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ABSTRACT

Deep learning approaches have demonstrated impressive performance on a variety of data and
tasks, where deep models take some data as inputs and are trained to output desired predictions.
While the capability of expressiveness of advanced deep models has been improved greatly, their
training requires a huge amount of data. A common way to train a deep model is to use the su-
pervised mode in which a sufficient amount of input data and label pairs are given. However,
since a large number of labels are required, the supervised training becomes inapplicable in many
real-world scenarios, where labels are expensive, limited, imbalanced, or even unavailable. In
such cases, self-supervised learning (SSL) enables the training of deep models on unlabeled data,
removing the need for excessively annotated labels. When no labeled data is available, SSL can
serve as an promising approach to learning representations from and enabling explainability for un-
labeled data. In this dissertation, we study and develop multiple theoretically grounded approaches
of using self-supervision to perform both learning and explanation under multiple scenarios with
image and graph data.

The general goal of learning is to learn representations that are both informative and robust to
noise from unlabeled data. In contrast to supervised learning, it is more challenging for SSL to
learn deep models that are robust to the noise in given data. This is because the self-supervision
from data itself may include noise. To achieve such a goal with SSL, we start by studying and
investigating the denoising capability of SSL approaches. In particular, we study SSL approaches
in the image denoising problems under the scenarios where clean image are unavailable. Self-
supervised frameworks that learn denoising models with merely individual noisy images have
shown strong capability and promising performance in various image denoising tasks. Exist-
ing self-supervised denoising frameworks are mostly built upon the same theoretical foundation
inspired by denoising autoencoder, where the denoising models are required to be J-invariant.
However, our analyses indicate that the current theory and the [J-invariance may lead to denoising

models with reduced performance. In this dissertation, we first introduce Noise2Same, a novel
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self-supervised denoising framework. In Noise2Same, a new self-supervised loss is proposed by
deriving a self-supervised upper bound of the typical supervised loss. In particular, Noise2Same
requires neither J-invariance nor extra information about the noise model and can be used in a
wider range of denoising applications. We analyze our proposed Noise2Same both theoretically
and experimentally. The experimental results show that our Noise2Same remarkably outperforms
previous self-supervised denoising methods in terms of denoising performance and training effi-
ciency.

Given the promising capability of denoising, we further generalize above theoretical framework
for SSL into even more challenging data and problems. Specifically, we propose self-supervised
approaches to learn representations with graph neural networks (GNNs) on graph data. SSL of
GNNs s is emerging as a promising way of leveraging unlabeled graph data. Currently, most meth-
ods are based on contrastive learning adapted from the image domain, which requires view gener-
ation and a sufficient number of negative samples. In contrast, existing predictive models do not
require negative sampling, but lack theoretical guidance on the design of pretext training tasks. In
this dissertation, we then propose the LaGraph, a predictive SSL framework grounded by the above
denoising theory and by formulating the SSL task as the latent graph prediction problem. Learning
objectives of LaGraph are derived as self-supervised upper bounds to objectives for predicting un-
observed latent graphs. In addition to its improved performance, LaGraph provides explanations
for recent successes of predictive models that include invariance-based objectives. We provide the-
oretical analysis comparing LaGraph to related methods in different domains. Our experimental
results demonstrate the superiority of LaGraph in performance and the robustness to the decreasing
training sample size on both graph-level and node-level tasks.

To ensure reliable deep models are learned under self-supervision, one approach is to enable
the explainability of self-supervisely trained models. However, without given downstream tasks
and labels, the explanation become infeasible with existing learning-based explanation pipelines
and approaches. Specifically, they are incapable of producing explanations for a multitask predic-

tion model with a single explainer. They are also unable to provide explanations in cases where

1l



the model is trained in a self-supervised manner, and the resulting representations are used in
future downstream tasks. In this dissertation, we further demonstrate with graph data that self-
supervision can further be used to learn to explain self-supervisely trained deep models. Specif-
ically, we propose a Task-Agnostic GNN Explainer (TAGE) that is independent of downstream
models and trained under self-supervision with no knowledge of downstream tasks. TAGE enables
the explanation of GNN embedding models with unseen downstream tasks and allows the efficient
explanation of multitask models. Our extensive experiments show that TAGE can significantly
speed up the explanation efficiency by using the same model to explain predictions for multiple
downstream tasks while achieving an explanation quality as good as or even better than the current
state-of-the-art GNN explanation approaches.

Finally, given the success in natural images and graph data, we further investigate the capa-
bility of self-supervised representation learning to advance scientific discoveries in the scenario
of genome-wide association studies (GWAS), which are used to identify relationships between
genetic variations and specific traits. When applying GWAS to high-dimensional medical imag-
ing data, a key step is to extract lower-dimensional, yet informative representations of the data as
traits. Representation learning for imaging genetics is largely under-explored due to the unique
challenges posed by GWAS in comparison to typical visual representation learning. We tackle this
problem from the mutual information (MI) perspective by identifying key limitations of existing
SSL methods. We introduce a trans-modal SSL framework Genetic InfoMax (GIM), including a
regularized MI estimator and a novel genetics-informed transformer to address the specific chal-
lenges of GWAS. We evaluate GIM on human brain 3D MRI data and establish standardized eval-
uation protocols to compare it to existing approaches. Our results demonstrate the effectiveness of

GIM and a significantly improved performance on GWAS.
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1. INTRODUCTION

1.1 Background and Preliminaries*

A deep model takes some data as its inputs and is trained to output desired predictions. A com-
mon way to train a deep model is to use the supervised mode in which a sufficient amount of input
data and label pairs are given. However, since a large number of labels are required, the supervised
training becomes inapplicable in many real-world scenarios, where labels are expensive, limited,
imbalanced [5], or even unavailable. In such cases, self-supervised learning (SSL) enables the
training of deep models on unlabeled data, removing the need of excessive annotated labels. When
no labeled data is available, SSL serves as an approach to learn representations from unlabeled data
itself. When a limited number of labeled data is available, SSL from unlabeled data can be used
either as a pre-training process after which labeled data are used to fine-tune the pre-trained deep
models for downstream tasks, or as an auxiliary training task that contributes to the performance
of main tasks.

Recently, SSL has shown its promising capability in data restoration tasks, such as image
super-resolution [6], image denoising [7, 1, 8], and single-cell analysis [2]. It has also achieved
remarkable progress in representation learning for different data types, including language se-
quences [9, 10, 11], images [12, 13, 14, 15], and graphs with sequence models [16, 17] or spectral
models [18]. The key idea of these methods is to define pretext training tasks to capture and
use the dependencies among different dimensions of the input data, e.g., the spatial, temporal, or
channel dimensions, with robustness and smoothness. Taking the image domain as an example,
[19, 20], and [21] design different pretext tasks to train convolutional neural networks (CNNs) to
capture relationships between different crops from an image. [13] and [22] train CNNs to capture
dependencies between different augmentations of an image.

Based on how the pretext training tasks are designed, SSL methods can be divided into two cat-

“Partially reprinted with permission from “Self-supervised learning of graph neural networks: A unified review”
by Yaochen Xie, Zhao Xu, Jingtun Zhang, Zhengyang Wang, Shuiwang Ji, 2022. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 45, 2412 - 2429, Copyright 2023 by IEEE.
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Figure 1.1: A comparison between the contrastive model and the predictive model in general.

egories; namely contrastive models and predictive models. The major difference between the two
categories is that contrastive models require data-data pairs for training, while predictive models
require data-label pairs, where the labels are self-generated from the data, as illustrated in Fig-
ure 1.1. Contrastive models usually utilize self-supervision to learn data representation or perform
pre-training for downstream tasks. Given the data-data pairs, contrastive models perform discrim-
ination between positive pairs and negative pairs. On the other hand, predictive models are trained
in a supervised fashion, where the labels are generated based on certain properties of the input data
or by selecting certain parts of the data. Predictive models usually consist of an encoder and one
or more prediction heads. When applied as a representation learning or pre-training method, the
prediction heads of a predictive model are removed in the downstream task.

In graph data analysis, SSL can potentially be of great importance to make use of a massive
amount of unlabeled graphs such as molecular graphs [23, 24]. With the rapid development of
graph neural networks (GNNs) [25, 26, 27, 28, 29, 30, 31], basic components of GNNs [32, 33, 34,
35, 36, 37] and other related fields [38, 39] have been well studied and made substantial progress.
In comparison, applying SSL. on GNNS is still an emerging field. Due to the similarity in data

structure, many SSL methods for GNNs are inspired by methods in the image domain, such as



DGI [40] and graph autoencoders [41]. However, there are several key challenges in applying SSL
on GNNs due to the uniqueness of the graph-structured data. To obtain good representations of
graphs and perform effective pre-training, self-supervised models are supposed to capture essential
information from both nodes attributes and structural topology of graphs [42].

For contrastive models, The performance of the learned representation or pre-trained model
on downstream tasks heavily depends on the specific contrastive objective and the selection of
transformations to generate views. Recent works study advanced theory-guided contrastive ob-
jectives [43] and view generation approaches [44, 45] that optimize the downstream performance
of contrastive models. Although promising performance can be achieved, contrastive learning ap-
proaches usually suffer from computational cost and memory issue because its training requires
the contrast among a sufficient number of examples at the same time. The drawback prevent its
application to extremely large graphs which are very common in industrial applications.

For predictive models, it becomes essential that what labels should be generated so that the non-
trivial representations are learned to capture information in both node attributes and graph struc-
tures. Unlike contrastive methods grounded by the problem of mutual information maximization,
the predictive methods, especially the graph property prediction and invariance regularization-
based methods, utilize different pretext learning tasks motivated by individual hypotheses and
based on empirical studies. However, they lack guidance from unified theoretical frameworks to
design specific pretext tasks for different downstream tasks. The information bottleneck princi-
ple [46, 47] may be used to interpret the effectiveness of several predictive methods but further

study and investigation are desired.
1.2 Dissertation Outline

In this dissertation, we aim to study reliable self-supervised learning approaches for image and
graph data. Specifically, we propose and develop theory-guided self-supervised frameworks and
study the explainability of deep models trained under self-supervision without given downstream
tasks.

The general goal of learning is to learn representations that are both informative and robust to



noise from unlabeled data. The robustness of deep models to noise in data is especially critical for
its reliability. However, in contrast to supervised learning, it is more challenging for SSL to learn
deep models that are robust to the noise in given data. This is because the self-supervision from
data itself may include noise. To achieve such a goal with SSL, in Chapter 2, we start by studying
and investigating the denoising capability of SSL approaches. In particular, we study SSL ap-
proaches in the image denoising problems under the scenarios where clean image are unavailable.
We first conduct analysis on existing self-supervised image denoising approaches and show their
limitations due to the inconsistency between the assumption of their theorems and empirical condi-
tions in Section 2.3. Next, in Section 2.4, we introduce the proposed self-supervised objectives as
a strict upper bound to the supervised objective for image denoising. We then conduct theoretical
and empirical analyses to show the connection to existing approaches. Finally, in Section 2.5, the
experimental results show that our Noise2Same remarkably outperforms previous self-supervised
denoising methods in terms of denoising performance and training efficiency.

Given the promising capability of denoising, we further generalize above theoretical framework
for SSL into even more challenging data and problems. In Chapter 3, we propose self-supervised
approaches to learn representations with graph neural networks (GNNs) on graph data. In Sec-
tion 3.2, we propose the LaGraph, a predictive SSL framework grounded by the above denoising
theory and by formulating the SSL task as the latent graph prediction problem. Learning objectives
of LaGraph are derived as self-supervised upper bounds to objectives for predicting unobserved la-
tent graphs. In Section 3.3, we provide theoretical analysis comparing LaGraph to related methods
in different domains. Finally, in Section 3.4, our experimental results demonstrate the superior-
ity of LaGraph in performance and the robustness to the decreasing training sample size on both
graph-level and node-level tasks.

To ensure reliable deep models are learned under self-supervision, one approach is to enable the
explainability of self-supervisely trained models. However, without a given downstream task, the
explanation become infeasible with existing learning-based explanation pipelines and approaches.

Specifically, they are incapable of producing explanations for a multitask prediction model with a



single explainer. They are also unable to provide explanations in cases where the model is trained in
a self-supervised manner, and the resulting representations are used in future downstream tasks. In
Chapter 4, we further demonstrate with graph data that self-supervision can further be used to learn
to explain self-supervisely trained deep models. In Section 4.2, we formulate the task-agnostic ex-
planation problem and introduce a task-agnostic pipeline. Following the pipeline, in Section 4.3,
we propose a Task-Agnostic GNN Explainer (TAGE) that is independent of downstream models
and trained under self-supervision with no knowledge of downstream tasks. In Section 4.4, our ex-
tensive experiments show that TAGE can significantly speed up the explanation efficiency by using
the same model to explain predictions for multiple downstream tasks while achieving explanation
quality as good as or even better than current state-of-the-art GNN explanation approaches.
Finally, in Chapter 5, we formulate the GWAS problem into a representation learning task,
identify, and address the challenges of applying self-supervised learning approaches in the scenario
of GWAS with high-dimensional imaging data. Specifically, in Section 5.2, we distinguish the key
differences between representation learning for natural images and for GWAS and demonstrate
the differences lead to the failure of typical SSL methods. Based on the analysis, we propose
the learning framework Genetic Infomax that is well-suited for learning representations for the
GWAS purpose in Sections 5.3 and 5.4. Our experiments in Section 5.6 demonstrate a significantly
improved performance in terms of the number of brain-gene associations discovered from the

learned representations.



2. NOISE2SAME: OPTIMIZING A SELF-SUPERVISED BOUND FOR IMAGE
DENOISING *

2.1 Introduction

The quality of deep learning methods for signal reconstruction from noisy images, also known
as deep image denoising, has benefited from the advanced neural network architectures such as
ResNet [48], U-Net [49] and their variants [50, 51, 52, 53, 54, 55]. While more powerful deep
image denoising models are developed over time, the problem of data availability becomes more
critical.

Most deep image denoising algorithms are supervised methods that require matched pairs of
noisy and clean images for training [56, 50, 57, 58]. The problem of these supervised methods is
that, in many denoising applications, clean images are hard to obtain due to instrument or cost lim-
itations. To overcome this problem, Noise2Noise [59] explores an alternative training framework,
where pairs of noisy images are used for training. Here, each pair of noisy images should corre-
spond to the same but unknown clean image. Note that Noise2Noise is basically still a supervised
method, just with noisy supervision.

Despite the success of Noise2Noise, its application scenarios are still limited as pairs of noisy
images are not available in some cases and may have registration problems. Recently, various
of denoising frameworks that can be trained on individual noisy images [6, 60, 61, 8, 2, 1] have
been developed. These studies can be divided into two categories according to the amount of
extra information required. Methods in the first category require the noise model to be known.
For example, the simulation-based methods [60, 61] use the noise model to generate simulated
noises and make individual noisy images noisier. Then a framework similar to Noise2Noise can be
applied to train the model with pairs of noisier images and the original noisy image. The limitation

is obvious as the noise model may be too complicated or even not available.

“Reprinted with permission from “Noise2Same: Optimizing a self-supervised bound for image denoising.” by
Yaochen Xie, Zhengyang Wang, and Shuiwang Ji, 2020. Advances in Neural Information Processing Systems, Copy-
right 2020 by the authors.



On the other hand, algorithms in the second category target at more general cases where only in-
dividual noisy images are available without any extra information [6, 8, 2, 1]. In this category, self-
supervised learning [62, 19, 63] has been widely explored, such as Noise2Void [8], Noise2Self [2],
and the convolutional blind-spot neural network [1]. Note that these self-supervised models can
be improved as well if information about the noise model is given. For example, Laine et al. [1]
and Krull et al. [64] propose the Bayesian post-processing to utilize the noise model. However,
with the proposed post-processing, these methods fall into the first category where applicability is
limited.

In this chapter, we stick to the most general cases where only individual noisy images are pro-
vided and focus on the self-supervised framework itself without any post-processing step. We note
that all of these existing self-supervised denoising frameworks are built upon the same theoretical
background, where the denoising models are required to be 7 -invariant (Section 2.2). We perform
in-depth analyses on the 7-invariance property and argue that it may lead to denoising models
with reduced performance. Based on this insight, we propose Noise2Same, a novel self-supervised
denoising framework, with a new theoretical foundation. Noise2Same comes with a new self-
supervised loss by deriving a self-supervised upper bound of the typical supervised loss. In par-
ticular, Noise2Same requires neither J-invariance nor extra information about the noise model.
We analyze the effect of the new loss theoretically and conduct thorough experiments to evaluate
Noise2Same. Result show that our Noise2Same consistently outperforms previous self-supervised

denoising methods.
2.2 Background and Related Studies
2.2.1 Self-Supervised Denoising with .7 Invariant Functions

We consider the reconstruction of a noisy image € R™, where m = (dx)h X w x ¢ depends
on the spatial and channel dimensions. Let y € R"™ denotes the clean image. Given noisy and clean
image pairs (x, y), supervised methods learn a denoising function f : R™ — R™ by minimizing

the supervised loss L(f) = E, , || f(x) — yHQ-



Previous self-supervised denoising methods have been developed [8, 2, 1] by assuming that
the noise is zero-mean and independent among all dimensions. These methods are trained on in-
dividual noisy images to minimize the self-supervised loss £(f) = E, || f(x) — x||*. Particularly,
in order to prevent the self-supervised training from collapsing into leaning the identity function,

Batson et al. [2] point out that the denoising function f should be 7-invariant, as defined below.

Definition 1. For a given partition J = {J1,--- , Ji.} (|J1] + - - + |Jx| = m) of the dimensions
of an image x € R™, a function f : R™ — R™ is J-invariant if f(x); does not depend on x ; for

all J € J, where f(x); and x; denotes the values of f(x) and x on J, respectively.

Intuitively, [ -invariance means that, when denoising x;, f only uses its context x jc, where J¢

denotes the complement of J. With a 7-invariant function f, we have

E, |f(z) —z|" = Eu|f(2) =yl +Euylz —yl* —2(f(@) —y.z—y) (@D

= E.,|lf(x) —yl> + By ||z — y|*. (2.2)

Here, the third term in Equation 2.1 becomes zero when f is [J-invariant and the zero-mean as-
sumption about the noise holds [2]. We can see from Equation 2.2 that when f is [J-invariant,
minimizing the self-supervised loss I, || f () — || indirectly minimizes the supervised loss
E., |If(2) -y’

All existing self-supervised denoising methods [8, 2, 1] compute the [J-invariant denoising
function f through a blind-spot network. Concretely, a subset J of the dimensions are sampled
from the noisy image @ as “blind spots”. The blind-spot network f is asked to predict the values of
these “blind spots” based on the context « j.. In other words, f is blind on J. In previous studies,
the blindness on J is achieved in two ways. Specifically, Noise2Void [8] and Noise2Self [2] use
masking, while the convolutional blind-spot neural network [1] shifts the receptive field. With the

blind-spot network, the self-supervised loss E, || f () — ||> can be written as

L(f) =EsEg || f(zse)s — 2| (2.3)



While these methods have achieved good performance, our analysis in this chapter indicates
that minimizing the self-supervised loss in Equation 2.3 with J-invariant f is not optimal for
self-supervised denoising. Based on this insight, we propose a novel self-supervised denoising
framework, known as Noise2Same. In particular, our Noise2Same minimizes a new self-supervised

loss without requiring the denoising function f to be J-invariant.
2.2.2 Bayesian Post-Processing

From the probabilistic view, the blind-spot network f attempts to model p(y |« ), where the
information from « ; is not utilized thus limiting the performance. This limitation can be overcome
through the Bayesian deep learning [65] if the noise model p(x|y) is known, as proposed by [1, 64].

Specifically, they propose to compute the posterior by

p(ysles, ) < plxs|ys) p(ysle,.), VJ e T. (2.4)

Here, the prior p(ys|x ) is Gaussian, whose the mean comes from the original outputs of the
blind-spot network f and the variance is estimated by extra outputs added to f. The computation
of the posterior is a post-processing step, which takes information from « ; into consideration.

Despite the improved performance, the Bayesian post-processing has limited applicability as it
requires the noise model p(x;|y,) to be knwon. Besides, it assumes that a single type of noise is
present for all dimensions. In practice, it is common to have unknown noise models, inconsistent
noises, or combined noises with different types, where the Bayesian post-processing is no longer
applicable.

In contrast, our proposed Noise2Same can make use of the entire input image without any post-
processing. Most importantly, Noise2Same does not require the noise model to be known and thus

can be used in a much wider range of denoising applications.
2.3 Analysis of the JInvariance Property

In this section, we analyze the J-invariance property and motivate our work. In section 2.3.1,

we experimentally show that the denoising functions trained through mask-based blind-spot meth-



ods are not strictly 7-invariant. Next, in Section 2.3.2, we argue that minimizing E, || f(z) — x|’

with J-invariant f is not optimal for self-supervised denoising.
2.3.1 Mask-Based Blind-Spot Denoising: Is the Optimal Function [JInvariant?

We show that, in mask-based blind-spot approaches, the optimal denoising function obtained
through training is not strictly 7-invariant, which contradicts the theory behind these methods.
As introduced in Section 2.2, mask-based blind-spot methods implement blindness on J through
masking. Original values on J are masked out and replaced by other values. Concretely, in Equa-
tion 2.3, x jc becomes 1 jc - @+ 1 ;- r, where 7 denotes the new values on the masked locations (.J).
As introduced in Section 2.2.1, Noise2Void [8] and Noise2Self [2] are current mask-based blind-
spot methods. The main difference between them is the choice of the replacement strategy, i.e.,
how to select r. Specifically, Noise2Void applies the Uniform Pixel Selection (UPS) to randomly
select r from local neighbors of the masked locations, while Noise2Self directly uses a random
value.

Although the masking prevents f from accessing the original values on .J during training, we
point out that, during inference, f still shows a weak dependency on values on .J, and thus does
not strictly satisfy the [J-invariance property. In other words, mask-based blind-spot methods do
not guarantee the learning of a [J-invariant function f. We conduct experiments to verify the
above statement. Concretely, given a denoising function f trained through mask-based blind-spot

methods, we quantify the strictness of 7-invariance by computing the following metric:

D(f) = EjE, || f(xse)s — f(@)]° /|J], (2.5)

where x is the raw noisy image and « ;. denotes the image whose values on J are replaced with
random Gaussian noises (o,,=0.5). Note that the replacement here is irrelevant to the the replace-
ment strategy used in mask-based blind-spot methods. If the function f is strictly J-invariant,
D(f) should be close to 0 for all . Smaller D(f) indicates more J-invariant f. To mitigate

mutual influences among the locations within J, we use saturate sampling [8] to sample J and
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Table 2.1: D(f) and PSNR of f trained through mask-based blind-spot methods with different
replacement strategies on BSD68. The last column corresponds to a strictly 7 -invariant model.

Replacement  Gaussian Gaussian Gaussian Gaussian ~ UPS | Shifting
Strategy (0=0.2) (0=0.5) (0=0.8) (0=1.0) (5xH) RF

D(f) (x1073)  4.326 10.91 2.141 1.569 18.31 0.105
PSNR 26.14 26.83 26.85 26.98 27.71 27.15

Table 2.2: D(f) and PSNR of f on trained through mask-based blind-spot methods with the same
replacement strategy on different datasets.

Datasets BSD68 HanZi ImageNet
D(f) (x1073) 1091  0.249 17.67
PSNR 26.83 1394 20.38

make the sampling sparse enough (at a portion of 0.01%). D(f) is computed on the output of f
before re-scaling back to [0,255]. In our experiments, we compare D( f) and the testing PSNR for
f trained with different replacement strategies and on different datasets.

Table 2.1 provides the comparison results between f trained with different replacement strate-
gies on the BSD68 dataset [66]. We also include the scores of the convolutional blind-spot neural
network [1] for reference, which guarantees the strict 7 -invariance through shifting receptive field,
as discussed in Section 2.3.2. As expected, it has a close-to-zero D( f), where the non-zero value
comes from mutual influences among the locations within J and the numerical precision. The
large D(f) for all the mask-based blind-spot methods indicate that the 7 -invariance is not strictly
guaranteed and the strictness varies significantly over different replacement strategies.

We also compare results on different datasets when we fix the replacement strategy, as shown
in Table 2.2. We can see that different datasets have strong influences on the strictness of -
invariance as well. Note that such influences are not under the control of the denoising approach
itself. In addition, although the shown results in Tables 2.1 and 2.2 are computed on testing dataset
at the end of training, similar trends with D(f) > 0 is observed during training.

Given the results in Tables 2.1 and 2.2, we draw our conclusions from two aspects. We first
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consider the mask together with the network f as a J-invariant function g, i.e., g(x) := f(1 e -
x + 1, - 7). In this case, the function g is guaranteed to be [J-invariant during training, and
thus Equation 2.2 is valid. However, during testing, the mask is removed and a different non-_7 -
invariant function f is used because f achieves better performance than g, according to [2]. This
contradicts the theoretical results of [2]. On the other hand, we consider the network f and the
mask separately and perform training and testing with the same function f. In this case, the use
of mask aims to help f learn to be [J-invariant during training so that Equation 2.2 becomes valid.
However, our experiments show that f is neither strictly 7 -invariant during training nor till the end
of training, indicating that Equation 2.2 is not valid. With findings interpreted from both aspects,
we ask whether minimizing E, || f(z) — «||> with J-invariant f yields optimal performance for

self-supervised denoising.
2.3.2 Shifting Receptive Field: How do the Strictly .7 Invariant Models Perform?

We directly show that, with a strictly 7-invariant f, minimizing I, || f(x) — «||* does not
necessarily lead to the best performance. Different from mask-based blind-spot methods, Laine et
al. [1] propose the convolutional blind-spot neural network, which achieves the blindness on J by
shifting receptive field (RF). Specifically, each pixel in the output image excludes its corresponding
pixel in the input image from its receptive field. As values outside the receptive field cannot affect
the output, the convolutional blind-spot neural network is strictly J-invariant by design.

According to Table 2.1, the shift RF method outperforms all the mask-based blind-spot ap-
proaches with Gaussian replacement strategies, indicating the advantage of the strict 7 -invariance.
However, we notice that the UPS replacement strategy shows a different result. Here, a denoising
function with less strict [J-invariance performs the best. One possible explanation is that the UPS
replacement has a certain probability to replace a masked location by its original value. It weak-
ens the J-invariance of the mask-based denoising model but boosts the performance by yielding
a result that is equivalent to computing a linear combination of the noisy input and the output of
a strictly 7 -invariant blind-spot network [2]. This result shows that minimizing E, || f(x) — x|

with a strictly J-invariant f does not necessarily give the best performance. Another evidence
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Figure 2.1: Top: The framework of the mask-based blind-spot denoising methods. The neural
network takes the masked noisy image and predicts the masked value. The reconstruction loss
is only computed on the masked dimensions. Bottom: The Noise2Same framework. The neural
network takes both the full noisy image and the masked image as inputs and produces two outputs.
The reconstruction loss is computed between the full noisy image and its corresponding output.
The invariance loss is computed between the two outputs.

is the Bayesian post-processing introduced in Section 2.2.2, which also make the final denoising
function not strictly 7 -invariant while boosting the performance.

To conclude, we argue that minimizing I, || f(a) — «||* with J-invariant f can lead to reduc-
tion in performance for self-supervised denoising. In this work, we propose a new self-supervised
loss. Our loss does not require the 7-invariance. In addition, our proposed method can take ad-
vantage of the information from the entire noisy input without any post-processing step or extra

assumption about the noise.
2.4 The Proposed Noise2Same Method

In this section, we introduce Noise2Same, a novel self-supervised denoising framework. Noise2Same
comes with a new self-supervised loss. In particular, Noise2Same requires neither 7 -invariant de-

noising functions nor the noise models.
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2.4.1 Noise2Same: A Self-Supervised Upper Bound without the JInvariance Requirement

As introduced in Section 2.2.1, the J-invariance requirement sets the inner product term
(f(x) — y,x — y) in Equation 2.1 to zero. The resulting Equation 2.2 shows that minimizing
E, ||f(x) — x||* with J-invariant f indirectly minimizes the supervised loss, leading to the cur-
rent self-supervised denoising framework. However, we have pointed out that this framework
yields reduced performance.

In order to overcome this limitation, we propose to control the right side of Equation 2.2 with
a self-supervised upper bound, instead of approximating (f(x) — y, — y) to zero. The upper

bound holds without requiring the denoising function f to be 7-invariant.

Theorem 1. Consider a normalized noisy image * € R™ (obtained by subtracting the mean and
dividing by the standard deviation) and its ground truth signal y € R™. Assume the noise is zero-
mean and i.i.d among all the dimensions, and let J be a subset of m dimensions uniformly sampled

from the image x. For any f : R™ — R™, we have

57 1/2
Jll

By ||f(2)s — f(e)
/1]

Eoy |l (@) = ylI* +llz — yl* < E. | f(z) - ["+2mE, (2.6)

Proof. We consider the third term on the right-hand side of Equation 2.1. Instead of reducing the
third term 2 (f(x) — y,® — y) to 0 under the [J-invariant assumption, we control this term with

its upper bound with the only assumption that £[x|y]| = y. Formally, we have

E,y(f(x) —y,xz —y) = EE,, Z(f(w)j — )z — v5) (2.7)
= ZEy [Eapy (f(2); — y;) (25 — y5) = Bap(f(2); — 45) By (25 — 5)]
(2.8)

= Z Ey [Cov(f(@); — yj» 25 — yily)] (2.9)
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= By [Cov(f(m);2;ly)] (2.10)

Equation 2.8 holds due to the zero-mean assumption, where I, (z; — y;) = 0. Now we let J be
a uniformly sampled subset of the image dimensions {1, -- ,m}, then we have the equation

DBy [Cov(f (@), asly)] = 17Ty 3Ty [Cov(f (@), wily). @11

| jeJ
The right-hand side of the equation above can be controlled by applying Cauchy-Schwarz

inequality while the input images are normalized. We have, for all J,

|J| ]GZJE [Cov x);,xj|y) ] |J| JGZJE [Cov f(:vjc)J,xj|y)] (2.12)
|J| ZE [Var — f(xse)jly) - Var(mj|y)]1/2 (2.13)
1/2
(uwZE Var(f(2); — f(ese);ly) - Var<xjry>})
(2.14)
1/2
<|J\ 2By [ = f@e)j] ]|y]> (2.15)
) 1/2
(IJIZE[ - f@r);] > (2.16)
jedJ
1/2
<U’]EHf( Vs — flxse)s H) . (2.17)

To be more specific, Equation 2.12 follows since f(x <), does not correlate to ; due to the
independent noise assumption and j ¢ .J¢, and subtracting f(x); from f(x); does not change
the Covariance. Inequality 2.13 applies the Cauchy-Schwarz inequality. Inequality 2.14 holds
due to (EX)? < EX?. The derivation of Inequality 2.15 uses the fact that Var(xz;) = 1 under

normalization and Var(z;|y) < Var(z;) = 1 for all j.
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Consequently, we can control Equation (2.1) as

Evy /(@) = yl* + Evy 2 — yl* = E; || f(2) — 2| + 2B, (f(z) —y.z — ) (2.18)
1/2
2
<E |f(@) - 2|’ + 2mE, ,J|1Er|f< 2)s— f(@e)?
(2.19)
This completes the proof of Theorem 1. O

With Theorem 1, we can perform self-supervised denoising by minimizing the right side of
Inequality (2.6) instead. Following the theoretical result, we propose our new self-supervised

denoising framework, Noise2Same, with the following self-supervised loss:

L) =By || f(@) = @l /m + Ninu By [Ey || f(@)s — fl@se) sl /171]" (2.20)

This new self-supervised loss consists of two terms: a reconstruction mean squared error (MSE)

Lyec = E, || f() — ||” and a squared-root of invariance MSE L;,,, = E;(E, || f(x); — f(x)|* /| ]2
Intuitively, L,;,, prevents our model from learning the identity function when minimizing L.
without any requirement on f. In fact, by comparing L;,, with D(f) in Equation 2.5, we can
see that L;,, implicitly controls how strictly f should be [J-invariant, avoiding the explicit 7 -
invariance requirement. We balance L,.. and L;,, with a positive scalar weight \;,,,.

By default, we set \;,, = 2 according to Theorem 1. In some cases, setting \;,, to different
values according to the scale of observed L, during training could help achieve a better denoising
performance.

Figure 2.1 compares our proposed Noise2Same with mask-based blind-spot denoising meth-
ods. Mask-based blind-spot denoising methods employ the self-supervised loss in Equation 2.3,
where the reconstruction MSE L,.. is computed only on J. In contrast, our proposed Noise2Same
computes L,.. between the entire noisy image « and the output of the neural network f(x). To

compute the invariance term L,,,, we still feed the masked noisy image @ ;. to the neural network
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and compute MSE between f(x) and f(x;.) on J, ie., f(x); and f(x;),. Note that, while

Noise2Same also samples .J from x, it does not require f to be 7-invariant.
2.4.2 Analysis of the Invariance Term

The invariance term L;,,, is a unique and important part in our proposed self-supervised loss. In
this section, we further analyze the effect of this term. To make the analysis concrete, we perform
analysis based on an example case, where the noise model is given as the additive Gaussian noise
N(0,0). Note that the example is for analysis purpose only, and the application of our proposed

Noise2Same does not require the noise model to be known.

Theorem 2. Consider a noisy image x € R™ and its ground truth signal y € R™. Assume the
noise is i.i.d among all the dimensions, and let J be a subset of m dimensions uniformly sampled
from the image x. If the noise is additive Gaussian with zero-mean and standard deviation o, we

have

E|lf(x), — fs)P]"
]

E., |lf(x) —yl* + |z — yl|> < E, || f(x) — 2||” + 2mo E,
2.21)

Proof. We start from Equation (13) in the proof of Theorem 1. Since we have a stronger assump-
tion that the noise model is known to be additive with standard deviation o and zero-mean, we

have Var(x; — y;) = o2 for all j. Due to that the additive noise is orthogonal to the signal y, we

futher have the conditional variance Var(z; — y,|y) = o2. Then, similar to the proof of Theorem
1, we have,

7l Z]E [COV x);,z;|y) } |J‘ Z]E [COV — flage)j, x; — yj|y)] (2.22)

JjeJ jeJ
1/2
<7 ST [Var(f(@), — i) ly) - Var(z, — yly)]

jeJ

(2.23)
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1/2
<|J] ZE [Var — f(xe)jly) - Var(z; — yﬂy)})

jeJ

(2.24)
1/2

= (0 SB[l @) — F@a)Ply] o] (2.25)

[J] &

1/2
- Z E[f f(@se);]? (2.26)
7]
1/2
- (| SEIf@ - feailf) e.2)
Consequently, we can control Equation (2.1) as
Ery /(@) = yl* + Evy 2 — yl* = E, || f(2) — 2| + 2B, (f(z) —y.z — ) (2.28)
1/2
< Eullf@) - alf + 2o By (E @) - f@ril?)

(2.29)
This completes the proof of Theorem 2. 0

Note that the noisy image « here does not require normalization as in Theorem 1. Compared
to Theorem 1, the o from the noise model is added to balance the invariance term. As introduced
in Section 2.4.1, the invariance term controls how strictly f should be [J-invariant and a higher
weight of the invariance term pushes the model to learn a more strictly 7-invariant f. Therefore,
Theorem 2 indicates that, when the noise is stronger with a larger o, f should be more strictly
J-invariant. Based on the definition of 7-invariance, a more strictly 7-invariant f will depend
more on the context « ;- and less on the noisy input x ;.

This result is consistent with the findings in previous studies. Batson et al. [2] propose to
compute the linear combination of the noisy image and the output of the blind-spot network as
a post-processing step, leading to better performance. The weights in the linear combination are

determined by the variance of noise. And a higher weight is given to the output of the blind-spot
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network with larger noise variance. Laine et al. [1] derive a similar result through the Bayesian
post-processing. This explains how the invariance term in our proposed Noise2Same improves
denoising performance.

However, a critical difference between our Noise2Same and previous studies is that, the post-
processing in [2, 1] cannot be performed when the noise model is unknown. To the contrary,
Noise2Same is able to control how strictly f should be [J-invariant through the invariance term
without any assumption about the noise or requirement on f. This property allows Noise2Same to
be used in a much wider range of denoising tasks with unknown noise models, inconsistent noise,

or combined noises with different types.
2.5 Experiments

We evaluate our Noise2Same on four datasets, including RGB natural images (ImageNet ILSVRC
2012 Val [67]), generated hand-written Chinese character images (HanZi [2]), physically captured
3D microscopy data (Planaria [56]) and grey-scale natural images (BSD68 [66]). The four datasets

have different noise types and levels.
2.5.1 Comparisons with Baselines

The baselines include traditional denoising algorithms (NLM [68], BM3D [69]), supervised
methods (Noise2True, Noise2Noise [59]), and previous self-supervised methods (Noise2Void (8],
Noise2Self [2], the convolutional blind-spot neural network [1]). Note that we consider Noise2Noise
as a supervised model since it requires pairs of noisy images, where the supervision is noisy. While
Noise2Void and Noise2Self are similar methods following the blind-spot approach, they mainly
differ in the strategy of mask replacement. To be more specific, Noise2Void proposes to use Uni-
form Pixel Selection (UPS), and Noise2Self proposes to exclude the information of the masked
pixel and uses a random value on the range of given image data. As an additional mask strategy
using the local average excluding the center pixel (donut) is mentioned in [2], we also include it
for comparison. We use the same neural network architecture for all deep learning methods.

Note that ImageNet and HanZi have combined noises and Planaria has unknown noise models.
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Input BM3D Noise2Self Ours Noise2Noise Noise2True Ground Truth

Figure 2.2: RGB natural images and hand-written Chinese character images: Visualizations of
testing results on ImageNet dataset (first two rows) and the HanZi Dataset (the third row). We com-
pare the denoising quality among the traditional method BM3D, supervised methods Noise2True
and Noise2Noise, self-supervised approaches Noise2Self and our Noise2Same. From the left to the
right, the columns are in the ascending order in terms of the denoising quality.
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Table 2.3: Comparisons among denoising methods on different datasets, in terms of Peak Signal-
to-Noise Ratio (PSNR). The post-processing of Laine et al. [1] that requires information about
the noise model is included under the Self-Supervised + noise model category and is excluded
under the Self-Supervised category. Noise2Self-Noise and Noise2Self-Donut refer to two masking
strategies mentioned in [2], where the original results presented in [2] are produced by the noise
masking. Bold numbers indicate the best performance among self-supervised methods.

Datasets

Methods ImageNet HanZi Planaria BSD68
Input 9.69 6.45 21.52/21.09/20.82 20.19
Traditional NLM [68] 18.04 841 25.80/24.03/21.62 22.73
BM3D [69] 18.74 10.90 - 28.59
g ced Noise2True 23.39 15.66 31.57/30.15/28.13  29.06
UPETVISEd Noise2Noise [59] 2327  14.30 - 28.86
Self-Supervised y e etal. [1] ; ; ; 28.84

+ noise model

Laine et al. [1] 20.89 10.70 - 27.15
Noise2 Void [8] 21.36 13.72  25.84/23.57/21.60 27.71

Self-Supervised Noise2Self-Noise [2] 20.38 13.94 27.58/24.83/21.83 26.98
Noise2Self-Donut [2] 8.62 13.29 27.63/24.72/21.73  28.20
Noise2Same 22.26 14.38 29.48/26.93/2241 27.95

As aresult, the post-processing steps in Noise2Self [2] and the convolutional blind-spot neural net-
work [1] are not applicable, as explained in Section 2.2. In order to make fair comparisons under
the self-supervised category, we train and evaluate all models only using the images, without extra
information about the noise. In this case, among self-supervised methods, only our Noise2Same
and Noise2Void with the UPS replacement strategy can make use of information from the entire
input image, as demonstrated in Section 2.3.2. We also include the complete version of the convo-
lutional blind-spot neural network with post-processing, who is only available on BSD68, where
the noise is not combined and the noise type is known.

Following previous studies, we use Peak Signal-to-Noise Ratio (PSNR) as the evaluation met-
ric. The comparison results between our Noise2Same and the baselines in terms of PSNR on the
four datasets are summarized in Table 2.3 and visualized in Figure 2.2. The results show that our

Noise2Same achieve remarkable improvements over previous self-supervised baselines on Ima-
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— Noise2Same
... Noise2Self
Laine et al.
20 30 40 50
Training Cost

Figure 2.3: Training efficiency. For a fair comparison, we adjust the batch sizes for each method
to fill the memory of a single GPU, namely, 128 for Noise2Self, 64 for Noise2Same and 32 for
Laine et al. One unit of training cost represents 50 minibatch steps.

geNet, HanZi and CARE. In particular, on the ImageNet and the HanZi Datasets, our Noise2Same
and Noise2Void demonstrate the advantage of utilizing information from the entire input image.
Although the using of donut masking can achieve better performance on the BSD68 Dataset, it
leads to model collapsing on the ImageNet Dataset and hence can be unstable. On the other
hand, the convolutional blind-spot neural network [1] suffers from significant performance losses
without the Bayesian post-processing, which requires information about the noise models that are
unknown.

We note that, in our fair settings, supervised methods still have better performance over self-
supervised models, especially on the Planaria and BSD68 datasets. One explanation is that the
supervision usually carries extra information implicitly, such as information about the noise model.
Here, we draw a conclusion different from Batson et al. [2]. That is, there are still performance
gaps between self-supervised and supervised denoising methods. Our Noise2Same moves one step
towards closing the gap by proposing a new self-supervised denoising framework.

In addition to the performance, we compares the training efficiency among self-supervised
methods as well. Specifically, we plot how the PSNR changes during training on the ImageNet
dataset. We compare Noise2Same with Noise2Self and the convolutional blind-spot neural net-
work. The plot shows that our Noise2Same has similar convergence speed to the convolutional

blind-spot neural network. On the other hand, as the mask-based method Noise2Self uses only
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Figure 2.4: Effect of the invariance term. Left: Given additive Gaussian noise with certain
Onoises how the performance of our Noise2Same varies over different 0;,s;. Right: We visualize
some denoising examples from noisy images with 0,,,;sc = 0.3, 0.5. From left to right, the columns
correspond to setting oy, to 0.2, 0.3, 0.4, 0.5, 0.6, respectively.

a subset of output pixels to compute the loss function in each step, the training is expected to be

slower [1].
2.5.2 Effect of the Invariance Term

In Section 2.4.2, we analyzed the effect of the invariance term using an example, where the
noise model is given as the additive Gaussian noise. In this example, the variance of the noise
controls how the strictness of the optimal f through the coefficient )\;,, of the invariance term.

Here, we conduct experiments to verify this insight. Specifically, we construct four noisy
dataset from the HanZi dataset with only additive Gaussian noise at different levels (0,05 =
0.9,0.7,0.5,0.3). Then we train Noise2Same with \;,, = 20,55 by varying o;,ss from 0.1 to 1.0
for each dataset. According to Theorem 2, the best performance on each dataset should be achieved
when 0, 1S close to 0,,0;sc. The results, as reported Figure 2.4, are consistent with our theoretical

results in Theorem 2.
2.6 Conclusion and Future Directions

We analyzed the existing blind-spot-based denoising methods and introduced Noise2Same, a
novel self-supervised denoising method, which removes the assumption and over-restriction on

the neural network as a J-invariant function. We provided further analysis on Noise2Same and
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experimentally demonstrated the denoising capability of Noise2Same. As an orthogonal work, the
combination of self-supervised denoising result and the noise model has be shown to provide ad-
ditional performance gain. We would like to further explore noise model-augmented Noise2Same

in future works.
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3. SELF-SUPERVISED REPRESENTATION LEARNING VIA LATENT GRAPH
PREDICTION *

3.1 Introduction

Self-supervised learning (SSL) methods seek to use supervisions provided by data itself and
design effective pretext learning tasks. These methods allow deep models to learn from a massive
amount of unlabeled data and have achieved promising successes in natural language processing [9,
10, 11] and image tasks [2, 70, 21, 13]. To use unlabeled graph data, earlier studies [16, 71] adapt
sequence-based SSL methods [72, 73] to learn node representations. Inspired by the recent success
of SSL in the image domain, a variety of SSL methods based on graph neural networks (GNNs)
have been proposed in different learning paradigms. In particular, recent studies [40, 74, 3, 12, 75]
construct SSL tasks as unsupervised approaches to learn representations from graph data at either
node-level or graph-level; Hu et al. [76] propose SSL strategies to pre-train GNNs for downstream
tasks; and other studies [77, 78] employ SSL as auxiliary tasks to boost the performance of main
learning tasks.

Common taxonomies in recent survey works [79, 80] consider two categories of SSL methods
to train GNNs; namely, contrastive methods and predictive methods. Contrastive methods employ
pair-wise discrimination as their pretext learning tasks. It performs transformations or augmenta-
tions to obtain multiple views from a graph and trains GNNs to discriminate between jointly sam-
pled view pairs and independently sampled view pairs. In contrast, predictive methods [81, 82, 83]
train GNNs to predict certain labels obtained from the input graph, such as node reconstruction,
connectivity reconstruction, graph statistical properties, and domain knowledge-based targets.

Adapted from the image domain, current state-of-the-art SSL. methods for graphs are mostly
contrastive. As a drawback, they usually depend on a large training sample size to include a

sufficient number of negative samples. With limited computing resources, contrastive methods

“Reprinted with permission from “Self-supervised representation learning via latent graph prediction.” Yaochen
Xie, Zhao Xu, and Shuiwang Ji. 2022. International Conference on Machine Learning, Copyright 2022 by the authors.
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may not be applicable to large-scale graphs without suffering from performance loss. To address
the drawback, BGRL [3] adapts BYOL [22] to the graph domain. BGRL still obtains different
views from each given graph, but it eliminates the requirement of negative samples by replacing
contrastive objectives with the prediction of offline embedding. BGRL has achieved competitive
performance to the contrastive methods. However, unlike contrastive methods grounded by mutual
information estimation and maximization, BYOL and BGRL lack theoretical guidance and require
implementation measures to prevent collapsing to trivial representations, such as stop gradient,
EMA, and normalization layers.

In this chapter, we propose LaGraph, a predictive SSL framework for representation learning
of graph data, based on self-supervised latent graph prediction. In particular, we describe the no-
tion of the latent graph and introduce the latent graph prediction as a pretext learning task. We
adapt the supervised objective of latent graph prediction into a self-supervised setting by deriv-
ing its self-supervised upper bounds, according to which we present the learning framework of
LaGraph. We provide further justifications of LaGraph by comparing it with theoretically sound
methods in different domains. Our experimental results demonstrate the effectiveness of LaGraph
on both graph-level and node-level representation learning, where a remarkable performance boost
is achieved on a majority of datasets with higher stability to smaller batch sizes or training on
subsets of nodes. Our code is available under the DIG library * [84].

Relations with Prior Work: Both LaGraph and some existing contrastive methods [75, 74,
76] apply node masking. While those contrastive methods use node masking as an augmentation
to obtain different views for contrast, LaGraph employs it for the computation of the invariance
term in its predictive objective. In addition, the objective of BGRL has a similar formulation to
the invariance regularization term in our objective. The objectives of LaGraph and BGRL are
from different grounding and have essential differences in their computing and effects. While the
objective of BGRL is designed and engineered as a variant of contrastive methods, the LaGraph

objectives are derived as a whole from the latent graph prediction. Our derived theorems associated

*https://github.com/divelab/DIG.
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with LaGraph objectives can explain the success of BGRL to some extent and provide guidance

on better-adopting objectives related to the invariance regularization on graphs.
3.2 Methods
3.2.1 Notations and Problem Formulation

We consider an undirected graph G = (V, E)) with a set of attributed nodes V' and a set of
edges E. We formulate the graph data as a tuple of matrices (A, X ), where A € RIVI*!VI denotes
the adjacency matrix and X € R!"/*? denotes the node features of dimension d. We employ a
graph encoder £ based on graph neural networks (GNNs) to encode each node or graph into a
corresponding representation. Namely, we compute the node-level representations or node em-
bedding by H = £(A, X) € RIVI*? and the graph-level representation or graph embedding by
z = R(H) € R, where ¢ denotes the embedding dimension and R : RIVI*? — R'*7 is a
readout function.

Self-supervised representation learning is employed to train the graph encoder £ on a set of K
graphs {G;}X£, without labels from downstream tasks. In particular, we seek to design effective
pre-text learning tasks, whose labels are obtained by task designation or from given data, to train
the graph encoder £ and produce informative representations for downstream tasks. Depending on
the pre-text learning tasks, the encoder & is usually trained together with some prediction head D

for predictive SSL or a discriminator for contrastive SSL.
3.2.2 Latent Graph Prediction

Our method considers latent graph prediction as a pretext task to train graph neural networks. In
this subsection, we introduce the general notion of latent data, followed by its specific definition for
graph data, and the construction of the learning task. For any observed data instance &, we assume
that there exists a corresponding latent data 7, determining the semantic of @, such that the latent
data x7 is generated from a prior p(xz) and the observed data instance is further generated from
a certain distribution conditioned on the latent data, i.e., p(x|x7). The most common case for the

pair of observed data and latent data is the noisy data and its clean version.
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When it comes to graph data, we consider the case that an observed graph data G = (A, X)
is (noisily) generated from its latent graph G, = (A, F') with the same node set and edge set,
where node feature matrices X and F' for the two graphs have the same dimensionality. We
make two assumptions about the graphs without loss of generality. First, we assume that the
observed feature vector x, of each node v in an observed graph is independently generated from
a certain distribution conditioned on the corresponding latent graph. In other words, how x, is
generated from the latent feature f, is not affected by the generation of other observed feature
vectors. Second, we assume that the conditional distribution of the observed graph is centered
at the latent graph, i.e., E[X|G,] = F. The above assumptions are natural when we have little
knowledge about the generation process and are commonly used in other types of data such as the
non-structural and zero-mean noise in images. In cases where the generation processes of different
nodes are related or the distribution is not centered at F', we can still consider the related or biased
components into the latent feature and therefore have the assumptions satisfied.

As the latent data usually determine the semantic meaning of observed data, we believe the
prediction of the latent graph can provide informative supervision for the learning of both graph-
level and node-level representations. We are hence interested in constructing the learning task of
latent graph prediction. To perform latent graph prediction, it is straightforward to employ a graph
neural network f : {0, 1}/VI*IVI x RIVIxd s RIVI*4 that takes an observed graph G = (A, X) as
inputs and predicts the feature matrix of its latent graph Gz = (A, F'). When the ground truth of

the latent feature matrix F' is known, the learning objective can be designed as
I :argmfinEHf(A,X) —F|?. (3.1)

Intuitively, the latent graph prediction can be considered as a generalized task from noisy data re-
construction that predicts the signal from the noisy data with the objective arg min; E || f(x) — s||’,
where the mapping from the signal to the noisy data p(x|s) can usually be explicitly modeled and

samples of signal (ground truth) can usually be captured. In the data reconstruction case, pairs
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of (x, s) can be therefore directly captured or synthetically generated given a certain noise model
p(x|s). However, when the task is generalized to latent graph prediction, there is a key chal-
lenge preventing us from directly applying the prediction task. That is, whereas there are natural
supervisions for noisy data reconstruction, the latent graph is not observed and we are unable to ex-
plicitly model the mapping from latent graphs to observed graphs, i.e., the conditional distribution

p(G|Gx).
3.2.3 Self-Supervised Upper Bounds for Latent Graph Prediction

As discussed in the previous subsection, unlike typical noisy data reconstruction tasks, the
latent graph is not observed and p(G|G7) cannot be modeled explicitly. This makes it difficult to
construct a direct learning task for latent graph prediction using the objective in Equation (3.1).
We therefore seek to optimize an alternative objective that approximately optimizes the objective
in Equation (3.1) without requiring the distribution p(G|Gz), nor features F' of the latent graph.
We now introduce the proposed self-supervised objective for latent graph prediction.

We derive our self-supervised objective without involving F' by constructing an upper bound
of the objective in Equation (3.1). Specifically, we let J C {0,--- ,|V| — 1} be an arbitrary subset
of node indices, J¢ denote the complement of set ./, and X jc := 1;c © X 4+ 1; © M be the
feature matrix with features of nodes in V/; masked, where © denotes element-wise multiplication,
M € RIVI*4 denotes a matrix consisting of independent random noise or zeros as masking values,
and 1 ; € RIVI*? denotes an indicator matrix such that 1 ;[i,:] = 1,Vi € Jand 1,[i,:] = 0,Vi ¢ J.

We describe the self-supervised upper bound in Theorem 3.

Theorem 3. Consider a graph G = (A, X)) and its latent graph Gz = (A, F'). We let the variance

of any elements in X be bounded by 0 and J be a subset of nodes V in the graph G. For any
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graph neural network f : {0, 11V RIVIXd s RVIXd e have the following inequality

Fax r [ IF(AX) — FI? + | X - FH

<Eax|f(A,X)-X|*+ (3.2)

Eax ||f/(A X)— fJ(A,XJC)H?] 1/2
]| :

20|V |E;

Intuitively, the first component in the upper bound derived in Theorem 3 measures the recon-
struction error on the feature matrix X of the given observed graph G, enforcing the intermediate
representations to be informative. The second component controls how much information is ac-
cessible from the input feature of a node v; when reconstructing the feature of v;, by encouraging
the output of a node to be invariant to the missing of its features in the input graph. We then call
the first component a reconstruction term and the second component an invariance regularization
term. Note that the invariance regularization is only computed on masked nodes in contrast to the
BGRL objective, based on different theoretical grounding and leading to a different effect. A more
detailed discussion is provided in Section 3.

In tasks of self-supervised representation learning, we are more interested in graph-level or
node-level representations than predicted latent graphs. In these cases, we expect the representa-
tions also hold the invariance property held by the final outputs. We, therefore, seek to apply the
invariance regularization to the representations, since a regularization applied to the output does not
necessarily control the information accessibility of representations produced intermediately in the
graph neural network. To do so, we separately consider the encoder £ and decoder D in the graph
neural network f. We introduce certain assumptions to the decoder network D and the readout
function R, and derive two additional upper bounds for node-level and graph-level representation

learning, respectively in the following corollaries.

Corollary 1. Let G = (A, X) be a given graph, Gr = (A, F) be its latent graph, £ and D
be a graph encoder and a prediction head (decoder) consisting of fully-connected layers. If the

prediction head D is (-Lipschitz continuous with respect to lo-norm, we further have the following
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inequality,

E[|D(H) - F|* +||X - F|*] <E|D(H) - X|

+20|V|(E,

1/2 33
E|H, - H)| (33)
7] ’

where H = £(A, X) and H' = £(A, X ;) denote the node embedding of the given graph and

the masked graph, respectively, and H; := H|J, ] selects rows with indices in J.

Corollary 2. Let G = (A, X)) be a given graph, Gt = (A, F) be its hidden latent graph, £ be a
graph encoder, R be a readout function satisfying k-Bilipschitz continuity with respect to ly-norm,
and D be a prediction head (decoder). If the prediction head D is (-Lipschitz continuous with

respect to la-norm, we have the following inequality,

E[|D(H) - F|I'+ |X - F|’] <E|D(H) - X|*
]1/2 (3.4)

E|z— 2|

+20|V|K(E, 7

where z = R(H) and 2z’ = R(H') denote the graph-level representations of the given graph and

the masked graph, respectively.

Proof. We first prove Corollary 1. Consider an /-Lipschitz continuous prediction head with respect

to l;-norm consists of fully connected layers. We have

1/5(A, X) = f,(A, Xe)

o = |D(H,;) = D(H))|, < (|| H; — Hj|,. (3.5)
We therefore have the following inequality

Elfr(A X)— fr(A X <E {62 | H; — Hj,Hi} . (3.6)

31



We apply the above inequality to Theorem 1 and obtain the following inequality

E[|If(A, X) ~ F|* + | X - F|]

1 1/2
< E|f(A, X) - X +2a\vwEJ(—E 1£2(A, X) - fJ<A,XJc>H2) 37)

/1]

1 / 1/2
< E|f(4,X) - X +2a\vwEJ(mE [62 \H, - HJHED

1/2
_E||f(A, X) - X|* +20|V|(E, (E \H, — H | /!J\) |

which completes the proof of Corollay 1.

Similarly, for Corollay 2, we have

1f7(A, X) = f1(A, X )

o = ID(H,) — D(H})|, < L[| H, — Hjl,.

Given an /,-Bilipschitz continuous readout function R, the following inequalities hold,
I~ H, < [ROEL) = ROE) |, < 60 | H — B,

We therefore have

E[|f(A,X) - F|*+|X — F|’]
1/2
< B[ f(A, X) - X|P +20|V|(E, (EHHJ - H’Jni/m)
1/2
< B||f(A, X) - X|? +20|V|(,E, (EHR(HJ) _ R(HQ)I\E/\JO

1/2
_E||f(A, X) — X|[*+20|V|kE, (E Iz - 2| /m) |

which completes the proof of Corollay 2.

(3.8)

(3.9)

(3.10)

(3.11)

(3.12)

(3.13)

(3.14)

]

We note that the assumptions and restrictions are natural or practically satisfiable. The assump-

tion that the variance of each element in X is bounded by ¢ holds when node features are from
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Figure 3.1: Overview of the LaGraph framework. Given a training graph, we randomly mask
a small portion V; € V of its nodes and input both the original graph and masked graph to the
encoder £. Crossed nodes in the figure have all their attributes masked but topology preserved.
The final loss consists of a reconstruction loss on node features and an invariance loss between
representations of the original graph and the masked graph. We omit the encoding part of the
graph-level framework as frameworks for the two levels mainly differ in whether the invariance
term is computed on representations of masked nodes or graph-level representations obtained by
R.

{0, 1}* or when feature normalization is applied. The ¢-Lipschitz continuous property is common
for neural networks. And the k-Bilipschitz continuity can be satisfied by applying an injective

readout function such as global sum pooling, which is commonly used in graph-level tasks.
3.2.4 The LaGraph Framework

We design our self-supervised learning framework according to upper bounds derived in Corol-
lary 1 and Corollary 2. To train encoder £ together with decoder D under self-supervision, we input
to the encoder both the given graph (A, X)) and its variation (A, X ;c) with a random subset J of
node indices for nodes to be masked and obtain node-level representations H = £(A, X ) and
H' = £(A, X ) for the two graphs respectively. The self-supervised losses are computed on in-
put node features, reconstructed node features, and representations, as demonstrated in Figure 3.1.

In particular, we consider a mini-batch of N graphs {(A;, X;)}¥, and their corresponding
masked variation {(A;, X(; ) };-, where J; denotes the node indices subset for the i-th graph.

The self-supervised loss for node-level representation learning follows Corollary 1 and is computed
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as

node(g D Z “D AZ:H X1”2 /|V1|

(3.15)
Zi ||]]‘Ji © Hi — ]]‘Ji © Hz/||2

2. |l ’

+«

where « is a hyper-parameter corresponding to the multiplier 20/ in Corollary 1. To fulfill the
conditions in Corollary 1, we employ fully-connected layers instead of graph convolutional layers
in the decoder D.

Similarly, using the same notations above, the self-supervised loss for graph-level representa-

tion learning follows Corollary 2 and is computed as

Lgrapn(€, D) Z ID(A;, Hy) = Xi* /IVil

" (3.16)

+a Zl\zi—ZQHQ/ZUH ;

where z; = R(H;) and z, = R(H]) denote the graph-level representations obtained by applying
readout function R to the node-level representations, respectively, and ' is a hyper-parameter
corresponding to the multiplier 20k¢ in Corollary 2. To fulfill the conditions in Corollary 2, we
employ global sum pooling as the readout function ‘R, where as the decoder D here can consists

of either fully-connected layers or graph convolutional layers.
3.3 Theoretical Analysis and Relations with Prior Work

In this section, we further theoretically justify and motivate LaGraph by providing compar-
isons and connections between our method and existing related methods, including denoising au-
toencoders [63, 85], information bottleneck principle [46], and contrastive methods based on local-
global mutual information maximization [40, 86, 12]. We also discuss the relation and difference

to BGRL [3] and Barlow-Twin [87].

34



3.3.1 Denoising Autoencoders

Denoising autoencoders employ an encoder-decoder network architecture and perform self-
supervised training by masking or corrupting a portion of dimensions of the given data and re-
constructing the masked or corrupted value given their context. Such an approach has been also
applied for self-supervised image denoising [2], known as blind-spot denoising. Similar to our
method, the denoising autoencoder can be also viewed as an approximation of the latent graph
prediction. Using the same notation in Section 3.2, we formulate the connection between latent

graph prediction and the graph denoising autoencoder in the following theorem.

Theorem 4. Let J be a uniformly sampled subset of node indices of the given graph (A, X), F
be the class of all graph neural networks, and F* be the class of graph neural networks such that
3(A, X) does not depend on X, for any J and f* € F*. Given any graph neural network
f € F, there exist f* € F* and f' € F such that

Eaxr[|f(A X) - F|>+|X - F|*] (3.17)

=FEax|f(A X) - X[+

Eaxr[2(f(A,X) - F, X — F)] (3.18)
~Eax ||/ (A4, X) - X| (3.19)
=|VIE,;Eax || f)(A, X ) — X, /|J]. (3.20)

Equation (7) is proved in the proof of Theorem 1. It can be verified that the second term, i.e.,
the expectation of the inner product, in Equation (7) reduces to zero when the neural network f
satisfies that f;( A, X) does not depend on X ;, for any .J, according to Batson and Royer [2]. The
objective can be therefore approximated by Equation (8) with the neural network f* satisfying such
a property. To let any graph neural network f satisfy the property, one can apply masks to a portion
of nodes indexed by J so that their original value is inaccessible by f when predicting f;(A, X).

Therefore, the latent graph prediction objective under supervision can be further approximated by
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Equation (9), which describes the objective of a graph denoising autoencoder.

A substantial difference between our method and the denoising autoencoder lies in how to han-
dle the inner product term in Equation (7). In particular, the denoising autoencoder forces the term
to be zero by assuming certain properties of the graph neural network, whereas our method derives
an upper bound, i.e., the invariance term, for the inner product. Theoretically, the graph denoising
autoencoder is equivalent to our framework with an infinite weight scalar for the invariance term.
As a drawback, when f;(A, X) does not depend on X ;, the learned representations can be less
informative as representations of nodes in V; do not include the information of X ;, for any J,
leading to performance loss. Our proposed upper bounds allow an encoder to access a certain level
of information of the masked nodes, whose representations can be as good as ones from supervised

learning. In fact, our method can be viewed as an autoencoder with an invariance regularization.
3.3.2 The Information Bottleneck Principle

The information bottleneck principle [46] is a technique for data compression and signal pro-
cessing in the field of information theory, and has been widely applied in deep learning prob-
lems [47, 88]. Let X be a random variable to be compressed, X be an observed relevant variable,
and Z denote the compressed representation of X . The information bottleneck principle seeks to

optimize the following problem
T = arg m%n I(T,Y)-pI(T; X), (3.21)

where I(-;-) denotes the mutual information and § > 1 is a Lagrange multiplier. The work Bar-
low Twin [87] has discussed a connection between the information bottleneck principle and self-
supervised learning. In particular, to apply information bottleneck to SSL, one usually obtain X
by performing augmentations or distortions on the given data X. And Equation (3.21) can be

rewritten into
T* = argmin [H(T)-H(T|Y)] (3.22)
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— B[H(T) — H(T|X)] (3.23)

= argm}n H(T|X)—- \H(T), (3.24)

where \ = 221

7~ > 0 is a weight scalar. Intuitively, the conditional entropy H(Z|X) is to be

minimized, indicating that the distortion should add no additional information to the representation
Z. In other words, the representation Z should be as invariant as possible to distortions applied to
X. In addition, the entropy H(Z) is to be maximized, indicating that the representation Z itself
should be as informative as possible.

The two terms in objectives of LaGraph correspond to the terms in Equation (3.24). In par-
ticular, the invariance term corresponding to H(Z|X) and the reconstruction term aims to ensure
informative representations, i.e., to maximize H(Z). Objectives in existing SSL methods such as
BYOL [22], its variation BGRL [3] in graph domain, and Barlow Twin [87] also include invariance
terms corresponding to H(Z|X). To encourage informative representations, Barlow Twin further
includes a redundancy reduction term to minimize the cross-correlation between different dimen-
sions of the representation, as a proxy of the maximization of H(Z). In addition, the InfoNCE
(NT-XENT) loss employed in some contrastive learning methods [75, 74] induces a similar effect,
according to Zbontar et al. [8§7]. Both Equation (3.24) and the derivation of LaGraph objectives
indicate the importance of the invariance term in SSL objectives. In addition, compared to the re-
dundancy reduction term in Barlow Twin and the noise contrast in InfoNCE, LaGraph objectives
can directly guarantee the learning of informative representations measured by the reconstruction

capability.
3.3.3 Contrastive Learning by Maximizing Local-Global Mutual Information

Motivated by Deep InfoMax [89], recent graph self-supervised learning methods [40, 86, 12]
constructs their learning tasks by maximizing the mutual information between local (node-level)
representations and a global (graph-level) summary of the graph. Practically, as a k-layer encoder

£ has the receptive field of at most k-hop neighborhood, the goal becomes the maximization of the
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mutual information between local representations and their k-hop neighborhood, formulated as

V]
r_ k), o
£ —argmgaXZI(Xi E(A, X)), (3.25)

i=1

where I denotes the mutual information, XZ-(k)

is the k-hop neighborhood of node i, £ is a graph
encoder with &£ GNN layers, and &;( A, X) denotes the local representation of node i. The learning
objective is motivated by the goal that the local representations should contain as much the global
information of the entire graph (or the £-hop neighborhood) as possible.

As for LaGraph, the reconstruction term encourages representations to contain sufficient in-
formation to reconstruct the input features while the invariance term limits the information acces-
sibility from a local node when reconstructing its features. The two terms in the objective jointly
promote node representations to learn limited local information and as much contextual informa-

tion from the neighborhood as possible for reconstruction. It hence has a similar effect to the

local-global mutual information maximization.
3.3.4 Other Invariance-Based Objectives

Recent self-supervised learning objectives such as BGRL, Barlow-Twin, and the consistency
regularization [90] have similar invariance terms as one in the LaGraph objective. Specifically,
BGRL minimizes the difference between representations of two augmented views. In spite of
the similarity, the invariance terms in LaGraph and other objectives have different grounding and
effects.

Regarding how the objectives are computed, the invariance term in the LaGraph objective for
node-level representation learning is computed only on masked nodes, in contrast to BGRL and
Barlow-Twins objectives where invariance of all nodes are computed. It is worth noting that the
proposed objective is an upper bound to the latent graph prediction only if the invariance is com-
puted on the masked nodes, according to the derivation in the proof of Theorem 1. Intuitively,
during the computation of a node representation, the invariance term in LaGraph enforces the en-

coder to capture less information from the node itself and more contextual information. Comput-
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ing the invariance regularization term on unmasked nodes could lead to a contradicted effect, i.e.,
discouraging encoders to capture information from contextual nodes, as it lets the representation
remain consistent when its masked neighbor nodes are changed. We believe the derivation and the
intuition of the proposed objective can provide insights on adopting the invariance regularization

into graph self-supervised learning studies.
3.4 Experiments

We conduct experiments on both node-level and graph-level self-supervised representation
learning tasks with datasets used in two most recent state-of-the-art methods for SSL [75, 3].
For graph-level tasks, we follow GraphCL [75] to perform evaluations on eight graph classi-
fication datasets [91, 92, 93, 94, 95] from TUDataset [96]. For node-level tasks, as the cita-
tion network datasets [97, 98, 99] are recognized to be saturated and unreliable for GNN eval-
uation [100, 3], we follow Thakoor et al. [3] to include four transductive node classification
datasets from Shchur et al. [100], including Amazon Computers, Amazon Photos from the Ama-
zon Co-purchase Graph [101], Coauthor CS, and Coauthor Physics from the Microsoft Academic
Graph [102]. We further include three larger-scale inductive datasets, PPI, Reddit, and Flickr, for
node-level classification used in SUBG-CON [4].

We follow You et al. [75] and Zhu et al. [74] for the standard linear evaluation protocols at
graph-level and node-level, respectively. In particular, for both levels, we first train the graph
encoder on unlabeled graph datasets with the corresponding self-supervised objective. We then
compute and freeze the corresponding representations and train a linear classification model on
top of the fixed representations with their corresponding labels. Linear SVM and the regular-
ized logistic regression are employed as linear classifiers for graph-level datasets and node-level
datasets, according to You et al. [75] and Zhu et al. [74], respectively. For inductive node-level
datasets, the self-supervised training is only performed on graphs in the training datasets whereas

the test graphs are unavailable during the self-supervised training.
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Table 3.1: Performance on graph-level classification tasks, scores are averaged over 5 runs. Bold
and underlined numbers highlight the top-2 performance. OOM indicates running out-of-memory
on a 56GB Nvidia A6000 GPU.

NCI1 PROTEINS DD MUTAG COLLAB RDT-B RDT-M5K IMDB-B

GL - - - 81.7+2.1 - 773202  41.0+0.2  65.9+1.0
WL 80.0+0.5 72.940.6 - 80.7+3.0 - 68.8+0.4  46.1x0.2  72.3+3.4
DGK 80.3+£0.5 73.3+0.8 - 87.4£2.7 - 78.0+04 41.3+02  67.0+0.6

Node2Vec  54.9+1.6  57.543.6  75.120.5 72.6+10.2 55.7+0.2 73.8+0.5 34.1+0.4  50.0+0.8
Sub2Vec  52.8+1.5 53.0£5.6  73.6x1.5 61.1x15.8 62.1+1.4 71.5#04  36.7+04  55.3%1.5
Graph2Vec  73.2+1.8 73.3+2.1 76.2+0.1 832493  59.9+0.0 75.8+1.0 47.9+0.3 71.1+0.5
GAE 73.320.6  74.1+0.5 77.9¢0.5 84.0£0.6  56.3+0.1 74.8+0.2 37.6£1.6  52.1+0.2
VGAE 73.7+0.3 74.0£0.5 77.6£04  84.4+0.6  56.3+x0.0 74.8+0.2 39.1#1.6  52.1+0.2
InfoGraph  76.2+1.1 74.4+0.3 72.9£1.8 89.0+1.1  70.7¢1.1 82.5+1.4 53.5+1.0 73.0+0.9
GraphCL  77.9+404  74.4+0.5 78.6+0.4 86.8+1.3  71.4+1.2 89.5+0.8 56.0+#0.3 71.1x0.4
MVGRL  75.1x0.5 71.5£0.3 OOM 89.7+1.1 OoOM 84.5+0.6 OOM 74.2+0.7
LaGraph  79.9+0.5  75.2404  78.1+04 90.2x1.1  77.6£0.2 90.4+0.8 56.4+0.4  73.7+0.9

3.4.1 Comparisons with Baselines

We perform experiments on both graph-level and node-level datasets to demonstrate the effec-
tiveness of LaGraph. We construct our model and losses according to Section 3.2.4.

Graph-level Datasets. We evaluate the performance of LaGraph in terms of the linear clas-
sification accuracy and compare it with three kernel-based methods including graphlet kernel
(GL) [103], Weisfeiler-Lehman kernel (WL) [104], and deep graph kernel (DGK) [95], together
with five unsupervised methods including Node2Vec [71], Sub2Vec [105], Graph2Vec [17], GAE
and VGAE [41]. We further compare the results with recent SOTA SSL methods based on con-
trastive learning, including InfoGraph [86] , MVGRL [12], and GraphCL [75]. Results in Table 3.1
show that LaGraph outperforms the current SOTA methods on a majority of datasets and is on par
with the best performance on the rest of datasets.

Node-level Datasets. We perform node-level experiments on both transductive and inductive
learning tasks. Transductive self-supervised learning of node representation allows utilization of
all data at hand to pre-train GNNs for downstream tasks. Although labels of nodes are not visible
during pre-training, patterns and information present in all nodes are observed. In contrast to

transductive learning, inductive self-supervised learning only allows using a portion of data to
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pre-train GNNs, while holding out a certain amount of data for downstream tasks. Our inductive
tasks include two cases. First, the PPI dataset consists of 24 graphs, and the training and testing
nodes are split by graphs. In this case, the inductive task is considered across multiple graphs. In
other words, node representations are learned from training graphs, and the encoder is evaluated on
testing graphs. Second, Flickr and Reddit each consist of only one graph, the training and testing
nodes are from the same graph. During self-supervised training, all test nodes are masked-out.
During evaluation, all training nodes are masked-out, i.e., test nodes are unseen nodes of the graph
during train. For both cases of inductive learning, data used during the self-supervised training
stage and data used during evaluation stage are distinct, but the feature dimensionality should be
the same for data used in both stages.

For the evaluation of transductive learning, we compare the performance of LaGraph in terms
of linear classification accuracy with DeepWalk [106], GAE, VGAE, and six contrastive learning
methods including Deep Graph InfoMax (DGI) [40], GMI [107], MVGRL [12], GRACE [74],
GCA [45], and BGRL [3], where BGRL is the current state-of-the-art SSL method for node-level
representation learning. We further include the results of directly performing linear classification
on raw node features (raw features) and by supervised training for references. To be consistent with
Thakoor et al. [3], we have ensured that the GPU memory consumption of LaGraph is under 16GB
for the four transductive datasets. We then perform additional experiments on the larger-scale
inductive datasets [108, 109, 81] and compare our results in terms of micro-averaged F1-score with
DeepWalk, unsupervised GraphSAGE [81], DGI, GMI, SUBG-CON [4] and BGRL. Results for
both transductive datasets and inductive datasets shown in Table 3.2. As there is no official BGRL
implementation available at the time our experiments are conducted, results with * are obtained
from an unofficial public implementation’. Results suggest competitive performance of LaGraph
compared to the existing SOTA methods. Moreover, LaGraph consumes even less memory than
BGRL, which requires twice the memory for its GNN encoders for the EMA parameter update.

Experiment Environment Details. We train graph-level datasets on a 11GB GeForce RTX

Thttps://github.com/namkyeong/bgrl_pytorch.
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Table 3.2: Performance on node-level datasets, 20 runs averaged. Results of SSL methods with
the best performance are highlighted in bold numbers. Left: Mean classification accuracy on
transductive datasets, with baseline results from Thakoor et al. [3]. Right: Micro-averaged F1
scores on larger-scale inductive datasets, with baseline results from Thakoor et al. [3] and Jiao
et al. [4].

Transductive Am.Comp. Am.Pht. Co.CS Co.Phy Inductive PPI Flickr Reddit
Raw features  73.8+£0.0 78.5£0.0 90.4+£0.0 93.6+0.0 Raw feat. 42.5+0.3 20.3+0.2 58.5+0.1
DeepWalk 85.7+0.1 89.4+0.1 84.6£0.2 91.8+0.2 GAE 75.7£0.0 50.7£0.2 OOM

GAE 87.7£0.3  92.7£0.3 92.4+0.2 95.3+0.1 VGAE 75.840.0 50.4+0.2 OOM

VGAE 88.1+0.3  92.840.3 92.5+0.2 95.3x0.1 Super-GCN  51.5+0.6 48.7+0.3 93.3+0.1
Supervised 86.5£0.5 92.4+0.2 93.0+0.3 95.7+0.2 Super-GAT 97.3+0.2 OOM OOM

DGI 84.0+£0.5 91.6£0.2 92.2+0.6 94.5+0.5 GraphSAGE 46.5+0.7 36.5£1.0 90.8+1.1
GMI 82.2+0.3 90.7#0.2 OOM OOM DGI 63.8£0.2 42.9+0.1 94.0+0.1
MVGRL 87.5¢0.1 91.7+0.1 92.1+0.1 95.3+0.0 GMI 65.0£0.0 44.5+0.2 95.0+0.0
GRACE 87.5¢0.2 92.2+0.2 92.9+0.0 95.3+0.0 SUBG-CON 66.9+0.2 48.8+0.1 95.2+0.0
GCA 88.9+0.2 92.5#0.2 93.1x0.0 95.7+0.0 BGRL-GCN 69.6+0.2 50.0£0.3* OOM*
BGRL 89.740.3 92.9+0.3 93.2+0.2 95.6+0.1 BGRL-GAT 70.5+0.1 44.2+0.1* OOM*
LaGraph 88.0+0.3  93.5+0.4 93.3+0.2 95.8+0.1 LaGraph  74.6+0.0 51.3+0.1 95.2+0.0

2080 Ti GPU, and node-level datasets on a S6GB Nvidia RTX A6000 GPU. Our experiments are
implemented with PyTorch 1.7.0 and PyTorch Geometric 1.7.0. All neural networks employ batch
normalization [110], and are optimized with Adam optimizer [111]. We initialize GNNs with

Xavier initialization [112].
3.4.2 Ablation Study

We further conduct three ablation studies to explore model robustness to smaller batch sizes on
graph-level data and to the training with sub-graphs on large-scale node-level datasets.

Robustness to Batch Sizes. Different from contrastive learning methods, LaGraph does not
require negative samples to perform noise contrast or pair-wise discrimination. Therefore, an
advantage of LaGraph is that the performance is robust to the batch size as it does not depend on
large batch sizes with sufficient negative samples. To verify the statement, we perform an ablation
study on how model performance changes when decreasing the batch size from 128 to 8 for graph-
level datasets. We include corresponding results of GraphCL which uses InfoNCE for references
and show the comparisons in Figure 3.2. The results indicate while contrastive methods based

on InfoNCE suffer from significant performance loss with a small batch size, LaGraph are more
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Table 3.3: Model performance when trained on a subset of nodes.

# nodes sampled 100 1,000 2,500 5,000 10,000 all

% nodes sampled 0.22% 2.24% 5.60% 11.20% 22.41% 100.00%

Fl-score - LaGraph 6.07 51.12 51.12 51.27 51.29 51.26
Flickr  Memory - LaGraph  1389MB 1465MB 1553MB 1725MB 2065MB  4211MB

Fl-score - GraphCL ~ 45.27 45.27 45.27 45.38 45.45 45.48

Memory - GraphCL  1647MB  2599MB 4137MB 6741MB 11905MB 47939MB
% nodes sampled 0.07% 0.65% 1.63% 3.25% 6.50% 100.00%

F1-score - LaGraph 5.76 95.05 95.06 95.08 95.09 95.22
Reddit Memory - LaGraph  1403MB 1475MB  1585MB 1783MB  2161MB  16933MB
Fl-score - GraphCL ~ 93.24 93.24 93.25 93.31 93.32 OoOM

Memory - GraphCL 4199MB 6117MB 6687MB 9297MB 14495MB OOM
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Figure 3.2: Model robustness to small batch sizes on RDT-B and COLLAB. Shown are relative
changes in accuracy over different batch sizes compared to the batch size of 256.

robust to the batch size.

Training on Sub-graphs for Large-scale Datasets. Training graph encoders on all nodes for
some large-scale graphs can be heavily expensive in computation. We hence conduct an ablation
study on how training graph encoders on a portion of sampled nodes instead of the entire graph
affects the effectiveness of training. Results in Table 3.3 suggest that the model performance
remains stable when decreasing the number of nodes until the number becomes extremely small.
The collapse is due to the very sparse connectivity and LaGraph fails to reconstruct a node from its
neighbor nodes as there are no neighbors at all. In contrast, though GraphCL does not collapse at

extremely small subsets, it suffers more from performance loss above 1,000 nodes and consumes
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significantly more GPU memory.
3.5 Conclusions and Future Directions

We introduced LaGraph, a state-of-the-art predictive SSL framework whose objectives are
based on self-supervised latent graph prediction. We provided theoretical analysis and discussed
the relationship between LaGraph and theories in different related domains. Experimental re-
sults demonstrate the strong effectiveness of the proposed framework and the stability to the train-
ing scale for both graph-level and node-level tasks. Currently, our framework mainly considers
the latent graph regarding its node features. Further investigation into a latent graph prediction
framework that includes richer information such as edge features and latent connectivity into self-

supervision can potentially bring additional improvement to the performance.
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4. TASK-AGNOSTIC GRAPH EXPLANATIONS *

4.1 Introduction

Graph neural networks (GNNs) [25, 113, 26] have achieved remarkable success in learning
from real-world graph-structured data due to their unique ability to capture both feature-wise
and topological information. Extending their success, GNNs are widely applied in various re-
search fields and industrial applications including quantum chemistry [114, 115], drug discov-
ery [116, 117, 23], large-scale social networks [118, 119], and recommender systems [120, 121].
While multiple approaches have been proposed and studied to improve GNN performance, GNN
explainability is an emerging area and has a smaller body of research behind it. Recently, ex-
plainability has gained more attention due to an increasing desire for GNNs with more security,
fairness, and reliability. Being able to provide a good explanation to a GNN prediction increases
model reliability and reduces the risk of incorrect predictions, which is crucial in fields such as
molecular biology, chemistry, fraud detection, etc.

Existing methods adapting the explanation methods for convolutional neural networks (CNNs)
or specifically designed for GNNs have shown promising explanations on multiple types of graph
data. A recent survey [122] categorizes existing explanation methods into gradient-based, pertur-
bation, decomposition, and surrogate methods. In particular, perturbation methods involve learning
or optimization [123, 124, 125, 126, 127] and, while bearing higher computational costs, generally
achieve state-of-the-art performance in terms of explanation quality. These methods train post-
hoc explanation models on top of the prediction model to be explained. Earlier approaches like
GNNEXxplainer [126] require training or optimizing an individual explainer for each data instance,
1.e., a graph or a node to be explained. In contrast, PGExplainer [125] performs inductive learn-
ing, i.e., it only requires a one-time training, and the explainer can be generalized to explain all

data instances without individual optimization. Compared to other optimization-based explanation

“Reprinted with permission from “Task-agnostic graph explanations.” Yaochen Xie, Sumeet Katariya, Xianfeng
Tang, Edward W. Huang, Nikhil Rao, Karthik Subbian, and Shuiwang Ji, 2022. International Conference on Machine
Learning, Copyright 2022 by the authors.
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Figure 4.1: A comparison between typical end-to-end task-specific GNN explainers and the
proposed task-agnostic explanation pipeline. To explain a multitask model, typical explanation
pipelines need to optimize multiple explainers, whereas the two-stage explanation pipeline only
learns one embedding explainer that can cooperate with multiple lightweight downstream explain-
ers.

methods, PGExplainer significantly improves efficiency in terms of time cost without performance
loss by learning. Following a similar inductive learning paradigm, more recent work ReFine [128]
and GSAT [129] aim to provide multi-grained explanations and jointly learned explanations with
GNNss, respectively.

However, even state-of-the-art explanation methods like PGExplainer are still task-specific at
training and hence suffer from two crucial drawbacks. First, current methods are inefficient in
explaining multitask prediction for graph-structured data. For example, one may need to predict
multiple chemical properties in drug discovery for a molecular graph. In particular, ToxCast from
MoleculeNet has 167 prediction tasks. In these cases, it is common to apply a single GNN model
with multiple output dimensions to make predictions for all tasks. However, one is unable to em-
ploy a single explainer to explain the above model, since current explainers are trained specifically
to explain one prediction task. As a result, in the case of ToxCast, one must train 167 explain-
ers to explain the GNN model. Second, in industry settings, it is common to train GNN models
in a two-stage fashion due to scaling, latency, and label sparsity issues. The first stage trains a
GNN-based embedding model with a massive amount of unlabeled data in an unsupervised man-
ner to learn embeddings for nodes or graphs. The second stage trains lightweight models such as

multilayer perceptrons (MLPs) using the frozen embeddings as input to predict the downstream
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tasks. In the first stage, the downstream tasks are usually unknown or undefined, and existing task-
specific explainers cannot be applied. Also, there can be tens to hundreds of downstream tasks
trained on these GNN embeddings, and training a separate explainer for each task is undesirable
and downright impossible.

To address the above limitations, we present a new task-agnostic explanation pipeline, where
the learned explainer is independent from downstream tasks and can take downstream models as
input conditions, as shown in Figure 4.1. Specifically, we decompose a prediction model into a
GNN embedding model and a downstream model, designing separate explainers for each com-
ponent. We design the downstream explainers to cooperate with the embedding explainer. The
embedding explainer is trained using a self-supervised training framework, which we dub Task-
Agnostic GNN Explainer (TAGE), with no knowledge of downstream tasks, models, or labels.
In contrast to existing explainers, the learning objective for TAGE is computed at the graph or
node embeddings without involving task-related predictions. In addition to eliminating the need
for downstream tasks in TAGE, we argue that the self-supervision performed on the embeddings
can bring an additional performance boost in terms of the explanation quality compared to existing
task-specific baselines such as GNNExplainer and PGExplainer.

We summarize our contributions as follows: 1) We introduce the task-agnostic explanation
problem and propose a two-stage explanation pipeline involving an embedding explainer and a
downstream explainer. This enables the explanation of multiple downstream tasks with a single
embedding explainer. 2) We propose a self-supervised training framework TAGE, which is based
on conditioned contrastive learning to train the embedding explainer. The training of TAGE re-
quires no knowledge of downstream tasks. 3) We perform experiments on real-world datasets and
observe that TAGE outperforms existing learning-based explanation baselines in terms of explana-
tion quality, universal explanation ability, and the time required for training and inference.

Relations with Prior Work Our work studies a novel explanation problem under the two-stage
and multi-task settings. The settings are important in both industrial and academic scenarios but

have not been studied by prior work. Whereas existing studies focus on designing optimization
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Table 4.1: Comparisons on properties of common GNN explainers. Inductivity and task-
agnosticism are inapplicable for gradient/rule-based methods as they do not require learning. In
the last column, we show the number of required explainers for a dataset with N samples and M
tasks.

Learning Inductive Task-agnostic # explainers required

Gradient- & Rule-based No - - 1
GNNExplainer [126] Yes No No M x N
SubgraphX [127] Yes No No Mx N
PGExplainer [125] Yes Yes No M
Task-agnostic explainers Yes Yes Yes 1

approaches [126, 127] and explainer architectures [125] under the typical task-specific setting, our
work focuses on an orthogonal problem to enable task-agnostic explanations with the proposed

framework including the universal embedding explainer and conditioned learning objectives.
4.2 Task-Agnostic Explanations
4.2.1 Notations and Learning-Based GNN explanation

Our study considers the attributed graph G' with node set V' and edge set £/. We formulate the
attributed graph as a tuple of matrices (A, X), where A € {0,1}/VI*IV| denotes the adjacency
matrix and X € RIVI*% denotes the feature matrix with feature dimension of d ¢. We assume
that the prediction model F' that is to be explained operates on graph-structured data through two
components: a GNN-based embedding model and lighter downstream models. Denoting the input
space by G, a node-level embedding model &, : G — R!V/*? takes a graph as input and computes
embeddings of dimension d for all nodes in the graph, whereas a graph-level embedding model
&, : G — R4 computes an embedding for the input graph. Subsequently, the downstream model
D : R? — R computes predictions for the downstream task based on the embeddings.

Typical GNN explainers consider a task-specific GNN-based model as a complete unit, i.e.,
F := Do . Given a graph G and the GNN-based model F' to be explained , our goal is to
identify the subgraph G, that contributes the most to the final prediction made by F'. In other
words, we claim that a given prediction is made because F' captures crucial information provided

by some subgraph Gg,;,. The learning-based (or optimization-based) GNN explanation employs
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a parametric explainer 7y associated with the GNN model F' to compute the subgraph G, of
the given graph data. Concretely, the explainer 7, computes the importance score for each node
or edge, denoted as w; or w;;, or masks for node attributes denoted as m. It then selects the
subgraph G, induced by important nodes and edges, i.e., whose scores exceed a threshold ¢, and
by masking the unimportant attributes. In our study, we follow [125], focusing on the importance
of edges to provide explanations to GNNs. Formally, we have G, := (V, Esu) = To(G), where
Egp = {(vi,v;) = (vi,v5) € E,w;; > t}.

4.2.2 Task-Agnostic Explanations

As introduced in Section 4.1, all existing learning-based or optimization-based explanation ap-
proaches are task-specific and hence suffer from infeasibility or inefficiency in many real-application
scenarios. In particular, they are of limited use when downstream tasks are unknown or undefined,
and fail to employ a single explainer to explain a multitask prediction model.

To enable the explanation of GNNSs in two-stage training and multitask scenarios, we introduce
a new explanation paradigm called the task-agnostic explanation. The task-agnostic explanation
considers a whole prediction model as an embedding model followed by any number of down-
stream models. It focuses on explaining the embedding model regardless of the number or the
existence of downstream models. In particular, the task-agnostic explanation trains only one ex-
plainer 7;(“19 ) to explain the embedding model £, which should satisfy the following features. First,
given an input graph G, the explainer 7;(“19 ) should be able to provide different explanations ac-
cording to specific downstream tasks being studied. Table 1 compares the properties of common
GNN explanation methods and the desired task-agnostic explainers in multitask scenarios. Sec-

ond, the explainer 7;(“19 )

can be trained when only the embedding model is available, e.g., at the
first stage of a two-stage training paradigm, regardless of the presence of downstream tasks. When
downstream tasks and models are unknown, 7;““9 ) can still identify which components of the input

graph are important for certain embedding dimensions of interest.
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4.3 The TAGE Framework

Our explanation framework TAGE follows the typical scheme of GNN explanation introduced
in the previous section. It provides explanations by identifying important edges in a given graph
and removing the edges that lead to significant changes in the final prediction. Specifically, the
goal of the TAGE is to predict the importance score for each edge in a given graph. Different
from existing methods, the proposed TAGE breaks down typical end-to-end GNN explainers into
two components. We now provide general descriptions and detailed formulations to the proposed

framework.
4.3.1 Task-Agnostic Explanation Pipeline

Following the principle of the desired task-agnostic explanations, we introduce the task-agnostic
explanation pipeline, where a typical explanation procedure is performed in two steps. In partic-
ular, we decompose the typical end-to-end learning-based GNN explainer into two parts: the em-
bedding explainer 7¢ and the downstream explainer 7., corresponding to the two components
in the two-stage training and prediction procedure. We compare the typical explanation pipeline
and the two-stage explanation pipeline in Figure 4.1. The embedding explainer and downstream
explainers can be trained or constructed independently from each other. In addition, the embed-
ding explainer can cooperate with any downstream explainers to perform end-to-end explanations
on input graphs.

The downstream explainer aims to explain task-specific downstream models. As downstream
models are usually lightweight MLPs, we simply adopt gradient-based explainers for downstream
explainers without training. The downstream explainer takes a downstream model and the graph
or node embedding vector as inputs and computes the importance score of each dimension on the
embedding vector. The importance scores then serve as a condition vector input to the embedding
explainer. Given the condition vector, the embedding explainer explains the GNN-based embed-
ding model by identifying an important subgraph from the input graph data. In other words, given

different condition vectors associated with different downstream tasks or models, the embedding
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explainer can provide corresponding explanations for the same embedding model. Formally, we
denote the downstream explainer for models from Z by Tioun : 2 x R? — R?, which maps input
models and embeddings into importance scores 1 for all embedding dimensions. We denote the
embedding explainer associated with the embedding model € by T¢ : R? x G — G, which maps
a given graph into a subgraph of higher importance, conditioned on the embedding dimension
importance m € R,

The training procedures of the embedding explainer are independent of downstream tasks or
downstream explainers. In particular, the downstream explainer is obtained from the downstream
model only, and the training of the embedding explainer only requires the embedding model and
the input graphs. As downstream models are usually constructed as stacked fully connected (FC)
layers and the explanation of FC layers has been well studied, our study mainly focuses on the

non-trivial training procedure and design of the embedding explainer.
4.3.2 Training Embedding Explainer under Self-Supervision

A straightforward idea of explaining an embedding model with no knowledge of downstream
tasks is to employ existing explainers and perform explanation on the pretext task, such as graph
reconstruction [41] or context prediction [76], used during the pre-training of GNNs. However,
such explanations cannot be generalized to future downstream tasks as there are limited dependen-
cies between the pretext task and downstream tasks. Therefore, training an embedding explainer
without downstream models or labels is challenging, and it is desirable to develop a generalizable
training approach for the embedding explainer. To this end, we propose a self-supervised learning
framework for the embedding explainer.

The learning objective of the proposed framework seeks to maximize restricted mutual infor-
mation (MI) between two embeddings, i.e., one of the given graph and one of the corresponding
subgraph of high importance induced by the explainer, in a conditioned subspace. We introduce a
masking vector p € R? as the condition to indicate specific dimensions of embeddings on which
to maximize the MI. During the explanation, we obtain the masking vector from the importance

vector computed by any downstream explainer 7go,,. As no downstream importance vector is
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Figure 4.2: Overviews of the self-supervised training framework for the embedding model (right)
and the architecture of the parametric explainers (left). During training, we generate random con-
dition vectors p as an input to the embedding explainer and mask the embeddings. The learning
objective seeks to maximize the mutual information between two embeddings on certain dimen-
sions.

available at training, we sample the masking vector p from a multivariate Laplace distribution due
to the sparse gradient, i.e., only a few dimensions are of high importance, assuming embeddings
from well-trained models are informative with low dimension redundancy. Empirically, the Lapla-
cian assumption holds on all datasets we work with as we observe that gradients follow a Laplace

distribution. Formally, the learning objective based on the restricted MI is
max E,[MI(p @ £(G),p © E(Ts(p, 7)), 4.1

where MI(-, -) computes the mutual information between two random vectors, p denotes the ran-
dom masking vector sampled from a certain distribution, 7y(p, G) computes the subgraph of high
importance, and ® denotes the element-wise multiplication, which applies masking to the embed-
dings £(-). Figure 4.2 outlines the training framework and objective. Intuitively, given an input
graph and the desired embedding dimensions to be explained, the explainer 7, predicts the sub-
graph whose embedding shares the maximum mutual information with the original embedding on
the desired dimensions.

Practically, the mutual information is intractable and is hence hard to directly compute. A
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common approach to achieving efficient computation and optimization is to adopt the upper bound
estimations of mutual information [79], namely, the Jenson-Shannon Estimator (JSE) [130] and
the InfoNCE [131]. These upper bound estimations are also referred to as contrastive loss and are
widely applied in self-supervised representation learning [89, 86, 40] for both images and graphs.

Adopting these estimators, the objectives are efficiently computed as

1 — 1
m@in ¥ Z log [o((p®z:) (p® zip))] + NN Z log[1—0((p®2z)" (P®z))],
i=1 i
4.2)
N T .
min —— 3 |lo PP ® 2,) (P S 2i0)) (4.3)

P Ej;éi exp{(p ® z))" (P ® z;0)}

for JSE and InfoNCE, respectively, where N denotes the number of samples in a mini-batch, o

denotes Sigmoid function, z; and z; are embeddings of the original graph G; and its subgraph

To(G,), or target nodes of the two graphs. Our objective involves condition vectors as masks on

the embeddings, which differs from typical contrastive loss used in self-supervised representation
learning. We hence call the proposed objective the conditioned contrastive loss.

To restrict the size of subgraphs given by the explainer, we follow previous studies [125] to add

a size regularization term R, computed as the averaged importance score, to the above objectives.

In the case where edge importance scores w;; € [0, 1] are computed, the regularization term is

computed as

R(G) = Z )\S|wij| — >\e [wij lOg wij — (1 — wij) lOg(l — UJ”)] s (44)

(Ui,Uj)EE

where A\, and ). are hyper-parameters controlling the size and the entropy of edge importance

scores, respectively.
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4.3.3 Explainer Architectures

Embedding explainers. To be consistent with PGExplainer, we adopt the multilayer percep-
tron (MLP) as the base architecture to predict the importance score w;; for each edge (u;, u;) € E,
on top of learned embeddings z; and z; of the two nodes connected by the edge. Edges with scores
higher than a threshold are considered important edges that remain in the selected subgraph. In
order for the embedding explainer to cooperate with different downstream explainers and provide
diverse explanations for different tasks, it additionally requires a condition vector as input indicat-
ing the specific downstream task to be explained. Formally, the graph-level embedding explainer
takes the embeddings, z; and z;, and the condition vector p as inputs and computes the importance
score by

wi; = MLP,([2;; 2;] ® o (fy())), 4.5)

where [; -] denotes the concatenation along the feature dimension, ® denotes the element-wise
multiplication, o denotes the activation function, and f, : RY — R? is a linear projection. The
node-level embedding explainer takes an additional node embedding as its input, as the explainers
are expected to predict different scores for the same edge when explaining different target nodes.

The formulation of computing the importance score is as follows,

wij = MLP, ([2i; 2j; Ztarger] © 0 (fu (D)), (4.6)

where f, : RY — R3? is a linear projection, and z;,,¢.; denotes the embedding of the target node
whose prediction is to be explained.

Downstream explainers. We use the following gradient-based explainer to compute condition
vectors for different downstream models. Formally, given an input embedding 2z and its predic-
tion probabilities D(z) € [0, 1]¢ among all C classes, we compute the gradient of the maximal

probability w.r.t. the input embedding:

Jmax.<c D(z)[]
0z

g= c Rlxd
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Figure 4.3: Quantitative performance comparisons on six tasks from MoleculeNet (top row) and
PPI (bottom row). The curves are obtained by varying the threshold for selecting important edges.

where D(z)[c] denotes the probability for class c. To convert the gradient into the condition vector,
we further perform normalization and only take positive values reflecting only positive influence

to the predicted class probability, i.e., p = ReLU(norm(g7)).
4.4 Experimental Studies

We conduct two groups of quantitative studies evaluating the explanation quality and the uni-
versal explanation ability, i.e., training a single explainer to explain all downstream tasks, of TAGE.
We then compare the efficiency of multiple learning-based GNN explainers in terms of training and
explanation time costs. We further provide visualizations to demonstrate the explanation quality

as well as the ability to explain GNN models without downstream tasks.

4.4.1 Datasets

To demonstrate the effectiveness of the proposed TAGE on both node-level and graph-level
tasks, we evaluate TAGE on three groups of real-world datasets that contain potentially multiple

tasks.

MoleculeNet. The MoleculeNet [23] library provides a collection of molecular graph datasets
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for the prediction of different molecule properties. In a molecular graph, each atom in the molecule
is considered a node, and each bond is considered an edge. The prediction of molecule properties
is a graph-level task. We include three graph classification tasks from MoleculeNet to evaluate the
explanation of graph-level tasks: HIV, SIDER, and BACE.

Protein-Protein Interaction. The Protein-Protein Interaction (PPI) [108] dataset documents
the physical interactions between proteins in 24 different human tissues. In PPI graphs, each
protein is considered as a node with its motif and immunological features, and there is an edge
between two proteins if they interact with each other. Each node in the graphs has 121 binary
labels associated with different protein functions. As different protein functions are not exclusive
to each other, the prediction of each protein function is considered an individual task instead of a
multi-class classification. And hence typical approaches require individual explainers for the 121
tasks. We utilize the first five out of 121 tasks to evaluate the explanation of node-level tasks.

E-commerce Product Network. The E-commerce Product Network (EPN)* is constructed
with subsampled, anonymized logs from an e-commerce store, where entities including buyers,
products, merchants, and reviews are considered as nodes, and interactions between entities are
considered as edges. We subsample the data for the sake of experimental evaluations and the
dataset characteristics do not mirror actual production traffic. We study the explanation of the
classification of fraudulent entities (nodes), where the predictions for different types of entities are
considered individual tasks. We evaluate our framework specifically on classifications of the buyer,

merchant, and review nodes.
4.4.2 Experiment Settings and Evaluation Metrics

For each real-world dataset, we evaluate explainers on multiple downstream tasks that share
a single embedding model. For consistency with industrial use cases, we perform the two-stage
training paradigm to obtain GNN models to be explained. In particular, we first use unlabeled
graphs to train the GNN-based embedding model in an unsupervised fashion. We then freeze the

embedding model and use the learned embeddings to train individual downstream models struc-

“Proprietary dataset
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tured as 2-layer MLPs. Specifically, for graph-level classification tasks in MoleculeNet, we employ
the GNN pretraining strategy context prediction [76] to train a 5-layer GIN [26] as the embedding
model on ZINC-2M [132] containing 2 million unlabeled molecules. For the node-level classi-
fication on PPI, we employ the self-supervised training method GRACE [74] to train a 2-layer
GCN [25] on all 21 graphs from PPI without using labels. For the larger-scale node-level classifi-
cation on EPN, we use graph autoencoder (GAE) [41] to train the embedding model on sampled
subgraphs of EPN.

As the involved real-world datasets do not have ground truth for explanations, we follow previ-
ous studies [133, 122, 127] to adopt a fidelity score and a sparsity score to quantitatively evaluate
the explanations. Intuitively, the fidelity score measures the level of change in the probability of
the predicted class when removing important nodes or edges, whereas the sparsity score measures
the relative amount of important nodes or nodes associated with important edges. A formulation of
the scores is provided in Appendix B. Note that compared to explanation evaluation with ground
truths, the fidelity score is considered more faithful to the model, especially when the model makes
incorrect predictions, in which case the explanation ground truths become inconsistent with the ev-
idence of making the wrong predictions. In practice, one needs to trade-off between the fidelity

score and the sparsity score by selecting the proper threshold for the importance.

Table 4.2: Fidelity scores with controlled sparsity on graph-level molecule property prediction
tasks. Each column corresponds to an explainer model trained on (or without) a specific down-
stream task. Underlines highlight the best explanation quality in terms of fidelity, on the same
level of sparsity.

PGExplainer (trained on) TAGE
Eval on BACE HIV BBBP SIDER w/o downstream
BACE | 0.252+£0.340 0.007 £0.251  0.026 £0.022 -0.151 +£0.330 0.378 +0.293
HIV -0.001 £0.197  0.473 £0.404 0.013 £0.029 -0.060 £0.356 0.595 +0.321
BBBP | 0.001 £0.237 -0.056 £0.226  0.182 £0.169 -0.252 +0.440 0.193 +0.161
SIDER | 0.012+£0.219 -0.009 £0.212 0.003 £0.029  0.444 +0.391 0.521 +0.278
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Table 4.3: Fidelity scores with controlled sparsity on the node-level classification dataset PPI.
Each column corresponds to an explainer model trained on (or without) a specific downstream
task. Underlines highlight the best explanation quality in terms of fidelity, on the same level of

sparsity.

PGExplainer (trained on) TAGE
Eval on Task 0 Task 1 Task 2 Task 3 Task 4 w/o downstream
Task 0 | 0.184 £0.3443 -0.005 £0.268 0.033 £0.335 0.034 £0.310 0.018 £0.194 | 0.271 +0.385
Task 1 | 0.046 £0.447 0.197 £0.380 0.043 £0.314 0.008 £0.297 0.021 £0.183 | 0.300 +0.415
Task 2 | 0.028 £0.434 0.001 £0.283 0.345 £0.458 0.024 £0.320 0.097 £0.320 | 0.499 +0.480
Task 3 | 0.075£0.364 -0.015+0.219 0.036 £0.317 0.262 +0.418 0.040 +0.221 | 0.289 +0.427
Task 4 | 0.035+£0.413 -0.021 £0.238 0.223 £0.438 0.075 £0.374 0.242 +0.373 | 0.330 +0.442

Table 4.4: Fidelity scores with controlled sparsity on the E-commerce product dataset. Each col-
umn corresponds to one explainer model trained on different tasks or without downstream tasks.
Underlines highlight the best explanation quality in terms of fidelity, on the same level of sparsity.

PGExplainer (trained on) TAGE
Eval on Buyers Sellers Reviews w/o downstream
Buyers | 0.2009 +0.2233 0.1731 £0.3774 0.1740 £0.4463 | 0.2713 +0.1834
Sellers | 0.5465 £0.4773  0.3246 +0.4026 0.1128 £0.3019 | 0.6515 +0.3426
Reviews | 0.4178 £0.3683 0.1258 £0.3492  0.2310 +0.4178 | 0.5692 +0.4214

4.4.3 Quantitative Studies

We conduct two groups of quantitatively experimental comparisons. We first demonstrate the
explanation quality of individual tasks in terms of the fidelity score and the sparsity score. We do
this by comparing TAGE with multiple baseline methods including non-learning-based methods

GradCAM [133] and DeepLIFT [134], as well as learning-based methods GNNExplainer [126]

Table 4.5: Comparison of computational time cost among three learning-based GNN explainers on
the PPI dataset. The left two columns record time cost breakdown for 7' downstream tasks. The
fourth column estimates the total time cost for explaining all 121 tasks of PPI. The last row shows
the speedup times compared to GNNExplainer and PGExplainer, respectively.

Time cost Training (s) Inference (s) Total time (T=1) (s) Est. total for 121 tasks
GNNExplainer 20040.1*T - 20040.1 28 d
PGExplainer 7117.0%T 427.2%T 7604.2 10.7d
TAGE 1405.3 582.7*T 1988.0 0.83d
Speedup 14.3*T x / 5.1*T x -/0.73x% 10.1x /3.8% 33.7x /12.9%
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and PGExplainer [125]. We do not include other optimization or search-based methods such as
Monte-Carlo tree search [135] due to the significant time cost on real-world datasets. Note that
to show the effectiveness of universal explanations over different downstream tasks, we only train
one embedding explainer for all tasks in a dataset, on top of which a gradient-based downstream
explainer is applied to explain multiple downstream tasks. In contrast, for existing learning-based
methods, we need to train multiple explainers to explain downstream tasks individually. For all
methods, we vary the threshold for selecting important nodes or edges and compare how fidelity
scores change over sparsity scores on each task and dataset. The results are shown in Figure 4.3.
In particular, TAGE outperforms other learning-based explainers on BACE, SIDER, and PPI (tasks
0 and 1). For HIV and PPI (task 2), TAGE is more effective at higher sparsity levels, i.e., when
fewer nodes are considered important and masked.

To justify the necessity of task-agnostic explanation and demonstrate the universal explanation
ability of TAGE, we include PGExplainer as our baseline and compare the explanation quality
when adopting a single explainer to explain multiple downstream tasks. For PGExplainer, we
train multiple explainers on different downstream tasks and evaluate each explainer on different
downstream tasks. For TAGE, we train one explainer without downstream tasks and evaluate it
on different downstream tasks. Results shown in Table 4.2 (MoleculeNet), Table 4.3 (PPI), and
Table 4.4 (EPN) indicate that task-specific explainers fail to generalize to different downstream
tasks and hence are unable to provide universal explanations. On the other hand, the task-agnostic
explainer, although trained without downstream tasks, can provide explanations with even higher
quality for downstream tasks.

GNNE«xplainer and PGExplainer should generally outperform task-agnostic explainers, as they
are specific to data examples or tasks. This should especially be true when TAGE and PGExplainer
have the same level of parameters. However, we find that TAGE outperforms the learning-based
baselines. We believe that the underperformance of baselines is due to the non-injective charac-
teristic of the downstream MLPs, where different embeddings can produce similar downstream

prediction results. In other words, a similar downstream prediction are not necessarily produced
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Figure 4.4: Visualizations on explanations to the GNN model for the BACE task. The top 10%
important edges are highlighted with red shadow. The numbers below molecules are fidelity scores
when masking out the top 10% important edges. The right two columns are explanations for
two certain embedding dimensions without downstream tasks. Fidelity scores in the right two
columns explaining two embedding dimensions are still computed for the BACE task but are just
for reference.

by embeddings that share high mutual information. Due to this characteristic, the learning ob-
jective of TAGE computed between embeddings brings stronger supervision than the objective
computed between final predictions, as the latter objective does not guarantee consistency between
embeddings or between input graphs and subgraphs.

Multitask Explanation Efficiency A major advantage of the task-agnostic explanation is that
it removes the need for training individual explainers, which consumes the majority of the total
time cost to explain a model on a dataset. We hence evaluate the efficiency of TAGE in terms of
time cost for explanation and compare it to the two learning-based explainer baselines. We record
the time cost for the training and inference of different explanation methods on the same dataset
and device, shown in Table 4.5. All results are obtained from running the explanation on the PPI

dataset with 121 node classification tasks with a single Nvidia Tesla V100 GPU. Although the
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inference time cost of TAGE is slightly higher than that of PGExplainer, the results show TAGE
costs significantly less time than GNNExplainer and PGExplainer, especially in the multitask cases
(T' > 1). TAGE allows the explanation of many downstream tasks within a reasonable time dura-

tion.
4.4.4 Visualization of Explanations

We visualize the explanations of the three learning-based explanation methods on the BACE
task, which aims to predict the inhibitor effect of molecules on human (-secretase 1 (BACE-
1) [23]. The visualization results are shown in Figure 4.4. Each molecule visualization shows the
top 10% important edges (bonds) predicted by an explainer marked in red, together with the fidelity
score on the molecule. The left three columns are explanation results with the BACE downstream
task. The right columns are explanations by TAGE to two specific graph embedding dimensions,
without downstream models. Embedding dimensions with greater values among all are selected in
the visualizations. To obtain explanations of certain embedding dimensions, we input the one-hot
vectors to the embedding explainer as condition vectors. The visualization results indicate that
while baseline methods select scattered edges as important, TAGE tends to select edges that form a
connected substructure, which is more reasonable when explaining molecule property predictions
where a certain functional group is important for the property.

While there are no ground-truth explanations for the molecular datasets, the validity of results
produced by TAGE can be evidenced by multiple domain research. Take BACE for example, [136]
study multiple BACE-1 inhibitors that are similar to one presented in our results (Figure 4.4 - line
3). Inhibitors in Table 1-3 and 8 of [1] share the common “2-imidazoline” structure as explained
by TAGE, whereas structures such as =O and -OCFj3 as explained by GNNE and PGE are not
necessarily in an inhibitor. Moreover, inhibitors studied by [137] share the common “-C(=0)-C-
N(H)-C(OH)-" chain structure as present in the explanation results by TAGE (Figure 4.4 - lines 1
and 2), whereas structures explained by other explainers are not necessarily for a molecule to be a
BACE-1 inhibitor. Nevertheless, it’s still fidelity scores that give the most reliable evaluation. In

addition, the right three columns indicate that dimensions in the embedding correspond to different
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substructures and TAGE is able to provide explanations to the dimensions without downstream

tasks.
4.5 Conclusions

Existing task-specific learning-based explainers become inapplicable under real scenarios when
downstream tasks or models are unavailable and suffer from inefficiency when explaining real-
world graph datasets with multiple downstream tasks. We introduced TAGE, including the task-
agnostic GNN explanation pipeline and the self-supervised training framework to train the embed-
ding explainer without knowing downstream tasks or models. Our experiments demonstrate that
the TAGE generally achieves higher explanation quality in terms of fidelity and sparsity with a

significantly reduced explanation time cost.
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5. GENETIC INFOMAX: EXPLORING MUTUAL INFORMATION MAXIMIZATION IN
HIGH-DIMENSIONAL IMAGING GENETICS STUDIES

5.1 Introduction

Genome-wide association studies (GWAS) have been an effective approach driving genetic
discovery in the past 15 years [138]. Given a phenotype of interest and a cohort of individuals
with both the measurements of the phenotype and the genotypes over markers across the genome,
linear or linear mixed model are built to test for the association of each marker to the phenotype
and thus pinpoint the relevant gene loci. However, the typical GWAS studies are focused on well-
established phenotypes, typically the risks of diseases, or well-established macro-level measure-
ments such as heights, BMI, or molecular-level measurements such as protein and metabolomic
biomarkers. When the phenotype of interest is a high-dimensional complex data modality such
as imaging data, there is a lack of sophisticated approaches for deriving phenotypes for GWAS.
Taking brain imaging as an example, existing approaches mostly used traditional non-learning soft-
ware to derive brain region-based volumetric or surface features. These approaches carry human
preconceptions and biases, and thus limited the expressiveness of these phenotypes and the power
of genetic discovery.

Recently deep learning approaches [139, 140, 141, 142] derive phenotypes from medical im-
ages by learning a latent representation that captures the inherent content of the input image.
However, approaches learning from imaging data alone fail to utilize the accompanying genetic
data. Those approaches tend to capture patterns that are not related to genes and common pat-
terns shared by multiple individuals. For example, [139] found that representations learned by an
image autoencoder are unable to fully reconstruct fine details that are individually specific. To
overcome these limitations, a solution is to incorporate trans-modal learning strategies that utilize
the pairwise relationship between imaging and genetic data, such as trans-modal contrastive learn-

ing [143, 144, 142]. Unfortunately, the use of genetic data, including the encoding of data and
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capturing image-genetic relationships, still poses significant challenges. Results by [142] suggest
that, despite the promising results for downstream classification of disease risk, multi-modal con-
trastive approaches still underperform compared to typical image-only approaches [140] on GWAS
tasks. This underperformance becomes even more pronounced for higher-dimensional 3D data.
In this chapter, we formulate the problem as learning the representation of imaging data that
shares the maximum mutual information with genetic data. By using mutual information as a per-
spective, we are able to examine the key reasons for the failure of typical trans-modal contrastive
learning for GWAS on high-dimensional imaging data. To push the limits of existing learning ap-
proaches, we propose Genetic InfoMax (GIM), a trans-modal learning framework that includes
a regularized mutual information estimator and a novel transformer-based genetic encoder. The
framework addresses the issues of dimensional collapse and non-generalizable associations in rep-
resentation learning for GWAS, and fully utilizes the genetic data with physical and genetic posi-
tion information. Our experiments demonstrate that GIM significantly improves performance on

all four evaluation metrics.
5.2 Problem Formulation

We study the problem of genome-wide association studies (GWAS) on high-dimensional data.
The GWAS aims to identify associations between specific genetic variants, known as single nu-
cleotide polymorphisms (SNPs), in the genome and certain traits of interest such as the risk of
disease and other biological characteristics of organisms. In particular, each individual genetic
data is denoted by G = {g1,-- - , g1}, and traits of interest denoted by y, the GWAS process in-
volves statistical tests on the sample pairs {(G;, ¥;) }i—1.... v from a large number of M individuals
to identify the specific subset G97Y C G of SNPs that are associated with the target traits y. Here
L is the number of SNPs, each g; € {0, 1, 2}, representing the number of carried variants for each
individual. The values of nearby SNPs are often correlated due to their common inheritance from
a shared ancestor. To account for this, it is necessary to select an independent subset of genetic
information G C GY7Y, which can be achieved by clustering and selecting the SNPs with the

lowest p-value from each cluster after the statistical test, which is important for accurate analysis
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and interpretation of the genetic data. Practically, when conducting GWAS on high-dimensional
data Y such as medical imaging, an additional step is required before performing statistical tests.
This step involves reducing the number of traits from the high-dimensional data Y to a smaller
number y through experts’ diagnosis or computational approaches.

Traits Computing as Representation Learning. To enable GWAS on high-dimensional data, we
are interested in computationally obtaining informative lower-dimensional traits, termed GWAS
representation learning, from the high-dimensional data. Specifically, for any high-dimensional
data Y to be studied, the problem is formulated as to learn lower-dimensional representations
of Y with a corresponding encoder fy in a self-supervised manner, such that a larger number
of independent SNPs |G'"d| can be identified from the pairs {(G}, fo(Yi))}i=1.. ;- The goal of
identifying more independent SNPs requires that more information related to genetic variants is
captured by the representation of Y. We focus on learning d-dimensional representations y =

fo(Y') € R? with the following optimization objective
0" = argmguXI(fg(Y), G). 5.1

where Z(-, -) denotes the mutual information (MI) between two random variables. As computing
the true value of mutual information is intractable, it becomes critical to develop an appropriate
mutual information estimation under the GWAS problem setting.

Notations of Data. We instantiate our problem specifically with the 3D human brain magnetic
resonance imaging (MRI) data and SNPs from the human genome. We denote the 3D brain MRI
by Y € RE>XWxDx1 \where H, W, D denote the three spatial dimensions, and 1 denotes the single
channel of the MRI. The human genetic data G consists of NV positions on the human genome with
frequent variants (SNPs). Each SNP g; is represented by a four-tuple (d;, ¢;, P, pE). In the four-
tuple, d; € {0, 1,2} denotes the genotype of the SNP, the number of copies of the mutant allele,

¢; € {1,---,22} denotes the index of chromosome the SNP belongs to, pP™ € N denotes the

physical position in terms of base pair (bp) of the SNP in the chromosome, and pf*" € R* denotes

65



the genetic position of the SNP in terms of centimorgan (cM). Note that the genetic data is not a
sequence but an array since two neighbor SNPs g; and g; ., are not necessarily to be consecutive
on the original genome and the physical (and genetic) distance between them |pP™ — pff‘{ is

meaningful. We further denote arrays consisting of all genotypes, chromosomes, and positions

sorted on chromosome id and physical position by d, ¢, p?™, and p&°", respectively.
5.3 What Makes Appropriate MI Estimators for GWAS?

With the goal of learning representations that capture as much information about the genetic
variations as possible, our objective is to maximize the MI between the representation and genetic
data with an appropriate MI estimator. One commonly used approach for estimating the mutual
information between multi-dimensional variables is the Jensen-Shannon Estimator (JSE) [130].
The JSE involves a discriminator to distinguish whether samples of the two variables belong to
the same individual or are independently sampled. Specifically, under our problem setting, the

JSE-based training loss is computed as

Lise(B;0,¢) = —% Z log (D¢(f9(Y)= G)>

| | (Y,G)eB

(5.2)
1 '
N EED 2. bg(l_%(fe(y)’(;))]’
(Y.G)eB L(Y',G")eB\{(Y,G)}

where B is a mini-batch of paired MRI and genetic data and D, : R? x G — (0, 1) is a learnable
discriminator to determine whether fy(Y ) and G are from the same individual. Together with the
Noise Contrastive Estimation (InfoNCE) [145], these learning processes are also known to be in
the contrastive manner across two modalities; namely, the MRI and genetic data.

To achieve desirable performance in maximizing MI and discovering genetic associations, the
discriminator should meet certain requirements. First, the learnable discriminator D, should be
able to take as inputs the genetic data G' and encode all the useful information from G. A well-
designed genetic encoder is thus a critical component of Dy. It should be able to efficiently and

effectively use not only the genotypes, but also their corresponding chromosome, physical posi-
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Dimensional collapse
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(a). Ideal fo(Y) (b). Reality (contrastive) (c). With regularization

Figure 5.1: An illustration showing how the representation fy(Y") captures the mutual information
between Y and G in different cases. The circles are the entropy of G and Y, respectively, and their
intersection is the mutual information Z(G, Y'). Areas indicated by squiggles in red represent the
information contained in f5(Y").

tion, and genetic position information. In Section 5.4, we propose a novel transformer-based ge-
netic encoder, dubbed genetic transformer, that fully utilizes all this information based on genetic
intuitions.

Second, the discriminator should make predictions based on all generalizably associated pat-
terns, rather than memorizing noise or focusing on a small portion of associated patterns that can be
easily learned. However, due to the nature of contrastive learning and several differences between
typical visual representation learning and GWAS representation learning, we will argue below that
it is challenging to meet this requirement. The typical contrastive loss can lead to degenerated

results for GWAS as shown in Figure 5.1.
5.3.1 Uniqueness of GWAS Representation Learning and Limitations of Contrastive Losses

To understand the limitations of typical contrastive losses in the GWAS setting, we first identify
key differences between the visual representation learning problem for natural images and the
GWAS representation learning on high-dimensional data. We explain how each difference can
contribute to limitations or failures of typical contrastive losses in the GWAS setting, and provide
empirical evidence to support our arguments.

Difference 1: Goals of learning representations. Typical visual representations of natural images

aim to capture the key semantics or class information about major objects in images. With this
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Figure 5.2: The logarithm of the explained variance for the first 10 principal components (left),
the singular value spectrum of learned representations (middle) and embeddings after projection
(right). Comparisons are among contrastive MI estimators with InfoNCE (MI-NCE), with JSE
(MI-JSE), Autoencoder (AE), and genetic data prediction (Pred).

goal, it is acceptable for the representation to capture only semantic or class-related information,
or even required that representations are invariant to elements such as context [146, 147] and
transformations [148, 149]. In this case, a good representation for downstream tasks does not
necessarily maximize the MI during contrastive learning. In contrast, a good representation for
the GWAS purpose should capture every detail or pattern in the high-dimensional MRI data that is
associated with the genes, since there is no such key semantics or class information. In this case,
the downstream GWAS performance is closely associated with Z(fp(Y), G).

Limitation 1: Dimensional collapse. A recent study on visual representation learning [150]
identifies and empirically shows that typical contrastive approaches suffer from the dimensional
collapse issue, where the learned representations occupy a lower-dimensional subspace than their
designated dimensions. The dimensional collapse results in high redundancy, limits the informa-
tion captured by representations, and therefore leads to reduced performance in downstream tasks.
Indeed, our analyses show that the dimensional collapse issue also presents in the cross-modal con-
trastive setting. We compare the singular values of representations learned by predictive methods
and contrastive methods in Figure 5.2. Results indicate that the contrastive estimators NCE and

JSE suffer from dimensional collapse with a dramatic drop in explained ratios and singular values.
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Figure 5.3: Generalization capability of contrastive MI estimators JSE (left) and InfoNCE (right).
The learned discriminators fail to generalize to unseen pairs, leading to a large discrepancy between
training and validation losses.

Even worse, the GWAS performance suffers more from the dimensional collapse issue due to its
nature described in Difference 1, as both the information of fy(Y") and the mutual information
Z(fo(Y), G) is limited.

Difference 2: Augmentation approaches and data dimensions. Contrastive learning relies on
a large number of samples to more accurately estimate and maximize the mutual information be-
tween different views or modalities. Previous studies [13, 44] have shown that augmentations
are crucial for contrastive learning, as they prevent representations from focusing on patterns
that are irrelevant to downstream tasks and multiply the number of training samples. For higher-
dimensional 3D MRI data, more samples and diverse augmentations are necessary [151]. However,
the availability of medical imaging data is limited, and most augmentations used for typical visual
representation learning are not applicable to medical imaging. For example, since MRIs are single-
channel, color space augmentations are not possible. Augmentations based on rotation and flipping
are not suitable for brain MRI data due to their asymmetric nature. Random linear transform or
non-linear morph may change the shape of the elements of the image and thus are discouraged. In
the case of 3D MRI, the applicable augmentations are very limited.

Limitation 2: Non-generalizable associations. According to [152], augmentations play a criti-

cal role in the generalization capability of contrastive learning approaches. However, due to the
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limited number of applicable augmentation techniques and the dimensionality of 3D data, the dis-
criminator tends to capture non-generalizable or false associations from the training samples such
as memorizing the shape, the layout of the brain in the MRI, or specific noise in the data to identify
individuals. In Figure 5.3, we evaluate the generalizability of models trained with contrastive loss
by comparing the MI estimation on training and validation pairs. The remarkable discrepancy in
losses between the training and validation sets suggests that the discriminator used by contrastive
loss is unable to generalize to new samples, indicating that contrastive loss is a poor estimation of
MI in our case.

From the perspective of mutual information, due to the dimensional collapse, a limited amount
of training samples, sufficient means of augmentations, empirical results show that the JSE is not an
optimal estimator of mutual information. The true mutual information is hence not maximized by
the learned representations, leading to degraded performance in GWAS. Figure 5.1 (a-b) illustrates
the relationship among the brain MRI, genetic data, and the learned representation. In the ideal
case shown in (a), the representation should perfectly cover the mutual information between Y

and G, so that the learning objective achieves its maximal with

In practice with brain MRI data, the contrastive loss results in representations that only capture a

small portion of Z(Y', G) due to the two limitations described above, as shown in (b).
5.3.2 MI Estimator with Regularizations

Given the issues and limitations outlined above, our goal is to improve the representation by in-
corporating more generalizably associated patterns in addition to those identified by the contrastive
MI estimator. However, unlike in the case of natural images where many elements are known to be
non-generalizable, our limited knowledge of undiscovered genetic associations makes it difficult
to determine which patterns are generalizable and which are not. As a result, it is challenging to

develop targeted augmentations that make the representation invariant to unwanted patterns.
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To achieve our goal without requiring further knowledge, we propose to uniformly increase
the total information contained in the representation by including an entropy term in the learning

objective. The objective is formulated as
max | Z(fo(¥), G) + M(fo(Y)] (5:4)

where 7 is the contrastive MI estimation JSE, H denotes the entropy of a random variable, and
A is a weight scalar. The entropy term encourages the representation to capture more information
about Y and reduces its redundancy. A certain portion of the information can contribute to the
generalizable associations, as illustrated in Figure 5.1-(c). The entropy term serves as a regulariza-
tion to the estimated MI to improve its generalizability. From the optimization aspect of view, the
objective is considered as adding a Lagrange multiplier to maximize the entropy H(fs(Y)), sub-
ject to the constraint that the estimated mutual information Z(fy(Y'), G) achieves its maximum.
When multiple patterns can be used to identify individuals, the entropy term encourages the model
to capture as many of them as possible, instead of capturing the easiest ones.

There are various methods to estimate and optimize the entropy, such as minimizing the off-
diagonal values in the covariance matrix of the representation [87]. However, these estimations
require a large mini-batch size, which is not suitable in our case due to memory constraints caused
by the 3D data and MRI encoder. As an alternative, we use the reconstruction of MRI data as a

proxy to maximize the entropy. The loss is then computed as

L(B:0,0.0) = Lisp(Bi0,0) + T S ¥ — hy(F(Y))| (55)

| | (Y,G)eB

where h,;, is a deterministic decoding head used to reconstruct the MRI from the representation
fo(Y). Compared to other proxies discussed by [87], the reconstruction term is less sensitive to

small mini-batch sizes. To justify the reconstruction term, we have

H(fo(Y)) =Z(fo(Y),Y) + H ), (5.6)
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Figure 5.4: A swin-transformer block in the proposed genetic encoder. Red and blue boxes repre-
sent the windows and shifted windows.

and the reconstruction term is to maximize the log-likelihood that f3(Y") and Y in a positive pair
belong to the same individual, similarly to the first term in the right-hand side (RHS) of Eq. (5.2).
From the perspective of [153], the two terms in L;sg(B; 6, ¢) and the reconstruction term aim at
three properties of fy(Y'); namely, the alignment to G, the uniformity, and the alignment to Y,
respectively. As the uniformity of fy(Y") is encouraged by the estimation of Z(fy(Y'), G), we omit

the corresponding term in the estimation of Z(fy(Y), Y') for memory efficiency.
5.4 Genetics-Informed Transformer

A typical current genotyping microarray of the human genome includes more than 650k SNPs,
with the physical spacing between any two consecutive SNPs being inconsistent. Genetic encoders
developed in existing studies [154, 142] based on convolutional neural networks (CNNs) and multi-
layer perceptrons (MLPs) are incapable of handling the unstructured genetic data with extremely
large sizes. To address this, we develop an effective genetics-informed transformer to encode

genetic data in accordance with the following objectives:
1. Significant optimized computational cost, in recognition of certain biological assumptions.

2. Information aggregation among SNPs from arbitrary positions in the genome, considering

multiple genetics dependency measurements.

3. Flexibility to accept any segments or subsets of the genetic data as input, thereby facilitating
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cropping or downsampling-based augmentations on the genetic data.

An overview of the proposed transformer block is shown in Fig. 5.4, where attention oper-
ators with shifting windows [155] are used to enable efficient computation, and the aggregation
is specialized with both physical and genetic distances of SNPs. In the transformer, two blocks
are connected by down-sampling with attention-based pooling operators, and the initial SNP em-
beddings are computed based on both the genotypes and the chromosome each SNP belongs to.
Finally, an attention-based readout is used to compute the global representation.

Window attention in swin-transformer. The 1D swin-transformer performs self-attention op-
erations within each window split from the entire genetic array to enable efficient computing. It
contains two components; those are, window attention and shifted window attention, as shown
in Fig. 5.4. Given input SNP embeddings H € R!*? where L denotes the number of SNPs
and ¢ denotes the embedding dimension, window attention first splits H into a set of windows
{H; € RW*},_; . ,|L/w| Where each window has a size w. A self-attention block is then applied
to each H; to update the SNP embeddings by aggregating information within that window. The
updated windows are then merged back following the order when splitting H, forming H’ as
the final output of the window attention component. In the following shifted window attention
component, H' is first shifted by a length of [w/2]. Then similar splitting and self-attention are
performed as in window attention to update SNP embeddings from each individual window. Fi-
nally, the updated windows are merged back, and the merged sequence is also shifted back by a
length of |w/2|. There exists a biological assumption that strong and informative dependencies
between SNPs exist only when they are within a certain distance. Hence, compared with per-
forming global attention on all 650k marker positions, performing attention within windows in our
proposed methods aggregates similar information, but largely reduces the computing cost.

Aggregation based on multiple dependencies. Multiple attention heads are computed to capture
various types of dependencies among markers. Specifically, the computing of attention scores
captures dependencies from three perspectives; those are, the SNP embeddings reflecting potential

co-mutation, the encodings of the physical positions of SNPs on a chromosome indicating local
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dependencies among SNPs, and the encodings of genetic positions of SNPs measuring genetic
linkages. Formally, the attention score aﬁ ; between the i-th and j-th SNPs for the k-th attention

head is computed as

af; = fa(gi g;) = 5 (hi,hy) + 5O pP) 4 fhae(pF — B, (5.7)

where h; = Hi] € R? denote the SNP embedding. We compute the three individual components

of attention scores that can capture different genetic dependencies as

e hy) = (REWE) (RIWET) o ) = (e o™ W [ep ™) W]

T
k en en en en T k,+ T k,—
free(P™ —Pi™) = [r(lpf -1 ’)} |:]1(P§en—l7]gen)20wrbf g ey oW } v (5.8)

‘e . k.l k,r k,l kr k,+ k,—
where e,(:) denotes the position encoding [9], W7, W W W', and W™, Wy are

T

condition 1S an indicator vector where all elements are 1s if the condition

trainable projections. 1
holds, and are Os otherwise. The function r denotes a distance expansion with radial basis functions
1

(RBF) [156]. Denoting s := [p{™" — p%”"|, the term r<|pgen - p?enD in the above equation is

computed as

r(s) = [exp{(s = 1)/0"} ],y 0y € B (5.9)

where {to, - ,t.} is a set of non-negative real numbers ranging from O and a preset threshold.
The asymmetric projections in all f3,, fye and frpr functions indicate that c; ; does not necessarily
equal to «; ;, leading to more expressive models to capture dependencies. In addition, the comput-
ing of each attention head is based on a combination of three types of dependencies, which enables
information aggregation among different SNPs based on genetic dependencies. By doing this, the

complicated genetic dependencies of the input genome data can be captured.
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5.5 Related Work

Dimension reduction for GWAS. When doing genome-wide association studies, people of-
tentimes find themselves dealing with high-dimensional quantitative traits. In order to reduce
computational cost and redundancy, and in the hope of finding meaningful underlying patterns,
many works perform dimension reduction of the high dimensional traits before doing GWAS, in-
cluding principal component analysis [157, 158, 159], independent component analysis [160, 161]
and non-negative matrix factorization [162]. These approaches are effective in capturing linear
dependencies but are less capable of identifying complicated traits from imaging data.

Deep learning-based approaches. Recently, several works used unsupervised learning to
characterize high-dimensional medical data. iGWAS [140] applied contrastive learning between
multiple images of the same person to reveal potential genetic signals, ContlG [142] applied con-
trastive learning between medical imaging data and genetic data to learn the feature representation.
DeepEndo autoencoder [139] used a convolutional autoencoder to reduce the dimensionality of the
imaging data and found genetic associations of these extracted phenotypes. TransferGWAS [141]
used both supervised task and reconstruction task to learn the feature representation. Specifically,
ContIG [142] is the first to use contrastive learning between images and genetics on the GWAS
problem. However, there are distinguishable differences between the work and ours. First, ContIG
aims to learn general representation for multiple downstream tasks, such as classifications of the
risk of several diseases. With this goal, ContlG treats the problem as a typical visual representa-
tion learning task. On the contrary, our study focuses on the representation learning specifically for
GWAS. Second, our approaches are built upon the grounding of mutual information maximization,
whereas ContlG is grounded by contrastive learning for unlabelled data. Third, our work focuses
on a more challenging setting with 3D MRI data, where typical contrastive approaches may fail.

Mutual Information Maximization. Previous research has employed mutual information
maximization as a pretext task for representation learning on various data types, including im-
ages [89], videos [163], and graphs [40, 164]. However, these studies primarily focus on clas-

sification or regression as downstream tasks. Our work presents unique challenges and goals of
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mutual information maximization under the GWAS setting and we are the first to examine GWAS

from a mutual information perspective.
5.6 Experiments on GWAS Representation Learning

We use the brain imaging dataset from UK Biobank [165] in this study, it is currently the
largest public brain imaging dataset. Specifically, we use T1-weighted MRI imaging data accessed
on October 15, 2021. We register and pre-process the MRI data into the shape of 182x218x182.
For representation learning, we split the MRI-genetic data pairs into 4,597 training and 1,533

validation pairs based on ethnicity.
5.6.1 Data Processing and Split

All MRIs were linearly registered (affine registration with 12 DOF) to standard MNI152 space
using the UKBiobank-provided transformation matrix with FSL FLIRT [166] and all the outputs
are of shape 182x218x182. A large portion of the UKBiobank population is white British. In
order to maximize the power of genetic discovery and avoid the complication of population strat-
ification, the genetic association study was only done on the white British (UKBiobank data field
21000 and 22006) cohort. So we selected 6,130 images from subjects of mixed ethnicities (all
non-white British samples plus a small number of random white British samples) not overlapped
with the samples for the genetic discovery to do the training and validation, among which 4,597
was randomly selected for training and 1,533 for validation. We used two quality metrics “inverted
contrast-to-noise ratio” (UKBiobank data field 25735) and “Discrepancy between T2 FLAIR brain
image and T1 brain image” (UKBiobank data field 25736) to ensure the quality of the training
data.

Evaluation Metrics We involve three metrics to evaluate the representations learned by differ-
ent models; namely, the number of loci discovered by GWAS, the estimated mutual information,
and the heritability of the representations. Among the three metrics, the number of loci is primary
as it indicates All three metrics are computed on a testing dataset that is unseen during the represen-

tation learning process and measures the quality of representation for GWAS purposes. To enable
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efficient evaluation, we obtain the first 10 principal components of representations and compute all
metrics on the 10-dimensional vectors. Details about the evaluation metrics are provided below.
Number of Loci We perform genome-wide scans over 658,720 directly genotyped SNPs * and
on 28,489 white British participants unseen during training. We use BOLT-LMM (Version 2.3.4)
[167] for running GWAS. Age, gender, and the first 10 ancestral principal components are used as
covariates. We use Bonferroni corrected p-value threshold of 5e—9 and a minor allele frequency
threshold of 1% to get the significant SNPs and filter out the rare variants. We then cluster the
significant SNPs into loci using a 250 kb window, which is approximately 0.25 cM [160]. The
number of loci indicates the amount of genetic contribution to the learned features.

Heritability measures the proportion of variation of the feature explained by the genetic factors. It
provides insight into the genetic basis of a feature. A higher heritability indicates that the represen-
tation is better associated with the genetic data. The heritability is computed using LDSC v1.0.1
[168].

Mutual Information We estimate the mutual information between MRI representations and ge-
netic data on the test set to explicitly demonstrate that the proposed objective adds to the generaliz-
ability of captured associations to unseen pairs. We train individual JSE-based mutual information
estimators with the same architecture for different methods. We train the MI estimator until the
contrastive loss converges and take the opposite of the converged value as the MI estimation for

each model.
5.6.2 Implementation Details

We compare our approach with multiple baseline approaches in four groups; namely, MRI en-
coders that are randomly initialized, trained by predictive approaches, contrastive approaches with
MRI data only, and trans-modal contrastive approaches that involves genetic data. The baselines in-
clude existing or straightforward training schemes Autoencoder [141, 139], Gen Prediction
that uses genetic data prediction as a pretext task, Barlow-Twins [87], SImCLR [13], and Con-

tIG [142]. We additionally include their variants Autoencoder—attention that uses the

*Applied Biosystems UK BiLEVE Axiom Array, UKBiobank data field 22438
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same MRI encoder as ours, SimCLR-JSE, where the contrastive objective in SimCLR is replaced
by JSE, and Decorrelated InfoNCE, where a decorrelation term is added to the contrastive
loss. The implementation details of both our methods and baselines are described below.

MRI encoders The MRI encoder is constructed as a 3D convolutional network consisting of
three residual blocks [169] connected by two downsampling operators with stride convolutions.
The numbers of channel maps are 32, 64, and 128, respectively for the three blocks. The final
representations are 128-dimensional computed by a dense layer upon flattened feature maps. When
computing the reconstruction loss, we include additional 128-dimensional vectors computed from
a multi-head attentive readout from feature maps, and the reconstruction is performed on the 256-
dimensional representation after concatenation. However, dimensions from attention are not used
in GWAS computation. This is to further prevent the encoder from learning too detailed patterns,
possibly noise, that are non-generalizable to the test set.

Genetic encoders Our genetic encoder consists of three 1D swin-transformer blocks connected
by two down-sampling operators with a down-sampling rate of 10. The positional encoding for
SNP physical positions is 128. The embedding dimensions are 32, 64, and 128 for the three
blocks, respectively. The window size to perform attention is 10 and the number of heads is 4
for all self-attention operators. The downsampling operator computes the attention with learnable
queries within each window, where the window size is equal to the downsampling size. The global
pooling operators compute attention with learnable queries among all positions at multiple scales
and resolutions.

Training The models are implemented with PyTorch [170] and are trained on a single Nvidia
A100 GPU. The training is performed with the Adam optimizer [111], cosine annealing sched-
uler [171] with a starting learning rate of 0.001 and the mini-batch size of 12. We simply set A
in the objective to 1 and do not exhaustively tune it. During training, we randomly crop the 3D
MRI into smaller patches of size [160, 160, 160]. We first train the models with the genetic encoder
frozen for 200 epochs, then include the augmentation on genetic data and continue training for

additional 100 epochs, and finally co-train both MRI and genetic encoders and projection heads
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for 50 epochs with augmentation on genetic data. To perform augmentation, the genetic data has a
probability of 0.2 to be randomly cropped and a probability of 0.8 to be evenly down-sampled into
a length of 65,000.

Baseline approaches For Gen Prediction, we apply a linear layer to the output representation
as a prediction head h9 : R? — |G| to predict the class of each genotype in the genetic data and

optimize the following loss.

LGenpred = Cross-Entropy (hg ( fg(Y)) , d> )

For baseline trans-modal contrastive methods, we follow the architecture, training loss, and train-
ing settings in [142]. For the MRI augmentations, we perform the random flipping and rotation on
the x-z plane, along with the random 3D patching. However, we found the flipping and rotation
do not help on the GWAS performance in the 3D MRI case. For correlated InfoNCE, we compute
the covariance matrix of learned MRI representations and minimize its difference with the identity
matrix,

»Cdecor - ||£Té - I||27

where 2 is the normalized MRI representations in the mini-batch. Since the mini-batch size is
small due to memory constrain, the covariance estimation can be less accurate, still leading to

reduced performance.
5.6.3 Quantitative Results on T1-Weighted MRI

The comparisons among representations learned by different methods in terms of the three
metrics are shown in Table 5.1. The results indicate that the proposed learning framework with
regularized MI estimator and genetic transformer significantly improves the quality of learned
representation in terms of the number of discovered loci and the heritability. The improved MI of
our methods on test pairs also suggests a stronger generalization capability. Additionally, we have
the following observations.

The level of mutual information on test pairs agrees with # loci and heritability. The results
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Table 5.1: Comparisons of quantitative evaluation results on the test set. “Unique” refers to the
number of loci discovered by a method that is NOT discovered by any methods in other groups.
All metrics are the higher the better.

# Independent Loci

Methods All Unique MI (JSE)  Heritability h?
Random Init 14 1 1.2165 0.0756 £ 0.0656
Autoencoder [139] 26 1 1.3120  0.3121 £0.0769
Predictive  Autoencoder-attention 23 4 1.3124  0.2984 £ 0.0773
Gen Prediction 10 0 1.2412  0.0918 £0.1110
Barlow Twins [87] 11 1 1.2996  0.0814 + 0.0636
Contrastive  SImCLR [13] 15 1 1.2397 0.1448 £0.1128
SimCLR-JSE 17 7 1.3044  0.1604 +£0.1151
Trans-Modal InfoNCE (ContIG, [142]) 11 0 1.2299  0.1334 + 0.0588
Contrastive Decorrelated InfoNCE 13 3 1.2382  0.0527 £0.0349
GIM (Ours) 40 15 1.3681  0.3723 = 0.0305

suggest that higher mutual information on the test set implies a higher heritability and more loci
discovered. It justifies our formulation of learning representation for GWAS as the problem of
maximizing mutual information.

Typical trans-modal contrastive approaches fail for MRI data. Trans-modal contrastive learn-
ing with typical contrastive loss performs fairly well on 2D retina imaging [142] but suffers more
from the performance reduction on the higher-dimensional 3D data. In the 3D MRI case, we found
that the simplest Autoencoder approach performs even better than contrastive and typical trans-
modal contrastive approaches. Moreover, [140] suggests that the contrastive learning between the
retina of the left and right eyes can also result in better performance than the typical trans-modal
contrastive approaches. These further strengthen our analyses on the limitations due to dimensional

collapse and non-generalizable associations described in Section 5.3.1.
5.6.4 Additional Results and Ablations

Additional results on T2-weighted MRI. We additionally apply GIM to a second modality,
namely the T2-weighted MRI. Similarly, we compute GWAS on the first 10 principle compo-

nents of the learned representation on the test set. In contrast to the results for T1, we observe that
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Table 5.2: Results for T2-weighted MRI.

Methods # All Indp Loci
Autoencoder 29
Barlow-Twin 7
SimCLR 21
SimCLR-JSE 15
ContlG 22
GIM (Ours) 38

learning informative representations is less challenging for contrastive methods in the T2 case. In
addition, contrastive methods equipped with NCE generally perform better than their JSE coun-
terparts. This result is consistent with those presented in [142]. Nevertheless, results in Table 5.2
show a consistent out-performance of GIM over baselines, indicating generalizable effectiveness.

Effectiveness of individual proposed components. To show the effectiveness and necessity of
both the proposed learning objective and the genetic transformer, we track the change in the num-
ber of all loci, unique loci, the heritability score, and newly discovered genes with the highest sig-
nificance when incrementally adding each component. Table 5.3 shows the results of adding the
regularization to the objective, replacing the MLP encoder with the genetics-informed transformer,
and performing random cropping on the genetic data. The results suggest that adding each compo-
nent generally increases the useful information carried by the representations, leading to more loci
discovered. We mapped significant SNPs to genes using Plink v1.9 [172], and we presented the
genes that are associated with the most significant new SNP of each model in the ablation study in
Table 5.3. CENPW is known to associated with neurogenesis [173] and cortical morphology [174],
WNT16 with skull and brain shape [175, 176], ITPR3 with neuropathy [177] and many psychiatric
disorders [178] and MSRB3 with Alzheimer’s [179]. We also queried each locus in the result of
the Big40 study [180, 160], which uses thousands of conventional image-derived phenotypes to
do GWAS and we found a locus not presented in the Big40 study in Chromosome 2, base pair
218466221 to 218604356 (in hgl9 coordinate). This locus is mapped to DIRC3, which has been

shown to be associated with Alzheimer’s disease [181, 182]. This showcases the potential of our
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Multi-modal InfoNCE SimCLR

Figure 5.5: Visualization of learned representations with t-SNE. Forming clusters is not desired in
the GWAS setting.

method in capturing features missed by the traditional expert-defined pipelines.

Table 5.3: Change in the number of loci and heritability when incrementally adding components to
the models. The positive and negative numbers are the counts of newly discovered and missing loci
when a component is added. The last column shows the most significant gene newly discovered.

Methods #Loci Change # Unique Loci Change h? Significant Gene
Base-Contrastive 11 - 0 - 0.1334 -

+ Regularization 29 +19/-1 6 +6/-0  0.3390 CENPW

+ Genetic Transformer 32 +14/7-9 10 +7/-3  0.3773 WNTI16

+ Random Cropping 36 +17/-13 13 +10/-7 0.3807 ITPR3

+ Co-training 40 +20/-16 15 +11/-9 0.3723 MSRB3

Distribution of learned representations. We visualize the distribution of representations learned
by trans-modal InfoNCE, SimCLR, and GIM, respectively, with t-SNE in Figure 5.5. Compared to
baseline approaches, GIM learns representations that are more uniformly distributed in the space.
According to the discussion on the difference between learning goals, the goal of our representa-
tion learning is not to form clusters for downstream classification purposes but to uniformly encode
as much information about the genetic data as possible [153]. Under this setting, clusters of repre-
sentations are not desired and may harm the GWAS performance due to reduced capacity for other

characteristics.
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5.7 Conditional MRI Generation: A Followup Task

Recently, diffusion models [183] have shown promising performance in multiple generative
tasks such as text-controlled image generation [184], image editing [185, 186], and protein gen-
eration [187]. Specifically, [184] have studied the unconditional generation of T1-weighted brain
MRI. In this section, we extend the success of the proposed learning framework and genetics-
informed transformer by incorporating the diffusion models with the pre-trained genetics-informed
transformer under GIM to enable MRI data generation conditioned on a given gene. We consider
the conditional generation as an additional task to evaluate the pre-trained genetic encoder.

The diffusion model considers the generation process as a reverse process of gradually adding
noise to the data xq until it becomes fully noisy 7 € N (0, I') within T steps. It generates data
from pure noise by performing step-by-step denoising for 7' steps. Specifically, the training of
diffusion model is to learn a noise estimator f§' that recovers x, from the noisy data z; for any

time step ¢ with the objective
min By r)aq.e € = J5 (@0 )], (5.10)

where ¢, is the true noise contained in ;. When conditioned generation is performed, the noise es-
timator f§°"¢ additionally takes the condition embedding c as an input and the following objective
is optimized

Hleil'l Etw[l,T],(azo,c),et Het - gond(mta C, t)||27 (5.11)

where x( and c are sampled from a joint distribution (i.e., using paired data). In the case of MRI
generation, we let ¢ € R™#*4 equivalent to Ny, tokens, be the down-sampled and updated SNP
embeddings at the last transformer block before global readout. The flexible input SNP positions
to the genetics-informed transformer allows for conditioning the generation with a segment or a
down-sampled version of the genetic data. In the noise estimator f5°"¢, the condition is incor-

porated with cross-attention blocks between latent feature maps X;, € RP#W*ds and c at each
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Figure 5.6: Framework overview for conditional MRI generation. Given the genetics-informed
transformer pre-trained using GIM, we freeze its parameter and compute the condition embedding
for conditional generation. In the cross-attention block, each voxel in the 3D feature map will
attend and aggregation information from the condition embedding based on the relavance.

convolutional block ¢. Concretely, we have the output of each cross-attention block as
X/, = Normalize <Q(thg)lC(h(c))T) V(h(e)), (5.12)

where Q, K,V are linear projections in a cross-attention operator, h is a parametric projection head
upon condition embeddings. The framework is illustrated in Figure 5.6.

Generation Performance as Genetic Encoder Evaluation Since the quality of MRI generation is
closely associated with the performance of genetic encoder, in terms of how much genetic informa-
tion is captured, we consider the quality of generated MRI data as an additional metric to evaluate
the genetic encoder. Specifically, we measure the conditional generation quality using the mean
squared error between the generated MRI from the gene of a certain individual and its physically
captured counterpart. The baselines include the mean squared error between a unconditionally
generated MRI by [184] and real MRI data, together with the averaged squared difference between

any pair of real MRI data. For the genetics-informed transformer, we fix its parameters in all cases
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but add different learnable projection heads h, and vary the input genetic data with downsampling.
The comparison shown in Table 5.4 suggests that including the pre-trained genetic encoder can
consistently enable effective conditional generation with improved generation quality, even when
no parameter is further tuned or added to the genetic encoder. Additional parameters included in
the projection heads can further improve conditional generation performance. This indicates that
useful information associated with the brain MRI can be effectively captured from the genetic data
by the proposed genetics-informed transformer. Moreover, downsampling the input genetic data

does not significantly reduce the generation quality, suggesting a flexibility of condition inputs.

Table 5.4: Conditional generation performance in terms of mean squared error (MSE). Readout
indicate a global readout is applied in the projection head and a single global embedding is used as
the condition. Downsampled indicates a 10 times down-sampling is applied to the input genetic
data.

Models h Downsampled # Tokens MSE
Avg. dist. - - - 0.3505
Diffusion - Unconditional - - - 0.2928
Readout No 1 0.2858
) ) .. Readout + MLP No 1 0.2809
Diffusion - Conditional MLP Yes 60 0.2747
MLP No 650 0.2720

Potential application scenarios Existing genetics studies enable the effective and efficient discov-
ery of SNPs that are associated with certain human tissues. However, the complicated nature of
the deep phenotype encoders makes it challenging to interpret which specific substructures, such
as subarea in the brain MRI, is associated with each SNP identified by GWAS. This lack of in-
terpretability prevents further exploration of AD’s cause and highlights the need for appropriate
trans-modal explanation approaches for GWAS. The successful conditional generation allows for
multiple application scenarios to bridge the gap in genetics studies such as counterfactual expla-

nations and phenotype simulation for gene editing. Specifically, when given different genetic data
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as conditions, the generative model tends to produce different MRI data that accurately match the
given condition, even from the same initial noise. This allows us to track the different in the gen-
erated MRI data when perturbing certain SNP locations or segment of interest. The difference can

be further used as an explanation outcome in genome-wide associations.
5.8 Conclusions

In this chapter, we have investigated the differences and limitations of GWAS representation
learning to compare to typical visual representation learning and have presented Genetic InfoMax,
a GWAS representation learning framework. We have established standardized evaluation proto-
cols to benchmark existing and our approaches. Our experiments demonstrate a significant boost

in GWAS performance by GIM.
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