of perturbations, instead of the GCN-based target selection approach as
in (Ziigner et al.| 2018)): the approach in (Ziigner et al., [2018) only selects nodes that are correctly
classified by GCN (Kipf & Welling,2017) on clean data, thus introducing unfair advantages towards
GCN, especially on heterophilous datasets where GCN can exhibit significantly inferior accuracy to
models like GraphSAGE (Zhu et al., 2020). For the experiments in §[3;I], we use a budget of 1
perturbation per target node to match the setups of our theorems; for the benchmark study in
we use an attack budget equal to a node’s degree and allow direct attacks on target nodes. For
Metattack, we budget the attack as 20% of the number of edges in each dataset, and we use the
Meta-Self variant as it shows the most destructiveness (Ziigner & Glinnemann, 2019a)).

More Details on Randomized Smoothing Setup. Following Bojchevski et al.| (2020), we similarly
set the significance level o = 0.01 (i.e., the certificates hold with probability 1 — o = 0.99), using
103 samples to estimate the predictions of the smoothed classifier f(¢(s)) for input s, and another
10% samples to obtain multi-class certificates. For the randomization scheme ¢, we only consider
structural perturbations where with probability p4 an new edge is added, and with probability p_
an existing edge is removed. We consider multiple sets of (p,, p_) in our experiments for a finer-
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grained evaluation: (1) p; = 0.001,p_ = 0.4, where both addition and deletion are allowed; (2)
py+ = 0.001,p_ = 0, where only addition is allowed; and (3) p+ = 0,p_— = 0.4, where only
deletion is allowed.

Hardware Specifications. We use a workstation with a 12-core AMD Ryzen 9 3900X CPU, 64GB
RAM, and a Quadro P6000 GPU with 24 GB GPU Memory.

D.3 COMBINING HETEROPHILOUS DESIGN WITH LOW-RANK APPROXIMATION

In this section, we provide more details on how we incorporate the low-rank approximation vacci-
nation into the formulations of HoGCN (Zhu et al.| 2020) and GraphSAGE (Hamilton et al., [2017)
in order to form the hybrid methods, HoGCN-SVD and GraphSAGE-SVD.

H>GCN-SVD. From (Zhu et all 2020), each layer in the neighborhood aggregation stage of
H>GCN can be algebraically formulated as

R*® — CONCAT (AgR(’“—lk ARG, R““‘”) : 27)
where A = D Y/2AD~!/2 is the symmetrically normalized adjacency matrix without self-
loops; A, = D, 1 2A2D; /2 is the symmetrically normalized 2-hop graph adjacency matrix

Ay € {0,1}VXVI with [A3),., = 1if v is in the 2-hop neighborhood No(u) of node u; R*)
are the node representations after the k-th layer, and CONCAT is the column-wise concatenation
function. For HoGCN-SVD, we replace A and A, in Eq. respectively with the low-rank
approximations of A and A,, which are both postprocessed to be symmetrically normalized.

GraphSAGE-SVD. From (Hamilton et al., 2017), each layer in GraphSAGE can be algebraically
formulated as

R® =4 (CONCAT (AR("”),R(’“*U> -W““*l)) , (28)

where A is the row-stochastic graph adjacency matrix without self-loops; R(*) are the node rep-
resentations after the k-th layer; CONCAT is the column-wise concatenation function; W) is the
learnable weight matrix for the k-th layer, and o is the non-linear activation function (ReLU). For
GraphSAGE-SVD, we replace A in Eq. (28) with the low-rank approximation of the adjacency
matrix A, postprocessed by row-stochastic normalization. Note that we do not enable the neighbor-
hood sampling function for the GraphSAGE and GraphSAGE-SVD models tested in this work, as
noted in Appendix [D.4]

D.4 HYPERPARAMETERS

*+ H,GCN-SVD
Initialization Parameters: Training Parameters:
— adj._svd._rank: — early_stopping: Yes
best k chosen from {3, 50} for each dataset - train_iters: 200

— patience: 100

* GraphSAGE-SVD

Initialization Parameters: Training Parameters:

— adj_.nhood: ["1"] — early_stopping: Yes

— networkisetup: — train_iters: 200
I-T1-G-V-C1-M64-R-T2-G-V-C2-MO-R  — patience: 100

— adj.norm_type: rw

— adj.svd_rank:
best k chosen from {5, 50} for each dataset
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* H,GCN

Initialization Parameters:
(default parameters)

e GraphSAGE

Initialization Parameters:

— adj_nhood: ["1"]

— network_setup:
I-T1-G-V-C1-M64-R-T2-G-V-C2-MO-R

— adj-norm_type: rw

* CPGNN

Initialization Parameters:

— network_setup:
M64-R-MO-E-BP2

* GPR-GNN

Initialization Parameters:
— nhid: 64

— alpha: 0.9, which is chosen from the best
a € {0.1,0.2,0.5,0.9} on all datasets

* FAGCN

Initialization Parameters:
— nhid: 64

— alpha: 0.9, which is chosen from the best
a € {0.1,0.2,0.5,0.9} on all datasets

— dropout: 0.5

* GNNGuard

Initialization Parameters:
— nhid: 64
— dropout: 0.5

— base_model: GCN for variant (I);
GCN-fixed for variant (II) (default).

26

Training Parameters:

- early_stopping: Yes
— train_iters: 200

— patience: 100

- 1r: 0.01

Training Parameters:
— early_stopping: Yes
- train_iters: 200

— patience: 100
- 1r: 0.01

Training Parameters:

— early_stopping: Yes
— train_iters: 400

— patience: 100

- 1r: 0.01

Training Parameters:

— train_iters: 200

- 1r:0.01

Training Parameters:
— early_stopping: Yes
- 1r: 0.01

Training Parameters:

— train_iters: 81
- 1r:0.01
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* ProGNN
Initialization Parameters: Training Parameters:
— nhid: 64 — epochs: 400
— dropout: 0.5 - 1r:0.01
- 1lr_adj: 0.01
— weight_decay: Se-4
— alpha: S5e4
- beta: 1.5
— gamma: 1
— lambda_: 0
- phi: 0
— outer_steps: 1
— innter_steps: 2
* GCN-SVD
Initialization Parameters: Training Parameters:
— nhid: 64 - train_iters: 200
- k: best k chosen from {5, 10, 15, 50} for - weight_decay: 5e-4
each dataset - 1r:0.01
— dropout: 0.5

— svd.solver:
eye-svd (for variant (I) only)

* GCN
Initialization Parameters Training Parameters:
(inclass MultiLayerGCN): — train.iters: 200
— nhid: 64 - 1r:0.01
- nlayer: 2 — weight_decay: 5e-4
* GAT
Initialization Parameters Training Parameters:
— nhid: 8 — early_stopping: Yes
— heads: 8 — train_iters: 1000
— dropout: 0.5 — patience: 100
- 1r: 0.01

weight_decay: 5e-4
« MLP

Initialization Parameters: Training Parameters:
(inclass H2GCN):

— network_setup:
M64-R-D0.5-MO

— early_stopping: Yes
— train_iters: 200

— patience: 100

1r: 0.01
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D.5 DATASETS
Dataset and Unidentifiability.

* Heterophilous Datasets: FB100 (Traud et al.,|2012) is a set of 100 university friendship network

snapshots from Facebook in 2005 (Lim et al., 2021)), from which we use one network. Each node
is labeled with the reported gender, and the features encode education and accommodation. Data is
sent to the original authors (Lim et al.;2021) in an anonymized form. Though the dataset contains
limited demographic (categorical) information volunteered by users on their individual Facebook
pages, we manually inspect the dataset and confirm that the anonymized dataset is not recoverable
and thus not identifiable. Also, no offensive content is found within the data.
Snap Patents (Leskovec et al., [2005; [Leskovec & Krevl, [2014) is a utility patent citation network.
Node labels reflect the time the patent was granted, and the features are derived from the patent’s
metadata. The dataset is maintained by the National Bureau of Economic Research, and is freely
available for downloa Neither personally identifiable information nor offensive content is iden-
tified when we manually inspect the dataset.

* Homophilous Datasets: Cora (McCallum, 2000) and Citeseer (Sen et al., 2008) datasets are
scientific publication citation networks, whose labels categorize the research field, and features
indicate the absence or presence of the corresponding word from the dictionary. No personally
identifiable information or offensive content is identified when we manually inspect both datasets.

Downsampling. For better computational tractability, we sample a subset of the Snap Patents data
using a snowball sampling approach (Goodman, [1961), where a random 20% of the neighbors for
each traversed node are kept. We provide the pseudocode for the downsampling process in Algo-
rithm [l

Algorithm 1: Downsampling Algorithm For Snap Patents

Input: Graph to sample G
Number of nodes to sample N
Sampling ratio p
Output: Downsampled graph G’
initialization

bfSquene <~ QUEUE()
nodesgmpled <— LIST()

nodeiring <~ RANDOM(LARGESTCONNECTEDCOMPONENT(G), 1)
push nodegaring iNto bfSguene
while LENGTH(nodesumpiea) i N do
node <— bfsguene-pop()
neighbors <— one hop neighbors of node
neighborsgrawn <— RANDOM(neighbors, px LENGTH(neighbors))
for neighbor € neighbors g4, do
if neighbor ¢ nodesampiea then
append neighbor to nodessampled
push neighbor into bfsguene
end
end

end
G’ < subgraph induced by nodesumpied
return G’

*https://www.nber.org/research/data/us-patents
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E DETAILED EXPERIMENT RESULTS

E.1 DETAILED RESULTS FOR EVALUATION ON EMPIRICAL ROBUSTNESS

Table 7: Detailed classification accuracy (and standard deviation) of each method for the target
nodes attacked by NETTACK, calculated across different sets of perturbation.

Homophilous graphs Heterophilous graphs
Cora Citeseer FB100 Snap
h=0.804 h=0.736 h=0.531 h=0.134
Clean
H>GCN-SVD 74444342  70.00+272 61.67+236  30.56+208
GraphSAGE-SVD  77.221478  70.00+136 60.00+408  27.224550
H>GCN 82.78+831  69.44 1698 60.56+157  30.00+272
GraphSAGE 82.22+956  70.56+6.35 60.00+272  24.44 1416
CPGNN 81.67+s828  73.33+136 66.11+416  28.89+550
GPRGNN 82.224749  67.78+2.08 56.67+a91  27.78+342
FAGCN 83.33+8.16  70.56+5.15 58.33+593  29.44+079
GNNGuard 77224620  67.78+478 67.22+208  28.33+3.60
ProGNN 79441342 67.22+478 51114393 27.22+550
GCN-SVD 75.56+416  59.441079 50.56+437  27.78+6m
GAT 84.44434  70.00+7:20 60.56+079  30.56+2583
GCN 82.78+478  69.44+774 63.33+272  33.33+2m
MLP 6444434  70.56+342 57.78+283  30.00+272
Poison (Pre-training)
H>GCN-SVD 70.00+272  65.00+3.60 59.44134  28.89+34
GraphSAGE-SVD  71.67+236 67.78+34 60.00+136  26.67+6.80
H>GCN 38.894s550  27.22+157 27. 784342  12.78+253
GraphSAGE 36.67+272  31.67+1089 33.89+342  16.67+7.07
CPGNN 47.22+614  40.56+9.65 49.44+1030 21.67+272
GPRGNN 21.67+272  24.441208 2.78+0.79 4.44 1208
FAGCN 26.11+614  25.56+643 6.11+283 8.33+3.60
GNNGuard 58.33+136  59.441314 0.56+0.79 94441157
ProGNN 48.89+797  32.78+749 33.891+478  17.78+926
GCN-SVD 53.33+491  28.89+208 41.67+236  25.00+5.44
GAT 13.89+0.79 8.89+3.42 0.56+0.79 3.89+437
GCN 1.67+0.00 4.44 1283 0.56+0.79 2224208
MLP 64.44+340  T70.56+342 57.78+283  30.00+2.72
Evasion (Post-training)
H>GCN-SVD 70.564342  66.11+478 60.00+272  28.8943.14
GraphSAGE-SVD ~ 70.56+208  68.33+3.60 59444283  26.11+685
H>GCN 45.56+342  33.89+157 32.78+079  12.78+283
GraphSAGE 44444314 35.00+892 42.22+4283  15.56+671
CPGNN 52.22+698  46.67+6.80 15.56+283  22.78+478
GPRGNN 29444314 32221079 9441283 3.33+136
FAGCN 38.89+671  37.78+478 12.78+283  10.00+236
GNNGuard - - - -
ProGNN - - - -
GCN-SVD 60.00+62¢4  47.78+437 45.56+393  30.56+956
GAT 12.22+416  23.334544 1.67+136 2221314
GCN 5.56+208 8.89+4.16 0.56+0.79 0.56+079
MLP 6444434  70.56+3.42 57.78+283  30.00+272
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Table 8: Detailed classification accuracy (and standard deviation) for the unlabeled nodes of each
method attacked by Metattack with budget as 20% of the total number of edges of each graph,
calculated across different sets of perturbation.

Homophilous graphs Heterophilous graphs
Cora Citeseer FB100 Snap
h=0.804 h=0.736 h=0.531 h=0.134
Clean
H>GCN-SVD 76.89+037  73.42+1.03 56.81+077  27.63+026
GraphSAGE-SVD  77.52+4020  72.16+017 57.38+086  26.72+070
"H,GCN 83.94+097  75.34z000 56.95+013  27.49+005
GraphSAGE 82.21+063  74.64+093 56.60+140  27.18+0384
CPGNN 80.67+051  74.92+062 60.17+700  27.13+063
GPRGNN 81.84+175  70.71+046 62.40+083  26.08+031
FAGCN 81.59+082  73.99+0.63 59.64+138  27.15+023
"GNNGuard 80.15+0s5  72.61=028 | | 65.66+060  26.51+098
ProGNN 81.32+043 71.82+112 49.841003  27.49+066
GCN-SVD 76.61+031  66.90+0.16 55471023  26.63+025
“GAT 83.72+024  73.40x100 | 61.69+092  27.30+003
GCN 84.321032  74.27+015 64.86+079  27.30+043
‘MLP 64.55+158  67.67+0o11 56.56+0s8  26.25+105
Poison (Pre-training)

H>;GCN-SVD 67.87+047  70.42+046 56.72+008  25.60+0.14
GraphSAGE-SVD  68.86+132  69.10+052 55.76+033  26.58+030
"H,GCN 57754661 5434+0s2 54.84+076  25.34x050
GraphSAGE 54.68+256  59.74+174 54.72+083  24.14+076
CPGNN 74.55+123 68.07+1.93 61.58+150  26.76+041
GPRGNN 48.294523  35.25+277 59.941060  21.06+1.29
FAGCN 60.11+452  53.18+6.00 55.97+181  24.04+062
'GNNGuard 74204055 68131074 60.89+04s  23.78=067
ProGNN 45.10+620  46.58+1.02 53404119 24.80+1.00
GCN-SVD 47.82+759  51.20+1.78 55.00+206  25.25+091
‘GAT 41704360 48404217 | 50.37+066  25.00+073
GCN 37.46+335  45.81+2.99 51.82+141  25.03+068
MLP 645505 67670 5656:0m 2635010

Evasion (Post-training)

H>GCN-SVD 74.01x035  71.54+192 56.58+063  27.26+0.17
GraphSAGE-SVD  74.31+040  70.2240.90 57.38+088  26.77+1.01
"H,GCN 82.86+101  73.20+204 57.05+020  27.10+006
GraphSAGE 80.57+0s55  72.89+17m2 56.91+161  27.16+078
CPGNN 79.06+118  73.44+098 60.19+720  27.02+075
GPRGNN 80.80+167  69.77+042 61911074  26.16+025
FAGCN 80.70+099  73.14+1.02 59.39+136  27.25+030
"GNNGuard -
ProGNN - - - -
GCN-SVD 7321+168  59.34+342 56.95+033  25.29+041
‘GAT 81.96+031  70.70+t060 61441000 27.45+013
GCN 83.03+060  73.06+058 64.86+047  27.15+039
‘MLP 64.55+158  67.67x0n1 56.56+0s8 26.25+105
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E.2 DETAILED RESULTS FOR EVALUATION ON CERTIFIABLE ROBUSTNESS

Table 9: Accumulated certifications (AC), average certifiable radii (7, and 74) and accuracy of
GNNs with randomized smoothing enabled (i.e., f(¢(s))) on all nodes of the clean datasets, with a
ramdomization scheme ¢ allowing addition only (i.e., p; = 0.001,p_ = 0) or deletion only (i.e.,
p+ = 0,p_ = 0.4). For each statistic, we report the mean and stdev across 3 runs. Best results are
highlighted in blue per dataset, and in gray per model group. For results with randomization scheme
allowing both addition and deletion, see Table

S Addition Only Deletion Only

&

= AC Ta Fa  Acc. % AC 7, Ta Acc. %
H>GCN v 0.42+001  0.52+003 -  80.85+198 5414023 -  6.441020 84.04+155
GraphSAGE Vv 0.28+003  0.34+003 -  81.05+134 5.05+002 - 6.121006 82.49+1.06
CPGNN v 0.17x002 021003 -  78.34+126 4921033 - 6.17x042  79.69+0s1
GPR-GNN vV 8 0431003 0.551003 - 76.961218 5.37+014 - 6.58+005 81.56+159
FAGCN v 8 0.431001  0.54x000 - 79.04x06s 5. 741006 -  7.03+005 81.56x0380
GAT 0.194+004  0.231004 - = 81.624201 5.56+012 - 6.58+006 84.46+108
GCN 0.194+002  0.241002 - 81.521310 571+007 -  6.76x003 84.49+0354
H>GCN N 0.29+005  0.40+006 - 72931230 5.55+010 - 7.29+01s  76.17+048
GraphSAGE v 0.33+001  0.45+0010 - = 74.66+1.19 5434007 - 7.A5x012  75.97+047
CPGNN V' wm 0.15x002 0.20+002 - 74.62+030 5.59+022 - 7.54+022 74.05+0s4
GPR-GNN v § 0.40+001  0.59+002 -  67.52+049 5.05+005 - 7.21+006 70.10+0.15
FAGCN v 2 038z 053000 -  7241x10 5464000 - 7.42+012  73.56+0.8

"GAT © 0.09500 013400 - 74.07i0s 5.39+016 - 1.25+012 74331143

GCN 0.18+001  0.25+000 -  74.07+165 5.55+010 - 7.421016 T74.76+072
H>,GCN v 0.54+000 0944000 - 57.11+0.10 4754003 -  8.32+003 57.15+023
GraphSAGE v 0.52+001 0924000 - 56.70+141 4.28+00s - 7.56+010 56.58+13
CPGNN v - 0.54+£004 090004 -  60.39+726 4221005 -  6.66x011  63.30+029
GPR-GNN v S 046000 0.73x002 - 62.26+026 4.04+008 - 651010 62.05+031
FAGCN v a 0.55£000 0.90x001 -  60.60+036 458010 - 7.71xo0s 59.45+12
GAT 0.46+003 0.74+004 - 61.97+14 3.334+000 - 5.37+011  62.01+101
GCN 0.42+001  0.65x001 - = 64.70+055 3.284004 - 5.0lxonr  65.50+056
H>,GCN Ve 0.11+001  0.42+005 -  26.74+0.8 1.41+004 -  5.16+019 27.28+021
GraphSAGE Vv 0.06+002  0.24+008 -  27.00+063 1.10+01 - 4.04+036 27.21+099
CPGNN v 0.12+£002  0.431008 -  27.00+041 1.69+006 -  6.39+013 26.451050
GPR-GNN v & 0.03t00r 0.11+002 -  26.14z01 1.10+004 -  4.191017 26.24+043
FAGCN v & 0.10x001 0361003 - 27.13x016 1.77+£00s -  6.48+020 27.25x018
GAT 0.02+000 0.08+002 -  27.00+059 1.10+003 -  4.06+011  27.18+004
GCN 0.02+£000 0.07x001 - = 27.45+08% 1.38+005s - 5.0lx016 27.57+027

E.3 COMPARISON BETWEEN CERTIFIABLE AND EMPIRICAL ROBUSTNESS

While the evaluations on both empirical and certifiable robustness have shown that methods fea-
turing the design have shown largely improved robustness compared to the best-performing unvac-
cinated method, we find that the robustness rankings for methods under certifiable and empirical
robustness are different; previous results from |Geisler et al.| (2020) have also shown discrepancy in
certifiable and empirical robustness rankings.

We think this discrepancy may be attributed to multiple factors. Firstly, the radius on which cer-
tificates can be issued with randomized smoothing may not cover the radius of perturbations we
allowed for NETTACK and Metattack in §5.2] which are more than tens of edges for Metattack and
high-degree nodes in NETTACK (where we use an attack budget equal to the degree of the target
node). Furthermore, even for low-degree nodes, attacks are much more inclined to introduce new
edges instead of removing existing ones, as we have shown in §5.1] which can make it much harder
to obtain certificates (Bojchevski et al.}[2020). In our case, the methods we evaluated generally have
7o < 1, meaning that for most nodes there are no certificates to cover even the addition of a single
edge. Thus, methods which display higher certifiable robustness under smaller perturbations may
not keep their robustness under larger perturbations by empirical attacks. Moreover, while we are
evaluating on randomized smoothed models f(¢(s)) to measure certifiable robustness, in empirical
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robustness we are evaluating on the robustness of the base models f(s), which may differ from the
robustness of the randomized smoothed models. Lastly, it is worth noting that the lack of certifica-
tion for a model within certain radius does not imply a vulnerability to all adversarial attacks within
that radius; the model may still be robust against many attacks within that radius. Similarly, it is also
possible for existing certification approaches to miss some certifiable cases. Taking all these factors
into account, we believe that while evaluations on certifiable robustness provide complementary per-
spectives to evaluations empirical robustness, at the current stage it cannot replace the evaluations
on empirical robustness, and the relation between certifiable and empirical robustness remains as a
question for future works.

E.4 COMPLEXITY AND RUNTIME OF HETEROPHILOUS VACCINATION

Another benefit of adopting heterophily-inspired design for boosting robustness of GNNss is their
smaller computational overhead compared to existing vaccination mechanisms, especially vaccina-
tions based on low-rank approximation. As our identified design can be applied as simple archi-
tectural changes on top of an existing GNN, they usually maintain the same order of computational
complexity as the base model. For example, adding the heterophilous design to GCN (Kipf &
‘Wellingl |2017)) results in an architecture similar to GraphSAGE (Hamilton et al., 2017); both have
the same order of computational complexity as O(|V| + |£]) by leveraging the sparse connectivity
of most real-world graphs. Low-rank approximation-based vaccination, on the other hand, approx-
imates the adjacency matrix of a graph by an SVD, resulting in an adjusted low-rank adjacency
matrix A based on which the GNN runs. However, not only is computing an SVD potentially costly
(O(]V|?) in general), but in most cases it also results in a dense A (in contrast to the sparse original
adjacency matrix), thus increasing the complexity of each iteration of the GNN.

Table 10: Runtime (in seconds) of 200 training iterations on Cora. See App. @]for the implementa-
tion used for each method.

GCN GAT GNNGuard ProGNN GCN-SVD H,GCN

2.17 2.98 39.63 220.30 134.81 16.54
GraphSAGE FAGCN GRP-GNN CPGNN H>GCN-SVD GraphSAGE-SVD

17.24 1.91 2.66 24.08 62.33 55.45

Table |10] shows the runtime of 200 training iterations of each model. We observe that models with
the heterophilous design have the smallest runtime among all vaccinated models. Even for methods
based on the same implementation, HoGCN and GraphSAGE are still 3-4 times faster than the cor-
responding HoGCN-SVD and GraphSAGE-SVD methods. For fair runtime measurements, we mea-
sure the runtime of each model on an Amazon EC2 instance with instance type as p3.2xlarge,
which features an 8-core CPU, 61 GB Memory, and a Tesla V100 GPU with 16 GB GPU Memory.

E.5 ADDITIONAL RESULTS ON STRUCTURAL ATTACKS ON HETEROPHILOUS GRAPHS
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Figure 2: Scatter plots of the degrees of the target nodes (x-axis) and gambit nodes (y-axis) involved
in the targeted attacks studied in Attacks tend to leverage gambit nodes with low degrees,
especially on heterophious graphs, which makes attacks increasing heterophily effective following
the conclusions of Thm. 2]

32



	Introduction
	Notation and Preliminaries
	Relation between Graph Heterophily & Model Robustness
	How Do Structural Attacks Change Homophily in Graphs?
	Boosting Robustness with A Simple Heterophilous Design

	Related Work
	Empirical Evaluation
	 (Q1) Structural Attacks are Mostly Heterophilous: Empirical Validation
	(Q2) Benchmark Study of GNN Models: Heterophilous Design Leads to Improved Empirical Robustness
	(Q3) Heterophily-adjusted GNNs are Certifiably More Robust

	Conclusion
	Societal Impacts
	Nomenclature
	Proofs and Discussions of Theorems
	Detailed Analysis of Theorem 1
	Detailed Analysis of Theorem 2
	Detailed Analysis of Theorem 3

	Detailed Experimental Setups and Hyperparameters
	Instantiations of Design on GNNs
	More Details on the Experimental Setup
	Combining Heterophilous Design with Low-Rank Approximation
	Hyperparameters
	Datasets

	Detailed Experiment Results
	Detailed Results for Evaluation on Empirical Robustness
	Detailed Results for Evaluation on Certifiable Robustness
	Comparison Between Certifiable and Empirical Robustness
	Complexity and Runtime of Heterophilous Vaccination
	Additional Results on Structural Attacks on Heterophilous Graphs


