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Abstract 

  
We consider machine learning (ML) to be a programmatic analog of the scientific method. In this 
paradigm, a mapping encoded in the model weights (a theory) transforms input data 
(observations) into predictions, which are then compared against a target (validating the theory 
against reality). As training proceeds and the correspondence between out-of-sample predictions 
and reality grows, so too does our confidence that the learned mapping reflects some truth about 
the problem domain. If this agreement is sufficiently robust, an examination of the mapping may 
then yield insights into the rules and relationships governing the system under study. Inspired by 
the potential for ML to accelerate scientific discovery, we explore differentiable, graph-based 
algorithms that allow neural models to more efficiently extract and leverage latent relational 
information from raw data. Our focus on graph-based algorithms not only makes the work more 
general but also more readily applicable to the physical sciences, where graphs are the de facto 
representational structure. We introduce novel methods for 1) graph structure learning, where we 
fix the nodes and learn to retain/remove the edges of a graph; 2) graph partition learning, where 
we fix the edges and learn to cluster the nodes; and 3) molecular graph generation with a novel 
graph adaptation methodology, where we fix the edges and optimize graph-level properties by 



modifying node features. Finally, in the spirit of concretely accelerating scientific discovery with 
machine learning, we discuss our extensive work on AI for Science conducted in partnership 
with Fermilab, where we repurposed biomedical segmentation models for disentangling particle 
accelerator loss profiles, and recurrent sequence models for controlling high-frequency proton 
beam extractors. 
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Abstract

We consider machine learning (ML) to be a programmatic analog of the scientific method.

In this paradigm, a mapping encoded in the model weights (a theory) transforms input

data (observations) into predictions, which are then compared against a target (validating

the theory against reality). As training proceeds and the correspondence between out-of-

sample predictions and reality grows, so too does our confidence that the learned mapping

reflects some truth about the problem domain. If this agreement is sufficiently robust,

an examination of the mapping may then yield insights into the rules and relationships

governing the system under study. Inspired by the potential for ML to accelerate scientific

discovery, we explore differentiable, graph-based algorithms that allow neural models to

more efficiently extract and leverage latent relational information from raw data. Our

focus on graph-based algorithms not only makes the work more general but also more

readily applicable to the physical sciences, where graphs are the de facto representational

structure. We introduce novel methods for 1) graph structure learning, where we fix

the nodes and learn to retain/remove the edges of a graph; 2) graph partition learning,

where we fix the edges and learn to cluster the nodes; and 3) molecular graph generation
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with a novel graph adaptation methodology, where we fix the edges and optimize graph-

level properties by modifying node features. Finally, in the spirit of concretely accelerating

scientific discovery with machine learning, we discuss our extensive work on AI for Science

conducted in partnership with Fermilab, where we repurposed biomedical segmentation

models for disentangling particle accelerator loss profiles, and recurrent sequence models

for controlling high-frequency proton beam extractors.
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Contributions

Following a review of relevant background material in Part 1, Part 2 of this thesis flows in

three parts as we move from graph structure learning to graph partitioning to molecular

graph adaptation. Our contributions are as follows:

(1) Structure Learning: Fix the nodes, learn over the edges

We introduce a principled methodology for separating the distinct tasks of struc-

ture learning and node embedding in the widely used Graph Attention Network.

This approach allows Graph Attention Networks to avoid the issue of an embed-

ding mechanism obfuscating the structure learning signal and achieves an order of

magnitude greater sparsification than comparable structure learning techniques

while maintaining state-of-the-art performance.

→ Thieme, M., Zhu, Y., and Liu, H. The graph learning attention mecha-
nism: Learnable sparsification without heuristics. Under Review, 2023.

(2) Partition Learning: Fix the edges, learn to partition the nodes

We introduce the first graph pooling algorithm that differentiably segments an

entire graph into an arbitrary number of clusters of arbitrary size. Crucially, our

approach makes no a priori assumptions about the number or size of the learned
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clusters while naturally partitioning the graph into connected substructures. The

approach was inspired by pharmacology, where the properties of drug molecules

(trivially represented as graphs) are functions of discrete, connected substructures

within those molecules. We show that this method, while being the first graph

pooling algorithm that makes no a priori assumptions about the number or size

of the learned clusters, is capable of meeting or exceeding the performance of

alternative graph pooling approaches on molecular and protein datasets.

→ Thieme, M., Hassan, M., Rupakheti, C., Thiagarajan, K. B., Pandey,
A., and Liu, H. TopoPool: An adaptive graph pooling layer for extracting
molecular and protein substructures. In NeurIPS 2023 Workshop on New
Frontiers of AI for Drug Discovery and Development (2023).

(3) Molecular Graph Adaptation: Fix the edges, modify the nodes

We introduce the first-of-its-kind, end-to-end differentiable methodology for trans-

forming molecular predictors into molecular graph manipulators. Specifically, we

focus on a constrained variant of the bioisosteric replacement problem, where

we learn to continuously vary atom types within a given molecular structure.

By absorbing the vectorized atomic features of an input compound into a joint

model containing these features and a trained property predictor, we can opti-

mize for them directly and locate new compounds having the same structure but

better properties. Challenges remain, but we demonstrate that the method is ca-

pable of differentiably optimizing compounds towards multiple properties while

preserving the original structure, a first in the bioisosteric transformation liter-

ature. We are also proud to say that this method has yielded novel compounds
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that medicinal chemists deemed interesting enough to physically synthesize. This

milestone inducts the method into a very small cohort of generative models that

have produced a compound worthy of synthesis.

→ Thieme, M., Rupakheti, C., Cusack, K., Pandey, A., and Liu, H.
Neural Atomic Replacement via Guided Molecular Adaptation. In Prepara-
tion (2024).

In Part 3, we discuss our extensive work with Fermilab on AI for Science, where

we built semantic segmentation models to better understand accelerator behavior and

developed novel sequence modeling methodologies to regulate the extraction of high-

energy protons:

(4) Real-Time Loss De-Blending in the Main Injector and Recycler

Fermilab’s Main Injector enclosure houses two accelerators: the Main Injector

(MI) and the Recycler (RR). In periods of joint operation, when both machines

contain high intensity beam, radiative beam losses from MI and RR overlap on the

enclosure’s beam loss monitoring (BLM) system, making it difficult to attribute

those losses to a single machine. We introduce a novel, continuous adaptation

of UNet [89] for disentangling the contributions from each machine to those

measured losses. By extracting beam loss information at varying receptive fields,

the method is capable of learning both local and global machine signatures and

producing high-quality inferences using only raw BLM measurements.

→ K. Hazelwood*, R. Shi*, B.A. Schupbach*, M. Thieme*, M.R. Austin,
M.A. Ibrahim, V.P. Nagaslaev, D.J. Nicklaus, A.L. Saewert, K.
Seiya, R.M. Thurman-Keup, N.V. Tran, A. Narayanan, H. Liu, S.
Memik, “Real-time Edge AI For Distributed Systems (READS): Progress
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On Beam Loss De-blending for the Fermilab Main Injector and Recycler,”
in Conference IPAC’21.

→ K.J. Hazelwood*, M. Thieme*, J. Arnold, M.R. Austin, M.A.
Ibrahim, V.P. Nagaslaev, A. Narayanan, D.J. Nicklaus, G. Prad-
han, A.L. Saewert, B.A. Schupbach, K. Seiya, R.M. Thurman-
Keup, N.V. Tran, D. Ulusel, H. Liu, S. Memik, R. Shi, “Semantic
Regression for Disentangling Beam Losses in the Fermilab Main Injector and
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→ Shi, R., Ogrenci, S., Arnold, J. M., Berlioz, J. R., Hanlet, P.,
Hazelwood, K. J., Ibrahim, M. A., Liu, H., Nagaslaev, V. P.,
Narayanan, A., Nicklaus, D. J., Mitrevski, J., Pradhan, G., Saew-
ert, A. L., Schupbach, B. A., Seiya, K., Thieme, M., Thurman-
Keup, R. M., and Tran, N. V. Ml-Based Real-Time Control at the Edge:
An Approach Using hls4ml. In the 31st Reconfigurable Architectures Work-
shop (RAW) 2024.

(5) Slow Spill Regulation in the Muon-to-Electron (Mu2e) Conver-

sion Experiment

A third-integer resonant slow extraction system is being developed for the Fer-

milab’s Delivery Ring to deliver protons to the Mu2e experiment. Owing to the

experiment’s strict requirements in the quality of the spill, an advanced Spill Reg-

ulation System (SRS) is currently under design. We present two novel solutions

to this problem: 1) a differentiable physics simulator for optimizing existing PID

controller gains (the current system is designed to use a tuned PID to regulate

the spill), and 2) a recurrent ML agent capable of replacing the PID controller

entirely.

→ A. Narayanan*, J. Jiang*, M. Thieme*, J. Arnold, M. Austin,
J.R. Berlioz, P. Hanlet, K.J. Hazelwood, M.A. Ibrahim, V. P.

*Equal Contribution
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Nagaslaev, D.J. Nicklaus, G. Pradhan, P.S. Prieto, B.A. Schup-
bach, K. Seiya A. Saewert, R.M. Thurman-Keup, N.V. Tran, D.
Ulusel , H. Liu, S. Memik, R. Shi, "Machine Learning for Slow Spill
Regulation in the Fermilab Delivery Ring for Mu2e", in Conference NA-
PAC’22.

→ A. Narayanan*, M. Thieme*, K.J. Hazelwood, M.A. Ibrahim, H.
Liu, S. Memik, V. P. Nagaslaev, D.J. Nicklaus, P.S. Prieto, K.
Seiya, R. Shi, B.A. Schupbach, R.M. Thurman-Keup, N.V. Tran,
"Optimizing Mu2e Spill Regulation System Algorithms", in Conference IPAC’21,
Campinas, Brazil, 2021.

→ Xu, C., YC. Hu, J., Jiang, J., Memik, S., Shi, R., Shuping, A. M.,
Thieme, M., and Liu, H. Beyond PID controllers: PPO with neuralized
PID policy for proton beam intensity control in mu2e. In the Machine
Learning and the Physical Sciences Workshop, NeurIPS 2023.

Through these contributions, we show how a principled understanding of widely used

machine learning algorithms allows them to be adapted and repurposed to great effect.

*Equal Contribution
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This window size is a hyperparameter and may vary based on the

application. 126

8.1 Example illustration of overlapping beam events and losses in the MI

and RR accelerators. 137

8.2 Location dependency of MI and RR beam loss as seen from tunnel

residual dose rates. 139
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8.3 DBLN model architecture, a rudimentary model to prove out the

concept. 141

8.4 RR and MI training accuracy over 1000 batches. 142

8.5 Model inference on a single beam extraction from RR to MI using

Sample Dataset. 144

9.1 Inferences made on BLM losses during a period of joint operation.

A: Beam intensities (R/s) in RR and MI over 48 ticks. B: BLM loss

profiles - darker = more loss. C and E: Labels for RR and MI, where

gray indicates that the machine of origin is unknown. D and F: UNet

model inferences for RR and MI, respectively. Intensity corresponds

to the inferred probability that the losses on a particular BLM at a

particular loss originated in RR or MI. 153

9.2 Accuracy is high in the primary region of interest, between 10 and

2500 mR/s. Counts reflects the number of observations with loss in

that range. Note that noise in the accuracy is driven by the declining

counts with a given loss value. 154

10.1 Slow regulation algorithm finding the ideal tune ramp for uniform

extraction. 161

10.2 Top (a) Evolution of the PID gains in domain-0 (leftmost subdomain

of the bottom plot) over the full spill, as well as the SDF. Bottom (b)

Four subdomains of the spill are segmented by vertical bars. Optimal

gain values within each subdomain are shown on the vertical axis. 165
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11.1 High level overview of the learning model in the supervised setting.

A window of data is ingested, a quadrupole correction current is

predicted, and the differentiable spill simulator calculates the affect

of that correction current. We are trying to minimize the difference

between the ideal spill and the corrected spill. The image for the GRU is

borrowed from Christopher Olah’s excellent review of recurrent models.173

11.2 Regulation performance of the GRU vs. PID. Each point represents

the average SDF over 1k independent spills with identical noise profiles.

Input noise had an average SDF of 0.51 for all trials. 176

https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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Part 1

Preliminaries
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1 | Setting the Stage

Breakthrough discoveries often follow the invention of new instruments (Figure 1.1) be-

cause new instruments not only allow us to observe known things in finer detail but to

observe new things altogether. Microscopes revealed the tiny worlds of cells and mi-

crobes, spectrometers opened the door to an expanding universe, and electroscopes gave

the first hints at the force that would one day power all of civilization. In this dissertation,

we’ll argue that machine learning is such an instrument, and that, through careful design

and implementation, its utilization in science may bring about comparably consequential

breakthroughs.

1.1. The Interplay of Scientific Discovery and Instrumentation

Already, machine learning has revolutionized how we think about designing predictive

models in a wide array of fields, particularly those with large volumes of data or many

moving parts. The most famous among them may be AlphaFold [58], the AI system

developed by DeepMind that achieved groundbreaking accuracy in protein structure pre-

diction. As of this writing, it has been used to enumerate ‘the entire protein universe’

predicting the shape of 200 million proteins, nearly every one known to science [20].

These shapes not only help us understand how the proteins function, interact, and affect
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Figure 1.1. Just a few examples of the many discoveries that arose from the
invention of a new scientific instrument.

molecular processes, but can help scientists develop therapeutic treatments and drugs

that target these proteins more specifically and effectively.

In addition to leveraging the predicted protein structures yielded by AlphaFold, drug

discovery has benefited from many other recent advances in machine learning as well.

Finding safe and effective drug molecules requires sifting through millions of possible drug

compounds, filtering out the clear failures, retaining the most promising candidates for

further analysis and, eventually, physically synthesizing and testing thosse cadidate com-

pounds. Machine learning has taken center stage in this screening process and promises

to dramatically lower the cost and time to bring a new drug to market [105, 35].
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Scaling up the number of interacting components, climate modeling, where billions of

moving parts affect each other chaotically over long periods of time, is engaged in a sim-

ilar transition towards learnable models. These models may supplant even deterministic

physics simulators [66]. Not only do the learned models exceed the predictive perfor-

mance of the brute-force incumbents, but they’re able to do so with only a fraction of the

compute. An important factor if you’re making new predictions every day.

This is just a sampling of the many examples of ML’s utility in science and engineering.

In each case, ML systems are transforming raw data into scientific insights at a rate

not possible without these learning models. And as we continue to use and rely upon

these models to solve problems and predict the behavior of complex systems, we should

think hard about what sorts of assumptions they should make about the forms that the

solutions they’re learning may take. In machine learning, these assumptions - baked into

the architectures of the networks - are called inductive biases, and choosing the appropriate

inductive bias is not only key to learning efficiency and performance, but to learning the

right stuff.

1.2. Analogy

Making assumptions is central to all learning, and human learning is no exception [11].

In humans, our capacity for combinatorial generalization or, as Alexander von Humboldt

put it, “making infinite use of finite means” [110] is enabled by our cognitive representation

of the world. Most simply, we represent our world as a composition of entities and their

interactions [80, 86, 39, 59]. This representational structure likely evolved due to the

stunning utility of making analogies, in which we align similar structures (typically across
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two disparate domains) and use our knowledge about one to draw inferences about the

other [18, 48, 49, 36]. This comes in particularly handy when we’re in a new situation

and need to quickly make a prediction about what happens next.

Science is filled with examples of this type of analogical thinking. Niels Bohr famously

extended Rutherford’s model of the atom by thinking of the nucleus and electrons like a

sun and planets [15]. While not entirely correct, this understanding paved the way for

more rigorous and exact descriptions that followed. Similarly, Charles Darwin drew an

analogy between artificial selection (the breeding of animals and plants) and the processes

that emerged naturally in wild ecosystems, leading to the formulation of his theory of

evolution by natural selection [99].

Similarly, James Clerk Maxwell, who discovered the eponymous Maxwell’s Equations,

was aided by an analogy to fluid flow. Blending the works of Euler, then Faraday, who

modeled magnetic fields after waves in a fluid and vibrations in a line of force, respectively,

he proposed that lines of magnetic force may behave something like vortices in a fluid

[73, 17]. This analogy, while again imperfect, catalyzed the discovery of the laws of

electrodynamics and changed our world forever.

From a long view of the history of mankind—seen from, say, ten thou-
sand years from now—there can be little doubt that the most significant
event of the 19 th century will be judged as Maxwell’s discovery of the
laws of electrodynamics.

- Richard Feynman, 1963 [31]

Following these examples, it’s reasonable to ask why analogy works so well for im-

proving generalization. And why does internal structure play such a dominant role in the

behavior of complex systems? These questions approach the nature of reality from an
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interesting angle and touch on the fundamental mysteries of why the universe is compre-

hensible at all.

1.3. Symmetries and Scale Invariance

Without flying too close to the sun, one could venture a guess that the answer as to

why analogy works so well may have something to do with how symmetries and scale

invariance manifest in the physical world. In physics, symmetries play such a central

role in the behavior of a system as to uniquely determine which physical quantities are

conserved [81]. Temporal invariance yields the conservation of energy, spatial invariance

yields the conservation of momentum, rotational invariance yields the conservation of

angular momentum, and so on. This opens the door for the possibility that other, higher-

order types of symmetries may manifest in ways that make analogously structured systems

behave similarly even when their constituent parts are different, thereby making analogical

reasoning more effective [47].

Additionally, many complex systems exhibit emergent properties that are scale-invariant,

meaning that similar patterns and behaviors can emerge at different scales [9, 71]. This

scale invariance may also contribute to the effectiveness of analogical reasoning because

knowledge may be, in effect, scaled up and down as needed. Knowledge acquired in ev-

eryday life might be can applied down to understand interacting systems in microbiology,

or up to understand entire ecosystems. This is simply because each of these examples

are, in some general way, scaled versions of one another - complex systems of interacting

agents - and as such might follow similar laws and act in similar ways [112].
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Kenneth Craik, in his 1943 book “The Nature of Explanation” [60] - one of the first

works to propose that thinking may be an act of manipulating an internal representation

of the world - asked a similar question and came to a similar conclusion:

...[a human mental model] has a similar relation-structure to that of the
process it imitates. By ‘relation-structure’, I do not mean some obscure
non-physical entity which attends the model, but the fact that it is a
working physical model which works in the same way as the process it
parallels... physical reality is built up, apparently, from a few funda-
mental types of units whose properties determine many of the properties
of the most complicated phenomena, and this seems to afford a suffi-
cient explanation of the emergence of analogies between mechanisms and
similarities of relation-structure among these combinations without the
necessity of any theory of objective universals.

- Kenneth Craik, 1943*

It would then stand to reason that the optimal internal representation should mirror

something fundamental about the structure of the external world, so that the outcomes

of mental operations made on the internal representation would mirror the outcomes of

physical operations made in the external world. To this author, it seems likely that our

internal representation of the world was constructed in this way and that the structured,

compositional nature of our internal representations is evidence that this type of structure

is central to the nature of the external world.

If instead of describing a human learning model, we were describing a machine learning

model, we would call this tendency to represent the world in a given way an inductive

bias. And specifically, we call to the tendency to represent the world in terms of objects

and their relations, a relational inductive bias.

*Excerpt taken from the exceptional Relational inductive biases, deep learning, and graph networks paper
that inspired many of the ideas in this dissertation. [11]
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1.4. Relational Inductive Bias

We can think of inductive bias as the assumptions we make about the form of the

solutions we’re after. Perhaps in humans, but certainly in machines, these assumptions

are baked into the neural architectures. These assumptions can take many forms, for

example, Convolutional Neural Networks (CNNs) assume the signal is translation invari-

ant, while Recurrent Neural Networks (RNNs) assume it is temporally invariant. This

looks suspiciously similar to the conservation laws introduced by Noether [81], but what

matters is this: whatever the model architecture, it is making some assumptions about

the structure of the signal or the function it is aiming to find.

Given the clear indication that structure and compositionality are fundamental to the

laws governing the behavior of our universe, it seems fitting to do our best to imbue

machine learning models with a similar set of assumptions that evolution has baked

into human learning models (or, perhaps more accurately we could say organic learning

models, so that we include all the other intelligent creatures that share our world).

This is where the concept of graphs comes into play. Graphs are data structures

composed of three things: objects, their properties, and the relationships between them.

The same organizing principle that governs analogy and human cognitive architecture

more broadly. In this dissertation, we’ll focus on graph machine learning, or methods

for applying machine learning to these sorts of structured objects (graphs) in a way that

respects the unique properties of those structures. We’ll discuss these properties in depth

in Chapter 2, but for now it is sufficient to know that there are ways of building learning

systems that operate on a similar kind of data that we do - graph-structured data - and
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that using these techniques allows them to construct a similar internal representation of

that data to one that we might.

1.5. First Principles

It’s common to talk about the signal that is buried in noise, but it is often also buried

under the assumptions we make about its form. As we’ve already mentioned, we can’t do

away with assumptions altogether, but through careful design, we can align them more

closely with the principles we’ve just discussed in order to let our models learn more useful

representations of their problem domain. This is, obviously, the first thing one considers

when building a new model, but methodologies often inherit functions and techniques that

come with unintentional or overlooked baggage. This is worthy of extra consideration, and

in Chapter 4 we provide a concrete example of how redesigning some basic architectural

components from first principles can materially improve structure-learning efficiency.

1.6. Purpose

This is all to say: we choose to study graphs in the context of machine learning because

it encourages us to imbue our models with the same basic assumption that we make when

trying to understand the behavior of complex systems: that the relevant actors are objects,

their properties, and their relationships. With this understanding, graph awareness allows

our models to leverage the same simplifying assumptions that we do, to focus on what

matters most (internal structure) and to bring their learned representations into line with

reality.
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2 | Background

This section is broken up into three parts to provide the necessary background for each

of the parts of the thesis.

2.1. Learning on Graphs

Broadly, graph-structured machine learning is a suite of approaches for imbuing mod-

els with relational inductive biases. We’ll talk more about this soon, but inductive biases

are just what allow learning algorithms to prioritize one representation over another, and

relational inductive biases encourage models to represent their environment as sets of

entities and relations (also called graphs). Practically, these types of structured represen-

tations reduce sample complexity and tend to improve generalization. Existentially, they

recognize that internal structure is the essence of the thing. Be they atoms, proteins,

families, or economies, it’s the relationships between their constituent parts that make

them interesting and unique.

Before we get too far, let’s align on what exactly we mean by graphs. We typically

express graphs with the following notation: G(V, E), which denotes a graph G composed

of a set of nodes V and a set of connections joining those nodes E . These connections

are called “Edges”, hence the E , and are what adds structure to the object. Edges not
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Figure 2.1. Edges adjoining two nodes can indicate both the presence and
type of relationship. In this example, neutrons (n0), protons (p+), and
electrons (e−) all interact via gravity, but only protons and electrons interact
via the electric force, and protons and neutrons via the strong force.

only reflect that a relationship between two nodes exists but can also reflect the type of

relationship. In Figure 2.1, we show an example of how a graph can be used to describe

a system of interacting parts, each with their own properties, interacting via multiple

distinct interaction types.

Graphs pose an interesting learning challenge because they don’t behave like most

other types of data. First, it is important to note the language used above: G is composed

of a set of nodes V and a set of connections E . Because these are sets, the particular

order in which they appear in some representation is irrelevant. This yields a unique

requirement for any learning model operating on graphs: permutation invariance. This

means that the output of any learning model operating on graphs must be invariant with

respect to the particular order in which the nodes and edges are presented. In the simplest

sense, graphs represents locality, meaning which nodes are relevant to which others. We’ll

discuss what relevant means more concretely soon.
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2.1.1. Permutation Invariance

To formalize this notion, let’s first discuss how graphs are typically represented. Individual

nodes vi ∈ V typically have some features associated with them. These features vary by

use case but generally represent node-specific information like type, etc. If we assume

that we have d features per node, we express the node feature matrix X as follows:

X = {v0, v1, . . . , vN}, X ∈ RN×d. Edges can be represented a number of ways but the

simplest is via an adjacency matrix. For a graph with N nodes, the adjacency matrix

represents all possible N2 pairwise interactions, taking the form of an N ×N matrix we’ll

call A. Elements Ai,j in A take on values of 0 or 1, where Ai,j = 0 means there is no edge

between nodes i and j, and Ai,j = 1 means there is an edge between nodes i and j.

Now, if we have some function f acting on the graph G, this function needs to be

invariant to the particular permutation of the nodes in X. Suppose we introduce a

permutation matrix P which can be used to permute the rows of another matrix. P is

a square binary matrix that has exactly one entry of 1 in each row and each column

and 0’s elsewhere. The function f is permutation invariant if and only if applying any

permutation P to the nodes of the graph (and correspondingly to the feature matrix X)

does not change the output of the function:

(2.1) f(X) = f(PXP ⊺)
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As we’ll discuss in the following section, neural networks operating on graphs sat-

isfy this requirement by using permutation invariant aggregation functions like addition,

multiplication, etc.

However, another challenge remains that functions operating on graphs need to ac-

count for: graphs can have widely variable numbers of nodes with widely variable connec-

tivity structures. How we aggregate and normalize this information will have dramatic

effects on the quality of the models we can learn.

Even having only covered these basics, it is clear that learnable functions operating on

graphs need to satisfy a variety of properties unique to graphs. Just like image processing

birthed the convolutional network, which satisfied the translation invariance requirement

of image data, a new kind of neural network was birthed to satisfy the permutation

invariance of graph data: the graph neural network.

2.1.2. Graph Neural Networks

The development of GNNs has been driven by a continuous interplay between theoretical

advancements and practical applications. The field remains vibrant and rapidly evolv-

ing, with ongoing research addressing both fundamental challenges and innovative uses of

GNNs in complex, real-world scenarios. This thesis introduces novel algorithms for, and

applications of, GNNs, and as such we will cover a bit of both in this introduction.
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2.1.3. A Brief History

Following around a decade of work applying recursive neural nets to graphs and tree-

structured data, the term Graph Neural Network was introduced in 2005 [40]. This work

laid the foundational framework for neural networks operating on graphs and introduced

a differentiable method for directly processing graphs and producing node-level outputs.

Following this introduction, the exploration and development of key concepts in GNNs

exploded, such as neighborhood aggregation and the use of recurrent neural network

(RNN) structures to process graph data.

In the years that followed, spectral methods took center stage, with one of the seminal

works being Bruna et al.’s 2013 paper which proposed a form of graph convolution using

the eigen-decomposition of the graph Laplacian [19]. However, while effective, spectral

methods were (and still are) computationally expensive and fundamentally unscalable. In

the face of usable datasets of exponentially increasing size, this felt untenable, and more

efficient solutions were devised.

Most notably, the Graph Convolutional Network (GCN) [65] introduced by Kipf and

Welling in 2016 brought scalability and parallelizability to the space. In response to

its simplicity and effectiveness, the GCN became a cornerstone of the GNN community

nearly overnight. The later 2010s saw the rapid expansion of GNN architectures and

applications, with variants like GraphSAGE [45], the Graph Attention Network (GAT)

[109], and others introducing new mechanisms for aggregating neighborhood information

and attention mechanisms for scaling the influence of each neighbor.

As the popularity of GNNs increased, the field began to diversify with specialized

networks for different types of graphs (e.g., directed, heterophilic) and various tasks (e.g.,
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node classification, graph classification, link prediction). At the same time, scalability

to large graphs became a major focus, and techniques for mini-batch training, subgraph

sampling, and distributed computing were developed. PyTorch was beginning to rise to

prominence, and the now ubiquitous PyTorch Geometric (PyG) was born [29].

These days, GNNs are being applied to a wide range of real-world applications in-

cluding social network analysis, recommendation systems, drug discovery, and more. A

thriving field with equal opportunity for theoretical, industrial, and social impact.

2.1.4. Neural Message Passing

Ok, but what actually is a GNN? First, it isn’t so much a new kind of neural network

as it is a new way of applying neural networks. We still use gradient descent to update

the weights, dense layers, sparse layers, ReLU activation functions, and batch or layer

normalization; all the same tricks we’re accustomed to using in deep learning. We just

do so in a way that accommodates the demands of working with graph-structured data,

specifically: satisfying permutation invariance. However, unlike in convolutional or re-

current neural networks (CNNs or RNNS), the computation being done fundamentally

changes in response to the input.

In a GNN, the input itself defines the computation graph.

What this means is that we conform the computational architecture to the input in

order to learn how a node relates to its neighbors, and we do so using a methodology

called neural message passing. This neural message passing, where vector messages are

exchanged between nodes in the graph and updated using neural networks, is the defining

feature of a GNN [44]. These vector messages start out as the input features of each
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node vi ∈ R1×d and become, through iterative message passing, node representations

hi ∈ R1×d′ , where d′ is the dimension of the node representation and may differ from d.

At the highest level, neural message passing follows a simple pattern:

(2.2) h
(k+1)
i = UPDATE(k)

(
h
(k)
i , AGGk(h

(k)
j ,∀j ∈ Ni)

)
where h(k+1)

i is the representation of node k after k+1 message passing steps, Ni is the

one-hop neighborhood of node i, and UPDATE and AGG are differentiable Update and

Aggregation functions, respectively (typically neural networks). We use the superscripts

k and k+ 1 to indicate the particular round of message passing, which is usually called a

layer in a GNN, i.e., a k-layer GNN would include k rounds of message passing.

The “messages” in message passing are the embeddings on the neighboring nodes,

and it is the task of the AGG function to aggregate them into a single message that

will then be combined with the target node embedding hk
i and transformed with the

UPDATE function to form a new embedding for the target node h
(k+1)
i . What this

means is that, after k message passing steps, each node will contain information about its

k-hop neighborhood. The optimal value of k will vary by application, but for now it is

just important to recognize that message passing is a way of contextualizing each of the

nodes, and the number of message passing steps defines the size of the neighborhood over

which we’d like to contextualize.

To make the description in Eq. 2.2 more concrete, we can express it in a simplified

form of the original GNN [40], borrowed from [44]:
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(2.3) h
(k+1)
i = σ

(
W

(k)
self +W

(k)
neighbor

∑
j∈Ni

h
(k)
j + b(k)

)

where W
(k)
self and W

(k)
neighbor are learnable weight matrices, σ is a simple nonlinearity,

like a sigmoid, and b(k) is a bias term. This is a very straightforward operation: 1)

transform the target node features into a representation, 2) sum the neighboring node

features and transform that summed vector into a representation, and 3) sum the two

together and pass that summed vector through a nonlinearity. The resultant, updated

node representation for node i contains information about it’s k-hop neighborhood and

was obtained differentiably. So, if we wanted to perform, say, node-level classification, we

would simply feed each of the transformed node representations a multi-layer perceptron

or even a single linear layer to generate node-level predictions. This is how the learned

node representations are used to make node-level predictions.

2.1.5. Neighborhood Normalization

Given the concrete example of a GNN in Eq. 2.3, a new problem becomes clearer: normal-

izing the final message generated by the neighborhood aggregation function. If |Ni| = 10

and |Nj| = 1, 000, the summation of those neighboring messages is going to have an

entirely different distribution. As neural networks struggle to gracefully handle distribu-

tional shift, we need to normalize the incoming messages. The simplest way to do this is

to take an average instead of a sum:
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(2.4) h
(k+1)
i = σ

(
W

(k)
self h

(k)
i +W

(k)
neighbor

∑
j∈Ni

h
(k)
j

|Ni|
+ b(k)

)

There are many other approaches, including the Kipf normalization introduced in the

original GCN paper [65], which divides the messages by
√
|Ni||Ni| in order to minimize

the effect of neighbors having high degrees, but it is beyond the scope of this thesis to

enumerate them all.

2.1.6. Node vs. Graph Level Prediction

Now that we’ve seen the formulations in Eq. 2.2 and 2.3, the extension from node-

level predictions to graph-level is clearer: we simply need to aggregate the information

contained in all the node representations and map that bulk representation down onto

some prediction. For regression, where we want to generate a scalar-valued prediction of

a graph, often used in such tasks as molecular property prediction (more in Chapters 5

and 6), the formulation might look something like this:

(2.5) y = Wgraph

(
N∑
i=0

hi

)

Where Wgraph is a learnable weight matrix mapping the summed representation onto

a single scalar value.

While this accomplishes the task of graph-level prediction, it does so at the cost of

expressivity. Aggregating every node in such an indiscriminate manner discards much of

the natural hierarchical structure present in graphs. If we want to capture and exploit this
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hierarchical structure to make better predictions, we’ll need a way to locate and aggregate

the nodes into higher-level clusters. Doing this in a differentiable manner turns out to

be a difficult challenge, and one we take material steps toward solving in Chapter 5. To

prepare for the approach we introduce in Chapter 5, we’ll review the task of progressively

and intelligently coarsening a graph, also known as graph pooling.

2.1.7. Graph Pooling

In Euclidean domains like computer vision, convolution and pooling (or coarsening) op-

erators work in unison to extract, transform and compress local information into rich,

abstract features. Extending this pairing to non-Euclidean domains such as graphs, how-

ever, has proven to be a persistent challenge. While convolutional operators have been

elegantly adapted to graph settings, the GCN being a prime example, the graph pooling

literature has not seen similar progress. This is largely due to the lack of inherent spatial

regularity and the unique challenges of coarsening a graph while preserving its topology.

Fundamentally, pooling operators facilitate dimensionality reduction and feature ab-

straction and enable neural networks to learn hierarchical representations of data. This

is a desirable function when considering graph data with all its implicit, hierarchical

information.

Figure 2.2 gives a colorful display of why pooling a graph is challenging. In addition to

the variable sizes and shapes of the substructures in a graph, nodes have widely variable

degrees, and the graphs themselves can have a widely variable number of nodes. Exac-

erbating an already challenging problem is how to traverse a non-Euclidean object like a

graph. In CNNs, pooling kernels are stepped over the image in a linear fashion, much like
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Figure 2.2. A colorful example to demonstrate the relative difficulty of
defining a pooling operator on molecular graphs vs. images. On the left,
we see the highly regular structure of an image. Pooling the one-hop neigh-
borhood will yield predictable results for every neighborhood. On the right,
we see the highly irregular structure of a molecule. The optimal pooling
kernel is not at all clear, nor is how we would implement an analog of the
“sliding” kernel action in images. Non-Euclidean data is more difficult to
coarsen than Euclidean data.

mowing a lawn. But with cycles, bottlenecks, and dead ends at any position in the graph,

applying the same protocol would not yield the desired result if applied to objects like a

molecular graph. Finally, in the face of all this variability, the non-negotiable feature of

any graph pooling algorithm is that it must maintain differentiability. Without this, we

cannot use it as a drop-in layer in a GNN.

To date, a number of methods have been proposed, each tackling a particular facet of

the problem [33, 42, 116, 68, 25]. We will discuss each in greater depth in Chapter 5.

Here, we’ll outline the broad contours of the problem.

Recall our definition of a graph G(V, E) having N nodes V = {v0, v1, . . . , vN} and

edges E . Graph pooling, or coarsening, is the process of mapping |V | = N nodes and

onto a new set of nodes |V ′| = M, where M ≤ N . To accomplish this, graph pooling

operators possess some combination of the following three functions: selection, reduction,

and connection (SRC) [42]. Selection is the process of grouping the input nodes, reduction



49

is the process of aggregating and compressing those groups into new representations, and

connection is the process of reconnecting the clustered nodes given the original edge set

E .

Given the discrete and connected nature of graphs, we would like the pooled or coars-

ened representation to have the following properties:

(1) Complete: We want to pool every node in the graph, not just select, for example,

the Top-k nodes.

(2) Dynamic: Given the variable topologies of graphs, some graphs may warrant

more pools than others, but it is not clear a priori how many a given graph will

need. An ideal graph pooling algorithm would be able to adapt to the input

graph and automatically learn the optimal number of pools.

(3) Connected: graphs represent locality and connectedness and we want the pooled

representation to preserve this information. Pools should be composed of only

connected nodes.

(4) Discrete: graphs represent discrete objects and relations, and we want our clus-

ters to represent the same. Each node in V should be assigned to one and only

one cluster.

As previously mentioned, a wide variety of learnable graph coarsening methods have

been introduced to address these problems [33, 42, 116, 68, 25], and each comes with

its own set of trade-offs. Some maintain connectivity but are not dynamic; others yield

discrete clusters but need exogenous regularizers to enforce connectivity. Non-learnable,

heuristic pooling methods often fail to capture the complex structural information in the

graph, while learnable methods are often expensive and sensitive to the specific choice of
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hyperparameters. Learnable methods must also contend with maintaining differentiabil-

ity: the central obstacle that produces the trade-offs listed above. To date, differentiable

methods have had to make strong a priori assumptions about either the number or size of

the learned pools, a severe disadvantage in domains where the optimal pool size is either

unknown or variable across examples (most domains).

The approach we introduce in Chapter 5, called Topographic Pooling (TopoPool) is

the first differentiable graph pooling operator to satisfy all these desiderata at once while

maintaining differentiablity. We will save our discussion for Chapter 5, but we believe

TopoPool is a material contribution to the graph pooling space and a useful addition to

the GNN toolkit.

Next, we’ll talk about the case in which the input graph, specifically the connectivity

defined in E , might not be trusted.

2.1.8. Graph Structure Learning

So far, we’ve assumed that the given graph G(V, E) is the ground truth, that every edge

is relevant, and that we should make use of them. But this is hardly the case in practice.

Graphs are typically constructed using simple heuristics - k-nearest neighbors, distance

thresholds, etc. - and often are filled with irrelevant edges that actually harm performance,

which brings us back to the purpose of the word “relevant”. A relevant edge is an edge that

can be used to improve the prediction performance. An irrelevant edge is the opposite,

one whose inclusion harms prediction performance. As with any model of any kind, be it

a learned neural network or a scientific theory, we can trust that it captures some reality

only to the extent that it can transmute the input features into reliable predictions.
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This is because standard graph neural networks make the assumption that we’ve been

making, and by default use every given edge to make their predictions. Graph structure

learning adds a layer to the graph learning problem: not only do we want to learn how the

nodes relate and to use that knowledge to improve prediction performance, but we also

want to know which types of neighbors are actually helpful in making predictions. This

brings with it a whole host of additional issues that we will cover at a high level here and

deeper in Chapter 4.

So, the first question must be: why would the presence of an edge ever harm prediction

performance? The answer lies in the assumptions that our GNN models make about the

properties of the input data.

2.1.9. Homophily and Heterophily

Formally, the edge homophily ratio of a graph is a value the range [0, 1] that denotes the

fraction of edges in the graph that join nodes with the same labels:

(2.6) H(G, {yi; i ∈ V}) = 1

|E|
∑

(i,j)∈E

1(yi = yj)

Where G is an input graph with nodes v ∈ V having labels y. While homophily isn’t

an unrealistic assumption, with most graphs being constructed this way [75], a method

for graph adaptation based on the assumptions of the downstream GNN is still desirable

as many GNN models implicitly assume a high degree of homophily and perform poorly

when this assumption is violated [119]. For example, in graphs with low homophily, such
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as the WebKB* datasets, GNN performance is often optimized by removing nearly every

edge.

At this point, we may ask why we don’t just use a model like the Graph Attention

Network (GAT) [109], let that network learn to zero out the edge weights from neighbors

that harm performance, and improve performance that way? It turns out, this isn’t what

happens.

Consider the following: take the Cora dataset [74] - an academic citation dataset in

which nodes are papers and edges connect cited papers. If we modify the connectivity

structure, E , to add, for every node, three random edges to other nodes (papers that

are not cited by the current paper), then train a GAT to perform semi-supervised node

classification on that new graph, we get a classification accuracy of 65.9%. This is not very

good. If, then, we manually set the edge weights (represented as attention coefficients in

the GAT) for each of those newly added random edges to zero (note: the GAT is not able

to learn this weighting on its own) the same GAT is able to achieve 79% accuracy. Better,

but still not great. However, if we simply remove all the newly added random edges so the

GAT does not consider them at all, the GAT can achieve 82.1% accuracy. This is in line

with the expected best performance of the GAT on this dataset. The reason we see this

behavior has to do with how the softmax function normalizes the incoming edge weights

about some target nodes. We will go into detail about in Chapter 4, but what this tells

us is that if we want to make use of the softmax function to normalize the weights on the

incoming edges (we do, as this is exceptionally useful for node embedding) then it is more

*http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-11/www/wwkb/

http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-11/www/wwkb/
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effective to drop the noisy edges altogether, rather than allowing the network to learn to

zero those edge weights. This is the task we call structure learning.

Structure learning as a task is distinct from node embedding, and to do it well requires

disentangling the two. Our method, the Graph Learning Attention Mechanism (GLAM)

introduced in Chapter 4, is the first to not employ any edge selection heuristics, exogenous

structural regularizers, or otherwise modify the existing loss function to accommodate

the structure learning task. Not only this, but GLAM can match state-of-the-art semi-

supervised node classification accuracies while inducing an order of magnitude greater

sparsity than existing graph learning methods.

Now, something we’ve glossed over until now is how we actually go about learning to

retain or discard noisy, irrelevant edges in a graph. Edges are discrete, there either is or

isn’t an edge present, and, as such, aren’t easy to add or remove differentiably. Solving

this problem requires a clever way of rethinking the sampling process that pushes the

non-differentiable operation out of the way so that gradients can flow through it. This is

known as the reparameterization trick, and we refer the curious reader to [55] to learn

more about this extraordinarily elegant technique.

* * *
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Figure 2.3. Figure borrowed from [35], with the financial, timeline, and
success probability data taken from [85]. This figure is to show how astro-
nomically expensive and time-consuming it is to bring a drug to market.
Mean costs are >$1.3B over 12 years. In our work, we target applications
in the Discovery phase on the left, introducing new methods for Lead Op-
timization and Screening.

2.2. Machine Learning in Drug Discovery

Two of the works presented in this dissertation (Chapters 5 and 6) were designed for

and inspired by applications in chemistry and drug discovery. In this section, we’ll review

how chemical compounds are represented and what sort of tasks we use machine learning

for in this space, as well as provide a brief outline of the field to scope the magnitude of

the challenges.

To begin, we refer the reader to Figure 2.3, borrowed from [35], which gives a sense

of the scope of the problem. It takes ∼12 years and >$1.3B to bring a single drug to
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market. Reducing this time and cost will not only save on expenses but more quickly

bring life-saving medicines to people who need them.

The first thing to know about this process is what a drug is: a drug is a molecule,

which is just a group of atoms bonded together to form an electrically neutral, physically

stable structure. Molecules are the most fundamental unit of a chemical compound and

the elements that take part in chemical reactions. In our body, these molecules attach to

proteins and affect how physiological and biochemical processes play out. These processes

are typically called pathways.

2.2.1. Molecules

Small-molecule drugs like aspirin, insulin, and antihistamines, make up 90% of the phar-

maceutical drugs on the market [98]. On average, these compounds are made up of

between 20-100 atoms.

In chemistry, molecules are naturally represented as graphs, Figure 2.4, where atoms

are nodes and chemical bonds are edges. Each node (atom) is characterized by features

such as:

(1) Atomic Number: Identifies the element of the atom.

(2) Chirality: Describes the three-dimensional arrangement of the atom, particularly

in stereochemistry.

(3) Degree: The number of explicit bonds the atom has with other atoms.

(4) Formal Charge: The electric charge of the atom.

(5) Hybridization: The type of orbital hybridization (e.g., sp, sp2, sp3).
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Figure 2.4. The common drug Levothyroxine, a synthetic T4 hormone used
to treat hypothyroidism, represented as a graph. Each atom is represented
as a node, and bonds between atoms are represented as edges. O = Oxygen,
N = Nitrogen, I = Iodine, H = Hydrogen, and Carbon is so common in
organic molecules that it is not indicated with its letter, C. Anywhere two
edges come together without a printed letter, that atom is assumed to be
Carbon. Single lines represent single bonds, while double lines represent
double bonds. Additionally, the triangular bond indicates that that bond
would come “out of the page” toward the reader.

(6) Implicit Valence: The number of implicit hydrogen atoms or other single-bonded

atoms connected to the atom.

(7) Isotope: The specific isotope of the element (if applicable).

(8) Number of Radical Electrons: Electrons that are not paired.

(9) Aromaticity: Whether the atom is part of an aromatic system.

Similarly, edges (bonds between atoms) can have features like:

(1) Bond Type: This includes single, double, triple, or aromatic bonds, and is a

fundamental descriptor of the bond’s nature.
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(2) Bond Stereochemistry: Information about the stereo configuration (e.g., cis/trans

isomerism) of the bond, if applicable.

(3) Conjugation: Indicates whether the bond is part of a conjugated system, which

is important for understanding electronic properties of the molecule.

(4) Ring Membership: Specifies if the bond is part of a ring structure in the molecule.

(5) Is the Bond in a Ring?: A binary feature indicating whether or not the bond is

part of a ring.

(6) Bond Rotation: Whether the bond allows for free rotation or is locked due to

double-bond character or ring constraints.

(7) Bond order: refers to the number of chemical bonds between a pair of atoms,

and it indicates the stability and strength of a bond, as well as the arrangement

of electrons in the bond.

As a brief note, while molecules can be naturally represented as a graph, we can

also express them as a string, commonly called a Simplified Molecular-Input Line-Entry

System, or SMILES string. The compound shown in Figure 2.4 can be equivalently

represented with the string:

N[C@@H](CC1=CC(I)=C(OC2=CC(I)=C(O)C(I)=C2)C(I)=C1)C(O)=O

We will not go into the grammar of the SMILES representation, but refer the curious

reader to the SMILES Wiki page.

https://en.wikipedia.org/wiki/Simplified_molecular-input_line-entry_system
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2.2.2. Feature Encoding

Once we’ve identified the atom and bond-level features, they must be encoded into a

format suitable for machine learning. This involves translating the chemical properties

of atoms and bonds into numerical vectors (feature vectors) that can then be ingested

by machine learning models. The most common way to do this is by using the RDKit

package [67].

RDKit ingests a SMILES string and generates a molecular graph representation, ex-

pressed in the standard way with G(V, E), where V is an N × d atom-feature matrix and

E is the edge set containing the bond information.

There are many other properties one could consider, particularly as it relates to graph-

level features like physiochemical properties, solvation properties, and attributes that

define intrinsic chemical reactivity [23]. However, for our purposes, we will confine our

attention to just atom and bond-level features, which can be more effectively leveraged

by graph-based machine learning methods.

Now, for a drug compound to be effective, it first needs to physically get to the site

in which it needs to work. That means it needs to be absorbed into the body, distributed

through the body (to reach the target tissue), metabolized by the body (but not too

fast!) and finally excreted (we don’t want the drug in our system forever). Collectively,

the factors of absorption, distribution, metabolism, and excretion are referred to as ADME

and are a subset of properties known as pharmacokinetic properties. Think kinematics,

like in physics, but in pharmacology space. How drugs move through the body.
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2.2.3. Pharmacokinetics

In drug development, predicting pharmacokinetic ADME properties is crucial because a

favorable ADME profile is required for any and every drug to be granted approval. For con-

text, in the last decade, 90% of all drug failures were due to poor pharmacokinetic profiles

[14]. As all relevant properties of a drug are determined by its structure, structure-aware

graph machine learning can help in predicting how a drug will be absorbed, distributed,

metabolized, and excreted in the body. An effective ADME property predictor helps

enormously in filtering candidate compounds in the hit-to-lead phase (Figure 2.3) and

streamlining the discovery process.

Initially (pre-1980s) ADME property prediction relied heavily on empirical observa-

tions and rule-based methods. Scientists used known properties of chemical compounds

(derived from physical experimentation) and basic biophysical principles to predict how

new compounds would behave. With the introduction of Lipinski’s famous “Rule of Five”

[69] in 1997, methods began to be developed to estimate drug-likeness based on molecular

properties like molecular weight, lipophilicity, and hydrogen bond donors and acceptors.

Following the Rule of five methods, and riding the rising wave of computational ca-

pabilities, quantitative structure-activity relationship (QSAR) models marked the begin-

ning of truly systematic computational approaches to ADME prediction, using statistical

techniques to correlate the chemical structures of compounds with their pharmacokinetic

properties. While more effective, these early QSAR models primarily utilized molecular

descriptors (numerical values that describe the chemical properties of entire molecules)

and linear regression or other simple statistical methods for prediction.
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Eventually, as with many prediction tasks on structured data, the field converged on

graph neural networks as the go-to solution to the ADME property prediction task. This

transition revolutionized ADME property prediction because, unlike traditional machine

learning models that relied on hand-engineered molecular descriptors, GNNs could learn

directly from the graph structure of molecules, allowing for more accurate modeling of

molecular interactions and properties.

This also brought with it the demand for greater interpretability. Without chemists

hand-engineering relevant features, the predictions themselves, while better, were put

under greater scrutiny. In the following years, many explainability and interpretability

algorithms were generated, falling broadly under the instance-based or model-based cat-

egories [117]. We will not go into great detail here, but this is an issue we also address in

our partition learning algorithm presented in Chapter 5. We’ve taken a slightly different

tack than standard interpretability methods, which are typically post hoc and do not

actually affect performance. Instead, our method uses an intrinsically interpretable algo-

rithm to add interpretability while improving performance. For a complete explanation,

see Chapter 5.

But getting back to ADME property prediction: why do these molecules have these

properties? Why does one molecule behave one way in our body and another behave

differently? It all has to do with how these molecules interact with proteins that drive all

the processes of life.
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2.2.4. Proteins

First, a quick pit stop for scale: small molecule drug compounds are made up of between

20-100 atoms, while proteins - biological entities built by our bodies - are composed of

tens to hundreds of thousands of atoms. Indeed, they are composed of so many atoms

that it’s a bit silly to think of them in that way. Typically, we think of proteins as being

made up of amino acids. Amino acids are smaller biological structures, humans have 21

different types, and a typical protein might be composed of between 50 and 2000 such

amino acid blocks [6].

While we don’t contribute methodologies specifically related to proteins in this disser-

tation, they are relevant and interesting enough to warrant a brief introduction.

Proteins play a crucial role in almost all biological processes in the body, and the

interaction between proteins and small molecule drugs is a key aspect of modern thera-

peutics. As we’ve already mentioned, proteins are large, complex molecules made up of

amino acids. The particular sequence of amino acids in a protein is what determines its

structure and, just like with small molecules, its function.

Proteins perform a huge variety of functions in the body. They act as enzymes, catalyz-

ing biochemical reactions necessary for life, and play roles in transport, communication,

and immune response while also comprising the major structural elements of all cells [52].

For example, hemoglobin, a protein in red blood cells, transports oxygen throughout

the body, while insulin, a hormone protein, helps regulate blood sugar levels. A partic-

ularly compelling and specialized class of protein are Class I Topoisomerases, shown in

Figure 2.5, used to help untangle DNA in the nucleus. We will now embark upon a brief

tangent - but these proteins are too impressive not to mention! For context, each of our
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Figure 2.5. A Topoisomerase protein (blue) binds with a DNA helix.

cells packs two meters of DNA into a bundle on the order of microns (millionths of a

meter) across. Inevitably, these strands get tangled, but in order to access the genetic

information, they must be unwound. Enter: Topoisomerases.

Topoisomerases help to untangle strands of DNA in the nucleus by wrapping around

the DNA at a damaged site, cutting one of the two strands, holding onto one strand while

letting the helix relax (from over or under-winding), and finally reconnecting the broken

strand, restoring the double helix [3]. One protein does all this. Ok, topoisomerase tan-

gent: complete. The adeptness with which proteins solve astronomically (or, biologically!)

hard problems in our bodies truly astonishing.
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So, why do we care about proteins in drug discovery? Because proteins are the central

actors in so called “pathways” in the body. A biological pathway is a series of actions

among molecules in a cell that leads to a certain product or a change in the cell. These

pathways are crucial for processes like metabolism, signal transduction, and gene regu-

lation. They can be simple, involving a few steps, or highly complex, involving multiple

layers of regulation and interaction. All of them rely on proteins to carry out these

processes, and if we want to intervene, targeting the proteins is one way to do so.

Many diseases are caused by the dysregulation of these pathways. For example, cancer

can result from the malfunction of signal transduction pathways that control cell growth

and division. Targeting specific proteins in these pathways is a common strategy in drug

development. For instance, drugs may inhibit overactive enzymes in a cancerous pathway.

In Figure 2.6, we show a cartoon of a pathway, with different states being arrived

at through some actions. At the top, the healthy progression has been interrupted by

some maladaptive action, resulting in a diseased state. At the bottom, we show how drug

activity might put the pathway back on track so that it arrives at a healthy state instead.

As the function of proteins is determined by their structure, that is what we’re trying

to change with small molecules. As we can see in Figure 2.5, proteins have a highly

irregular, bumpy surface. Small molecules, if designed just right, can fit into one of those

concave bumps and bond with the protein, changing its shape and thereby changing its

function. These small, concave bumps are called pockets, and fitting a drug inside them

is no easy task.
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Figure 2.6. A cartoon depicting possible modifications to an abstract path-
way. In the top, the healthy progression has been interrupted by some
maladaptive action, resulting in a diseased state. In the bottom, we show
how drug activity might put the pathway back on track so that it arrives
at the healthy state instead.

2.2.5. Lock and Key

A common model used to describe how small molecules bind with proteins is known as

the lock-and-key model. The protein pocket is a small, irregular, and very specific shape,

like the series of pins in a lock. The small molecule, then, is like a key. If it has the

right shape, it will nest itself inside the pocket and stay there, affecting how the protein

functions.

While this is a simplified model, it is widely used to describe the challenging problem

of protein-ligand binding (ligand is the technical term for a small molecule in this context).
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2.2.6. Challenges of Learning in Chemical Space

Despite these advancements to machine learning methodologies we’ve just discussed, chal-

lenges remain. These challenges stem from both the complexity of biological systems and

the limitations of current machine learning techniques.

Of particular note are limitations to the graph representation itself. While graph-

based models have rapidly become state-of-the-art, they still face challenges in adequately

capturing 3D molecular structures and interactions. This is primarily due to the difficulty

of generating accurate conformers, or 3D shapes of the physical molecule.

Generalizing across chemical space also remains a challenge. Models trained on one

set of compounds may not perform well on others, especially if the new compounds are

structurally diverse from the training set. Among other biological reasons, this is driven

largely by the concept of activity cliffs [101], which refers to the dramatically different

behavior that can arise from only slight modifications to the structure of the chemical

compound.

In terms of usability in a medicinal chemistry context, interpretability and explain-

ability also remain an open problem. It’s crucial to understand why a model makes

a particular prediction, not only to understand it from a chemistry perspective but to

improve upon and debug the models.

In this dissertation, we address the issues of generalization and interpretability by in-

troducing a methodology for learning to extract and represent molecular subgraphs explic-

itly. Because discrete subgraphs, like functional groups appended to a backbone scaffold,

are known to affect ADME property values in specific ways, learning to extract and rep-

resent these explicitly should help with generalization. Simultaneously, which subgraphs
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are extracted, paired with the weight assigned to them by the model, helps when it comes

time to interpret the predictions.

* * *
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Figure 2.7. A schematic of the Fermilab Accelerator Complex. In our work,
we address problems relating to the two large rings, the Main Injector and
Recycler Ring, as well as the Muon experiments.

2.3. Particle Accelerators

In Part III, we review select projects from our extensive research engagement with

Fermilab: North America’s particle accelerator complex.

As we will discuss, particle accelerators not only help us better understand how the

world works, but their development has birthed such technologies as the Internet, MRI

machines, and targeted cancer treatments. These are enormously interesting and impor-

tant machines, and it has been an honor to get to work alongside the brilliant folks at

Fermilab.
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While our contributions in the machine learning space revolve around recurrent and

convolutional machine learning methodologies, a rudimentary understanding of the accel-

erators under study is both helpful for comprehension and interesting in its own right.

Plus, when else are we going to get to pack graph ML, computational chemistry, and

particle accelerators all into one chapter? Let’s get into it.

2.3.1. Why? How? What?

In the most basic terms, a particle accelerator does what it says on the tin: propels

charged particles to high speeds, where high means near the speed of light. Slamming

these particles into things (either colliding them with each other or directing them at a

stationary target) creates conditions that wouldn’t otherwise exist (or ones that haven’t

existed since the big bang) and lets physicists look under the hood at the rules governing

the behavior of our universe. Over the last hundred years or so, we’ve used accelerators to

build up what is called the Standard Model, our best theory to date about the fundamental

particles and forces in the universe.

2.3.2. Fermilab

In North America, Fermilab†, located just a few miles outside of Chicago in Batavia

Illinois, is the premier accelerator complex and home to a wide array of machines and

experiments. Figure 2.7‡ presents a high-level diagram of the facility. What is not obvious

from this Figure is the size of the facility: the blue and green paths corresponding to the

†Fermilab has a rich and exciting history, and I highly recommend anyone interested in learning more do
so at their website: https://www.fnal.gov/
‡Figure 2.7 courtesy of Fermilab: https://www.fnal.gov/pub/science/particle-accelerators/accelerator-
complex.html

https://www.fnal.gov/
https://www.fnal.gov/pub/science/particle-accelerators/accelerator-complex.html
https://www.fnal.gov/pub/science/particle-accelerators/accelerator-complex.html
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Main Injector (MI) and Recycler Ring (RR) have circumferences of two miles. Arrows

represent the direction of motion of the charged particles (sourced in the lower left).

Buried deep underground and confined with strong magnetic fields, charged particles

whip around the complex inside in steel tube called the beampipe. Along the way, they

are accelerated, shaped, bunched, and redirected to the site of each experiment. Every

second, particles will make around 100,000 trips around the Main Injector and Recycler

[53].

The systems we are most interested in are 1) the Main Injector and the Recycler

Ring, and 2) the Muon experiments. For more logistical than scientific reasons, the Main

Injector and Recycler Ring share a tunnel. This leads to interesting and challenging

problems that we’ve shown can be solved efficiently with machine learning.

2.3.3. Real-Time Edge AI for Distributed Systems (READS)

First and foremost, I would like to thank my collaborators, particularly Kyle Hazelwood,

who provided countless hours of guidance, support and camaraderie as we turned an

idea into a reality that promises to change how accelerator operators engage with these

machines.

In Chapters 8 and 9, we will cover in detail the research in the following articles:

• K. Hazelwood†, R. Shi†, B.A. Schupbach†, M. Thieme†, M.R. Austin, M.A.
Ibrahim, V.P. Nagaslaev, D.J. Nicklaus, A.L. Saewert, K. Seiya, R.M. Thurman-
Keup, N.V. Tran, A. Narayanan, H. Liu, S. Memik, “Real-time Edge AI For
Distributed Systems (READS): Progress On Beam Loss De-blending for the Fer-
milab Main Injector and Recycler,” in Conference IPAC’21.

• K.J. Hazelwood†, M. Thieme†, J. Arnold, M.R. Austin, M.A. Ibrahim, V.P.
Nagaslaev, A. Narayanan, D.J. Nicklaus, G. Pradhan, A.L. Saewert, B.A. Schup-
bach, K. Seiya, R.M. Thurman-Keup, N.V. Tran, D. Ulusel, H. Liu, S. Memik, R.
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Figure 2.8. The solid circle represents an accelerator, with the arrows in-
dicating the direction of travel of the particles. Dots around the outside
represent (not to scale) the beam loss monitors spread evenly around the
accelerator. When the beam scrapes against the edge of the beampipe, it
will emit a spray of particles, shown here in red. The BLM’s local to the
event will detect and report the intensity of the radiative losses.

Shi, “Semantic Regression for Disentangling Beam Losses in the Fermilab Main
Injector and Recycler” in Conference NAPAC’22.

• Shi, R., Ogrenci, S., Arnold, J. M., Berlioz, J. R., Hanlet, P., Hazelwood, K.
J., Ibrahim, M. A., Liu, H., Nagaslaev, V. P., Narayanan, A., Nicklaus, D. J.,
Mitrevski, J., Pradhan, G., Saewert, A. L., Schupbach, B. A., Seiya, K., Thieme,
M., Thurman-Keup, R. M., and Tran, N. V. Ml-based real-time control at the
edge: An approach using hls4ml. In the 31st Reconfigurable Architectures Work-
shop (RAW) 2024.

†Equal Contribution
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2.3.3.1. The Challenge. Excavating an underground tunnel two miles long is an expen-

sive and time consuming task, but one that needed to be done to accommodate Fermilab’s

latest accelerator: the Main Injector. When the Main Injector had been built and the

need arose for a place to store those accelerated particles, instead of digging a new two-

mile loop for this new machine, they put it inside the existing tunnel (often referred to

as an enclosure) that had already been dug for the Main Injector. This was a remarkable

achievement and allowed for the completion of the project on budget and on schedule.

However, while these machines are almost unfathomably precise in their ability to

guide a beam of particles traveling near the speed of light, they are not perfect. Occasion-

ally, these particles will deviate from the center of the beampipe and scrape against the

steel beampipe itself. This generates a spray of particles we refer to as “radiative beam

losses”, and we can detect them on an array of detectors known as Beam Loss Monitors

(BLMs) that sit inside the tunnel next to the accelerators. See Figure 2.8 for a high-level

overview. Investigating the readings on the BLMs allows operators of the machine to

know when and where these deviations occur and take action accordingly.

The challenge comes from the shared nature of the enclosure: in periods of joint

operation, when both MI and RR contain high intensity beam, radiative beam losses

from MI and RR overlap on the enclosure’s shared beam loss monitoring system, making

it difficult to attribute those losses to a single machine. Incorrectly diagnosing the source

results in unnecessary downtime that incurs both financial and experimental cost. It is

our task to disentangle these overlapping beam loss profiles in order to pin down which

machine needs to be adjusted or shut down. We do so with a novel neural approach taking

the form of a continuous adaptation of the popular U-Net [89] architecture.
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2.3.4. The Muon-to-Electron Experiment (Mu2e)

The second experiment we’ve contributed to at Fermilab is known as Mu2e [2]. I would

like to recognize my brilliant counterparts at Fermilab, Aakaash Narayanan, and Vladimir

Nagaslaev, for their invaluable guidance over the course of this project.

Work for this project was published in the following articles, the first two of which

will be covered in detail in Chapter 10 and 11.

• A. Narayanan†, M. Thieme†, K.J. Hazelwood, M.A. Ibrahim, H. Liu, S. Memik,
V. P. Nagaslaev, D.J. Nicklaus, P.S. Prieto, K. Seiya, R. Shi, B.A. Schupbach,
R.M. Thurman-Keup, N.V. Tran, “Optimizing Mu2e Spill Regulation System
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The Mu2e experiment at Fermilab is a high-precision physics experiment designed to

explore the frontiers of the Standard Model. Its primary objective is to observe and study

the relationship between electrons and muons (electrons’ heavier cousin). Specifically,

it is to study the rare conversion of a muon into an electron without the emission of

neutrinos. This process, if observed, would be a clear indication of physics beyond the

Standard Model, and help us better understand the particles (electrons) that quite literally

keep the light of civilization burning.
†Equal Contribution
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Figure 2.9. A single example spill, where the gray line indicates the ex-
tracted spill rate, or intensity, and the blue line reflects the ideal (but not
achievable) extraction rate.

The Mu2e experiment intends to capture high-energy muons in Aluminum atoms and

look for new physics in their decay to electrons. To help increase the signal strength,

Mu2e demands pulses of muons arrive at the Aluminum target with strict requirements

on the “rate uniformity”, which just means the time variation in the intensity of the muon

pulses. Because the signals we’re looking for are so faint, this uniformity dictates the

sensitivity of the experiment, and it is this uniformity that the research described in this

dissertation is attempting to maximize.

To create the muons, proton pulses are slammed into a production target and muons

are obtained from the secondaries, meaning that they are emitted as a byproduct of the

protons impacting the production target. The proton pulses are created by the “slow

extraction” of the bunched beam from the Delivery Ring, which is the process of cleaving

off part of the proton beam circulating in the Delivery Ring and sending it down another

beampipe to the experiment site. This extraction (or ‘spill’) of protons from the Delivery

Ring is achieved using a process known as third integer resonance extraction. For our
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purposes, this is just the act of cleaving off part of the circulating beam we described

above.

Our objective is to regulate the uniformity of the extracted spill - or increase its Spill

Duty Factor (SDF) - by regulating this slow extraction process. The SDF is defined as

follows:

(2.7) SDF =
1

1 + σ2
spill

where σ2
spill is the variation in the extraction rate. For now, we can think of this

extraction rate as intensity, as extraction rate per time is intensity. An example spill is

shown in Figure 2.9, where the gray line indicates the extracted spill rate, or intensity,

and the blue line reflects the ideal (but not achievable) extraction rate.

2.3.4.1. Extraction System. This extraction is governed by an extraction system com-

posed of three main parts: the quadrupole magnet, the sextupole magnet, and the electro-

static septum. Figure 2.10 shows a visual representation of each component. Each magnet

has a role: the quadrupole changes the shape of the circulating proton beam (more on

this later), and the sextupole shapes and compresses the beam. The electrostatic sep-

tum is what actually cleaves the circulating protons off the primary beam and directs

them to the downstream experiment. For our purposes, we assume that the sextupole

and the electrostatic septum are static elements, and we will modify the current (and,

transitively, the magnetic field strength) over the quadrupole. Functionally, we can think

of the quadrupole as squeezing the circulating beam, changing its cross-sectional profile

and thereby modulating how many protons are cleaved off by the electrostatic septum.
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Figure 2.10. In our setting, we focus on modulating the quadrupole current
to control the extraction rate. For our purposes, we consider the sextuple
and electrostatic septum as fixed.

Figure 2.11. A snapshot of the beam in physical space at the extraction
location. As the horizontal beam size increases, a slice of the circulating
beam (that is past the position of the electrostatic septum) is extracted.

Figure 2.11§ puts this into physical context.

§Figure courtesy of Aakaash Narayanan [78].
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At present, regulating the extraction rate is accomplished with a standard 3-parameter

PID controller. The inner workings of PIDs are a bit out of scope for this thesis, but suffice

it to say, PID controllers are used across the sciences and engineering and are exceptionally

effective and simple regulators. That being said, they are also linear and symmetric

heuristic control systems, and that they are driven by constant parameters mean that

they implicitly assume the response of the system is invariant across all operating regions.

While there are ways of getting around some of these issues, e.g. stacking or cascading

PIDs on top of one another, the heuristic nature of their operation remains. Due to

the possibility of a nonlinear noise profile and variable response characteristics across

operating regions, a learnable controller would be more desirable.

This is where we enter the fray.

2.3.4.2. Learning to Control. We would like to do one of two things to increase the

uniformity of the extraction rate, 1) optimize the parameters of an existing PID controller,

or 2) replace the PID controller entirely with a learnable controller.

Fortunately for us, the great folks at Fermilab had already solved the first problem

and built a physical simulator of the entire system [107]. It was capable of simulating

the random fluctuations in the intensity of the circulating proton beam and the effect of

modulating the quadrupole current on the extraction rate. Our first contribution was to

make this excellent simulator fully differentiable. More on that in Chapter 10. For an

intuitive understanding of the computational setup, see Figure 2.12.

In Chapters 10 and 11, we will review in detail how we built our learning systems,

how well they performed relative to the baseline PID, and some steps we might take to
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Figure 2.12. A diagram of the architecture that allowed for the optimization
of existing PID parameters as well as the development of a fully learnable
controller. Components shown in red were made to be differentiable, which
allowed for the regulator (which is shown as a neural network here but could
also be a PID controller) to be optimized using the standard machinery of
gradient descent and backpropagation.

improve them further. The learning models themselves took the form of recurrent neural

networks, adapted so as to accommodate our particular needs.
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Part 2

Learning and Leveraging Graph Structure
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3 | Introduction to Part 2

The value of a scientific theory scales in proportion to the agreement between its pre-

dictions and reality. When predictions align with reality, we can be confident that the

organizational structure set forth in the theory, i.e., which elements affect one another,

as well as the nature of those relationships, mirrors some fundamental truth about the

domain. In this thesis, we consider the training of machine learning models via gradient

descent as an analog of this forward process of observation → theory → validation. In

the context of machine learning, observations are simply the input data, and the theory is

the learned mapping between those observations and the predictions made by the model.

Then, we can think of gradient descent as the process of iteratively updating a model’s

theory, given the observations, to move its predictions closer to reality. In this way, as

the predictions made by the model converge onto reality, we can be increasingly confident

that the theory learned by the model mirrors some fundamental truth about the prob-

lem domain. There are, however, challenges with extracting and interpreting a theory

from a model. In addition to the well-known challenge of inspecting the ‘black box’ of a

deep neural network’s weights, learned representations are affected by strong assumptions

baked into the model’s architecture. Based on the symmetries inherent to the problem
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domain, e.g., translation invariance, temporal invariance, or permutation invariance, we

employ model architectures that confine the solution space to ones possessing those same

symmetries, with, e.g., convolutional kernels, recurrent blocks, or message passing layers.

While effective for improving generalization performance, these assumptions can affect

how and what information flows backward from loss functions into the model. By mixing

our assumptions into the learned abstractions, this process, in effect, fogs the lens that is

the machine learning system, making the theory learned by the model more difficult to

interpret.

Motivated by this problem, in Part 2 we look at methods for clarifying the lens of

machine learning systems to improve the interpretability of the theory learned by our

models as well as the generalization performance. We focus on graph-structured repre-

sentations of data, both for their generality and because graph structures are well suited

to extension into the natural sciences. Our work takes the form of architectures that

disentangle unrelated tasks, algorithms that make fewer assumptions about structures in

the data, and, broadly, methods that allow structure/partition-learning signals to flow

more smoothly from losses to weights. Note that this does not mean doing away with

all of our assumptions about the problem domain; without assumptions, learning isn’t

possible. Instead, it means rethinking the role that individual components play in our

learning systems and working up from first principles to build graph-based algorithms

that don’t inherit unnecessary baggage.
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3.1. Contributions to Graph Machine Learning

Part 2 covers three methods for leveraging graph structure to inform the scientific

process.

The first is what we call the Graph Learning Attention Mechanism (GLAM) [104].

GLAM is designed to answer the question: which relationships actually matter? In sci-

ence, a central task is to prune the spurious connections out of a theory. Maybe we thought

that objects of type Y interact with those of type X but it turns out they actually don’t,

or at least that knowing about the behaviors of objects of type X isn’t terribly informa-

tive when predicting the behavior of objects of type Y. This notion has been encoded

into many GNN algorithms, particularly those based on attention like the GAT [109].

In attention-based GNNs, node aggregation functions implicitly rely on learned attention

coefficients to scale the influence of incoming messages. However, as we’ll show, mixing

the distinct tasks of identifying useful edges (typically called structure learning) and gen-

erating useful node embeddings, is fraught with subtle issues. We show how disentangling

these tasks allows attention-based GNNs to learn sparser, more effective structures. Not

only is this more effective, computationally efficient, and grounded in first principles, it

results in learned interaction structures that are sparser and more interpretable.

The second is what we call Topographic Pooling (TopoPool) [102]. TopoPool is de-

signed to answer the question: in a graph, which nodes work together to affect some

global, graph-level property in a predictable way? This is another central element of

understanding complex systems because only rarely does a single element of a complex

system dictate its properties and behavior. More often, it is groups of interacting elements

that, through their interactions, influence the properties of the system. This was inspired
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by graph-level property prediction in the pharmaceutical space, where the interaction of

groups of atoms in a molecule determines properties like reactivity, stability, biological

activity, etc., but the relevance extends well beyond this domain. In materials science,

properties of materials such as strength, conductivity, or heat resistance often depend on

the interactions between their constituent particles; in the brain, behavior is also deter-

mined more by large networks of neurons that fire together than it is by any single neuron;

and in ecosystems, which can be thought of as networks of species interacting with each

other, discrete clusters within these networks are key to determining ecological balance,

species interdependence, or the impact of environmental changes.

Finally, we introduce a method for generating new graphs having a desireable prop-

erty distributions called Neural Atomic Replacement via Guided Molecular Adaptation

(NAR) [103]. This methodology is designed to take the next step and ask: how can we

use our understanding of some system - encoded in the weights of a neural network - to

produce something new, having more desirable properties? We can think of this method

as sitting at the intersection of science and engineering, as a means of transforming pre-

dictive models directly into generative ones. Why would we want to do this? In our case,

we were motivated again by problems in drug discovery, namely lead optimization. It

is often the case that a promising drug compound (a lead) is synthesized, tested, and

found to be reasonably effective. However, it may be more effective if, say, it was less

toxic, more absorbable, or metabolized more slowly. The question then becomes: how

do we modify the molecule to improve these properties without unduly affecting all the

properties that we already like about it? As the properties of a compound are dictated by

its structure, we’ve opted to retain the (graph) structure and introduce a way to modify
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those properties without modifying the structure. We accomplish this by using predictive

models in conjunction with the standard machinery of machine learning, backpropaga-

tion, to swap atom types within a given structure in such a way that it optimizes the

predicted properties towards some targets of our choosing. We’ll show that this is sim-

ple, effective, and capable of generating new, chemically valid compounds with uniformly

better improved property values. We’re also proud to say that one of these compounds

generated by our method has been selected for synthesis and testing at AbbVie, a highly

non-trivial milestone for any generative model in chemistry.
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4 | Graph Structure Learning

Graph Neural Networks (GNNs) are powerful local aggregators, but their sensitivity to

network structure leaves them vulnerable to noisy edges. In response, many GNNs include

edge-weighting mechanisms that scale the contribution of each edge in the aggregation

step. However, to account for neighborhoods of varying sizes, node-embedding mecha-

nisms must normalize these edge weights across each neighborhood. As such, the impact

of noisy edges cannot be fully eliminated without removing those edges altogether. Mo-

tivated by this issue, we introduce the Graph Learning Attention Mechanism (GLAM):

a drop-in, differentiable structure learning layer for GNNs that separates the distinct

tasks of structure learning and node embedding. In contrast to existing graph learning

approaches, GLAM does not require the addition of exogenous structural regularizers or

edge-selection heuristics to learn optimal graph structures. In experiments on citation and

co-purchase datasets, we demonstrate that our approach can match state-of-the-art semi-

supervised node classification accuracies while inducing an order of magnitude greater

sparsity than existing graph learning methods.



85

4.1. Introduction

Local interactions govern the properties of nearly all complex systems, from protein

folding and cellular proliferation to group dynamics and financial markets [100, 26, 72,

83, 56]. When modeling such systems, representing interactions graphically can improve

model performance dramatically at both the local and global levels. Graph Neural Net-

works (GNNs) designed to operate on structured data have quickly become state of the

art in a host of structured domains [114]. However, GNN models rely on the provided

topologies representing meaningful relations, for example, the bonds between atoms in a

molecule [27]. Additionally, to generate useful node embeddings, GNNs require permuta-

tion invariant neighborhood aggregation functions, many of which implicitly assume that

neighborhoods satisfy certain homogeneity properties [119]. Therefore, if noisy edges are

introduced, or if the neighborhood assumptions are not met, GNN performance can suffer.

To address both issues simultaneously, many GNNs include mechanisms for learning

edge weights that scale the influence of neighboring features in the aggregation step.

The Graph Attention Network (GAT) [109], for example, adapts the typical attention

mechanism [108] to the graph setting, learning attention coefficients between adjacent

nodes in the graph as opposed to between tokens in a sequence. We will argue in Section

4.2.1 that the demands of edge weighting (or structure learning) are in an inherent conflict

with those of node embedding, and edge weighting mechanisms that are shared with node

embedding mechanisms are not capable of eliminating the negative impact of noisy edges

on their own.

In this work, we introduce a method for separating the distinct tasks of structure

learning and node embedding in GNNs. Our method takes the form of a structure learning
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layer that can be dropped in front of existing GNN layers to learn task-informed graph

structures that optimize performance on the downstream task. Our primary contributions

are as follows:

(1) We introduce a principled framework for considering the inherent conflicts be-

tween structure learning and node embedding.

(2) Motivated by this framework, we introduce the Graph Learning Attention Mecha-

nism (GLAM), a layer that, when used alongside GNNs, can separate the distinct

tasks of structure learning and node embedding and improve GNN performance.

(3) We demonstrate the efficacy of the GLAM layer on real-world graph benchmarks,

which show its capability for retaining high classification accuracies while induc-

ing an order of magnitude greater sparsity than competing methods.

In contrast to existing structure learning methods [70, 115, 21, 32, 96, 76] GLAM

does not employ any edge selection heuristics, exogenous structural regularizers or other-

wise modify the existing loss function to accommodate the structure learning task. This

makes it simpler to apply in existing GNN pipelines as carefully crafted and domain-

specific objective functions do not need to be modified. To improve explainability and

robustness, we learn the optimal graph at each layer. This not only improves performance

and induces greater sparsity but allows us to observe the relationship between the data,

the GNN aggregator, and the downstream task more clearly. Our approach is also scal-

able and generalizable to the inductive setting as it does not rely on optimizing a fixed

adjacency matrix.
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4.2. Preliminaries

As our method takes inspiration from the original GAT, we begin by reviewing the

mechanism by which the GAT layer generates edge weights, as well as how those edge

weights are used to aggregate neighborhood information. Understanding this mechanism

is important to understanding our conceptual framework (Section 4.2.1) as well as the

GLAM layer (Section 4.3).

Graph attention networks learn weighted attention scores eij for all edges between

nodes i and j, j ∈ Ni where Ni is the one-hop neighborhood of node i. These attention

scores represent the importance of the features on node j to node i and are computed in

the following manner:

(4.1) eij = LeakyReLU
(
a⃗T [WGAT h⃗i ∥ WGAT h⃗j]

)
where h⃗i ∈ RF are node feature vectors, ∥ is vector concatenation, WGAT ∈ RF ′×F

is a shared linear transformation for transforming input features into higher-level rep-

resentations, and a⃗ ∈ R2F ′ are the learnable attention weights that take the form of a

single-layer feedforward neural network.

To ensure the attention scores are comparable across neighborhoods of varying size,

they are normalized into attention coefficients αij using a softmax activation:

(4.2) αij = softmaxj(eij) =
exp(eij)∑

j∈Ni
exp(eij)
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For stability and expressivity, the mechanism is extended to employ multi-head attention,

and the outputs of the K heads in the final layer are aggregated by averaging:

(4.3) h⃗′
i = softmax

(
1

K

K∑
k=1

∑
j∈Ni

αk
ijW

k
GAT h⃗j

)

In the next section, we explain why the normalization procedure in Eq. 4.2, while

crucial for node embedding, is an impediment for structure learning.

4.2.1. Node Embedding vs. Structure Learning

At first glance, it may seem we could address the structure learning problem by simply

thresholding the existing GAT attention coefficients αij. However, due to the need for

neighborhood-wise normalization and permutation invariant aggregation, this would not

be ideal. As a motivating example, consider the following: if we add three random edges

per node to the standard Cora dataset [74], then train a GAT to perform semi-supervised

node classification, we get a classification accuracy of 65.9%. If we manually set the

edge weights for each of those newly added random edges to zero (note: the GAT is not

able to learn this weighting on its own), the same GAT is able to achieve 79% accuracy.

However, if we simply remove all the newly added random edges so the GAT does not

consider them at all, the GAT can achieve 82.1% accuracy. In GNNs with permutation-

invariant aggregation mechanisms, dropping noisy edges is more effective than learning

to zero their edge weights.
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To understand this result, it’s important to understand why the GAT attention co-

efficients are calculated as the softmax of the attention scores. This softmax step serves

two important purposes:

(1) It normalizes the attention scores into attention coefficients that sum to one,

which ensures the sum of the neighboring representations (as defined in Eq. 4.3)

is also normalized. This is a crucial function of any node embedding mechanism

because it normalizes the distributional characteristics of h⃗′
i not just across dif-

ferent neighborhoods but across neighborhoods of varying size. Without this,

the downstream layers that ingest h⃗′
i would need to account for widely variable

magnitudes in the values of h⃗′
i, and performance would suffer.

(2) The softmax serves as an implicit, low-resolution structure learning device. To

locate the maximum input element in a differentiable manner, softmax uses ex-

ponentials to exaggerate the difference between the maximum element and all

of the rest. In graph attention networks, this means exaggerating the difference

between the attention coefficient of the single most important neighbor vs. all the

rest. This imbues the attention coefficients, and thus each node’s neighborhood,

with a soft sparsity that improves the learned node embeddings by minimizing

the influence of all but the single most useful neighbor.

For these reasons, if our aim is to generate useful node embeddings for node-wise

prediction, we should not do away with the softmax activation to normalize attention

coefficients in each neighborhood. However, as our aim is to jointly learn useful node

embeddings and the graph structure, this embedding mechanism alone is not sufficient. As

discrete graph structure learning subjects local neighborhoods to a noisy evolution process
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as the network samples edges, we need to assess the value of each neighbor independently.

When the value of a given neighbor is conditional on the present neighborhood, it is

difficult to disentangle the relative value of one neighbor from another as the neighborhood

evolves.

This is why the existing edge-weighting + node embedding paradigm is insufficient if

our goal is to simultaneously learn node embedding and graph structure: the neighborhood-

wise normalization (softmax over edge-weights) expresses each neighbor’s importance rel-

ative to all the other nodes in the neighborhood, which is in direct conflict with the

edge-wise independence requirements of structure learning.

To preserve the embedding advantages of GNNs while accommodating the conflicting

demands of structure learning, we introduce the Graph learning Attention Mechanism

(GLAM).

4.3. The Graph Learning Attention Mechanism (GLAM)

Like the GAT layer, the GLAM layer ingests the node features h ∈ RN×F and the

edge set E , where N is the number of nodes, and F is the number of features per node.

For each node i, we transform the node features hi into higher order representations xi

using a shared linear transformation W ∈ RFS×F :

(4.4) xi = W(h⃗i), xi ∈ RFS

For each edge between nodes i and j in the provided edge set E , we then construct a

representation for that edge by concatenating the node representations xi and xj. From
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here, our GLAM layer differs from the GAT layer. Using another shared linear layer

S ∈ R1×FS , we map these edge representations onto structure learning scores η ∈ R|E|×1,

where the score ηij for each edge becomes:

(4.5) ηij = σ
(
S
[
xi∥xj

]
+ u
)

where ∥ is vector concatenation, u ∈ R1 is i.i.d. noise drawn from a U(−0.5, 0.5) distribu-

tion centered about zero, and σ is a sigmoid activation allowing each ηij to be interpreted

as the probability of retaining the edge between nodes i and j. We note here that the

noise term is not strictly required, but we found that it helped to smooth out the training.

Finally, we extend the GLAM layer to include K attention heads, and the final struc-

ture learning score ηij for each edge becomes:

(4.6) ηij = σ
( 1

K

K∑
k=1

Sk
[
xi∥xj

]
+ u
)

Next, we sample a discrete mask M ∈ {0, 1}|E| from the distribution parameterized by

the structure learning scores η. When applied to the given graph E , we get a sparsified

graph M(E) → E ′ ⊆ E . To sample the discrete values in M from the continuous probabil-

ities in η differentiably, we use the Gumbel-Softmax reparameterization trick introduced

by [55] and retain the edge between nodes i and j if ηij ≥ 0.5. This value was chosen

because it splits the extreme values of η and was fixed in all our experiments.
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This new graph E ′ is then used in place of E in the downstream GNN representation

learner. If that downstream GNN were a GAT, using the equations from Section 4.2, the

attention coefficients would become:

(4.7)

αij = softmaxj(eij) =
exp(eij)∑

j∈N ′
i
exp(eij)

and

h⃗′
i = softmax

(
1

K

K∑
k=1

∑
j∈N ′

i

αk
ijW

k
GAT h⃗j

)

where the neighborhoods N ′
i are defined by the non-masked edges in E ′ where η > 0.5.

As each GNN model incorporates graph structure in its own way, we have ensured

that GLAM produces a maximally general, differentiable mask on the given edges. This

mask may be readily used to separate the structure learning tasks from node embedding

regardless of the particular embedding mechanism.

For example, we incorporate the learned graph M into the GAT by trivially swapping

the softmax over the attention coefficients with a sparse softmax that respects the masked

edges (as shown in Eq. 4.7). Extending beyond the GAT, we could incorporate the learned

graph into the widely used Graph Convolutional Network (GCN) [65], for example, by

simply multiplying the adjacency matrix A by the mask M before the application of the

renormalization trick. To apply M in arbitrary GNNs, we need only to insert it before

the neighborhood aggregation step. Therefore, the GLAM layer may be utilized with

arbitrary downstream GNNs without affecting the differentiability of the model.
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Figure 4.1. A: An illustration of the Graph Learning Attention Mechanism
operating on a single pair of connected nodes with features hi, hj ∈ RF ,
using the shared weight matrix W ∈ RFS×F and multi-headed attention
with K = 3 heads. B: A high-level overview of how the GLAM layer is
used to learn optimal graph structures at each layer. The input is the
original graph with node features h ∈ RN×F and edge set E . To make as
few assumptions about the optimal graph structure as possible, we feed the
original edge set E into each GLAM layer to reassess the utility of each edge
at each layer. We note that this is optional, and chaining edge sets across
layers is also possible.

4.4. Experiments

To investigate the efficacy of the GLAM layer, our experiments address the following

questions:

Q1: How does the GLAM layer affect the accuracy of a GNN on node classification

tasks?

Q2: What degree of sparsity (if any) is induced by the GLAM layer and how does

that induced sparsity compare with competing methods?
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Q3: As we use the GLAM layer to learn optimal graph structures layer-wise, how

does that induced sparsity vary across layers?

In all experiments, we report performance in semi-supervised node classification tasks

and induced sparsity on real-world graph datasets. As it is well known that GNN perfor-

mance is degraded by heterophilic graphs (in which adjacent nodes tend to have different

labels), we consider only those graphs where the edges bring material value for GNNs,

i.e., homophilous graphs. Formally, the edge homophily ratio of a graph is a value in the

range [0, 1] that denotes the fraction of edges in the graph that join nodes with the same

labels:

(4.8) H(G, {yi; i ∈ V}) = 1

|E|
∑

(i,j)∈E

1(yi = yj)

Where G is an input graph with nodes v ∈ V having labels y. While homophily isn’t

an unrealistic assumption, with most graphs being constructed this way [75], a method for

graph adaptation based on the assumptions of the downstream GNN is still desirable as

many GNN models implicitly assume a high degree of homophily and perform poorly when

this assumption is violated [119]. In graphs with low homophily, such as the WebKB*

datasets, GNN performance is often optimized by removing nearly every edge. For this

reason, to get a better understanding of the GLAM layer’s efficacy, we confine our study

to the homophilic graphs detailed in Table 5.1.

Cora, PubMed, and Citeseer ([74], [94], [37]) are citation datasets with a relatively low

average degree. Nodes correspond to documents (academic papers) and edges represent

*http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-11/www/wwkb/

http://www.cs.cmu.edu/afs/cs.cmu.edu/project/theo-11/www/wwkb/
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Type Nodes Edges Features Classes H(G)

Cora Citation Network 2,708 13,264 1,433 7 0.83
PubMed Citation Network 19,717 108,365 500 3 0.79
Citeseer Citation Network 3,307 12,431 3,703 6 0.71

Amazon Photo Co-Purchase 7,487 245,812 745 8 0.84
Amazon Computers Co-Purchase 13,385 505,474 767 10 0.79

Table 4.1. Homophilic graph datasets used in our experiments.

citations between these documents. Node features are the bag of words representing the

document, and the task is to classify each document by its topic. Amazon Photo and

Amazon Computers [97] are co-purchase datasets with a much higher average degree,

where each node corresponds to a product and two nodes are linked if those products are

frequently bought together. The node features are also a bag of words representations

but of the reviews of each product. Similarly, the task is to classify each product into its

product category.

Two methods exist which adapt the graph attention mechanism to learn task-informed,

sparsified subgraphs: Graph Stochastic Attention (GSAT) [76] and Sparse Graph Atten-

tion Networks (SGAT) [115] (described in greater detail in Section 4.5). As GSAT was

not evaluated on our datasets, and SGAT more closely resembles GLAM in design and

functionality (inducing an edge-sparsified graph), we confine our direct comparison to

SGAT. To ensure fairness and clarity in our comparisons, we use the same canonical

splits in each dataset: 20 nodes per class for training, 500 nodes for validation and 1,000

for testing.
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4.4.1. Training Methodology

In all our experiments, we train a two-layer GAT, using the GLAM layer to learn optimal

structures for each GAT layer. Crucially, to demonstrate how the GLAM layer may be

‘dropped in’ to an existing GNN model with little to no modification to the training

scheme, we use the known optimal hyperparameters and training methodology for the

GAT layers (as reported in [109]) without modification. This covers all components of

the model, including loss functions, regularization, optimizers, and layer sizes. The only

hyperparameters we modify are those associated with the inserted GLAM layers, and, as

mentioned in Section 4.3, the learned mask is enforced using a sparse softmax activation

in the GAT layers that respects the mask M .

As the Co-Purchase datasets were not tested in the original GAT paper, we began

optimization with the same hyperparameters as Cora and found that increasing the hidden

dimension from 8 to 32 led to optimal performance. In all cases, we use cross entropy

as our loss function and the Adam optimizer [61] to perform gradient descent. In all

experiments, we report the average classification performance and induced sparsity over

10 independent trials (Table 4.2). All hyperparameters are available on GitHub.

Additionally, to make as few assumptions about the optimal graph as possible, we

use the GLAM layer to independently assess the utility of each edge at each layer, as

shown in Figure 4.1B, and report the induced sparsity at each layer. This is in contrast to

existing methods which learn a single graph at the first layer that is then reused for all the

downstream layers. As we will discuss more in Section 4.4.2, learning the optimal graph

at each layer not only improves performance and induces greater sparsity but allows us
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to observe the relationship between the data, the GNN aggregator, and the downstream

task more clearly.

We note here that the use of exogenous regularizers and edge-selection heuristics, as

employed by other structure learning methods, is to help the structure learner better adapt

to the demands of the downstream GNN. With the GLAM layer, we enable this same sort

of adaptation by simply making these layers more sensitive than the downstream GNN

layers. To do so, we relax the regularization (weight decay) and amplify the learning signal

(increase the learning rate) for just the GLAM layers. Doing so for only the GLAM layers

allows them to adapt to the GNN representation learner without the need for additional

terms in the loss function. These layer-wise changes are slight, and optimal values vary

by dataset. All layer-specific learning rates and regularization coefficients are outlined

in the hyperparameter configuration files at https://github.com/MattsonThieme/graph-

learning-attention.

Finally, as self-loops have disproportionate utility in any node-wise prediction task,

the GLAM layers only attends over those edges that adjoin separate nodes, retaining all

self-loops by default.

4.4.2. Classification Accuracy and Induced Sparsity

On semi-supervised node classification datasets, the GLAM layer enables the GAT to

reach similar accuracies while inducing an order of magnitude greater sparsity than ex-

isting methods. This increased sparsification is notable as we do not explicitly enforce

sparsity constraints or penalize retained edges.

https://github.com/MattsonThieme/graph-learning-attention
https://github.com/MattsonThieme/graph-learning-attention
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Dataset Cora PubMed Citeseer Photo Computers

MLP 49.5% 68.1% 46.9% 70.5% 53.1%
GAT 82.4% 78.2% 70.9% 89.1% 81.5%
SGAT 83.0% 78.3% 71.5% 89.9% 81.8%
GLAM 82.4% 78.6% 70.5% 90.3% 83.0%

% Edges Removed (layer 1 / layer 2)

SGAT 2.0, - 2.2, - 1.2, - 42.3, - 63.6, -
GLAM 22.3, 2.2 30.0, 0.3 46.3, 1.4 63.1, 13.2 55.0, 8.7

Table 4.2. Top: Semi-supervised node classification accuracies are listed in
percent. Bottom: Percentage of edges removed at the first / second layer.
For SGAT, a single graph is learned at the first layer and reused it for all
following layers. In our experiments, the GLAM layer is used to learn an
optimal graph at each layer.

To answer explicitly the questions posed in Section 4.4:

A1: The GLAM layer improves the classification performance of an unmodified GAT

on semi-supervised node classification tasks.

A2: The GLAM layer induces an order of magnitude greater sparsity than competing

methods (while preserving classification accuracies).

A3: The induced sparsity is greatest in the first layer and drops off from there.

As the GLAM method is fundamentally about inducing task-informed subgraphs, and

classification accuracies are similar to those yielded by SGAT, we confine our analysis to

the sparsification aspect of the results. Complete results can be found in Table 4.2.

On each of the citation datasets, the GLAM layer is competitive with SGAT on predic-

tion performance while inducing over an order of magnitude greater sparsity. This degree

of sparsity has not yet been induced in these datasets while preserving SOTA classification
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performance. As such, we view these results as indicating, in addition to the efficacy of the

GLAM layer, that there may be more redundant edges in these datasets than previously

believed. Part of the advantage of the GLAM layer is that we can train it using only

the signal from the downstream task. As such, the induced graph is a reflection purely

of the relationship between the data, the GNN aggregation scheme, and the downstream

task. Following this, we note that the first GLAM layer trained on these datasets removes

closer to 1 −H(G) percent of the edges. There is not an exact correspondence, but the

proximity between these two quantities is likely a reflection of the GLAM layers learning

that the downstream GAT performs best on neighborhoods with higher homophily. The

second GLAM layer removes on the order of 1% of the edges, which is similar to SGAT.

We hypothesize that more edges are retained in the second and final layer due to the node

representations already containing information from their 1-hop neighborhood, and there

being additional value in aggregating information from the 2-hop neighborhood.

On the co-purchase datasets, which have much larger average degrees, the GLAM

layers remove substantially more edges in the first layer but fewer in the second. We

emphasize here that as there are no structural regularizers, GLAM is not encouraged to

learn the sparsest graph possible, but rather the graph which optimizes downstream task

performance. As we can see with the Computers dataset, retaining a few more edges in

the first layer and a few fewer in the second resulted in substantially higher classification

accuracies.

While our method does not always achieve state-of-the-art classification performance,

we do achieve similar performance with far greater sparsification and without changes

to the canonical loss function. As the GLAM layer is differentiable and can be readily
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integrated with arbitrary downstream GNNs, we believe it could be widely useful and is

worthy of further study.

4.5. Related Work

The structure learning literature includes many effective methods for inducing task-

informed, sparsified subgraphs. However, each of them relies on either edge-selection

heuristics (such as top-k selection) or exogenous structural regularizers (such as penal-

ties on retained edges) to stabilize the structure learning process. In contrast, our ap-

proach requires none of these, making it more readily deployable in existing GNN pipelines

and obviating the need to interfere with carefully crafted objective functions or training

methodologies.

Approaches such as Neural Relational Inference [64] and Graphs for Time Series [96]

introduce methods for learning probabilistic graph models optimized for various time-

series forecasting tasks. However, while both induce sparse subgraphs, they rely on ex-

ogenous regularization (penalties on retained edges) and suffer from scalability issues as

both learn fixed adjacency matrices.

More closely related to our approach are the Graph Stochastic Attention, GSAT [76]

and Stochastic Graph Attention, SGAT [115] models, which also adapt the graph atten-

tion layer to learn sparse subgraphs. SGAT attaches a binary gate to each edge in the

given graph and then learns a single adjacency matrix that is shared across all layers.

While effective, this adjacency matrix makes it difficult to scale, and they employ an L0

norm in the loss function to penalize retained edges.
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GSAT [76], based on the graph information bottleneck principle [113] is designed

to be an interpretable graph learner and uses a similar sparse attention mechanism to

assess the utility of each edge. However, in spite of not using sparsity constraints such as

L0 norms, they do add additional structural regularization terms into the loss function.

Additionally, learnable weights in GSAT are shared between the GNN used to generate

the binary mask and the GNN used for downstream node embedding. As we reviewed in

Section 4.2.1, the demands of structure learning conflict with those of node embedding,

so sharing weights across these networks may reduce performance on some tasks.

4.6. Discussion

We presented a principled framework for considering the graph structure learning

problem in the context of graph neural networks, as well as the Graph Learning Attention

Mechanism (GLAM) a novel structure learning layer motivated by this framework. In

contrast to existing structure learning approaches, GLAM does not require exogenous

structural regularizers nor does it utilize edge-selection heuristics. In experiments on

citation and co-purchase datasets, the GLAM layer allows an unmodified GAT to match

state-of-the-art performance while inducing an order of magnitude greater sparsity than

other graph learning approaches.

There are several improvements that could be made to the method, especially as it

relates to stabilizing the structure learning layers without augmenting canonical loss func-

tions. Future research could be directed at additional methods for stabilizing the structure

learning layers in ways that do not rely on additions to existing loss functions. These may

include changes as simple as decaying the learning rate or early-stopping in a layer-wise
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manner. We can also explore the GLAM layer as a means of assessing the capacity for a

novel GNN aggregation mechanism to productively aggregate information on heterophilic

neighborhoods. For example, we would expect that an aggregation mechanism like the

one presented in the CPGNN model [119] would yield a higher number of retained edges

on heterophilic datasets than the GAT or GCN.

Finally, as our approach yields graph structures uncorrupted by the influence of ex-

ogenous heuristics, we also see the potential for its use in the design and analysis of novel

GNN architectures. In the GLAM layer, edges are retained or discarded based on whether

the downstream GNN can make productive use of them. By interpreting the distributions

of retained edges at each layer, designers could, for example, better understand how well

some aggregation scheme integrates information from heterophilic vs. homophilic neigh-

borhoods. In a similar way, GLAM may be used as a principled method for assessing the

value of depth in GNNs, a persistent issue due to the over-smoothing problem [82]. If

a GNN layer were to no longer benefit from the incorporation of structural information,

i.e. the number of retained edges yielded by its preceding GLAM layer was close to zero,

then the GNN may be too deep, and adding additional layers may introduce complexity

without increasing performance.

In the next chapter, we shift our focus to a novel algorithm that retains the provided

connectivity structure and learns to cluster the nodes into meaningful substructures.
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5 | Graph Partition Learning

Within molecules and proteins, discrete substructures affect high-level properties and be-

havior in distinct ways. As such, explicitly locating and accounting for these substructures

is a central problem when learning molecular or protein representations. Typically rep-

resented as graphs, this task falls under the umbrella of graph pooling or segmentation.

Given the highly variable size, number, and topology of these substructures, an ideal

pooling algorithm would adapt on a graph-by-graph basis and use local context to locate

optimal pools. However, this poses a challenge where differentiability is concerned, and

each of the learnable graph pooling methods proposed to date must make strong a pri-

ori assumptions in regard to the number or size of the learned pools. As such, demand

remains for a graph pooling algorithm that can maintain differentiability while retaining

adaptability in the size and number of learned pools. To meet this demand, we introduce

the Topographical Pooling Layer (TopoPool): a differentiable, hierarchical graph pooling

layer that learns an arbitrary number of varying-sized pools without making any a priori

assumptions about their number or size. Additionally, it naturally uncovers only con-

nected substructures, increasing the interpretability of the learned pools and obviating

the need for exogenous regularizers to enforce connectedness. We evaluate TopoPool on
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diverse molecular and protein property prediction tasks, where we achieve competitive

performance against existing methods. Taken together, TopoPool represents a novel ad-

dition to the graph pooling toolbox and is particularly relevant to areas such as drug

design, where locating and optimizing discrete, connected molecular substructures is of

central importance.

5.1. Introduction

Graph neural networks (GNNs) have become the de facto models for learning repre-

sentations of graph-structured data and have revolutionized structural biology [95], drug

design [38], and molecular property prediction [114]. To facilitate graph-level predictions,

where node and edge features must be collapsed into a single graph-level feature, a wide

variety of learnable graph coarsening methods have been introduced [33, 42, 116, 68, 25]

each with their own set of trade-offs. Heuristic pooling methods often fail to capture the

complex structural information in the graph, while learnable methods are often expensive

and sensitive to the specific choice of parameters. Learnable methods must also contend

with maintaining differentiability. To do so, methods to date have had to make strong

a priori assumptions about either the number or size of the learned pools, a severe dis-

advantage in domains where the optimal pool size is either unknown or variable across

examples. The pharmacokinetic properties of molecules, for example, depend on discrete,

connected molecular substructures that vary greatly in size, shape, and relative position

within the molecule [34]. In this setting, an ideal graph pooling algorithm would be able

to dynamically adapt to the input graphs and learn both the size and the number of

clusters on a graph-by-graph basis.
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In this work, we introduce the Topographic Pooling layer (TopoPool). TopoPool is

the first differentiable graph pooling layer that 1) dynamically adapts to the input graphs

and learns the optimal number and size of pools on a graph-by-graph basis. TopoPool

also naturally locates only connected substructures, obviating the need for exogenous

regularizers and loss terms required by other learnable methods to enforce the notion that

nearby nodes should be pooled together. To our knowledge, as of the time of writing, no

other graph pooling approaches are adaptive in this way. Each either sets an upper limit

on the number of clusters [116, 57] samples a pre-defined number/ratio of ranked nodes

or edges [88, 25, 57, 33, 8], and requires exogenous regularizers to enforce connectivity

in the learned pools. Our contributions are as follows:

• We introduce TopoPool, the first hierarchical graph pooling algorithm that pools

entire graphs without making assumptions about the number or size of the learned

pools.

• In experiments on real-world molecular datasets, where graph pooling is partic-

ularly challenging, we demonstrate competitive performance against the existing

approaches.

• We provide an efficient PyTorch implementation of the TopoPool layer that can

be easily integrated into existing GNN pipelines.

Our choice to focus on molecular datasets was motivated by the field of medicinal

chemistry, where the presence and relevance of pharmacophores [43, 91] serves as a prime

example of the importance of preserving connected substructures in graph-based molec-

ular representations. Pharmacophores are something like molecular phonemes: canonical
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ensembles of atoms used to construct larger molecules. The particular structure and po-

sition of the pharmacophores within a molecule is critical for determining a molecule’s

biological activity [87]. Thus, understanding how these substructures affect the pharma-

cokinetic properties of a molecule is crucial for drug discovery, design, and optimization

[92].

5.2. Preliminaries

We denote a graph G with nodes V ∈ {v0, . . . , vN} and edge set E as G(V, E). Graph

pooling, or coarsening, is the process of mapping |V | = N nodes onto a new set of

nodes |V ′| = M, where M ≤ N . To accomplish this, graph pooling operators possess

some combination of the following three functions: Selection, Reduction, and Connection

(SRC) [42]. Selection is the process of grouping the input nodes, Reduction is the process

of aggregating and compressing those groups into new representations, and Connection

is the process of reconnecting the clustered nodes given the original edge set E . The

algorithmic contributions of TopoPool primarily lie in the Selection phase, but we also

perform Reduction and Connection to form a fully self-contained graph pooling operator.

Being a differentiable graph pooling layer, TopoPool is designed to be used along-

side GNN layers. However, TopoPool is agnostic to the particular GNN aggregation

mechanism, and we can abstract this portion away, denoting an arbitrary GNN layer as

GNN(V, E) : x ∈ RN×d → RN×d′ , where d′ is the dimension of the transformed node

representation. As outlined in the following section, it is these transformed node repre-

sentations, alongside the edge set, that the TopoPool layer ingests.
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Figure 5.1. A high-level overview of the TopoPool algorithm. In panel
(1), we generate the scores, which, in conjunction with the graph structure,
define the ‘topography’ of the graph. Panel (2) shows how, once we’ve found
the peaks in the topography, the pools are located by descending from the
peaks until we reach a trough. This allows the layer to locate pools of
variable size that are necessarily connected. Finally, panel (3) shows how
the pooled clusters are reduced to the coarsened graph G′. Note that we
visualize the algorithm here on a 1D chain graph for clarity only. The
TopoPool algorithm can be applied on graphs with arbitrary topologies.

5.3. The Topographical Pooling Layer (TopoPool)

The TopoPool layer is a differentiable, hierarchical graph pooling algorithm for lo-

cating and aggregating an arbitrary number of discrete, connected substructures in an

input graph. It was motivated by the desire to locate and extract pharmacophores from

molecular graphs and inspired by the clean boundaries described in topographic maps. In

this section, we describe how the TopoPool layer differentiably coarsens a graph without

making any assumptions about the number or size of the clusters.

TopoPool takes as input a vector of node representations h ∈ RN×d and the edge set

E , and yields a new graph with nodes V ′ with features h′ ∈ RK×d and edges E ′, where K

is the number of learned clusters.

Select: The first step in the TopoPool algorithm is to generate the topography (Figure

5.1, (1)). Using a single linear layer fθ(·) ∈ Rd×1, TopoPool maps the node representations
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h ∈ RN×d onto a scalar valued graph signal fθ(h) = s ∈ RN×1. These scalar values are

what define the graph signal that, in conjunction with the network structure, we treat as a

topography over the graph. Once s is generated, we locate all the peak nodes with a simple

message passing operation, returning True in a binary mask for all si : si > sj,∀j ∈ Ni,

where Ni is the one-hop neighborhood of vi. We denote the set of all such local peaks

as P , where |P | = K,K ≤ N , and each peak node vk ∈ P defines the source of its own

unique cluster. Then, from each source node vk, we expand and descend, growing each

cluster outward while the neighboring node scores sj ≤ sk (Figure 5.1, (2)). We refer

to the new clustered nodes by their peak node of origin, k, and accumulate constituent

members of cluster k in a set Ck. In this descent process, nodes are assigned to clusters

on a first-come, first-served basis. However, if some node is equidistant from multiple

peaks and therefore reached in the same iteration of the descent phase, it is assigned to

both clusters, as shown in Figure 5.1, panel (2). Experimentally, we found that allowing

multiple clusters to share nodes does not impact performance. Therefore, for simplicity,

we do not penalize or avoid the double counting of these shared nodes.

Reduce: Once clusters have been located and every node assigned, members of each

cluster k are aggregated (Figure 5.1, (3)) with a max pool over their features, yielding

a representation hk = maxi(hi∈Ck
). Each cluster representation hk is then scaled by the

score sk on its peak node vk. This step is important for a few reasons: 1) it allows gradients

to flow back to the linear layer fθ(·); 2) it improves prediction performance by scaling the

influence of each cluster; and 3) it adds a degree of interpretability be clearly showing

the relative differences in importance between the learned clusters. To ensure consistency
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across graphs with varying numbers of clusters, we normalize these peak scores sk over

each graph with a softmax, such that the final representation for the kth pool becomes:

(5.1) hk =
esk∑

i∈P
esi

·max
i

(hi∈Ck
), hk ∈ R1×d

The node representations for the final pooled graph are the concatenation of all the

pooled representations: h′ ∈ RK×d.

Connect: To connect the learned clusters and generate the new edge set E ′, we simply

draw an undirected edge between two clusters if there existed at least one edge between

their constituent nodes in the input edge set E .

A note on scalability: The TopoPool layer is inherently scalable as the complexity

of the expand portion algorithm is the same as BFS. The cost for this step is O(N +E),

where N and E are the number of nodes and edges in each graph, respectively. We note,

however, that this is the worst case, where only a single cluster is learned. In most cases,

the actual runtime will be O(CMAX + E), where CMAX is the size of the largest learned

cluster, and typically CMAX << N . This runtime is on par with benchmark graph pooling

methods (Section 5.4.2) and ours runs in comparable time.

5.4. Experiments

In our experiments, we aim to answer the following questions:

Q1 - Is TopoPool competitive with existing learnable and heuristic graph pooling op-

erators?

Q2 - Can the TopoPool layer be easily integrated into existing GNN pipelines?
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Q3 - Are the learned clusters interpretable and consistent across examples?

Following the example of [68, 116, 25, 88], we benchmark our model on molecular

and protein property prediction tasks. High-level descriptions of the datasets can be found

in Table 5.1.

High-level descriptions of the datasets can be found in Table 5.1.

Two of our datasets, PPBR and Caco-2, come from the Therapeutic Data Commons

(TDC) [50], a cross-modality repository of therapeutic data designed to evaluate AI

capabilities across the stages of discovery. Molecules in each dataset are stored as SMILES

strings and converted to a graph structure before training using the RDKit library. As

edges in molecular graphs represent bonds, they are all undirected. Node features in

the TDC datasets are a concatenation of 1-hot vectors expressing the atom type, degree,

formal charge, chiral tag, and aromaticity; 39 features in all per node. For both datasets,

we report the mean absolute error (MAE) on the test set.

Additionally, as the real-world drug discovery process yields increasingly diverse and

increasingly novel compounds over time [28], our objective must be to learn a model that

generalizes not only to new molecules but to molecules composed of unseen substructures.

Therefore, to make our evaluations as realistic as possible, we use the canonical scaffold

splits (defined in the TDC databases for all tasks) that force the training and testing sets

to have maximally dissimilar molecular structures.

PPBR [1] stands for Plasma Protein Binding Rate, and the PPBR dataset labels

drug molecules by the percentage of that drug bound to plasma proteins in the blood.

This rate inversely affects the efficiency with which a drug is delivered to a site of action
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Dataset Task Graphs Nodes Edges Features Classes

PPBR Regression 1,614 28.8 91.7 39 1
Caco-2 Regression 906 29.3 92.4 39 1
MUTAG Classification 188 17.9 39.6 7 2
PROTEINS Classification 1,113 39.1 145.6 3 2
ENZYMES Classification 600 32.6 124.3 3 6

Table 5.1. Molecular property prediction datasets used in our experiments.
The Nodes and Edges columns reflect the average number of nodes and edges
per graph.

and is a measure of distribution, or how a drug moves between the various tissues of the

body.

Caco-2 [111] labels drug molecules by the rate of the drug passing through Caco-2

cells (a human colon epithelial cancer cell line) and approximates the rate at which the

drug permeates through intestinal tissue. Fundamentally, this expresses a measure of

absorption of a drug molecule.

MUTAG [24] is a widely used chemical dataset in which each molecule is labeled as

either mutagenic or non-mutagenic, representing whether the compound has a mutagenic

effect on the germ cells of the bacterium Salmonella typhimurium.

PROTEINS [16] is a dataset of protein graphs labeled as either enzymes or non-

enzymes. In contrast to the other datasets, nodes in PROTEINS represent amino acids

and two nodes are connected (again via undirected edges) if the amino acids are less than

6 Angstroms apart.

ENZYMESs [16] Like the proteins dataset, the ENZYMES dataset consists of pro-

tein structures. Unlike the other tasks, the ENZYMES dataset is a multiclass classification
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problem. Each protein belongs to one of six enzyme classes based on the chemical re-

actions they catalyze. Given its complexity and real-world relevance, the ENZYMES

dataset is often used to evaluate the performance of graph-based algorithms, particularly

GNNs. The multiclass nature of the classification task also makes it a useful dataset for

testing the ability of the TopoPool layer to handle more complex tasks.

5.4.1. Model Configuration

While the TopoPool layer is capable of hierarchical pooling, we demonstrate it here as a

single pooling layer following graph convolution layers. We do this for simplicity’s sake

as adding another pooling layer added complexity without materially improving perfor-

mance. The base model, as well as all training and hyperparameters, are identical in all

our experiments, with only the final pooling layer being swapped out. The GNN layers

in our model are based on the GCN architecture [65], as it is widely used, efficient and

performed well in our experiments. However, we note that the TopoPool layer can be ap-

plied in conjunction with any GNN aggregation layer and additionally report unoptimized

performance results with GAT [109] and GraphSAGE [45] as the backbone in Table 5.2.

Our model architecture is straightforward, with three graph convolution layers, a single

graph pooling layer, and three linear readout layers to map the learned representation onto

the final prediction. As it is well known that incorporating global information helps in

pharmacokinetic prediction models [28] we concatenate node features in each layer with

an average pool over the batch dimension. We found that the addition of LayerNorm

[7] after each convolutional layer helped to stabilize training by stabilizing the gradients

flowing to the linear layer fθ(·). After each convolutional layer, we concatenate batch-wise
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max and average pools over the node features. These concatenated features act like skip

connections and are summed together to form the input to the final readout layers.

Training is performed with the Adam Optimizer [62], learning rate 5e-3, learning rate

decay, and patience of 200 epochs. We use a batch size of 128 for all experiments and

randomly shuffle the training and validation sets. Each model configuration was tested

over ten independent trials and we report both the average and standard deviation of the

performance over these trials in Table 5.2. All training and model details are available in

our GitHub*.

5.4.2. Benchmark Methods

Graph Pooling methods can be broadly categorized into global or hierarchical pooling.

Global methods produce graph-level features by aggregating node-level, and occasionally

edge-level, features across the entire graph, usually via a sum, mean, or max aggregation.

On the other hand, hierarchical pooling methods implement some version of the SRC

framework [42], reducing a graph to one with fewer nodes and edges rather than collapsing

it into a single graph-level feature and discarding the edges.

To date, all graph pooling algorithms, including learnable algorithms, depend on some

heuristics to specify the size of the clusters, number of clusters, or cluster thresholds

[68, 33, 116, 25, 42]. Unfortunately, this is antithetical to need to locate clusters

of unknown size and shape, such as those corresponding to pharmacophores in a drug

molecule. In our experiments, we compare TopoPool against a range of heuristic and

learnable graph pooling operators outlined below.

*https://github.com/MattsonThieme/TopoPool

https://github.com/MattsonThieme/TopoPool
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No Pool refers to a simple GNN model in which the final graph-level representation

is obtained with a simple max pool over all the learned node representations.

TopK [33] The authors propose a graph pooling method based on the U-Net architec-

ture [89], a popular model in the field of semantic segmentation. The method constructs

hierarchical graphs and captures the corresponding nodes’ representations at different

levels. Downsampling is performed by the TopK pooling layer, which drops nodes based

on a learnable projection score and a hyperparameter that specifies the ratio of nodes to

retain.

SAG [68] Similar to TopK, the SAG pooling layer identifies the most informative

nodes by assigning an importance score to each node in a graph using self-attention, then

selecting the nodes with the highest scores to form a coarsened graph. Here again, the

value of k is a hyperparameter that must be specified a priori.

DiffPool [116] is a differentiable graph coarsening method that performs a soft cluster

assignment of the nodes to a predetermined number of clusters. While DiffPool is capable

of using only a subset of those predetermined number of nodes, the upper limit must still

be specified a priori. Additionally, as there are no architectural properties enforcing the

notion that nearby nodes be clustered together, they also implement a supplementary

link-prediction objective to encourage this behavior.

EdgePool [25] introduces a sparse, learnable pooling method for graphs based on

edge contraction. They first compute a score for each edge, then sort all edges by their

score, successively choosing the edges with the highest scores whose two nodes have not

yet been part of a contracted edge. While effective, the authors note the disadvantage
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Base Pooling
Dataset

ENZYMES(↑) PROTEINS(↑) MUTAG(↑) Caco2(↓) PPBR(↓)

GCN

Global 0.410(0.094) 0.727(0.055) 0.732(0.095) 0.444(0.083) 8.92(0.33)
TopK 0.395(0.081) 0.746(0.029) 0.689(0.128) 0.407(0.097) 8.88(0.32)
SAG 0.405(0.059) 0.727(0.032) 0.705(0.100) 0.412(0.070) 8.85(0.31)
DiffPool 0.410(0.079) 0.737(0.023) 0.705(0.155) 0.389(0.044) 8.86(0.53)
EdgePool 0.403(0.091) 0.762(0.039) 0.768(0.042) 0.395(0.061) 8.78(0.35)
ASAPool 0.392(0.052) 0.750(0.037) 0.774(0.094) 0.455(0.139) 8.78(0.61)
TopoPool 0.427(0.080) 0.759(0.024) 0.779(0.131) 0.382(0.046) 8.63(0.43)

GAT TopoPool 0.433(0.032) 0.771(0.037) 0.753(0.120) 0.450(0.055) 8.70(0.34)
SAGE TopoPool 0.438(0.051) 0.747(0.041) 0.811(0.120) 0.376(0.031) 8.96(0.21)

Table 5.2. Performance on the held out test set, best is shown in bold and
second best is underlined. For ENZYMES, PROTEINS and MUTAG, we
report the classification accuracy on the test set, and for Caco2 and PPBR
we report the MAE. Reported values reflect the average and standard de-
viation in the performance over 10 independent training runs. Performance
results with GAT and GraphSAGE as the GNN backbone are shown in ital-
ics as hyperparameters for these model configurations were not optimized
for the given endpoints. We present them to show that TopoPool can be
used with arbitrary GNN layers, as well as to demonstrate the reasonable
performance TopoPool can achieve even before hyperparameter optimiza-
tion.

that each step roughly halves the number of nodes in the graph, and that this cannot be

modified by the user.

ASAPool [88] introduces a novel GNN-based attention network to generate impor-

tance scores for each node in a given graph. Similar to DiffPool, it then learns a soft

cluster assignment for nodes at each layer and uses these assignments to locate and pool

subgraphs. However, while this addresses some issues in the graph pooling literature, it

still samples substructures using a variant of top-k selection, where the pooling ratio k

must specified a priori.
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5.5. Results and Discussion

Table 5.2 contains performance results for the benchmark methods and TopoPool on

our datasets. Values for GAT/SAGE + TopoPool are shown in italics as these were

not optimized for the given configuration. We present them simply to demonstrate the

capacity to implement TopoPool with any GNN layer, as well as the ability for TopoPool

to achieve reasonable performance even before hyperparameter optimization.

To answer the questions set forth in Section 5.4:

A1 - Given the performance in Table 5.2, TopoPool is very competitive with the ex-

isting learnable and heuristic graph pooling algorithms, achieving superior per-

formance on all but one dataset.

A2 - TopoPool can be easily integrated into existing GNN pipelines, and we report

good performance using a GAT and GraphSAGE backbone even before hyper-

parameter optimization in these configurations.

A3 - As we discuss below and show in Figure 5.2, the learned clusters are highly

interpretable while also being consistent across examples.

Performance: On all but one dataset, TopoPool achieves superior performance to

every benchmark method, and on PROTEINS it achieves only a slightly lower accuracy

than EdgePool. Additionally, standard deviations in the performance are in line with

all the other methods. Also worth noting is that methods like TopK, which retain only

the K highest ranked nodes, often lead to even poorer performance than global pooling,

implying that there is utility in retaining information from every node.

Training dynamics: Like all learnable graph pooling methods, the exact pools ex-

tracted will depend on the particular initialization. However, we do observe in Figure
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Figure 5.2. Example clusters learned on the Caco2 Permeability endpoint.
Each cluster is colored according to the score sk on its peak node vk, which
reflects the relative importance of each cluster to the given endpoint. We
note the clearly delineated clusters that cleanly subsume discrete molecular
structures, as well as the consistency of the pools across molecules.

5.2 that the relative ranking of the substructures, for example, the carboxyl group (the

trigonal planar functional group colored yellow in (2) and (3)) vs. the aromatic rings

(the carbon rings colored purple in all three molecules) is preserved across most of the

independent trials.

In regards to training time, our implementation uses advanced indexing in PyTorch for

all but the expand and descend operation, resulting in training times that are comparable

with those of DiffPool and EdgePool. The number of clusters learned is also consistent

across independent trials, with the model gradually converging on a similar number as

training progresses.

Cluster Interpretability: We can see that clusters are clearly delineated, subsume

discrete molecular structures, and similar structures are scored similarly across molecules.

We note that the two aromatic rings on either side of the molecule in (2), while scored and

colored similarly, are distinct clusters. Also of note is that the relative importance of the

carboxyl group is conserved across (most, not all) molecules in the Caco2 Permeability
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dataset. The relative differences in the scores of similar structures across examples is

not necessarily of concern, as these scores are relative within a given molecule, and the

structural context for each molecule will be different.

Consistency across examples: As we can see in Figure 5.2, the aromatic rings

are, for the most part, scored lower than the substructures containing peripheral oxygens.

This is consistent across examples in the test set for this endpoint, and we observe similar

behaviors across Caco2 and PPBR (the two molecular datasets).

Areas for improvement: Learning a variable number of nodes of variable size

presents challenging normalization problems, particularly as it relates to how the node

representations within a given cluster are aggregated. We tried a number of methods

with varying success across datasets. We arrived at the MAX aggregation, as noted in

Equation (1), as it achieved good average results across our datasets. However, we note

that this is a design choice that can and should be adjusted based on the unique demands

of each dataset. Additionally, when considering molecules, there are additional symme-

tries that the algorithm may be able to exploit. As it stands, the TopoPool algorithm

originates a unique cluster from each local maxima in the node scores s. However, due

to common symmetries in many molecules, this often results in structures with bilateral

symmetry being split into two symmetrical pools. It may improve performance to, for

example, merge symmetric, adjacent pools into a single pool. Finally, the learned scores

are sensitive to initialization. However, the learned clusters appear to be less so. As our

model has a readout layer that maps the clustered representations onto a single value,

the scores on each learned cluster have to adapt alongside the weights in the readout
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layers and will remain sensitive to initialization. This is a limitation of the method and a

problem worthy of further study.

5.6. Conclusions

Here, we presented TopoPool, the first learnable, hierarchical graph pooling layer ca-

pable of coarsening an entire graph without making assumptions about the size or number

of clusters. It also innately uncovers connected substructures, improving interpretability

while obviating the need for exogenous forcing functions or regularizers to ensure connect-

edness within the pools. We demonstrated its efficacy on real-world molecular and protein

property prediction datasets, where it outperformed existing graph pooling algorithms on

all but one. We additionally showed that even un-optimized implementations can achieve

decent performance. Finally, we provide an efficient, open-source implementation of the

algorithm built with PyTorch Geometric [30]. Given its differentiability, novelty and ef-

ficacy, we believe that TopoPool represents a useful addition to the GNN toolkit and a

step towards improving molecular and protein representations.

In the next chapter, we introduce a novel method for transforming pre-trained GNN-

based molecular property predictors into molecular generators.
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6 | Graph Generation via Adaptation

In drug discovery, lead optimization is the process of making slight changes to the structure

of a candidate molecule (the lead compound) in order to improve its properties*. How-

ever, as a compound’s structure is what determines its function, every structural change

affects every property. A structural change that improves one property may harm another,

and it isn’t clear a priori which changes will produce the desired result. At present, this

problem is approached with a combination of chemical intuition, expert knowledge, and a

suite of virtual screening tools operating on cheminformatics libraries that can swap func-

tional groups, atoms or bonds where physically plausible, exploring nearby compounds in

chemical space. However, even with differentiable (neural) property predictors, because

the enumeration procedure is not differentiable, optimizing for multiple properties in this

model requires a guess-and-check approach. In this work, we take the first step to mak-

ing this task end-to-end differentiable, transforming molecular property predictors into

molecular manipulators. Specifically, we focus on a constrained variant of bioisosteric

replacement, where we simply swap atom types within a given, fixed molecular structure.

By absorbing the vectorized atomic features of a given input compound into a property

*I would like to thank Kevin Cusack for the productive, early discussions at AbbVie’s MedChem Summit
that set this project in motion.
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predictor, we can optimize for them directly and locate new compounds with better prop-

erties and the same structure. Challenges remain, but we demonstrate that the method is

capable of differentiably optimizing compounds towards multiple desired properties while

preserving the original structure, a first in the bioisosteric transformation literature.

6.1. Methodology

Our goal is simple: to optimize a given lead compound towards multiple endpoints

(properties) without changing its structure. Given this strong structural constraint, the

task amounts to finding the optimal atomic distribution within that structure. We solve

this problem using a novel methodology that allows us to transform existing molecular

property predictors into graph generators without the need for retraining of any kind.

This is a simple method for building a generative model from a predictive one.

6.2. Differentiable Property Predictors

These days, the best molecular property predictors are end-to-end differentiable. Our

approach allows us to leverage them to intelligently navigate chemical space using the

best guides available.

For maximum generality, we assume we already have a pre-trained molecular property

predictor fθ, parameterized by parameters θ, that maps molecular graphs onto a set of

k properties†. Ordinarily, fθ is a graph neural network, but it doesn’t necessarily need

to be. The only requirement on fθ is that it be end-to-end differentiable and perform

graph-level prediction, i.e., it maps entire graphs onto graph-level properties.

†In our experiments, this was a property predictor developed at AbbVie, but our methodology applies
equally using any open source model so long as it is end-to-end differentiable.
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We denote the graph corresponding to a single molecule with G(V, E) : V ∈ RN×d,

where N is the number of atoms in the molecule, d the number of features per atom, and

E the set of bonds joining adjacent atoms. The predictor fθ takes this graph as input and

maps it onto each of k molecular properties as follows:

(6.1) fθ
(
G(V, E)

)
= y, y ∈ Rk×1

6.3. Neural Atomic Replacement

Here, we introduce our methodology, termed Neural Atomic Replacement (NAR).

Bioisosteric Replacement is simply the task of swapping functional groups or, in our case,

atoms in a molecule, with the goal of improving some molecular properties. Our method

is the first learnable, differentiable solution to this atom-swapping problem.

To use this trained model to intelligently modify an input graph, we are going to recast

the input features G(V, E) - specifically the node features V ∈ RN×d - as parameters of

a new, composite model containing both the trained model fθ and the molecular graph

G(V, E). We denote our composite model, hfθ,V,E(·). The composite model h is parame-

terized by both the trained parameters θ and the features of an input compound V . The

output of h then becomes:

(6.2) hfθ,V,E(·) = fθ
(
G(V, E)

)
= y, y ∈ Rk×1
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Note that Unlike f , h does not take any input (it is implicitly encoded into the model)

but still produces a vector of predicted property values y ∈ Rk×1.

6.3.1. Optimization

Now that we’ve built our composite model, we can use the standard machinery of back-

propagation to optimize the input graph G.

To do so, we need targets. However, these targets won’t be the standard labels pro-

vided in ŷ, but rather the desired values for each property. When designing a drug

compound, chemists often have a desired property profile in mind. In order for drugs

to be effective, they first need to be absorbed, distributed, metabolized, and excreted

(ADME) at certain rates. These ADME properties are the properties that the predictor

fθ yields. When optimizing the input graph using the composite model, we denote the

desired values for each property with ŷopt. From here, updating the features of the input

graph becomes trivial: we perform a single forward step with h to generate predicted

values y, calculate the loss between y and the desired values ŷopt using a loss function

L(·). Then we calculate the gradients ∂L
∂V

which are used to update only the parameters

V in hfθ,V,E .

This solves the problem we’re after: it modifies the qualities of the input graph (drug

molecule) in such a way as to push the predicted property values towards each of the

desired values.

However, given the physical constraints of organic chemistry, this process alone is not

sufficient to yield a usable generative model. We must also respect the space of viable
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atoms, i.e., which atoms are usable in an organic drug compound while maintaining the

differentiability of the model.

6.3.2. Fragmenting Atomic Space

One detail we have not mentioned yet is what each of the node features in V represents.

In the case of molecular graphs, we make use of the widely used RDKit framework to

preprocess the input molecules and generate their graphical representation. For each

atom in the molecule, nine features are generated; these features are:

(1) Atomic Number: Identifies the element of the atom.

(2) Chirality: Describes the three-dimensional arrangement of the atom, particularly

in stereochemistry.

(3) Degree: The number of explicit bonds the atom has with other atoms.

(4) Formal Charge: The electric charge of the atom.

(5) Hybridization: The type of orbital hybridization (e.g., sp, sp2, sp3).

(6) Implicit Valence: The number of implicit hydrogen atoms or other single-bonded

atoms connected to the atom.

(7) Isotope: The specific isotope of the element (if applicable).

(8) Number of Radical Electrons: Electrons that are not paired.

(9) Aromaticity: Whether the atom is part of an aromatic system.

The feature we are most concerned with is the first, atomic number. This defines the

type of atom at each position and is the only feature that we update in the optimization

process. This is a limitation and will be discussed in a later section but, as our results
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demonstrate, even changing only this value is sufficient to generate novel compounds with

properties closer to the desired properties set forth in ŷopt.

The challenge is as follows: using the backprop machinery described above, we will

iteratively make small changes to the values in V , gradually shifting the compound in

‘atom-type space’ towards a compound with more desirable properties. For example, if

an atom starts out as a Carbon but a Nitrogen there would yield better properties, we

would gradually shift that value from 6.0 to 7.0, the atomic numbers for Carbon and

Nitrogen, respectively.

However, atoms can only have one integer atomic number or another, not something

in between. So, we need a way to bridge the gap between atom types in feature space

without quantizing and breaking the differentiability. To do so, we introduce the concept

of feature-space fragmentation.

As an additional note, only some atom types are usable in organic chemistry. From

all the possible atom types, we select only C, N, O, F, S, and Cl, or atomic numbers 6,

7, 8, 9, 16, and 17‡. To span the gulf between the first cluster of atom types 6 - 16 and

the second 16 - 17, while maintaining differentiability and allowing backpropagation to

effectively optimize this feature, we introduce the atomic-space fragmentation scheme in

Figure 6.1.

First, we don’t allow the features in V to take on values between these two blocks,

shown by the “eliminate gaps” transition in Figure 6.1. Second, we localize the possible

values around each of the allowed atom types, shown in the “localize atoms” transition.

‡This is mostly due to synthetic constraints.
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Figure 6.1. The atomic-space fragmentation scheme visualized. At the top,
we show the entire space spanning both clusters of allowable atoms. Our
first step is to eliminate the space between the two clusters. Then, to further
improve the efficiency and performance of the generative scheme, we also
localize the allowable feature space around each atom. For example, if we
provide an allowable window of width 0.5, the first two allowable windows
would be [5.75, 6.25] and [6.75, 7.25]. This window size is a hyperparameter
and may vary based on the application.

The width of each of these windows is a hyperparameter, but we have found that a width

of 0.5 centered at each atom type yields good performance.

Now, when we are optimizing the atomic numbers in V using the method defined

above, we will only allow those features to take on values in the black regions in Figure

6.1, which brings us to our next methodological development: Feature Value Snapping.

6.3.3. Feature Value Snapping

Feature values in V are iteratively modified using the standard machinery of backpropa-

gation. If such a feature value falls into one of the disallowed regions (shown in gray in

Figure 6.1, we perform what we term Feature Value Snapping. Assume, for example, that
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we have two windows 1) [5.75, 6.25] corresponding to Carbon, and 2) [6.75, 7.25] corre-

sponding to Nitrogen, and that a feature value in V was adjusted from 6.25 to 6.35 using

a learning rate of 0.1. Instead of keeping the value 6.35, which is not in an allowed region,

we would snap it up to the bottom of the next window by updating its value to 6.75,

placing it into the allowable window for atomic number 7. This procedure accelerates the

optimization process by allowing the model to spend less time in the spaces between atom

types, and we also find that it encourages the model to learn more optimal solutions.

6.4. Experiments and Results

In our experiments, we set out to answer the following questions:

Q1 - Can our method generate novel and valid compounds with identical structures

to the seed compound?

Q2 - If so, do those compounds have more desirable properties than their seed com-

pound? As defined by the targets we set.

Q3 - Further, can our method locate compounds that improve upon multiple compet-

ing properties simultaneously?

To find out, we’ve gathered a random sample of ∼1,000 compounds from the Thera-

peutic Data Commons [50]. For each of these seed compounds, we generate a single new

compound using our method. This new compound has an identical structure, (possibly)

different atoms at each position, and is optimized towards one, two, three, or four ADME

properties simultaneously. We’ve chosen one assay from each of the four ADME cate-

gories - Absorption, Distribution, Metabolism, and Excretion - to make the experiments

as representative as possible.
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Joint Targets
A D M E

Caco2 VDSS Fu Mic Clearance

A +78.2% - - -
A&D +70.6% +23.6% - -
A&D&M +71.2% +20.2% +54.5% -
A&D&M&E -16.3% +57.1% +6.81% +70.1%

Table 6.1. Median improvements to each of five endpoints (graph proper-
ties) our method was able to achieve for property A by itself, A and B,
A and B and C, etc. A value of +10% means that the predicted prop-
erty value of the generated compound was 10% closer to the desired value
than the predicted property value of the seed compound. Higher is bet-
ter, and the uniformly positive performance shows that our method is able
to robustly generate new compounds with identical structures but better
properties than their seed compounds. Further, rows 2-4 show settings in
which we are attempting to optimize for multiple properties simultaneously.
This table shows that our method is capable of generating new compounds
that improve upon multiple competing properties at once.

Our results are shown in Table 6.1, which presents the performance of the modified

compounds when optimizing toward one, two, three, or four of the ADME endpoints.

We report the median performance to avoid results being skewed by outliers, which are

common in this space. Results are expressed in terms of improvement in the predicted

property value. For example, a value of +10% means that the predicted property value of

the generated compound was 10% closer to the desired value than the predicted property

value of the seed compound. This is what we are aiming for and what we achieve.

To answer the questions set forth above:

A1 - Yes. our method generated a novel and valid compound for each of the seed

compounds tested.
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A2 - Yes. Predicted property values for the generated compounds uniformly improved

upon the seed compounds. The only scenario that saw performance degradation

was when optimizing for all five endpoints simultaneously, where the Absorption

metric decreased. This is due to a well-known competitive interaction between

absorption and clearance that we will discuss in Sec. 6.7.

A3 - Yes. Up to three endpoints, our method was capable of improving upon all three

simultaneously.

Table 6.1 clearly demonstrates the utility of the method, and we are proud to say that

this has been used at AbbVie in the lead optimization phase and generated a compound

sufficiently compelling as to be physically synthesized and tested. A significant milestone

for any generative method.

6.5. Methodological Details

Given a trained property predictor fθ, our method has relatively few hyperparameters.

They include:

• Learning rate: the size of the changes made to each feature value per iteration

• Number of iterations: how long we run the adaptation/optimization procedure

• Endpoints: the particular properties we’re aiming to optimize

• Feature-space fragmentation: how (and if) we decide to fragment the feature

space to improve generative efficiency

In our experiments, we choose a learning rate of 0.1. While typically too large a

learning rate to train a neural network, we’ve found that this larger rate allows the

method to explore further in feature space and find more optimal solutions.
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We choose to optimize for 150 iterations, as this balanced performance with runtime.

We note, however, that performance increases the longer we run.

The endpoints we chose were for demonstration purposes only. Individual projects will

have their own set of properties they’re optimizing for and our method can accommodate

these without issue.

In regards to feature space fragmentation, we chose a window of 0.5 because it worked

well and was easy to implement. Smaller windows may further improve performance and

this is an important direction for future research. There is also the possibility of snapping

to the middle of the next window, as opposed to snapping simply to the next edge. We

will explore these options in future experiments.

We also note that at the end of the training, modified feature values in V are not

integers, but atom types are. As such, we round them to the nearest integer before

performing the final inference and assessing the quality of that generated compound.

6.6. Challenges

Many challenges remain, particularly as it relates to incorporating chemical rules into

the method. Due to valency constraints, not just any atom can be placed in any location

in an atom. At present, we handle this on an atom-by-atom basis, checking the valency of

the proposed atom at that position and only allowing it to be swapped into the molecule

if that constraint is satisfied. This is inefficient, and a more mature implementation would

take this into account in the generation phase.
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Atom type is also inherently a categorical value, and our treatment as a continuous

value is only to maintain differentiability in this example. Future work could be directed

at ways of handling categorical features in a more typical manner.

There is also the challenge of computational efficiency. Similar to diffusion, we need

multiple iterations to modify the compound and converge onto a solution. This is an

unavoidable property of the method as-is but does not represent a serious detriment

because of how the method is intended to be used: to optimize select compounds one at

a time. As this is not intended to be used to generate large numbers of compounds for

screening, this limitation may be less significant than in diffusion.

Finally, as the property predictor fθ is fixed, our method is deterministic given a

single input molecule. One way around this that we are exploring is to simply add noise

to the generation process. Adding noise on a preset schedule could help the model explore

more possibilities early on in the optimization while also allowing for the identification of

multiple modified compounds for each seed compound.

6.7. Discussion

Beyond just performant, our method is also targetable, meaning that we can trivially

target only a given subgraph or functional group by masking the gradients applied to the

input features. This is useful in the many cases where chemists know that some part of a

compound is important for their project and want to it to remain fixed. In a similar vein,

selectively fragmenting the feature space allows us to explore only particular chemical

spaces by restricting which atom types we consider. This is useful when accounting for
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the global demands of organic chemistry or the local demands of particular retrosynthesis

capabilities.

The fourth row of Table 6.1 shows clearly the expected competition between absorption

and excretion. Generally, if a drug is absorbed more efficiently into the bloodstream, it

is available in the body for a longer duration before being excreted. Conversely, if a drug

is rapidly excreted, its absorption into the bloodstream may be reduced.

Finally, we are proud to say that, through our collaboration with AbbVie, this method

has been used in lead optimization for an active drug discovery project and generated an

optimized compound that has been physically synthesized and tested. This is a significant

achievement, inducting our method into the small cohort of machine learning approaches

that have yielded compounds worthy of synthesis.
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Part 3

Accelerating Discovery: ML for High Energy

Physics
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7 | Introduction to Part 3

Pivoting now from learning on clusters of atoms, or molecules, to subatomic particles

and the machines that manipulate them, we review a selection of projects in which we’ve

adapted machine learning tools to inform and control.

7.1. Contributions to Machine Learning for High Energy Physics

In the spirit of treating AI as a tool for accelerating scientific discovery, this chapter

highlights select works from our extensive collaboration with Fermilab towards integrat-

ing real-time machine learning systems into the accelerator complex. The work revolves

around two main projects:

(1) Real-Time Loss De-Blending in the Main Injector and Recycler

(2) Slow Spill Regulation in the Muon-to-Electron (Mu2e) Conversion Experiment

We first cover the two papers published in the Loss De-Blending project:

• K. Hazelwood*, R. Shi*, B.A. Schupbach*, M. Thieme*, M.R. Austin, M.A.
Ibrahim, V.P. Nagaslaev, D.J. Nicklaus, A.L. Saewert, K. Seiya, R.M. Thurman-
Keup, N.V. Tran, A. Narayanan, H. Liu, S. Memik, “Real-time Edge AI For
Distributed Systems (READS): Progress On Beam Loss De-blending for the Fer-
milab Main Injector and Recycler,” in Conference IPAC’21.

∗Equal Contribution
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• K.J. Hazelwood*, M. Thieme*, J. Arnold, M.R. Austin, M.A. Ibrahim, V.P.
Nagaslaev, A. Narayanan, D.J. Nicklaus, G. Pradhan, A.L. Saewert, B.A. Schup-
bach, K. Seiya, R.M. Thurman-Keup, N.V. Tran, D. Ulusel, H. Liu, S. Memik, R.
Shi, “Semantic Regression for Disentangling Beam Losses in the Fermilab Main
Injector and Recycler” in Conference NAPAC’22.

And then the three papers published towards the Slow Spill Regulation project:

• A. Narayanan*, J. Jiang*, M. Thieme*, J. Arnold, M. Austin, J.R. Berlioz,
P. Hanlet, K.J. Hazelwood, M.A. Ibrahim, V. P. Nagaslaev, D.J. Nicklaus, G.
Pradhan, P.S. Prieto, B.A. Schupbach, K. Seiya A. Saewert, R.M. Thurman-
Keup, N.V. Tran, D. Ulusel , H. Liu, S. Memik, R. Shi, "Machine Learning for
Slow Spill Regulation in the Fermilab Delivery Ring for Mu2e", in Conference
NAPAC’22.

• A. Narayanan*, M. Thieme*, K.J. Hazelwood, M.A. Ibrahim, H. Liu, S. Memik,
V. P. Nagaslaev, D.J. Nicklaus, P.S. Prieto, K. Seiya, R. Shi, B.A. Schupbach,
R.M. Thurman-Keup, N.V. Tran, "Optimizing Mu2e Spill Regulation System
Algorithms", in Conference IPAC’21, Campinas, Brazil, 2021.

Additional works not covered in this dissertation include:

• Xu, C., YC. Hu, J., Jiang, J., Memik, S., Shi, R., Shuping, A. M., Thieme,
M., and Liu, H. Beyond PID controllers: PPO with neuralized PID policy for
proton beam intensity control in mu2e. In the Machine Learning and the Physical
Sciences Workshop, NeurIPS 2023.

• Shi, R., Ogrenci, S., Arnold, J. M., Berlioz, J. R., Hanlet, P., Hazelwood, K.
J., Ibrahim, M. A., Liu, H., Nagaslaev, V. P., Narayanan, A., Nicklaus, D. J.,
Mitrevski, J., Pradhan, G., Saewert, A. L., Schupbach, B. A., Seiya, K., Thieme,
M., Thurman-Keup, R. M., and Tran, N. V. Ml-based real-time control at the
edge: An approach using hls4ml. In the 31st Reconfigurable Architectures Work-
shop (RAW) 2024.

*Equal Contribution
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8 | Accelerator Loss De-Blending: A

Proof of Concept

The Fermilab Main Injector enclosure houses two accelerators, the Main Injector and

Recycler. During normal operation, high-intensity proton beams exist simultaneously in

both. The two accelerators share the same beam loss monitors (BLM) and monitoring

system. Beam losses in the Main Injector enclosure are monitored for tuning the acceler-

ators and machine protection. Losses are currently attributed to a specific machine based

on timing. However, this method alone is insufficient and often inaccurate, resulting in

more difficult machine tuning and unnecessary machine downtime. Machine experts can

often distinguish the correct source of beam loss. This suggests a machine learning (ML)

model may be producible to help de-blend losses between machines. Work is underway as

part of the Fermilab Real-time Edge AI for Distributed Systems Project (READS) to de-

velop a ML empowered system that collects streamed BLM data and additional machine

readings to infer in real-time, which machine generated beam loss.
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8.1. READS Overview

The Real-time Edge AI for Distributed Systems (READS) project is a collaboration

between the Fermilab Accelerator Division and Northwestern University. The project has

two objectives; first to implement Machine Learning ML into the future Delivery Ring

slow spill regulation system [79] for the Mu2e experiment [10, 107], and second to create

a real-time beam loss de-blending system for the Main Injector MI accelerator enclosure

also utilizing ML [93].

Figure 8.1. Example illustration of overlapping beam events and losses in
the MI and RR accelerators.

8.2. Beam Loss De-blending

The Main Injector and Recycler Ring (RR) accelerators share a tunnel and one beam

loss monitor (BLM) system. The 8GeV permanent magnet Recycler was originally built as
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an anti-proton storage ring for the Tevatron collider [54]. Anti-proton losses in Recycler

were insignificant compared to the 8GeV to 120 GeV proton losses from Main Injector;

there was less need to monitor ionization beam losses from Recycler. When the Tevatron

was decommissioned, Recycler was re-purposed as a proton stacker for Main Injector 120

GeV NuMI beam operation [5] as well as for 8GeV Muon g-2 experiment beam delivery

[41]. Currently, normal operation of the accelerator complex has high intensity beams

in both Main Injector and Recycler simultaneously. Beam losses from both machines are

now a large concern. The origin of loss on any of the 259 operational BLMs can be difficult

to attribute to any one machine. However, experts can often attribute losses to either

Main Injector or Recycler based on time (Fig.8.1), machine state, and location (Fig.8.2).

Using streamed distributed readings and real-time ML inference hardware, this project

aims to replicate and improve upon the machine expert’s ability to de-blend losses between

machines.

8.2.1. Pirate Card Development

In order to satisfy the data requirements for this project, a parasitic VME bus reader

card, commonly referred to as a Pirate Card, is being developed and integrated into the

existing MI BLM system. Each of the 7 BLM nodes distributed around the 2.2 mile Main

Injector complex consists of a VME Crate Processor, Control Card, Timing Card, and an

array of digitizers [12]. The sole responsibility of the Pirate Cards is to intercept the BLM

values of each digitizer throughout the beam cycle without disturbing normal operations

of the system. The digitized BLM values will be packaged up with other relevant machine

data like beam intensities, cycle events, and MI momentum. This datagram will be sent
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Figure 8.2. Location dependency of MI and RR beam loss as seen from
tunnel residual dose rates.

over the network for ML model training data as well as for the eventual FPGA ML

model implementation. The Pirate Cards have been designed and are currently being

manufactured. Delivery of the cards is expected by late spring 2021; in time to collect

higher frequency training data to be used in training a final ML model.

8.3. Datasets

A Sample Dataset is being continuously generated using actual accelerator opera-

tions data. The data in the Sample Dataset is the same in structure and shape as the

data that is expected to be used for training the final ML models, albeit at a much re-

duced frequency (15Hz) compared to data rates expected from the Pirate Cards. Data

rates for the Sample Dataset are constrained by limitations of the existing BLM system
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and ACNET controls network. An algorithm has been created to label the BLM losses

by machine when possible. This data will help inform the extent and structure of data

coming from the Pirate Cards. Initial ML models are being designed and trained from

this dataset.

The Training Dataset will be created using data streamed from the aforementioned

Pirate Cards. The expected Training Dataset rate is 333Hz which corresponds to the

current rate at which the BLM system nodes poll their digitizers for new BLM sums.

Normal operation of the accelerators does not allow for much opportunity to record BLM

readings when beam exist in only one machine. For this reason, fairly involved studies

have been requested in late spring 2021, just before the Fermilab accelerator complex has

it’s annual maintenance shutdown. The study will involve manipulating the beam event

time line to purposefully keep events for Recycler and Main Injector from overlapping,

thus only having beam in one machine at a time. This will allow for the proper attribution

and labeling of beam losses to one machine using the same algorithm used for the Sample

Dataset. To ensure that a broad range of loss conditions are captured for the Training

Dataset, moderate beam losses will be generated at all locations in both machines using

various miss-configurations of the machines.

8.4. Model Architecture

The De-Blending Network (DBLN) is comprised of three parts: a BLM network,

a State Network, and an Aggregation Network (Fig.8.3). At each point in time, the

DBLN maps observations of the last n BLM loss signatures ln ∈ Rn×259 and machine

data en ∈ Rn×9 to class-conditional probabilities over individual accelerators per BLM :
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p(ai|ln, en) ∈ R259×2. Note here the overloading of the term "loss": when referring to the

BLM losses we use l, and when referring to the mathematical quantity related to the ML

model performance we use ℓ.

Figure 8.3. DBLN model architecture, a rudimentary model to prove out
the concept.

The BLM Network is a convolutional neural network (CNN) with two max-pooled

convolutional layers followed by two linear layers. The BLM network learns a mapping

between the raw BLM loss data ln ∈ Rn×259 → Bn ∈ Rk. This vector Bn is then

ingested by the Aggregator where it is conditioned on a representation of the machine

state generated by the State Network.

The State Network is a two-layer fully-connected multilayer perceptron (MLP) that

learns a mapping between the last n state observations en ∈ Rn×9 → Sn ∈ Rk. The output

Sn serves as a conditioning mechanism for the representation of the BLM loss signature

Bn.

The Aggregator Network is a three layer fully-connected MLP that learns to map

Bn ⊕ Sn ∈ Rk, where ⊕ is the elementwise sum, to class-conditional probabilities over

p(ai|ln, sn) ∈ R259×2. We choose the elementwise sum instead of concatenation to make

the model more compact.
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To train the model, we use Binary Cross-Entropy Loss and the Adam Optimizer with

a learning rate = 0.001. The final model has 1.3M trainable parameters.

8.5. Preliminary Results

Initial results using the Sample Dataset show promising performance. Figure 8.4

details training accuracy and loss over the first 1000 batches using the past n = 2 obser-

vations and batch size = 32.

Figure 8.4. RR and MI training accuracy over 1000 batches.

Figure 8.5 (A) shows the measured beam intensities in MI and Recycler over 24, 15Hz

ticks. Section (B) shows the normalized BLM measurements at each tick. Sections (C)

and (D) show the output of our model scaled by the BLM loss intensity (significance).

From these plots, we can see that our model is appropriately classifying the losses in each

region. As beam is extracted from Recycler to MI; our model recognizes the change in

the loss signature and switches the inferred label from RR to MI in turn.
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Overall, high validation accuracies (95% and 96% for MI and RR, respectively) are

evidence that our model is learning meaningful mappings between BLM loss profiles and

their machine of origin.

8.5.1. Model Confidence

Of particular interest is the model’s behavior on the BLM losses that cannot be attributed

to a single machine, i.e., loss profiles acquired when MI and RR operate simultaneously.

Each row in the output p(ai|ln, sn) ∈ R259×2, corresponds to [p(MI), p(RR)]. Probabilities

≥ 0.5 are treated as positive identifications and < 0.5 as negative identifications. Per-

forming inference on these data with unknown labels yields the confusion matrix in Table

8.1, where MI/RR (+) and MI/RR (-) represent positive and negative identifications,

respectively.

Table 8.1. Model Confusion Matrix

MI (+) MI (-)

RR (+) 1% 2%
RR (-) 77% 19%

Presently, the model is disproportionately recognizing these unknown losses as orig-

inating from MI and not RR. Experimentation is underway to better understand the

model’s behavior on these data with unknown labels.

8.6. Model Implementation

The ML model will be implemented as an IP core on the Intel Arria-10 SOC. The

board contains an FPGA side and a hard processor subsystem (HPS) side, which have
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Figure 8.5. Model inference on a single beam extraction from RR to MI
using Sample Dataset.

fast communication through HPS-FPGA bridges between them. The FPGA side can

be used to implement the DBLN network for processing the data. The HPS side has
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Ethernet and can do complicated calculations. The HPS will also be useful for updating

the implemented DBLN network by partial reconfiguration.

The hls4ml+Quartus tool flow will be used to generate an initial design for the ML

IP. Based on the model development described in previous sections, the saved model will

act as an input to hls4ml and will generate an implementation in C++, which uses HLS

Compiler for hardware design. The Quartus backend of hls4ml will be used as a starting

point, with additional customization done later. Finally, The DBLN network will be

implemented as an IP core and connected to HPS using the Platform designer.

During the design phase of the IP, there must be trade-offs between the expected

latency and the limited resources. Various methods can be adopted to optimize the im-

plementation by exploiting pipelines and parallelism. For example, unrolling the potential

loops, modifying the initial interval and adding registers between each layer can all be

used to help achieve the desired data processing pipeline. Multiple parallel kernels will

be used, this will likely translate into parallel data paths. To fully utilize the limited

resources on the FPGA, with respect to constraints imposed by other functionality that

is co-located on it, we need to carefully select a proper precision of the data representation

and consider reuse of the implemented kernel and BRAM buffers.

8.7. Summary

The READS Main Injector accelerator enclosure beam loss de-blending project is

progressing well. A Sample Dataset has been generated using MI/RR readings and a very

promising preliminary ML model has been created from the data. To meet the project’s



146

data needs, a custom BLM node VME bus reader card, commonly referred to as a Pirate

Card, has been designed and is being manufactured.
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9 | Accelerator Loss De-Blending: Ef-

ficient and Effective

Once we proved the concept, we set out to refine the method and design a model capable

of disentangling loss profiles without using any machine state data.

Fermilab’s Main Injector enclosure houses two accelerators: the Main Injector (MI)

and the Recycler (RR). In periods of joint operation, when both machines contain high-

intensity beam, radiative beam losses from MI and RR overlap on the enclosure’s beam

loss monitoring (BLM) system, making it difficult to attribute those losses to a single

machine. Incorrect diagnoses result in unnecessary downtime that incurs both financial

and experimental cost. In this work, we introduce a novel neural approach for auto-

matically disentangling each machine’s contributions to those measured losses. Using a

continuous adaptation of the popular UNet architecture in conjunction with a novel data

augmentation scheme, our model accurately infers the machine of origin on a per-BLM

basis in periods of joint and independent operation. Crucially, by extracting beam loss

information at varying receptive fields, the method is capable of learning both local and
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global machine signatures and producing high-quality inferences using only raw BLM loss

measurements.

9.1. READS Overview

The Real-time Edge AI for Distributed Systems (READS) project is a collaboration

between the Fermilab Accelerator Division and Northwestern University. The project has

two main goals: 1) to create a Machine Learning (ML) system for real-time beam loss de-

blending in the Main Injector (MI) accelerator enclosure [93], and 2) to create a separate

ML system for slow spill regulation in the Delivery Ring [79] used in the Mu2e experiment

[10, 107]. In this paper, we extend our previous work [46] and introduce a novel approach

to beam loss de-blending inspired by semantic segmentation models originally developed

for biomedical imaging [89].

9.1.1. Beam Loss De-blending

The MI and RR accelerators share a tunnel and one beam loss monitoring (BLM) system.

When originally constructed, the 8 GeV permanent magnet Recycler was used as an anti-

proton storage ring for the Tevatron collider [54]. As the 8 GeV anti-proton losses from

RR were relatively insignificant compared with the 120 GeV proton losses from MI, there

was little need to monitor ionization beam losses from RR. However, when the Tevatron

was decommissioned, RR was re-purposed as a proton stacker for MI 120 GeV NuMI

beam operation [5] as well as for 8 GeV Muon g-2 experiment beam delivery [41]. As

a consequence, normal operation of the accelerator complex sees high-intensity beams in

both Main Injector and RR simultaneously, and beam losses from both machines are now
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a significant concern. However, while the origin of radiative losses measured on any of the

259 operational BLMs can be difficult to attribute to a single machine, experts can often

attribute losses to either MI or RR based on timing, machine state, and physical location

within the ring.

Using streamed, distributed BLM readings and real-time ML inference hardware, this

project aims to replicate and then improve upon the machine expert’s ability to de-blend

or disentangle each machine’s contribution to the measured losses.

9.2. Preliminaries

BLMs are spaced (approximately) evenly within the tunnel and report the incident

flux in mR/s. Because this flux is generated when beam is lost from the accelerators, i.e.

when beam scrapes the edges of the beampipe and generates a spray of particles that then

exit the accelerator, we often refer to it as ‘loss’. When we discuss the ‘BLM loss profile,’

we are referring to the pattern of flux measurements over the BLMs at a given time. This

is not to be confused with ‘loss’ in machine learning, which refers to the penalty incurred

for prediction errors. In this paper, when we refer to ‘loss’ or ‘BLM loss’, it is these flux

measurements that we refer to.

9.3. Training on BLM Loss Profiles

Following recent progress in Pirate Card development [13], which now allows for the

collection of high frequency (333 Hz) data in real-time directly from the BLMs, we have

constructed a training dataset using actual accelerator operations data.

A single training example is composed of a single BLM loss profile, also called a ‘tick’,

collected at some time i, and is represented as a 1D vector xi ∈ R259 in which each of
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the 259 elements represents the flux over each of the 259 BLMs at time i. To date, we

have collected and processed data from 12M such ticks at 33 Hz, 9M of which are used

for training, 1M for validation, and 2M for testing.

We take a supervised learning approach to attributing BLM losses to one machine or

another, so in order to generate a training signal, we also need targets for each example.

Targets for a given tick are defined by the operational states of MI and RR at that time.

Specifically, whether or not each accelerator is carrying beam. For a given tick xi ∈ R259

we construct a target vector yi ∈ [0, 1]259×k, where the number of classes k = 2 and the

value of the label reflects whether MI or RR are carrying beam.

When neither machine is in operation, values measured on the BLMs could not have

originated in either machine and must be background noise. Labels yi,j for each BLMj in

this setting would be assigned values [0., 0.] as the probabilities that the loss originated

in either machine are zero. It is important to include these during training to ensure the

model is able to distinguish the signatures of each machine from background noise. Next,

in settings in which only a single machine is in operation at once, referred to here as ‘single

operation’, the losses measured on all BLMs could only have originated in that machine.

In this case, depending on whether MI or RR are the single machine in operation, the

labels for each BLMj at that tick will be either [1., 0.] or [0., 1.], for MI or RR, respectively.

In the next setting, when both machines are in operation simultaneously, referred to

here as ‘joint operation’, we do not have a clean way to attribute the losses to one machine

or the other. Indeed, this is the difficulty motivating the project. Data collected during

periods of joint operation are handled in one of two ways: 1) We hold these data out

during training and use them only for testing, relying on expert machine operators to
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assess the quality of the predictions. This is what we will discuss in our Results section.

2) We can construct synthesized data that approximate, to the best of our ability, the

relative percentages of the loss originating in MI or RR. In the second case, synthetic

data and labels can be created by summing loss profiles from periods of single-operation

of each machine (controlled for machine states) and, for each label, normalizing the target

probabilities for MI and RR to sum to 1. As training has not been completed on synthetic

data, we confine our discussion to results obtained using method 1.

9.4. Semantic Regression

Here, we motivate the architectural choices made in designing our model as well as

detail how our semantic regression model differs from the popular UNet [89] architecture

for semantic segmentation.

Most generally, for each input example xi, we are looking for an estimator f(·) pa-

rameterized by learnable parameters θ mapping 1D BLM loss profiles onto predicted class

probabilities for each BLM:

(9.1) fθ : xi ∈ R259 → ŷi ∈ [0, 1]259×k

where, for each index j corresponding to BLMj at tick i, ŷi,j ∈ [0, 1]1×2 reflects the

probability that the loss measured on BLMj at tick i originated in either of the k = 2

machines (MI or RR). This task is similar to one known as semantic segmentation. The

object of semantic segmentation - considered primarily in computer vision applications

[77] - is to classify each pixel in the input into one of k categories. For example, in
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biomedical imaging, we may want to know whether some pixel contains normal or ab-

normal tissue or, in autonomous driving settings, we can imagine the utility of knowing

whether some pixel represents road or sidewalk.

The UNet architecture has seen wide-ranging success in such settings. At a high level,

it is composed of cascaded convolution operations between two distinct halves. In the first

half, known as the contracting path, we apply repeated convolution operations, each time

increasing the channel dimension while the original spatial dimensions are downsampled

via pooling. In the second half, known as the expanding path, we invert the operations

of the first, de-convolving at each layer and decreasing the channel dimension until we

arrive at an output with the same spatial dimension as the original input image but with

k channels corresponding to k classes. To better incorporate information from varying

receptive fields and avoid information loss, feature maps are passed layer-wise from the

contracting path to their analog in the expanding path. Finally, softmax is applied over

the channel dimension of the final layer, and class labels are obtained.

While similar to the original UNet, our model differs in two important ways: 1) our

input xi ∈ R259 is 1D, so we replace 2D convolutions with 1D convolutions, and 2) we

are not trying to predict a single class per BLM, but probabilities for each class, each

of which may scale independently between 0 and 1, so we replace UNet’s final softmax

layer with a sigmoid. Losses are calculated using the MSE between predictions and labels:

ℓ = MSE(ŷi, yi).
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Figure 9.1. Inferences made on BLM losses during a period of joint opera-
tion. A: Beam intensities (R/s) in RR and MI over 48 ticks. B: BLM loss
profiles - darker = more loss. C and E: Labels for RR and MI, where gray
indicates that the machine of origin is unknown. D and F: UNet model
inferences for RR and MI, respectively. Intensity corresponds to the in-
ferred probability that the losses on a particular BLM at a particular loss
originated in RR or MI.
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Figure 9.2. Accuracy is high in the primary region of interest, between 10
and 2500 mR/s. Counts reflects the number of observations with loss in that
range. Note that noise in the accuracy is driven by the declining counts with
a given loss value.

9.5. Results

Figure 9.2 details prediction accuracy per-label in periods of single operation (MI or

RR or neither, i.e. labels [1., 0.], [0., 1.] or [0., 0.]) vs. BLM loss value. We report

accuracy here as it is a more interpretable quantity than MSE, using a 20% threshold for

the accuracy calculation, i.e. if a prediction is further or closer than 0.2 away from the

label, we consider the inference incorrect or correct, respectively. This figure shows that

our model is able to learn robust representations of each machine’s unique signature using

only BLM loss profiles. It also shows that prediction performance is highest on BLM loss

values of interest, namely those above the background noise (10 mR/s) and below the

existing abort threshold (2500 mR/s). While accuracy appears to fall above 1800 mR/s,

this is primarily due to a paucity of data in this range, of which the counts in log-scale

are visible on the right axis.
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9.5.1. Inference on Losses of Unknown Origin

Of central interest in Figure 9.1 are panels D and F, which contain inferences made during

periods of Since some portion of the beam is not captured during the coalescing process,

this beam continues around in the machine until the end of the cycle, where it is finally

lost at the RR collimators and abort line around BLM index 210. ingests), and C/D

displays the labels, where the gray indicates regions in which we cannot assign a unique

label. These inferences agree well with known behavior in MI and RR, and we call the

readers attention to two features of these inferences that demonstrate the model’s ability

to generalize beyond the labeled training data.

First, in panel D, the heavy band of RR inferences starting around BLM index 200

are in agreement with known behaviors in RR. The two RR bumps between ticks 24 and

42 are in the beam to the Muon campus and reflect a process that involves coalescing

53 MHz RF bunched beams into larger 2.5 MHz RF bunches. During this process, some

beam is lost, and ultimately the beam is extracted around BLM index 190. Since some

portion of the beam is not captured during the coalescing process, this beam continues

around in the machine until the end of cycle where it is finally lost at the RR collimators

and abort line around BLM index 210. This region after BLM index 200 is where we

would expect large RR contributions to the loss, and the model agrees across both RR

bumps.

Second, in panel F, ticks 32 and 38 happen to lie in the few milliseconds between

events where there is no beam in RR. Our model’s high confidence that the losses in these

ticks originated in MI is likely due to the line interpolation and lower frequency data rate.

Our labeling system cannot label this type of event correctly every time on 33 Hz data.
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However, it is likely there are samples where it is labeled correctly because the sample

happened to occur at an opportune time in which losses and beam events overlapped.

What we can gather from panel F is that our model was able to learn these profiles and

correctly impute that, given the loss profiles at ticks 32 and 38, the loss likely originated

in MI.

9.6. Future Work

Towards the goal of real-time inference, this model is being adapted for implementation

on FPGA. We are also exploring additional methods for improving the generalization

and accuracy of the model in periods of joint operation, including the generation of

representative synthetic data, the incorporation of temporal information, and further

statistical analysis of synergistic effects observed during periods of joint operation.
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10 | Mu2e: Differentiable Simulators

for PID Optimization

Transitioning now to our work on the Mu2e project, we discuss the first approach taken

to solve the problem: optimizing PID gains using a novel, differentiable physics simulator

and the standard ML machinery of gradient descent and backpropagation.

A slow extraction system is being developed for the Fermilab’s Delivery Ring to deliver

protons to the Mu2e experiment. During the extraction, the beam on target experiences

small intensity variations owing to many factors. Various adaptive learning algorithms

will be employed for beam regulation to achieve the required spill quality. We discuss

here the preliminary results of the slow and fast regulation algorithms validation through

the computer simulations before their implementation in the FPGA. Particle tracking

with sextupole resonance was used to determine the fine shape of the spill profile. Fast

semi-analytical simulation schemes and Machine Learning models were used to optimize

the fast regulation loop.
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10.1. Resonant Extraction at Delivery Ring

Slow extraction is a well-established technique to deliver continuous beams to the

experiments. Nevertheless, the spill quality - or uniformity - remains to be one of the

biggest challenges as the beam intensity and complexity of the experiments are growing.

Slow extraction in the Fermilab Delivery Ring (DR) [106] for the Mu2e experiment [4]

is achieved by exciting the 3rd integer resonance and by driving (squeezing) the machine

tune to the exact resonance value (2/3). The resonance strength is controlled by the two

circuits of sextupole magnets, and the squeeze is driven by the dedicated circuit of 3-tune

ramping quadrupoles (QX). To satisfy those requirements, the Spill Regulation System

(SRS) is being developed.

10.1.1. Spill Regulation System

The SRS will regulate extraction through 2 primary elements: the QX circuit and the

RF Knock-Out (RFKO) system. Each regulation element is controlled by separate but

concurrent control loops. The SRS has been designed to mitigate several sources of ripple

in the spill profile.

The SRS system architecture will consist of the System-On-Module (SoM) and a

carrier board. The SoM is a FPGA mezzanine card that hosts the Intel Arria10 SoC.

Arria10 SoC features a second-generation dual-core ARM Cortex-A9 MPCore processor-

based hard processor system (HPS). One ARM Core will be designated for the front-end

software application, which provides an interface between the FPGA controller and the

control system. The second ARM core of the HPS can be dedicated to calculating cycle-

to-cycle feedforward corrections or facilitating machine learning algorithms.
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Furthermore, the SoM uses bottom FMC connectors to mount onto a carrier board,

which, in turn, is contained within a rack-wide chassis. The FMC connectors provide two

PCIe x8 Gen3 LVDS lanes to interface with the components on the carrier board. The

carrier board hosts the peripherals, which will receive clock signals, timing signals, and

spill monitoring signals. It will be critical to coordinate the SRS processes within the

machine cycle and within each spill interval.

10.1.2. Functional overview

The overarching goal of this work is to develop and study algorithms that would facilitate

signal processing in the SRS. There are three main components of the SRS: slow spill

profile regulation, fast random ripple regulation and the harmonic ripple content tracker.

Here we will discuss the first two of them.

The characteristics of the proton beam in the DR could slowly change with time due

to slow drifts in the various accelerator components. The slow regulation controller will

be tracking the slow changes in the spill profile producing corrections to the QX current

ramp needed to achieve the uniform spill rate. This slow regulation is done adaptively

over many spills.

The fast regulation system response, on the other hand, would be supplemented on

top of the slow regulation in order to correct instantaneous ripples in the spill intensity.

We assume here that this fast noise (ripples) has a random nature or otherwise is a semi-

random component of regular harmonic noise that the harmonic controller is not able to

suppress. These fast fluctuations can be large. In the SRS, this is handled by the fast

PID loop controller.
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10.1.3. Slow Regulation Simulation

The algorithms for the slow regulation were tested on a simulation by tracking 132,000

particles in a lattice with a single sextupole. The input for the simulation is the machine’s

horizontal tune value at every turn. The simulated beam’s kinetic energy was 8 GeV (with

no momentum dispersion) and a normalized rms emittance of 2.6 π mm-mrad. The time

step for the simulation is one turn, and the total time for one iteration is one full spill.

For our purposes, we start with a linear tune curve from νx = 9.650 to νx = 9.666 during

the first spill. The simulation tracks the position and angle of each particle at the end

of each turn, and any particle whose position is found beyond the electrostatic septum

plane is counted as extracted.

For computational purposes, the total number of turns was divided into bins of 250

turns. The number of particles extracted (next) is counted bin-wise and is compared with

the ideal number of particles that ought to be extracted nideal. If next is greater (or lesser)

than nideal, then the tune distance from resonance for that respective bin is increased (or

decreased) by k%. The new modified tune values for each of the bins are then stored

and fed as feedforward input to the next spill. This is iteratively repeated until the ideal

spill rate (with ±5% error tolerance) is achieved for all the bins. Various k% values

were tested, and the results are discussed in the poster. A typical result is presented in

Fig. 10.1. The algorithm was successfully able to find the ideal tune curve within a few

hundred iterations. In real life, one iteration amounts to a spill duration of 43 ms, thus

the algorithm should correct the spill rate within few minutes.
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Figure 10.1. Slow regulation algorithm finding the ideal tune ramp for
uniform extraction.

10.1.4. Fast Regulation with PID Controller

As noted earlier, the noise source that demands fast regulation is random (or semi-random)

and induces variations in the spill rate within one spill. This is met with a PID loop that

would send a control signal superimposed on top of the ideal ramp curve in order to curtail

the ripples in extraction. The primary knobs for the PID controller are the three gain

values, Gp, Gi, and Gd, where the control signal u is given by

(10.1) u = Gp · e(t) +Gi ·
∫

e(t)dt+Gd ·
de(t)

dt
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where e is the error in spill rate. If the PID controller is ideal, the control signal

would be equal in magnitude but opposite in sign to the noise profile present within the

spill. However, the tuning of the PID controller can sometimes be tricky as the complete

loop includes many machine elements and the beam response. While manual optimiza-

tion techniques exist, we construct an end-to-end machine learning (ML) differentiable

simulator parameterized by the PID gains that allows us to optimize them directly from

simulated data. In addition to full-spill optimization, the ML system is capable of finding

optimal PID gain values in arbitrary subdomains of the spill.

In order to generate the training data for the ML to tune the PID gains, it would be

computationally expensive to carry out particle tracking. Instead, the machine ripples and

the regulation response can be very adequately reproduced with a simplified analytical

model of extraction.

10.2. Analytical Modelling of Extraction with Fast Regulation

To simulate the fast regulation, we assume that the ideal tune ramp to give the perfect

extraction is already in place (because in real life, the slow regulation loop will have already

provided that). The analytical model approximates the ideal quad current ramp to be a

logarithmic function of time, on top of which the fast regulation performance is simulated.

The goal of the physics simulator is to test the performance of the PID loop in terms of

spill quality quantified by the spill duty factor (SDF), defined as 1/(1 + σ2
ext. rate). The

spill rate in the physics simulation is normalized to an expectation value of 1. The time

step of the simulation is done at 10 kHz as the SRS has been designed to have a total

Gain-Bandwidth of 10 kHz [51].
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10.2.1. Analytical Modelling - Fast Regulation Simulation

The ripples in the extraction rate are generated in the physics simulator using a ran-

domwalk log-normal distribution. The PID loop (loaded with the 3 gain values) reads

the rippled extraction rate and computes the control signal to be sent to the quads in

order to suppress the ripples. Since this PID response is superimposed with the quad

current, the semi-analytical model is involved in calculation of the fast extraction rate

changes. Also the fast quad modulation is passed through a Butterworth low-pass filter

to simulate the steel beam pipe shielding quadrupole’s magnetic field variations higher

than 1 kHz. When a particle finds itself outside the stable region in phase-space, it will

take a finite time to transit to the septum to get extracted. The nature and extent of the

delay were studied in earlier simulations, and an appropriate time delay transit function

was constructed. The low-pass filtered PID response is convolved with this transit time

delay function. The delayed and low-pass filtered control signal is then superimposed

with the idealized logarithmic current ramp, and the total number of particles extracted

at every time step is computed along with the extraction rate, which is the output of the

physics simulator. The ML simulator uses this output to find optimal gain values for the

PID loop to maximize performance of the fast regulation loop.

10.3. Learning with a Differentiable Simulator

PID gain values determine how well the PID is able to control the extraction rate.

While manual optimization techniques exist, we construct an end-to-end differentiable

simulator parameterized by the PID gains that allow us to optimize them directly from
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simulated data. In addition to full-spill optimization, the system is capable of finding

optimal PID gain values in arbitrary subdomains of the spill.

10.3.1. A Hybrid Machine Learning Simulator

At the base of our ML simulator is a neural network that maps a constant scalar input

∈ R1 to a vector of PID gains G ∈ R3. With each training iteration, PID gains generated

by the neural network are ingested by the PID simulator to produce a corrected spill

c ∈ R430 (10 points per millisecond in the 43 ms spill). Each corrected spill has an

associated SDF value, which is a volatility metric that varies in the range (0,1]. The loss

function ℓ is defined as ℓ = (1− SDF)2, the squared error between the actual and target

SDF. Gradients with respect to the PID gains ∂ℓ/∂G are calculated directly from data

and are backpropagated through the simulator to update the neural network weights and

minimize the loss (i.e., maximize the PID performance).

We refer to this approach as a Hybrid ML Simulator because only those functions which

must be differentiable are made so. This allows functions such as noise generation and

tune ramps to be pre-computed and excluded from the more computationally expensive

gradient calculation and backpropagation steps.

10.3.2. Training Procedure: PID Gains Tuning

An SDF of 1 corresponds to perfect regulation (zero volatility in the corrected spill). The

SDF is thus used as the objective function with a target of 1 (perfect regulation). To

optimize the PID gains, we minimize the loss function ℓ. The procedure for training the

neural network to generate optimal PID gains is as follows: (i) the neural network is
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Figure 10.2. Top (a) Evolution of the PID gains in domain-0 (leftmost
subdomain of the bottom plot) over the full spill, as well as the SDF. Bottom
(b) Four subdomains of the spill are segmented by vertical bars. Optimal
gain values within each subdomain are shown on the vertical axis.

initialized randomly and generates a set of PID gains which are fed alongside a random

noise signal into the PID simulator, (ii) the PID simulator uses these gains to produce a

corrected spill c, (iii) the SDF value of this spill is compared to the target and the gradients

of the loss function ℓ are calculated, (iii) gradients with respect to the PID gains ∂ℓ/∂G

are backpropagated [90] through the simulator and the neural network to minimize the

error, (iv) the updated neural network generates a new set of PID gain values and the

process repeats. Note that each iteration uses independent noise profiles and minimizes
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the error over an entire spill. All differentiable functions are built with PyTorch [84], and

we use the Adam Optimizer [63] with learning rate 0.01 for training.

10.3.3. Spill Segmentation

Since the ideal quad current ramp is non-linear in time, the extraction rate is sensitive

to varied degrees in different parts of the spill. To characterize this variation, our system

is capable of independently optimizing PID gains within arbitrary subdomains of the

spill. Fig. 10.2(a) shows how the system evolves towards optimal PID gain values for 4

subdomains plotted along with the full spill’s SDF value. Fig. 10.2(b) shows optimal PID

gain values within four equally sized subdomains of the spill.

10.3.4. Regulation Performance

Our system is able to identify PID gains that realize high SDF values on representative

input noise distributions (noise has an average SDF of 0.5). After 1000 training iterations,

we can achieve corrected spills with median SDF values of 0.74, and by splitting the spill

into four subdomains, median SDF values of 0.83, representing 48% and 66% reductions

in the noise, respectively. If achieved in reality, this would well satisfy the experimental

requirements of Mu2e. The regulation is especially effective on the high spikes, which are

the main concerns for the detector performance.
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11 | Mu2e: Learnable Controllers in Noisy

Environments

Next, we tackle the problem of control directly, avoiding the PID altogether and attempt-

ing to learn to generate the control signal with a recurrent sequence model.

As we have already covered, a third-integer resonant slow extraction system is being

developed for the Fermilab’s Delivery Ring to deliver protons to the Mu2e experiment.

During a slow extraction process, the beam on target is liable to experience small intensity

variations due to many factors. Owing to the experiment’s strict requirements in the

quality of the spill, an advanced Spill Regulation System (SRS) is currently under design.

The SRS primarily consists of three components - slow regulation, fast regulation, and

harmonic content tracker. In this chapter, we shall present the investigations of using

Machine Learning (ML) in the fast regulation system, including further optimizations

of PID controller gains for the fast regulation, prospects of an ML agent completely

replacing the PID controller using supervised learning schemes such as Long Short-Term

Memory (LSTM) and Gated Recurrent Unit (GRU) ML models, the simulated impact

and limitation of machine response characteristics on the effectiveness of both PID and
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ML regulation of the spill. We also present here early results of Reinforcement Learning

efforts, including continuous-action actor-critic methods and soft actor-critic methods, to

regulate the spill rate.

11.1. Resonant Extraction for Mu2e

Resonant extraction is a beam physics technique employed to extract a slice of beam

turn by turn in a circular accelerator by exciting third integer resonance using dedicated

sextupole magnets.

Slow extraction at Fermilab is to be done at the Delivery Ring (DR) using a circuit of

6 harmonic sextupoles and 3 fast quadrupoles, driving the horizontal tune from 9.650 to

9.666 to extract 1012 protons over the course of 43 ms (≈ 25000 turns) to be sent to the

muon production target. Any protons left in the DR after 43 ms would be aborted. The

ideal spill quality would be to extract 3× 107 protons every turn, but we expect the spill

quality to be heavily affected by irregularities due to noises that could arise from various

accelerator components and other factors.

The Mu2e experiment imposes strict requirements on the spill quality since the detec-

tors are sensitive to the intensity variations of particles coming off of the muon production

target. We thus need a robust regulation system in place to ensure high and steady spill

quality.

11.2. Regulation System

The spill regulation system (SRS) comprises slow regulation, fast regulation, and har-

monic content canceller. The present design bandwidth of the regulation system is 10
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KHz, i.e., 430 data points within one spill. A brief functional overview of the SRS can be

found at [79].

11.2.1. Fast Regulation System

The fast regulation in the SRS concerns the control of spill quality within one spill to

curtail any semi-random noise that might arise and also suppress any high frequency 60

Hz harmonic content that the harmonic content suppressor system is not able to suppress.

The fast regulation would be supplemented on top of the slow regulation through a fast

feedback loop. This loop will send a control signal update at every time step within one

spill, and this signal will superpose to the (already preloaded) quad current ramp of the

tune ramping quadrupoles to reduce the instantaneous noises in the spill rate.

One way to implement the fast regulation is through PID feedback control, which is

a fairly robust and proven technique. However, given the non-linearity of the resonance

process, low spill time, and the strict requirements from the Mu2e experiment on the

spill quality, we also investigate the possible use of machine learning to enhance the fast

regulation.

If the ideal spill rate is normalized to 1, the quality of the spill is defined by the spill

duty factor (SDF),

(11.1) SDF =
1

1 + σ2
spill
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where σspill is the standard deviation of the spill rate. An ideal spill would bear a

constant spill rate value of 1, giving us an SDF of 1. The goal of the SRS for Mu2e is to

obtain an SDF of 0.6 or higher.

11.3. Analytical Modelling of Extraction with Fast Regulation

Modeling of the extraction is necessary to validate various regulation schemes in sim-

ulations. Particle tracking could be very computationally expensive, we thus developed a

simplified analytical model of the spill process to verify the efficiency of different regulation

schemes.

11.3.1. Physics Simulator

We built a physics simulator in Python (using the analytical model) to simulate the spill

process and generate the required spill data to train various machine learning models.

The details of the physics simulator can be found in our earlier work [79].

To train a machine learning model to regulate the extracted spill intensity, we need

a way to simulate the effects of the models’ regulation signals on the extracted spill.

This, then, requires that the physics simulator itself must also be fully differentiable, as

gradients must be able to flow back from the spill signal through the physics simulator

and into the ML model. To accomplish this, we leveraged differentiable operations in the

widely used ML framework PyTorch [84] to produce a fully-differentiable clone of the

existing simulator. Every operation in the original simulator, including the low-pass filter

for limiting the effective interaction rate of the control system, has been replaced with

its differentiable counterpart in PyTorch. This allows us to propagate gradients through
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the simulator and update the weights of the machine learning model. In the following

section, we motivate the use of ML in this context and discuss why our approach is not

only effective but theoretically sound.

11.4. ML for Spill Regulation

Our objective is to construct a machine learning system that maps measured spill

values (deviations from the ideal spill) onto quadrupole currents that bring the spill in-

tensity back to the target intensity level, thereby smoothing the noise inherent in resonant

extraction. Historically, this problem was solved using proportional–integral–derivative

controllers (PIDs) which are control loop mechanisms designed to maintain a system in

a steady state in the presence of external perturbations. While simple, effective, and

well understood, PIDs are a linear and symmetric heuristic control system with constant

parameters, meaning they are designed to operate in domains in which the response of

the system is invariant across all operating regions. And while approaches such as gain

scheduling [118] exist to address this issue, any PID-based regulation system will still

be heuristic. As we cannot presume the exact noise distribution and possible nonlinear-

ities in the extraction system, a control system that is 1) nonlinear and 2) capable of

adapting to the idiosyncratic response of the extraction system, is warranted. As modern

neural networks represent a class of arbitrary nonlinear function approximators, they are

a natural solution for extending resonant extraction control systems into the nonlinear

regime.
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Broadly, the machine learning problem can be formulated as follows. Given an input

spill x ∈ R430, we are looking for a model f(·), parameterized by trainable parameters θ,

such that:

(11.2) fθ : x ∈ R430 → q ∈ R430

where q is a sequence of quadrupole correction currents. Note that we do not index

the input spills because each spill is generated procedurally and is entirely random. As

mentioned before, the effect of these quadrupole correction currents must be simulated

using a differentiable simulator we denote SIM(·), which is a differentiable function map-

ping q ∈ R430 → s ∈ R430, where s is the final corrected spill. Note that while SIM(·)

is differentiable, it does not contain any trainable parameters. The final spill profile is

then s = SIM
(
fθ(x), λ

)
, where x is the input noise profile and λ is the low-pass filter

value that effectively puts an upper limit on the interaction frequency of the regulation

system. We include it here because it has a strong impact on regulation performance and

is tunable via the use of different materials for the beampipe.

11.4.1. Supervised Learning

In supervised learning, our goal is to learn a model that minimizes the difference between

the models’ output and the supervision label. As our ultimate goal is to minimize the

noise inherent in the spill, we use as our supervision signal the difference between the SDF

of the corrected spill (generated by our model) and the SDF of an ideal spill (noiseless

spill intensity with a dimensionless value of 1). The training loss ℓ then becomes:



173

Figure 11.1. High level overview of the learning model in the supervised
setting. A window of data is ingested, a quadrupole correction current is
predicted, and the differentiable spill simulator calculates the affect of that
correction current. We are trying to minimize the difference between the
ideal spill and the corrected spill. The image for the GRU is borrowed from
Christopher Olah’s excellent review of recurrent models.

(11.3) ℓ = MSE
(
s, 1⃗

)
Given the formulation in Eq. 11.2, a natural choice is a recurrent network, which

ingests an input sequence and produces an output sequence of equal size. Towards this

end, we implement a simple GRU [22] having two layers, a hidden state of size 128 that

ingests, at each point in the spill, a window of the past 40 observations. To allow the

model to begin regulation at the first step in the spill, we prepend the spill profile with

a vector of length 40. Each element in this prepended vector is assigned the value of the

first element in the random noise profile. Then, we walk forward in the usual manner to

https://colah.github.io/posts/2015-08-Understanding-LSTMs/
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generate 430 quadrupole corrections. At the end of each spill, the loss is calculated using

Equation 11.3 and the model parameters θ are updated.

Figure 11.1 builds upon Figures 2.10 and 2.12 to give an intuitive understanding of

how our machine learning model will interact with the physics simulator using supervised

learning to update the model weights.

11.4.2. Reinforcement Learning

Reinforcement Learning (RL) is a machine learning methodology based on maximizing

rewards and minimizing penalties through trial and error. While our RL solution is

still under development, we briefly describe and motivate it here. Of primary interest

is the capacity for RL models to be trained on real-world observations, i.e. outside of

a simulator, and, as our ultimate goal is to control a physical device, RL represents a

compelling opportunity.

RL can be modeled as a Markov Decision Process (MDP) involving environmental

states, actions, and rewards. The magnitude of the reward is a function of the state-

action pair, which is often dependent on stochastic transition probabilities describing the

likelihood of some action ‘successfully’ transitioning the environment from one state to

another.

Following the formulation in Eq 11.2, our goal is to learn a policy mapping noised

spills onto quadrupole corrections. At each point in the spill, our RL agent ingests a

window of the past 10 observations, in RL called the ‘state space’, and the produces a

single real-valued number corresponding to quadrupole correction, in RL called the ‘action
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space’. For each spill, the model produces 430 such corrections, and our goal is to learn

a policy that maximizes the reward (performance) over the entire spill.

To do this, we implement Soft Actor Critic (SAC), which is an off-policy, policy

gradient-based algorithm that we chose for two main reasons. First, it is designed to

balance exploration and exploitation via entropy regularization, and second, it utilizes

a method called the double-Q trick to reduce the bias. Both of these help to stabilize

training in settings like ours having large or continuous action spaces.

To prevent the errors from accumulating, we define a termination condition. If the

SDF of the corrected spill drops below a predefined threshold, we immediately assign a

large negative reward to discourage the agent from continuing down that path. If this

condition is met more than 10 times in a spill, we stop the MDP trajectory and start a

new one.

Finally, to improve the sample efficiency, we implement replay memory, which is a

technique for extracting more information from each sample by storing it and learning

from it multiple times.

11.4.3. Results, Challenges, and Future Work

In Figure 11.2, we show the average corrected SDF of using the GRU trained in a super-

vised manner and the PID. We note that this is as fair a comparison as can be made,

as we optimize the PID gain values independently for each low-pass frequency using the

differentiable simulator introduced in our previous work [79]. The SDF of the input noise

for all trials had an average SDF of 0.51. The GRU, trained in a supervised setting, is

able to robustly outperform the PID at all low-pass frequencies. Additionally, we see that
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Figure 11.2. Regulation performance of the GRU vs. PID. Each point rep-
resents the average SDF over 1k independent spills with identical noise
profiles. Input noise had an average SDF of 0.51 for all trials.

the advantage increases with the effective interaction frequency, indicating that the value

of capturing nonlinear characteristics of the regulation system scales with the interaction

frequency. We put a particular emphasis on this point as it is relevant to physical design

choices, particularly for those machine elements that limit the beam response time.

As PID controllers are used not just across Fermilab but many engineering disciplines,

we hope these results serve as an impetus for continued exploration into learnable control

systems in other environments.



177

12 | Conclusions

In this dissertation, we’ve presented a series of works purpose-built to augment and accel-

erate the scientific process. This included a principled method for learning to drop noisy

edges in attention-based GNNs, the first graph pooling algorithm capable of coarsening a

graph into an arbitrary number of variable-sized clusters, and the first guided molecular

generation methodology for optimizing candidate drug compounds via atomic replace-

ment. Additionally, we showed how semantic segmentation models could be adapted to

better understand particle accelerator loss profiles, and how standard recurrent sequence

models models could beat the ubiquitous PID controller at its own game.

We argued that machine learning, and specifically graph machine learning, represents

the latest in the lineage of tools that have revolutionized science. The methods we intro-

duce take steps in this direction, but there is a great deal of work that needs to be done.

Central to realizing the promise of graph ML as a scientific accelerant is a firmer grasp on

model interpretability. Adoption and integration will scale with trust, especially for those

outside of the machine learning community, the black-box nature of deep neural nets can

be difficult to get past.
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The message we send to the practitioner should be clear and confident: machine

learning is unequivocally useful, as proved many times over in research and industrial

labs around the world, and to forgo its use altogether would be a mistake. We need to

understand our data, implement with caution, carefully test, monitor in an ongoing fash-

ion, and treat it like we would any other tool in our toolkit: as a tool, not a panacea.

In closing, we choose to study graphs in the context of machine learning because it

encourages us to build our models with the same kind of architecture that humans evolved

to understand complex systems: to think in terms of objects, their properties, and the

relationships between them. This representation is what allows us to make infinite use of

finite means [110] and broaden the efficacy of our knowledge through analogy. At the end

of the day, building a similar structure-awareness into our learning models is a utilitarian

effort; it reduces sample complexity and improves learning efficiency by leveraging the rich,

relational information implicit in the data. But I think it bears mentioning that there is

something more fundamental about the role that internal structure plays. Be they atoms,

proteins, families or economies, it’s the relationships between their constituent parts that

make them interesting, unique, and meaningful.

* * *

I’ve long held the belief that we honor our universe by understanding it, and it has

been one of the great privileges of my life to work on tools that may one day help to

enrich that understanding.
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