11 Qualitative Results from Transitivity Recovering Decompositions (TRD)
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Figure 1: Sample relational interpretation graphs from TRD on CUB. The global views of the correct
classifications are bordered with green, and the incorrect ones with red. The global view of the
class-proxy graph is colored in blue.
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Figure 2: Sample relational interpretation graphs from TRD on Stanford Cars. The global views of
the correct classifications are bordered with green, and the incorrect ones with red. The global view

of the class-proxy graph is colored in blue.
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Figure 3: Sample relational interpretation graphs from TRD on FGVC Aircraft. The global views of
the correct classifications are bordered with green, and the incorrect ones with red. The global view
of the class-proxy graph is colored in blue.



Figure 4: Sample relational interpretation graphs from TRD on NA Birds. The global views of the
correct classifications are bordered with green, and the incorrect ones with red. The global view of
the class-proxy graph is colored in blue.



2 Fidelity vs Sparsity Experiments
Figure 5| shows the Fidelity vs Sparsity curves on the remaining datasets, i.e., Soy Cultivar, CUB,
Stanford Cars, and NA Birds. It can be seen that TRD gives consistently better fidelity over generic

GNN explainers across all sparsity levels, and across all datasets, while being fairly stable.
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Figure 5: Fidelity vs Sparsity curves of TRD and SOTA GNN interpretability methods on datasets
apart from the ones presented in the main manuscript.

We follow [6] and use [3] for obtaining the fidelity and sparsity scores for all the methods. Specifically,
the fidelity and sparsity values are given by:

1
fidelity = > h(GLGp) — 1(Gs, Gy)
N

: 1 [4
sparsity = N Zl -3
N S

where G/, is the subgraph of the semantic relevance graph G, with highest emergence, and G, is the
proxy graph, and N is the number of test set samples. Also, as noted in [6] as well, since the sparsity
values cannot be fully controlled, we obtain the plots in approximately similar sparsity ranges for all
methods.

3 Equivalence of TRD to Post-Hoc Explanations

Obtaining Post-Hoc Relational Explanations: We assume access to the relational embeddings r,
and the class-proxy embeddings P of the source model [2, 1] for which we are trying to generate
post-hoc explanations. We start by obtaining a local-view graph G, as per [2], which we propagate
through a GNN encoder ¢’ : Zy — M. We partition the nodes of ¢’(Gy,) into positive and negative
sets based on their corresponding similarities with the predicted class-proxy embedding p € P
obtained from the source model. Based on this partition, we train ¢’ to contrastively align the positive
views with the relational embedding r of that instance obtained from the source model, while pushing
apart the negative ones.

To ensure that the ante-hoc nature of TRD does not affect its explainability accuracy, we compare its
performance with post-hoc explanations. To additionally ensure the generalizability of our model,
we perform such comparisons with post-hoc explanations obtained across multiple existing abstract
relational learning models — Relational Proxies [2]] and DiNo [[1], that provide SOTA performance in
learning fine-grained visual features. Due to the unique nature of our problem of capturing the number
of transitively emergent subgraphs in an explanation, the usual metric of AUC [, 4] for quantitatively
evaluating GNN explanations is too simplistic for our setting. For this purpose, to quantify the
equivalence of relational explanations obtained from two different algorithms, we propose a metric
based on counting the number of k-cliques in the explanation graphs, which we call mean Average
Clique Similarity (mACS) @ k.

For a particular value of k£, we count the number of k-cliques containing the global view in the
explanation graphs for a particular class and average them, obtaining the Average Clique Count
(ACC) for that class. We do this individually for the two algorithms. We take the absolute value
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of the difference of the ACCs obtained from the two algorithms, divide it by the greater of the two
ACCs, and call this the Average Clique Difference (ACD). We then compute the mean of the ACDs
across all classes and subtract it from 1 to get the mACS for the two algorithms. We only consider
cliques containing the global view because the generated explanations are designed so as to explicitly
capture the learned local-to-global relationships.

We vary the value of k and analyze the mACSs between TRD and the post-hoc explanations for the
aforementioned algorithms. The results are reported in Table|l} It can be seen that the explanations
obtained from TRD are highly similar to the post-hoc explanations for the SOTA abstract relational
embeddings. The mACSs between TRD and DiNo are slightly lower because DiNo does not model
the relation-agnostic and relation-aware representation spaces independently as is required for a
sufficient learner (Appendix A.6).

mACS @ k=4 k=8 k=12 k=16
Relational Proxies 0.99 0.99 0.96 0.95
DiNo 0.87 0.85 0.85 0.81

Table 1: Post-hoc equivalence of TRD to existing methods with increasing clique number k.

References

[1] Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou, Julien Mairal, Piotr Bojanowski, and
Armand Joulin. Emerging Properties in Self-Supervised Vision Transformers. In NeurIPS, 2021.

[2] Abhra Chaudhuri, Massimiliano Mancini, Zeynep Akata, and Anjan Dutta. Relational proxies:
Emergent relationships as fine-grained discriminators. In NeurIPS, 2022.

[3] Meng Liu, Youzhi Luo, Limei Wang, Yaochen Xie, Hao Yuan, Shurui Gui, Haiyang Yu, Zhao
Xu, Jingtun Zhang, Yi Liu, Keqiang Yan, Haoran Liu, Cong Fu, Bora M Oztekin, Xuan Zhang,
and Shuiwang Ji. DIG: A turnkey library for diving into graph deep learning research. Journal of
Machine Learning Research, 2021.

[4] Dongsheng Luo, Wei Cheng, Dongkuan Xu, Wenchao Yu, Bo Zong, Haifeng Chen, and Xiang
Zhang. Parameterized explainer for graph neural network. In NeurIPS, 2020.

[5] Zhitao Ying, Dylan Bourgeois, Jiaxuan You, Marinka Zitnik, and Jure Leskovec. Gnnexplainer:
Generating explanations for graph neural networks. In NeurIPS, 2019.

[6] Hao Yuan, Haiyang Yu, Jie Wang, Kang Li, and Shuiwang Ji. On explainability of graph neural
networks via subgraph explorations. In ICML, 2021.



	Qualitative Results from Transitivity Recovering Decompositions (TRD)
	Fidelity vs Sparsity Experiments
	Equivalence of TRD to Post-Hoc Explanations

