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Abstract

Explainable Machine Learning and Applications in Protein-Ligand Complex Structure Prediction

Pascal Sturmfels

Chair of the Supervisory Committee:
David Baker
Biochemistry

This thesis touches upon two main topics: interpreting machine learning models, and the application
of machine learning to protein sequences and structures. The first portion deals with feature
attribution techniques, which attribute attribution scores on a per-instance basis to a machine
learning model that represent that model locally around that instance as linear. Three methods are
proposed: expected gradients, attribution priors, and integrated hessians, that extend interpretability
beyond feature attribution towards feature interaction and training more interpretable models. The
second portion deals with training protein language models and how best to design semi-supervised
pre-training tasks. It takes inspiration from multiple sequence alignments to propose two tasks -
profile prediction and seq2msa - that extend language modeling beyond autoregressive and masked
language modeling. The third portion deals applications in protein structure prediction, chiefly with
predicting the structure of proteins in concert with small molecules. Jointly determining both the
structure of a protein from its sequence input and how small molecule binding partners dock to that
structure remains an open and challenging problem, and has applications in biological discovery,
virtual screening, and de-novo design. This thesis discusses the development of a structure prediction
network, RoseTTAFold All-Atom, capable of simultaneous folding and docking, as well as some

applications enabled by that existing network.
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These interactions are not evident from attributions alone. Right: Interactions help

us reveal an unintuitive pattern in language models: saturation. Although the word

"movie" interacts negatively with all negative moditying adjectives, those negative

adjectives themselves all interact positively. The more negative adjectives are in

the sentence, the less each individual negative adjective matters towards the overall
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Interactions help us understand why certain models perform better than others.

Here, we examine word 1nteractions within the sentence “this movie was not bad."

We compare two models trained to perform sentiment analysis on the Stanford

Sentiment dataset: a pre-trained transformer, DistiIBERT (left), which predicts

the sentence has a positive sentiment with 98.2% confidence, and a convolutional

neural network trained from scratch (right), which predicts a negative sentiment

with 97.6% confidence. The transformer picks up on negation patterns: “not bad”

has a positive interaction, despite the word “bad” being negative. The CNN mostly
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Left: Expected gradients attributions (from 100 samples) on MNIST for both

the baseline and attribution prior models. The latter achieves visually smoother

attributions, and 1t better highlights how the network classifies digits (e.g., the top

part of the 4 being very important). Unlike previous methods which take additional

steps to smooth saliency maps after training [45,119], these are unmodified saliency

maps directly from the learned model. Right: Inducing smoothness 1n saliency

maps leads to robustness to input noise without specifically training for robustness. | 28
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Left: Expected gradients attributions (from 100 samples) on CIFAR10 for both the

baseline model and the model trained with an attribution prior for five randomly

selected 1mages classified correctly by both models. Training with an attribution

prior generates visually smoother attribution maps 1n all cases. Notably, these

smoothed attributions also appear more localized towards the object of interest.
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Chapter 1
INTRODUCTION

I had an unusually disjoint PhD. As a result, this will be an unusually disjoint thesis. I thought
for a while about how to join the three main chapters in my thesis into one grand, unified story
and ultimately decided to abandon the effort. What follows instead is a set of three, self-contained

chapters that encompass the breadth of the work I did in the last six years.

1.1 Explainable Machine Learning

The first portion of my PhD focused on the fundamental question of interpreting or explaining
machine learning models, and in particular neural networks. The goal of supervised learning is
generally framed as follows: given some random variables x and y from a distribution p, ,, learn a
function f(x) that approximates p(y|x). Neural networks have become a popular tool for training
supervised learning models, partially because of their representational power, and partially because
of the rise of faster and more specialized hardware for the underlying matrix operations used to train
them.

Such models are highly non-linear, and as a result can learn complex functions that map inputs
to outputs, such as classifying objects in images or sentiment in text. The issue with using deep,
non-linear models is that they are hard to interpret. Even if a model achieves high accuracy on
a classification task, it gives no insight into why it made the prediction it did. Such insight is
particularly important in applications in biology and medicine, where interpretability can garner
trust and lead to biological insights.

On the flip side, using simpler models like regression models or additive models inherently lends
it self to easy interpretation. However, such models often underperform neural networks, which are

capable of learning pairwise and higher-order interactions between features that simpler models



are not. Therefore, there exists some balance between the complexity of the model used and the
ability of the practitioner to interpret it. Many of the existing interpretability methods for complex
models focus on feature attribution: the problem of distilling a model into locally-linear attributions
scores on a per-instance basis, which allows the user to determine the most important features used
to make a prediction. However, this framework is somewhat limited: it says nothing about how to
interpret higher-order interactions between features, which is often important in correlated data, and
how to use such insights to train better models.

This chapter of my thesis focuses on these questions: how do we use insights from feature
attribution to go beyond single feature attributions? The chapter first lays the game-theoretic
background for existing work on feature attributions. Then, it discusses some insights into how
that game-theoretic background can be applied to the machine learning setting, and in particular
discusses questions about what it means to have a feature missing to a model. It then uses these
insights to derive three new methods: expected gradients, attribution priors, and integrated hessians,
which not only improve our ability to interpret features in neural networks but also move towards
pair-wise interaction attribution and discuss how to use feature attribution techniques to make more

interpretable models.

1.2 Protein Language Modeling

This second chapter focuses on modeling protein sequences at scale. Modern language modeling
techniques have shown that the right inductive biases in large deep learning models, plus a combi-
nation of large, unlabeled databases and massive compute can lead to powerful, semi-supervised
representational models that learn from reconstruction losses on partial ablations of the input data,
with the assumption that models learn something about the target domain via such reconstructive
losses and that gathering unlabeled data is cheaper and easier than gathering labeled data. This is
certainly true in natural language: the internet provides a wealth of unlabeled human text, and the
ability to reconstruct words in context teaches the model something about which words naturally
belong together syntatically and semantically.

Early work on applying such models to protein sequences seemed to indicated that this is also



true for protein sequences. Certainly, with modern sequencing methods it has become cheap and
easy to sequence proteins. Evolutionary pressure also constraints the distribution of amino acids
both locally and globally within a sequence. Protein language models have already accomplished
much, from being used for design tasks to being fine-tuned for structure prediction.

However, it is important to acknowledge that there are also key differences between protein
sequences and natural language. It would be remiss to simply accept the doctrine of natural language
models without thinking carefully about how to apply them to a new domain, and particularly how
to use existing tools and knowledge of that new domain to better adapt such models. This section
focuses on adapting pre-training tasks for large language models to protein sequences. In particular,
evolutionary history of a protein, captured through multiple sequence alignments, provide a rich
structure that does not exist in natural language. This chapter discusses two possible, alternate
pre-training tasks that take advantage of this structure that may work either stand-alone or in concert

with existing pre-training tasks from natural language.

1.3 Protein-Ligand Co-folding

The final chapter in this thesis focuses on protein-ligand co-folding. Determining the structure of a
protein given its amino acid sequence has been a long standing problem in structural bioinformatics,
with early approaches relying on force-field and energy terms. As machine learning has progressed
in concert with advanced hardware for large-scale computing, most modern approaches to protein
structure prediction have turned towards machine learning methods. In particular, the last several
years have seen a rise in machine learning methods taking advantage of advances in structural deep
learning and pairwise attention to model structure given sequence with no auxiliary force-field
minimization, and have lead to the creation of large structural databases of predicted structures for
proteins that previously had no sequence.

Although protein structure prediction methods are now fairly mature, they ignore a central
portion of overall picture: that proteins in nature do not fold alone. They act in concert with a
variety of other, non-polymer molecules and the interactions between proteins and small molecules

can influence the subsequent structures that a given protein adopts. Modeling these interactions is



critical for understanding how a protein functions, as well as designing new proteins with novel
functions or novel therapeutics that inhibit a particular protein in a disease pathway.
Computationally, modeling the joint structure of proteins and small molecules is challenging
for a variety of reasons. Unlike polymers, small molecules cannot be represented as linear chains
of repeating sub-units, so computational methods have to be expanded to model arbitrary graph
structures. A large portion of protein structure prediction is formed from learning on multiple
sequence alignments, whose co-evolutionary statistics give information about which residues in
a protein co-evolved and are likely close in 3D space in the folded structure of that protein. Such
evolutionary history does not exist for small molecules, which do not, by necessity, face the same
evolutionary patterns and pressures that govern proteins. The number of determined structures of
protein small molecule complexes is far lower than that of protein structures alone, making the
problem data limited. Finally, proteins and small molecules are, by definition, on different size
scales, and so a model needs to reason over multiple resolutions during structure determination.
This last chapter details a model to jointly determine the structure of proteins and small molecules
given their input sequence and chemistry. In particular, it details my work on benchmarking such a
model - understanding how well it is performing at this task, and potential downstream applications
of protein-ligand co-folding. Although this work is less glamorous than experimenting with the
underlying architecture, it is equally as important, and helps lead to insights in how to improve the

model and how we can use the model in a variety of surprising and insightful ways.

1.4 Summary

This thesis deals with three seemingly disconnected topics: explainable machine learning, protein
language modeling and protein-ligand co-folding. The underlying link, however, is evident not
in the results of each chapter but rather the underlying lessons learned from one chapter to the
next. Insights in pairwise interaction detection lead naturally into thinking about what domains
have strong pairwise interactions. Protein sequences are an obvious area, in which pairwise models
of coevolution have long been central to structure modeling. The question arises about how best

to train large, uninterpretable models on protein sequences, leading to the work about alternative



pre-training tasks. Limited by the domain of sequence-based representations, the natural next
question is how to model biomolecular assemblies in more generality, leading towards the structural
modeling work in the final chapter. I hope the following chapters, as disjoint as they may be, shed
some insight into my path as a PhD student: from thinking about core questions in machine learning
to moving closer and closer to how they can be used to truly learn something meaningful about

biology.



Chapter 2
EXPLAINABLE MACHINE LEARNING

2.1 Feature Attribution

It is a well-understood problem that although neural networks often outperform simpler methods on
structured data in domains like vision and language, they are black box models that are difficult to
interpret. Why did the model predict that this patient’s x-ray is indicative of pneumonia? Which
residues were most important in contributing to the predicted stability of this protein? In many
domains, particularly in medical and biological applications, an accurate model is only half of the
picture. Interpreting how a model makes a predictions it does can built trust to use that model in
sensitive applications and can give rise to biological insights in the underlying data. However, what
it means to “interpret” a model is poorly-defined. A useful definition would allow for practical
use-cases in such domains.

One way to narrow the scope of interpretability is to consider the problem of feature attribution.
The problem of feature attribution is essentially to distill non-linear model f into a locally-linear
model parameterized by ¢( f, z) € R? around some data point € R¢, such that ¢(f, ), represents
the local “importance” of the value of x; in making the prediction f(z). There are many ways to
define how this function ¢ should behave, but no way to truly measure the ground truth value of
how well this local function approximates the original model f. In the absence of ground truth
benchmarks, we turn to game theory to provide guiding axioms that govern the behavior of ¢ in

limited circumstances.

2.2 Game Theoretic Explanations

The axioms in this section come from game theory, specifically the Shapley value and its various

extensions, that were originally developed for the fair allocation of credit in cooperative games [/113]].



In brief, let U be a set and v be a super-additive set function v : U +— R satisfying the following:

v(@) =0
w(S) > o(SNT) +o(S\ T),¥S,T C U

We call v a game on n players where |U| = n. Let ¢;(v) be a value function for an arbitrary
member ¢ € U that maps game v on that subset to its value R. We think of this function abstractly
as denoting the “worth” of the member i, e.g. that element’s contribution to the total value of the
game v(U). We define a carrier of the game v as any subset N C U such that v(S) = V(n N S) for
any S C U. Intuitively, a carrier of a game represents the essential players of that game. No other
members in U add additional value to the game once the carrier set is present.

We define the following three axioms:

1. Symmetry: ¢.;(mv) = ¢;(v) for some permutation function 7 on U.
2. Efficiency: ) ..\ #i(v) = v(JV) for any carrier set V.

3. Additivity: ¢;(v +w) = ¢;(v) 4+ ¢;(w) for any two games v and w.

The axioms are described in more detail in Shapley’s original work, but they provide a framework
for how to think about the value function ¢;. In particular, Lloyd Shapley proved that assuming the

above three axioms is sufficient to uniquely determine ¢;:

swy= S BEZISI= Dl o gy — sy

n!
SCN\{i}

We can use the Shapley Value to interpret machine learning models in the following way: given
some machine learning model f : R — R and some point z € R?, we can interpret f(x) as a
coalitional game whose members are x;, the features of the input z. We let the entire set of features
be a carrier (which is true for any coalitional game), and define f, as a function on subsets of

features {x;, ...}. The values ¢;(f,) by definition tell us the unique contribution of feature z; to the

output value f, such that ). ¢;(f,) = f(z).



Although this interpretation is appealing, it leaves two important problems. The first is that
for large n, computing the Shapley Value is intractable (and indeed in the general case, NP-Hard).
Approximating the Shapley Value or computing it directly for particular model classes has been the
subject of much recent work. In particular, [[86] showed that it is possible to define a least-weighted
squares regression that is an unbiased estimator of the Shapley Value for arbitrary f and z with
significantly less variance than uniform random sampling of S. [85] demonstrated that it is possible
to compute the Shapley Value exactly in polynomial time for decision tree models, and [62] proposed
an algorithm to amortize the cost of computing Shapley Values for all points x via training a neural
network estimator.

The second problem is that coalitional games are functions defined on sets, which means that
v should have a defined value for every subset S C U. However, it is not precisely clear how
to evaluate an arbitrary machine learning model f at an arbitrary subset of features xg where S
represents dimensions in R¢. For example, if you have a model trained on classifying images, it is
not immediately clear how to evaluate such a model on only a portion of the image. Work by [130]]
extended attributions to use a variant of the Shapley Value, the Aumann-Shapley Value [10], which
extends the coalition to an infinitely large set, and in doing so proposed computing these values
relative to a “baseline” value that represents lack of information to the model. That is, in order to
ablate a feature, they propose to set it to the baseline value, which they take to be zero. However,
it is not clear that this choice of baseline value makes sense in many real-world settings, which is

precisely what the next section discusses.

2.3 On Attribution Baselines in Game-Theoretic Explanations

The method introduced in [130], called integrated gradients, has the following definition:

o) = (2 — ) /0 Sf (o +50;(ix — x/))(m

for some model f, a datapoint 2 € R? and a baseline value 2’ € R? that is meant to represent

that a feature is missing to the model, e.g. to allow the user to interpret f as a game. But how should



you choose x’ in order to best represent this? It seems to be common practice to choose a baseline
input 2’ to be the vector of all zeros. But consider the following scenario: you’ve learned a model
on a healthcare dataset, and one of the features is blood sugar level. The model has correctly learned
that excessively low levels of blood sugar, which correspond to hypoglycemia, is dangerous. Does a
blood sugar level of 0 seem like a good choice to represent missingness?

The point here is that fixed feature values may have unintended meaning. The problem com-
pounds further when you consider the difference from baseline term x; — z,. For the sake of a
thought experiment, suppose a patient had a blood sugar level of 0. To understand why our machine
learning model thinks this patient is at high risk, you run integrated gradients on this data point
with a baseline of the all-zeros vector. The blood sugar level of the patient would have O feature
importance, because x; — x; = 0. This is despite the fact that a blood sugar level of would be fatal!

We find similar problems when we move to the image domain. If you use a constant black image
as a baseline, integrated gradients will not highlight black pixels as important even if black pixels
make up the object of interest. More generally, the method is blind to the color you use as a baseline,
which we illustrate with the figure below. Note that this was acknowledged by the original authors
in [129]], and is in fact central to the definition of a baseline: we wouldn’t want integrated gradients
to highlight missing features as important! But then how do we avoid giving zero importance to the
baseline color?

It’s clear that any constant color baseline will have this problem. Are there any alternatives?
In [125]], we run through a variety of choices and their various problems. Ultimately, however,
we demonstrate that possibly the best solution is to think about the problem distributionally rather
than trying to find a single, constant value that represents missingness. In particular, if we don’t
know the value of a feature, we may assume a distribution over what that feature’s value should be
either from prior knowledge or from the training data that we have available to us. We can do this
approximately by averaging the value of integrated gradients over multiple baselines drawn from
some distribution D.

At this point, it’s worth connecting the idea of averaging over multiple baselines back to the

original definition of integrated gradients. When we average over multiple baselines from the
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same distribution D, we are attempting to use the distribution itself as our baseline. We use the
distribution to define the notion of missingness: if we don’t know a pixel value, we don’t assume
its value to be O - instead we assume that it has some underlying distribution D). Formally, given a
baseline distribution D, we integrate over all possible baselines =’ € D weighted by the density

function pp:

o) = [ (wi—ay [ L= g )

=0 0x;

In terms of missingness, assuming a distribution might intuitively feel like a more reasonable
assumption to make than assuming a constant value. But this doesn’t quite solve the issue: instead
of having to choose a baseline z’, now we have to choose a baseline distribution D. Have we
simply postponed the problem? We will discuss one theoretically motivated way to choose D in
an upcoming section, but before we do, we’ll take a brief aside to talk about how we compute the

formula above in practice, and a connection to an existing method that arises as a result.

2.3.1 Expectations, and Connections to SmoothGrad

Now that we’ve introduced a second integral into our formula, we need to do a second discrete sum
to approximate it, which requires an additional hyperparameter: the number of baselines to sample.

In [41]], we introduced the idea of expected gradients, which we define formally as:

Sf (2" + oz — :c’)))
5$i

Expected gradients and integrated gradients belong to a family of methods known as “path

¢z(fa IIZ') = ]Ex’ND,aNU(O,l)((I'Z’ — J?;)

attribution methods” because they integrate gradients over one or more paths between two valid

inputs. To compute expected gradients in practice, we use the following formula:

x|

oFC(f, 2 D) =

Z(i’f _2) % Sf(2" 4+ o (z — 27))
= ‘ ! 5(EZ

where x”7 is the jth sample from D and o is the jth sample from the uniform distribution between

0 and 1. Now suppose that we use the gaussian baseline with variance o2. Then we can re-write the



11

formula for expected gradients as follows:

OFC(f, 2 N(z,01)

i (1—al)e)
= 5@

where ¢, ~ N(0,0%I). This looks awfully familiar to an existing method called SmoothGrad

?vl»—*

[119]. If we use the (gradients x input image) variant of SmoothGrad, then we have the following
formula:

k ;
o7 (f, 2; N(0,0%) Zx—i—ej M

51‘1'

wIH

We can see that SmoothGrad and expected gradlents with a gaussian baseline are quite similar,
with two key differences: SmoothGrad multiplies the gradient by x + €, while expected gradients
multiplies by just €,, and while expected gradients samples uniformly along the path, SmoothGrad
always samples the endpoint o = 0.

Can this connection help us understand why SmoothGrad creates smooth-looking saliency
maps? When we assume the above gaussian distribution as our baseline, we are assuming that
each of our pixel values is drawn from a gaussian independently of the other pixel values. But we
know this is far from true: in images, there is a rich correlation structure between nearby pixels.
Once your network knows the value of a pixel, it doesn’t really need to use its immediate neighbors
because it’s likely that those immediate neighbors have very similar intensities.

Assuming each pixel is drawn from an independent gaussian breaks this correlation structure. It
means that expected gradients tabulates the importance of each pixel independently of the other
pixel values. The generated saliency maps will be less noisy and better highlight the object of
interest because we are no longer allowing the network to rely on only pixel in a group of correlated
pixels. This may be why SmoothGrad is smooth: because it is implicitly assuming independence

among pixels.

2.3.2  Using the Training Distribution

Is it really reasonable to assume independence among pixels while generating saliency maps? In

supervised learning, we make the assumption that the data is drawn from some distribution D g,.
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This assumption that the training and testing data share a common, underlying distribution is what
allows us to do supervised learning and make claims about generalizability. Given this assumption,
we don’t need to model missingness using a gaussian or a uniform distribution: we can use Dy, to
model missingness directly.

The only problem is that we do not have access to the underlying distribution. But because this
is a supervised learning task, we do have access to many independent draws from the underlying
distribution: the training data! We can simply use samples from the training data as random draws
from Dygy,. This brings us to the variant of expected gradients that we proposed in both [125]]

and [41]]:

(1): Interpgl\ated Image (3): Cumulative Gradients up to «
Y 7\

-~

" EG
¢i (fwr?ka Ddata)

5fL'i

~
(2): Gradients at Interpolation

’“ ) S (a7 4+l —a?) )
(i — l‘;j) X
2

The advantage of this formulation is twofold. First, since it doesn’t use a constant baseline, no
feature values will “automatically” get zero attribution. Second, since it more accurately reflects
the conditional distribution of a feature value given other feature values, it should better reflect the

importance of knowing a feature’s value relative to the data the model was trained on.

2.4 Axiomatic Feature Interactions

This section deals with extending feature attribution methods, which assign an importance value
to every feature in the model, into feature interaction methods, which assign interaction scores for
pairwise groups of features. This extension allows interpretability beyond linear contributions into

second-order terms.

2.4.1 Feature interaction methods

There are several existing methods that explain feature interactions in neural networks. [28]] propose
a method to explain global interactions in Bayesian Neural Networks (BNN) by examining pairs

of features that have large second-order derivatives at the input. Neural Interaction Detection is a
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method that detects statistical interactions between features by examining the weight matrices of
feed-forward neural networks [133]]. Furthermore, several authors have proposed domain-specific
methods for finding interactions in the area of deep learning for genomics [[51,(70]. For example,
Deep Feature Interaction Maps detect interactions between two features by calculating the change
in the attribution of one feature incurred by changing the value of the second [51]]. [118] propose
a generalization of Contextual Decomposition [94]] that can explain interactions for feed-forward
and convolutional architectures. In game theory literature, [50] propose the Shapley Interaction
Index, which allocates credit to interactions between players in a coalitional game by considering
all possible subsets of players. [32] suggest a modified version of the Shapley Interaction Index
that provides a different weighting to certain subsets of players in order to achieve a different set of

desired axioms.

2.4.2  Limitations of Prior Approaches

While previous approaches have taken important steps towards understanding feature interaction in
neural networks, all suffer from practical limitations, including being limited to specific types of
architectures. Neural Interaction Detection only applies to feed-forward neural network architectures,
and can not be used on networks with convolutions, recurrent units, or self-attention. Contextual
Decomposition has been applied to LSTMs, feed-forward neural networks and convolutional
networks, but to our knowledge is not straightforward to apply to more recent innovations in deep
learning, such as self-attention layers. The approach suggested by [28] is limited in that it requires
the use of Bayesian Neural Networks; it is unclear how to apply the method to standard neural
networks. Deep Feature Interaction Maps only work when the input features for a model have a
small number of discrete values (such as genomic sequence data which can be in silico mutated), as
the method involves marginalizing over all possible values of paired input features. The Shapley
Interaction Index and Shapley Taylor Interaction Index, like the Shapley Value, are NP-hard to
compute exactly [38]].

Furthermore, most existing methods to detect interactions do not satisfy the common-sense

axioms that have been proposed by feature attribution methods [86,130]]. This leads to these previous
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approaches being provably unable to find learned interactions, or more generally finding counter-
intuitive interactions. Existing methods that do satisfy such axioms, such as those based on the

Shapley Interaction Index [32,50], are computationally inefficient to compute or even approximate.
2.5 Explaining Explanations with Integrated Hessians

To derive our feature interaction values, we start by considering Integrated Gradients (IG), a feature
attribution method based on the Aumann-Shapley value proposed by [[130]. The Aumann-Shapley
value is a variant of the Shapley value for cooperative games with continuous rather than discrete
players [10]. We represent our model as a function f : R? R For a function f(x), the IG

attribution for the sth feature is defined as:

¢i(x) = (2, — 2}) x / of (@' + a(x —a’))

a=0 axl

do, 2.1)

where x is the sample we would like to explain and x’ is a baseline value. Although f is often a neural
network, the only requirement in order to compute attribution values is that f be differentiable along
the path from 2’ to z. Our key insight is that the IG value for a differentiable model f : R? — R is
itself a differentiable function ¢, : R? — R. This means that we can apply IG to itself in order to

explain how much feature ;7 impacted the importance of feature 7:

Lij(x) = ¢;(¢i()) 2.2)

For i # j, we can derive that:

1 1 82 / o
o) = =)o =) x [ [ g0 aeas

In the case of i = j, the formula I'; ;(x) has an additional first-order term:

g of (w +a6( z'))
Fw( /,3 0/a B dadf+

Z

: 0*f(' + 045( — ')
(z; — 25)? x /ﬁ:o /a:O afs G0, dadp

Tn the case of multi-output models, such as multi-class classification problems, we assume the function is indexed
into the correct output class.

(2.4)
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We interpret ['; ;(x) as the explanation of the importance of feature ¢ in terms of the input value

of feature j.

2.5.1 Baselines and Expected Hessians

Several existing feature attribution methods have pointed out the need to explain relative to a baseline
value that represents a lack of information that the explanations are relative to [15,86,/115,|130].
However, more recent work has pointed out that choosing a single baseline value to represent lack
of information can be challenging in certain domains [645,/66,68.|/125,(129]. As an alternative, [41]]
proposed an extension of IG called Expected Gradients (EG), which samples many baseline inputs

from the training set. We can therefore apply EG to itself to get Expected Hessians.

[ Pfx' +ab(x—1a

Ffjc(x) = Eap~v(0,1)xU(0,1)~D | (i — 73) (25 — )8 1 adaziaﬁc;xj ) (2.5)
[ of (2’ +af(x — 2’

TP (2) = Bagav(01)x00.0) ar~p | (T: — 5) I &f( )
i (2.6)

O*f(z' + aB(x — 1))

+ (z; — 25)%apB

where the expectation is over ' ~ D for an underlying data distribution D, o ~ U(0,1) and
B ~ U(0,1). This formulation can be useful in the case where there does not exist a single,
natural baseline. The derivation for Expected Hessians follows identical steps as the derivation for
Integrated Hessians while observing that the integrals can be viewed as integrating over the product
of two uniform distributions o ~ U(0,1) x U(0,1). We use Integrated Hessians for all of the
examples in the main text - however, some of the additional examples shown in the Appendix use
the Expected Hessians formulation.

We note that almost every attribution and interaction method to date requires a choice of baseline.
Some approaches explicitly discuss their reliance on baselines [128,|130,134]], while other methods
rely on baselines without explicitly mentioning it in their work. For example, the Contextual
Decomposition method models turning features “off” by setting them equal to a single reference

baseline of 0 [94]. By implementing a solution for domains where it is hard to choose a single
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baseline, we hope to alleviate some of the issues common to many interaction methods.

2.5.2 Fundamental Axioms for Interaction Values

In this section, we describe common-sense axioms that any interaction method should satisfy, and

show that Integrated Hessians satisfies them all.

Self and Interaction Completeness

[130] showed that, among other theoretical properties, IG satisfies the completeness axiom, which
states: > . ¢;(x) = f(z) — f(2'). We can show the following two equalities, which are immediate

consequences of completeness:
> ) Tijx) = fz) — f(2) 2.7)
i

Tii(x) = ¢i(z) — Y Tij(x) (2.8)

j#i

We call equation the interaction completeness axiom: the sum of the I'; ;(z) terms adds
up to the difference between the output of f at = and at the baseline z’. This axiom lends itself
to another natural interpretation of I'; ;(x): as the interaction between features ¢ and j. That is, it
represents the contribution that the pair of features ¢ and j together add to the output f(x) — f(z').
Satisfying interaction completeness is important because it demonstrates a relationship between
model output and interaction values. Without this axiom, it is unclear how to interpret the scale of
interactions.

Equation provides a way to interpret the self-interaction term I'; ;(x): it is the main effect of
feature ¢ after interactions with all other features have been subtracted away. We note that equation
(2.8) also implies the following, intuitive property about the main effect: if I'; ; = 0 for all j # 7,
or in the degenerate case where i is the only feature, we have I';; = ¢;(x). We call this the self

completeness axiom. Satisfying self-completeness is important because it provides a guarantee that
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the main effect of feature ¢ equals its feature attribution value if that feature interacts with no other
features.
The proof of these two equations is straightforward. First, we note that ¢;(z’) = 0 for any ¢

because x; — =, = 0. Then, by completeness of Integrated Gradients, we have that:
> Tijla) = ¢ilw) = 6i(a’) = du(x). (29
J
Re-arrangement gives us the self completeness axioms:
Since Integrated Gradients satisfies completeness, we have:
> dila) = fla) — (). 2.11)

Making the appropriate substitution from equation [2.9] shows the interaction completeness

axiom:

DD Tigle) = fla) = f(). 2.12)

Sensitivity

Integrated Gradients satisfies an axiom called sensitivity, which can be phrased as follows. Given
an input x and a baseline 7', if x; = z] for all i except j where x; # ’; and if f(z) # f(2'), then
¢j(x) # 0. Specifically, by completeness we know that ¢,(z) = f(z) — f(2'). Intuitively, this is
saying that if only one feature differs between the baseline and the input and changing that feature
changes the output, then the amount the output changes should be equal to the importance of that
feature.

We can extend this axiom to the interaction case by considering the case when two features differ
from the baseline. We call this axiom interaction sensitivity, and can be described as follows. If an
input = and a baseline 7’ are equal everywhere except x; # z; and x; # 2%, and if f(x) # f(z'),

then: I'; ;(x) + I ;(x) + 21, j(x) = f(x) — f(2') # 0and 'y, = O for all £, k # ¢, j. Intuitively,
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this says that if the only features that differ from the baseline are 7 and j, then the difference in the
output f(z) — f(2') must be solely attributable to the main effects of ¢ and j plus the interaction
between them. This axiom holds simply by applying interaction completeness and observing that

Lyp(z) =0if xp = 2} or ), = z)..

Implementation Invariance

The implementation invariance axiom, described in the original paper, states the following. For two
models f and g such that f = g, then ¢;(z; f) = ¢;(x; g) for all features 7 and all points x regardless
of how f and g are implemented. Although it seems trivial, this axiom does not necessarily hold
for attribution methods that use the implementation or structure of the network in order to generate
attributions. Critically, this axiom also does not hold for the interaction method proposed by [133]],
which looks at the first layer of a feed forward neural network. Two networks may represent exactly
the same function but differ greatly in their first layer.

This axiom is trivially seen to hold for Integrated Hessians since it holds for Integrated Gradients.
However, this axiom is desirable because without it, it may mean that attributions/interactions are
encoding information about unimportant aspects of model structure rather than the actual decision

surface of the model.

Linearity

Integrated Gradients satisfies an axiom called linearity, which can be described as follows. Given two
networks f and g, consider the output of the weighted ensemble of the two networks a f () + bg(z).
Then the attribution ¢;(x; a f +bg) of the weighted ensemble equals the weighted sum of attributions
ag;(x; ) + bg;(x; g) for all features ¢ and samples z. This axiom is desirable because it preserves
linearity within a network, and allows easy computation of attributions for network ensembles.

We can generalize linearity to interactions using the interaction linearity axiom:

Lij(z;af +bg) = als j(x; f) + b1 (x; ) (2.13)
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for any ¢, j and all points =. Given that I'; ; is composition of linear functions ¢;, ¢; in terms of the
parameterized networks f and g, it is itself a linear function of the networks and therefore Integrated

Hessians satisfies interaction linearity.

Symmetry-Preserving

We say that two features z; and x; are symmetric with respect to f if swapping them does not change
the output of f anywhere. Thatis, f(--- ,2;,--- ,2j,---) = f(--- ,xj,- -+ ,x;,---). The original
paper shows that Integrated Gradients is symmetry-preserving, that is, if z; and z; are symmetric
with respect to f, and if z; = x; and 2 = 2; for some input x and baseline 2', then ¢;(z) = ¢;(x).
We can make the appropriate generalization to interaction values: if the same conditions as above
hold, then I'y, ;(z) = Ty, ; () for any feature xj. This axiom holds since, again I'y ;(x) = ¢;(¢x(2))
and ¢;, ¢; are symmetry-preserving. This axiom is desirable because it says that if two features are

functionally equivalent to a model, then they must interact the same way with respect to that model.

Interaction Symmetry

There is another form of symmetry that is important to note: interaction symmetry. This axiom states
that, for any 4, j, we have I'; ;(xz) = I'; ;(x). Although this axiom is simple, it guarantees that the
interaction function itself is symmetric with respect to the features it explains. It is straightforward
to show that existing neural networks and their activation functions have continuous second partial

derivatives, which implies that Integrated Hessians satisfies interaction symmetryE]

2.5.3 Approximating Integrated Hessians in Practice

Our interaction values involve a double integral, which is intractable to compute analytically in the
general case. To compute Integrated Gradients in practice, [130]] introduced the following discrete

sum approximation:

>We discuss the special case of the ReLLU activation function in Section
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(2.14)

N

k
bi(a) = (s — o) Xzafx—ir :L’—yc))><
=1

where k is the number of points used to approximate the integral. To compute Integrated

Hessians, we introduce a similar discrete sum approximation:

L P af(ﬂlf' +(ExB)x-2) 1
m Ox;0x; % km (2.15)

WIN

T, ,(x) = (2 — 2))(x j— XZZ

=l p=1

Typically, it is easiest to compute this quantity when k£ = m and the number of samples drawn

is thus a perfect square - however, when a non-square number of samples is desired we can generate
a number of sample points from the product distribution of two uniform distributions such that the
number is the largest perfect square above the desired number of samples, and index the sorted
samples appropriately to get the desired number. The above formula omits the first-order term in

I'; ;(x) but it can be computed using the same principle.

Expected Hessians has a similar, if slightly easier form:

. f (' —a) 1
FE () = (o = oy =) Do o LT SE= ) o 0 .16

where (; is the /th sample from the product distribution of two uniform distributions. We find
that in general that less than 300 samples are required for any given problem to approximately satisfy
interaction completeness. For most problems, a number far less than 300 suffices (e.g. around 50)
although this is model and data dependent: larger models and higher-dimensional data generally

require more samples than smaller models and lower-dimensional data.
2.6 Smoothing ReL.U Networks

One major limitation that has not been discussed in previous approaches to interaction detection in

neural networks is related to the fact that many popular neural network architectures use the ReLU
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activation function, ReLU(x) = max(0, z). Neural networks that use ReLU are piecewise linear
and have second partial derivatives equal to zero in all places. Previous second-order approaches
(based on the Hessian) fail to detect any interaction in ReLU-based networks.

Fortunately, the ReLLU activation function has a smooth approximation — the SoftPlus function:
SoftPluss(z) = 5log(1 + e~*). SoftPlus more closely approximates the ReLU function as /3
increases, and has well-defined higher-order derivatives. Furthermore, [33]] have proved that both
the outputs and first-order feature attributions of a model are minimally perturbed when ReLLU
activations are replaced by SoftPlus activations in a trained network. Therefore, we can apply
Integrated Hessians on a network with ReLU activations by first replacing ReLU with SoftPlus. We
note that no re-training is necessary for this approach.

In addition to being twice differentiable and allowing us to calculate interaction values in ReLU
networks, replacing ReLLU with SoftPlus leads to other desirable behavior for calculating interaction
values. We show that smoothing a neural network (decreasing the value of [ in the SoftPlus

activation function) lets us accurately approximate the Integrated Hessians value with fewer gradient

calls.

Theorem 1. For a one-layer neural network with softplusg non-linearity, fz(z) =
softplusg(w” x), and d input features, we can bound the number of interpolation points k needed to

2
approximate the Integrated Hessians to a given error tolerance € by k < (9(%).

Proof of the above is mainly symbolic manipulation and doesn’t lend itself to intuitive results,
so we leave the proof in [61]]. Here we lend some more intuition behind these results. As we replace
ReLU with SoftPlus, the decision surface of the network is smoothed - see [Figure 2.1|and [33]]. We
can see that the gradients tend to all have more similar direction along the path from reference to

foreground sample once the network has been smoothed with SoftPlus replacement.

2.6.1 Interpreting Language Models

In the past decade, neural networks have been the go-to model for language tasks, from convolutional

[67] to recurrent [131]]. More recently large, pre-trained transformer architectures [30,/96] have
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The Level Curves of a Neural Network with ReLU Activation The Level Curves of the Same Network

after Replacing ReLU with Softplus
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Figure 2.1: Replacing ReL.U activations with SoftPlusg activations with 3 = 10 smooths the decision surface
of a neural network: gradients tend to be more homogeneous along the integration path. Orange arrows show
the gradient vectors at each point along the path from the reference (green x) to the input (blue dots). ReLUs

can cause small bends in the output space with aberrant gradients.

achieved state of the art performance on a wide variety of tasks. Some previous work has suggested
looking at the internal weights of the attention mechanisms in attention-based models [47/76/[79,[141].
However, more recent work has suggested that looking at attention weights may not be a reliable
way to interpret models with attention layers [[16,60,112]. To overcome this, feature attributions
have been applied to text classification models to understand which words most impacted the
classification [[73,[80]. However, these methods do not explain how words interact with their
surrounding context.

We download pre-trained weights for DistilBERT from the HuggingFace Transformers
library [[142]]. We fine-tune the model on the Stanford Sentiment Treebank dataset in which
the task is to predict whether or not a movie review has positive or negative sentiment. After 3
epochs of fine-tuning, DistilBERT achieves a validation accuracy of 0.9071 (0.9054 TPR / 0.9089
TNR)E| We leave further fine-tuning details to Appendix D.

In Figure [2.2] we show interactions generated by Integrated Hessians and attributions generated

3This performance does not represent state of the art, nor is sentiment analysis representative of the full complexity
of existing language tasks. However, our focus in this paper is on explanation and this task is easy to fine-tune without
needing to extensively search over hyper-parameters.
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by Integrated Gradients on an example drawn from the validation set. The figure demonstrates that
DistilBERT has learned intuitive interactions that would not be revealed from feature attributions
alone. For example, a word like “painfully," which might have a negative connotation on its own,
has a large positive interaction with the word “funny" in the phrase “painfully funny." In Figure [2.3]
we demonstrate how interactions can help us understand one reason why a fine-tuned DistilBERT
model outperforms a simpler model: a convolutional neural network (CNN) that gets an accuracy of
0.82 on the validation set. DistilBERT picks up on positive interactions between negation words
(“not”) and negative adjectives (“bad”) that a CNN fails to fully capture. Finally, in Figure[2.2] we
use interaction values to reveal saturation effects: many negative adjectives describing the same
noun interact positively. Although this may seem counter-intuitive at first, it reflects the structure
of language. If a phrase has only one negative adjective, it stands out as the word that makes the
phrase negative. At some point, however, describing a noun with more and more negative adjectives

makes any individual negative adjective less important towards classifying that phrase as negative.

2.7 Attribution Priors

This section introduces a new training framework that leverages feature attribution techniques, like
the expected gradients method introduced above, in order to make better and more interpretable
models. Let X € R™*? denote a dataset with labels y € R™*°, where n is the number of samples, p
is the number of features, and o is the number of outputs. In standard deep learning, we find optimal

parameters ¢ by minimizing loss, with a regularization term (' (6) weighted by A\’ on the parameters:
0 = argmin, L(0; X, y) + N'Q'(6).

Attribution priors involve a model’s attributions, represented by the matrix (6, X '), where each
entry ¢! is the importance of feature 7 in the model’s output for sample ¢. The attribution prior
is a scalar-valued penalty function of the feature attributions Q(® (6, X)), which represents a log-
transformed prior probability distribution over possible attributions (X is the regularization strength).

The attribution prior is modular and agnostic to the particular attribution method. This results in the
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Figure 2.2: Left: Interactions in text reveal learned patterns such as the phrase "painfully funny" having
positive interaction despite the word "painfully" having negative attribution. These interactions are not
evident from attributions alone. Right: Interactions help us reveal an unintuitive pattern in language models:
saturation. Although the word "movie" interacts negatively with all negative modifying adjectives, those
negative adjectives themselves all interact positively. The more negative adjectives are in the sentence, the

less each individual negative adjective matters towards the overall classification of the sentence.

optimization:

0 = argmin, L(0; X, y) + AQ(P(0, X)),

where the standard regularization term has simply been replaced with an arbitrary, differentiable
penalty function on the feature attributions.

If the attribution function ® in our attribution prior 2(®(6, X)) is integrated gradients, regular-
izing ® would require hundreds of extra gradient calls every training step (the original integrated
gradients paper [[130]] recommends 20 to 300 gradient calls to compute attributions). This makes
training with integrated gradients prohibitively slow — in fact, [80] find that using integrated gra-
dients can take up to 30 times longer than standard training even when only back-propagating

gradients through part of the network. Even more gradient calls would be necessary if multiple
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Interactions help us understand why certain models perform better than others. Here, we examine

word interactions within the sentence “this movie was not bad." We compare two models trained to perform

sentiment analysis on the Stanford Sentiment dataset: a pre-trained transformer, DistilBERT (left), which

predicts the sentence has a positive sentiment with 98.2% confidence, and a convolutional neural network

trained from scratch (right), which predicts a negative sentiment with 97.6% confidence. The transformer

picks up on negation patterns: “not bad” has a positive interaction, despite the word “bad” being negative.

The CNN mostly picks up on negative interactions like “movie not” and “movie bad”.
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references were used, as proposed above. However, most deep learning models today are trained
using some variant of batch gradient descent, where the gradient of a loss function is approximated
over many training steps using mini-batches of data. We can use a batch training procedure to
approximate expected gradients as well. During training, we let k£ be the number of samples we
draw to compute expected gradients for each mini-batch. Remarkably, as small as £ = 1 suffices
to regularize the explanations because of the averaging effect of the expectation formulation over
many training samples. This choice of & uses every sample in the training set as a reference over the
course of an epoch, with only one additional gradient call per training step. This lets us efficiently
regularize expected gradients using the entire training dataset as the reference — as opposed to the

single reference in integrated gradients — with far fewer gradient calls per epoch.

2.7.1 A pixel attribution prior improves robustness to image noise.

Prior work on interpreting image models focused on creating pixel attribution maps, which assign
a value to each pixel indicating how important that pixel was for a model’s prediction [[111}/130].
Attribution maps can be noisy and difficult to understand due to their tendency to highlight seemingly
unimportant background pixels, indicating the model may be vulnerable to adversarial attacks [[105]).
Although we may prefer a model with smoother attributions, existing methods only post-process
attribution maps but do not change model behavior [45,[111, 119]]. Such techniques may not be
faithful to the original model [59]. In this section, we describe how we applied our framework to
train image models with naturally smoother attributions.

To regularize pixel-level attributions, we used the following intuition: neighboring pixels should
have a similar impact on an image model’s output. To encode this intuition, we chose a total

variation loss on pixel-level attributions:
Qpine (D0, X)) =3 > |4y — 08,1 + 16510 — 1.
¢ i

We applied this pixel smoothness attribution prior to the MNIST and CIFAR-10 datasets [72,75].
On MNIST we trained a two-layer convolutional neural network; for CIFAR-10 we trained a VGG16

network from scratch [117]. In both cases we optimized hyperparameters for the baseline model
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without an attribution prior. To choose A, we searched over values in [1072°, 107!] and chose the A
that minimized the attribution prior penalty and achieved a test accuracy within 10% of the baseline
model. Figures [2.4]and [2.5display expected gradients attribution maps for both the baseline and
the model regularized with an attribution prior on 5 randomly selected test images on MNIST and
CIFAR-10, respectively. In all examples, the attribution prior yields a model with visually smoother
attributions. Remarkably, in many instances smoother attributions better highlight the target object’s
structure.

Recent work has suggested that image classifiers are brittle to small domain shifts: small changes
in the underlying distribution of the training and test set can significantly reduce test accuracy [[100].
To simulate a domain shift, we applied Gaussian noise to images in the test set and re-evaluated the
performance of the regularized and baseline models. As an adaptation of [[106], we also compared
the attribution prior model to regularizing the total variation of gradients with the same criteria for
choosing \. For each method, we trained 5 models with different random initializations. In Figures
2.4 and [2.5] we plot the mean and standard deviation of test accuracy on MNIST and CIFAR-10,
respectively, as a function of standard deviation of added Gaussian noise. The figures show that our
regularized model is more robust to noise than both the baseline and gradient-based models.

Both the robustness and more intuitive saliency maps our method provides come at the cost of
reduced test set accuracy (0.93 £ 0.002 for the baseline vs. 0.85 &£ 0.003 for pixel attribution prior
model on CIFAR-10). The trade-off between robustness and accuracy that we observe is consistent
with previous work that suggests image classifiers trained solely to maximize test accuracy rely on
features that are brittle and difficult to interpret [59}/135,|/145]]. Despite this trade-off, we find that at
a stricter hyperparameter cutoff for A\ — within 1% test accuracy of the baseline, rather than 10% —

our methods still achieve modest but significant robustness relative to the baseline.
2.8 Discussion

In this section we discussed work extending existing feature attribution methods. The first section
introduced the expected gradients method and uncovered connections between distributional sam-

pling and prior work on integrated gradients. The second section offered extensions of attribution
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Figure 2.4: Left: Expected gradients attributions (from 100 samples) on MNIST for both the baseline and
attribution prior models. The latter achieves visually smoother attributions, and it better highlights how the
network classifies digits (e.g., the top part of the 4 being very important). Unlike previous methods which
take additional steps to smooth saliency maps after training [45,|119]], these are unmodified saliency maps
directly from the learned model. Right: Inducing smoothness in saliency maps leads to robustness to input

noise without specifically training for robustness.

methods to axiomatic interaction methods, and applied them to large language models. The third
section described a training procedure to incorporate feature attribution methods into training and

make more robust and interpretable models.

More generally, the goal of the work in this section is to understand how to go beyond existing
feature attribution methods, both in terms of what they are used for and deeper understanding of
model behavior beyond first-order terms. The potential impact of understanding second order terms
is broad - almost every modern machine learning task involves interactions between features, which

is precisely why deep learning models outperform linear models on said tasks. Being able to impose
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Figure 2.5: Left: Expected gradients attributions (from 100 samples) on CIFAR10 for both the baseline model
and the model trained with an attribution prior for five randomly selected images classified correctly by both
models. Training with an attribution prior generates visually smoother attribution maps in all cases. Notably,
these smoothed attributions also appear more localized towards the object of interest. Right: Training with
an attribution prior induces robustness to Gaussian noise, achieving more than double the accuracy of the
baseline at high noise levels. This robustness is not achievable by choosing gradients as the attribution

function.
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penalties on how attributions behave is also impactful - it provides a framework to incorporate more
human-level priors that are otherwise intractable to encode into model parameters.

Although the game theoretic foundations of existing feature attribution methods provide a strong
framework for understanding existing models, feature attribution is still in and of itself a limited
lens. There exist many other definitions of model interpretability in this space - from interpreting
concepts rather than features to disentangling dimensions in a latent space - so the work here only
encompasses a very narrow definition of what it means to interpret a model. Nonetheless, this
chapter has also shown that this limited framework is still rich with open questions and avenues for

research, and can provide useful insights into otherwise uninterpretable models.
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Chapter 3

PROTEIN LANGUAGE MODELING

3.1 Motivation

The steady progress seen by applying large transformers to natural language processing has inspired
interest in applying those same models to large protein sequence datasets (89,98, 101}/138]. Indeed,
a comparison between modeling natural language and protein sequences makes some sense: there
are large corpuses of unlabeled sequence data in both domains, and that sequence data also has
a governing, underlying structure, be it through meaning and syntax or physical structure and
evolutionary constraints. However, there are also clear differences between domains. Natural
language has far more tokens than the standard 20 amino acids, and each token or word usually
has more syntatic meaning than a single amino acid. There is no apriori obvious way to tokenize
protein sequences at the same granularity as language. Furthermore, the goal of modeling protein
sequences is generally more “out-of-domain” than modeling language: a model that has memorized
all written texts has essentially solved the language modeling problem, but the penultimate goal of

de novo protein design is to move beyond naturally-evolved protein sequences.

In this chapter, we take a brief overview of some work done in exploring the choices made during
protein language modeling. In particular, we explore the pre-training task and discuss alternative
choices of pre-training tasks that are more domain inspired than masked language modeling or
autoregressive modeling. We note that this is only an exploratory discussion of possible modeling
choices: it remains an open question how to best adapt models from natural language to protein
sequences and what role, if any, such models may play in applications ranging from biological

discovery to de novo design.
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3.2 Masked Language Modeling

Masked language modeling is a standard pre-training task in natural language processing. In this
task, a model takes as input a language sequence with some fraction of tokens masked and is trained
via cross-entropy to predict the missing tokens. The task requires no sequence labels and takes
advantage of the natural structure of language, which informs which words should be in which
positions given syntatic and semantic context. Specific hyper-parameters for masked language
modeling were largely inspired by the BERT paper, a seminal paper in the field [31].

Masked language modeling has proven to be an extremely useful pre-training task, both from
its ease of implementation and from its representational power. However, it is not clear if this task
will transfer appropriately to protein sequence modeling. Contacting residues and evolutionary
constraints do give rise to contextual clues about which amino acids should be in which positions,
but in large portions of the protein many amino acids are equally likely. Furthermore, the distribution
observed in natural sequences may not perfectly correlate with experimental measurements like
fitness or solubility which are desirable downstream properties to engineer. This motivates sequences
models that use alterenative pre-training tasks either as an alternative to masked language modeling

or to supplement it. In the next section, we discuss an alternative.

3.3 Profile Prediction

In this section, we introduce a new pre-training task for protein sequence models. Our task is inspired
by alignment-based protein structure predictors: the very models that outperform existing deep NLP
models at protein structure prediction [40,69,[87]]. Such models take as input features derived from
multiple sequence alignments (MSAs), which cluster proteins with related sequences. Features
derived from MSAs, such as position-specific scoring matrices and hidden Markov model profiles,
have long known to be useful features for predicting the structure of a protein [26,[27,63,107]. Our
task posits the reverse: that, in order to predict profiles derived from MSAs from a single protein
in the alignment, a network must learn information about that protein’s structure. Specifically, we

propose to use HMM profiles derived from MSAs as labels during pre-training, rather than as input
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features in a downstream task. An overview of the task is depicted in Figure[3.1]

2. Build Profile HMM
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Figure 3.1: An overview of our proposed task. We start with an initial sequence “PTHSLKQLDH”. We
generate a multiple sequence alignment for that sequence by searching it against a reference database, and
we then generate a profile HMM for the alignment. The first H and the Q in our sequence correspond to
inserted amino acids that didn’t match any columns in the alignment. Therefore, for those amino acids we
use insertion state emissions as labels rather than match state emissions. The rest of the amino acids in our
sequence were in match states, so we use the match state emission probabilities as labels. Our protein has
deletions in two of the match states in the MSA (columns 2 and 3). We omit these from the label since
they have no corresponding amino acids as inputs. Finally, we predict the corresponding label using KL

divergence, averaged over the length of the sequence.

3.3.1 Multiple Sequence Alignments

Multiple sequence alignment (MSA) is a method for grouping a series of related proteins. MSA
arranges proteins in a matrix whose rows are individual protein sequences and whose columns con-
tain amino acids that either come from the same position in some ancestral sequence (homologous),
or play a common structural or functional role. Building an MSA is a common first step in many
downstream tasks including predicting structure and finding homologous proteins [36]]. For our
models, we use the pre-training data introduced in [98], which comprises 32 million sequences

from Pfam [37]]. Pfam further contains pre-built MSAs for each of its entries, grouped into a set
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of families. Although it would be possible to build a set of multiple sequence alignments for any
protein sequence dataset using standard alignment tools [23},54,/116]], we use the existing multiple

sequence alignments from the 32.0 release of Pfam.

3.3.2  Predicting Alignment Profiles

Once an MSA is built, it is common to fit a profile HMM, which model the probabilities of amino
acids appearing in the columns of an MSA, as well as the probability of inserting additional amino
acids between columns or deleting existing columns. It is common to use features derived from
profile HMMs as input to structure prediction models, as these profiles contain information about
the evolutionary history of a protein [69]]. In particular, the emission probabilities give insight into
which positions in the proteins are likely to mutate or remain constant over the course of evolution.
This in turn illuminates which portions of the protein are critical for the protein’s structure or
function. For a review on profile HMMs, see [34]]. We build profile HMMs from multiple sequence
alignments using HMMER [44] with the default arguments.

Our proposed task is to predict a protein’s profile HMM directly from it sequence. Formally, we

represent a protein sequence x of length n as x5 . . . x,, and the MSA it belongs to as a matrix:

@11 Q12 - Qim

Q21 Q22 --° Q2m
A=

a1 Qg2 - Okm

where k is the number of sequences in the alignment and m > n is the length of the alignment.
Without loss of generality, we assume that x is the first sequence in the alignment; that is, there
exists an injective map ¢ : [n] — [m] such that i < g(i) and z; = a4 for all i € [n]. We let
h:{a; € A} — {M,I, D} be the MSA state function which maps amino acids to the three

possible states in an MSA:

1. Match: a;; is an amino acid that is related, evolutionarily or structurally, to other amino acids

in column j.
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2. Insertion: a;; is an amino acid that is not related to other amino acids in its column, but is

more likely the result of a mutation that inserted additional amino acids.

3. Deletion: a;; is not an amino acid, but rather a column in which protein 7 is missing an amino

acid where other proteins in the MSA have amino acids that are either matched or inserted.

A profile HMM built from this MSA is represented by the match state emissions p?p)! ... p}! and
the insertion state emissions pip! ... pl, as well as an injective function f : [¢(] — [m] which maps
the indices of the profile back to the columns of the MSA. pj.” and pjf» are probability vectors of size
S containing the probability of seeing each amino acid in column f(j) in match or insertions states

respectively:
S

S
Z(pj\/[)s =1, (pj\/[>s > 0 and Z(p][>s =1, (p]I)s >0
s=1

s=1
for an amino acid alphabet of size S. In our experiments, we use the standard 20 amino acids

during profile creation. Note also that f has a well-defined inverse =1 : [m] — [].
We define a sequence of vector labels, [/ . .. [, associated with the input sequence x, defined

as:

M :
Dty A h(arge)) = M

Praay i Mlargm) =1
The [;(x) are well-defined: h(ai4;)) # D, Vi since g(i) only maps to columns in the alignment
where x contains amino acids. Given a network function F', our proposal task’s loss function can be
written as follows:

Lpp(z,0) ZZZH (log(l; s(z)) — log(F; o(x;6)) ZKLDW ), Fi(2:0))

zlsl

where for F; ;(z;6) and [; 5 the 7 indexes into the sequence position and the s indexes into the
amino acid output probability. The process is described graphically in Figure 3.1} We contrast this

loss with the standard masked language modeling objective:

Lyvim(z, 6) Z ZLZS ) log(F; s(x;0)) Z CrossEntropy(L;(x), F(x;0))

zEmask s=1 zemask
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for one-hot labels L, ;(x) that are equal to 1 if x; is the sth amino-acid in the vocabulary, and 0

otherwise. We additionally introduce the joint loss:

LJOINT(ZE, ‘9, )\) = )\LMLM(:L'y 0) + (1 — )\)Lpp(l’, 0)

for a scaling parameter A\, which in practice we set such that Ly (z, 0) ~ Lpp(z, 0) over the
course of training.

We note here that our task Lpp is non-trivial. From an NLP perspective, it is akin to predicting
a distribution over possible ways to rephrase a sentence while preserving its meaning from only
the original sentence itself. This requires not only knowing which words carry the meaning of the
sentence but also knowing the synonyms of these words in the context of that sentence. Doing so
would require a significant understanding of language. As such, we believe our task encourages
the transformer to learn about underlying protein biology more than simply predicting masked-out

amino acids.

3.3.3 Data

To evaluate our pre-training task we make use of the TAPE benchmark: a set of five standardized
protein sequence prediction tasks with associated datasets plus a large unlabeled pre-training dataset
derived from Pfam [98]]. We build labels for the pre-training data set using the procedure described
above. We then evaluate our pre-trained models on the five downstream TAPE tasks: secondary
structure prediction [69], contact prediction [4]], remote homology detection [56], fluorescence

prediction [110]], and stability prediction [[104]], using the metrics specified by TAPE.

3.3.4 Hyperparameters and Training Details

For all experiments we train the default transformer architecture used by [98]], but we note that
our pre-training task is not architecture-specific. We train three models with the three different
objectives above. The profile prediction model used a learning rate of 0.00025, while the multi-

task and masked language modeling models use a learning rate of 0.0001. These learning rates
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represented the largest learning rates that did not cause the model to diverge during the course of
training, searching from 0.00001 in increments of 0.00005. All models were pre-trained for 34
epochs The learning rate uses a warm-up schedule and dynamic batch sizing, both of which are
described in [98]]. Pre-training a single model took approximately two weeks with 8 NVIDIA Tesla
V100 GPUs.

Training details for all downstream tasks follow the procedure laid out by [98]: namely, a
learning rate of 0.0001 with linear warm-up schedule, the Adam optimizer and backpropagation
through the entire pre-trained model. The downstream prediction heads all follow those in [98]],
except for contact prediction which uses a single linear layer rather than a 30-layer convolutional

architecture 2l
3.4 Results

3.4.1 Comparing Pre-training Tasks

We first compare our pre-training task against masked language modeling and the multitask model
which combines both tasks, keeping hyperparameters and architecture fixed. The results are shown
in Tables [3.1] [3.2] and[3.3] For both structure prediction tasks—secondary structure and contact
prediction—profile prediction pre-training outperforms multitasking, which in turn outperforms
masked language modeling. All three tasks outperform the same model that was not pre-trained.
Although it is not surprising that profile pre-training outperforms mask language modeling on
structure prediction—namely because HMM profiles are known to contain information relevant to a
protein’s structure—the differences between the evaluated models are not large. This may mean
that potentially more than just a new pre-training task is needed to continue to improve structure
predictors, such as different architectures, or larger pre-training datasets [40].

The remote homology detection task demonstrates the largest gap between profile prediction

and mask language modeling. The model pre-trained with profile prediction is about 2 to 3 times

"'We cut off pre-training at 34 epochs due to time constraints. It is possible that further gains may result from
continuing to pre-train for longer.

’This new linear prediction head is the default in the current version of the tape-proteins package.
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Pretraining Task Secondary Structure Contact Prediction
CASP12 CBS513 TS115 CASP12
Profile Prediction 0.71 0.74 0.77 0.33
Masked Language Modeling 0.67 0.72 0.75 0.24
Multi-Task 0.71 0.72 0.76 0.28
No Pretraining 0.67 0.64 0.68 0.05

Table 3.1: Comparing Downstream Performance on Structure Prediction

Pretraining Task Fold Superfamily Family
Profile Prediction 0.23 0.45 0.86
Masked Language Modeling 0.14 0.16 0.45
Multi-Task 0.16 0.28 0.68
No Pretraining 0.05 0.05 0.21

Table 3.2: Comparing Downstream Performance on Homology Detection

more accurate than the model pre-trained using masked language modeling. The performance of
the multitask model lies between that of the other two models and all three again outperform a
randomly initialized model. This may be because HMM profiles also contain significant amounts
of information about evolutionarily related proteins, which is closely related to the structural or
functional groupings that a protein falls into.

We find the same pattern on the fluorescence task: profile prediction leads to the best test set
performance, followed by multitasking, masked language modeling and no pre-training in that order.
Finally, on the stability task, the masked language modeling model and the multitask model both
outperform profile prediction. This may be because this task tests models’ ability to generalize to

proteins with a single amino acid difference from proteins in the training set—a task that masked
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Pretraining Task Downstream Task

Fluorescence Stability

Profile Prediction 0.38 0.55
Masked Language Modeling 0.25 0.63
Multi-Task 0.28 0.63
No Pretraining 0.04 0.45

Table 3.3: Comparing Downstream Performance on Engineering Tasks

language modeling is particularly suited for. Taken as a whole, these results indicate that there may
not be a one-size-fits-all pre-training task for all downstream prediction tasks. Rather, it may be
beneficial to tailor the pre-training task to the downstream task: for structure or evolutionary tasks,
incorporating profile information may be beneficial, but for fine-grained engineering tasks, masked

language modeling may be a better choice.

3.4.2 Comparing Against TAPE Benchmarks

On the secondary structure task, we fall short of the NetsurfP2.0 model presented by [69], which is
the alignment baseline from [98]. We also fall short of the LSTM and ResNet models from [98]],
but outperform both the Transformer model as well as all previous work proposing protein-specific
pre-training tasks [[13,83]], and a recent paper employing an auto-regressive LSTM [3]. On the
remote homology task we outperformed all existing models except the TAPE benchmark’s LSTM
model and the LSTM presented by [3]. We again note that we outperform the protein-specific
pre-training tasks in [13]] and [83]]. In the engineering tasks, all of our models are outperformed
by existing work, including models from the original TAPE benchmark and the related works
mentioned above.

We also note that we do not view most existing work as mutually exclusive with ours. Instead,

we believe that combining our task with the architectures and pre-training tasks present in existing
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Method Structure  Evolutionary Engineering
SS Homology  Fluorescence Stability
Pre-trained Transformer 0.73 0.21 0.68 0.73
models from LSTM 0.75 0.26 0.67 0.69
(98] ResNet 0.75 0.17 0.21 0.73
Baselines from  One-hot 0.69 0.09 0.14 0.19
(98] Alignment 0.80 0.09 N/A N/A
(13] 0.73 0.17 0.33 0.64
(31 0.73 0.23 0.67 0.73
(83] 0.70 0.13 0.68 0.68
Our models Profile Prediction 0.74 0.23 0.38 0.55
Masked Language Modeling 0.72 0.14 0.25 0.63
Multi-Task 0.74 0.16 0.28 0.63

Table 3.4: Results on downstream supervised tasks

work may lead to further performance gains.

3.5 Seq2MSA

There has also been growing interest in using protein language models generatively [43,[89].
Although demonstrating unconstrained generative capacity is impressive, it remains an active area
how best to use such models for protein design and what form conditioned or controlled input should
take. The main approaches in language modeling, namely prompting and reinforcement learning
with human feedback [21,[82], are non-trivial to apply to protein sequences. Unlike language,
humans - even expert biologists - do not have strong priors about the right way to prompt protein

language models for design tasks, particularly tasks involving novel function. It is also not possible
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to simply look at a sequence or a structure and say if it accomplishes the desired function or not.
The requisite experiments required to screen for function are costly and time consuming, and are

difficult to perform at the scales necessary to fine-tune large language models.

As an alternative, we consider the problem of diversification from a generative, language
modeling perspective. Instead of generating novel sequences completely from scratch, diversification
aims to take a given sequence and generate related sequences or sequences that have similar structure
and function. Such a model could be prompted not by human input but rather by an existing natural
sequence known to have a desired function, or function similar to that desired. The model could

subsequently be used to model diversity around that input sequence.

Modeling natural diversity around a target sequence has broad relevance for experimental and
computational design of proteins. Generative models of protein sequences have been shown to
provide rational single-site mutations that improve the efficiency of directed evolution [S3]. More
generally, modeling the space of natural sequences in a family has the potential to not only improve
the efficiency of protein design, but also may help design trajectories escape local optimization
minima by recapitulating useful modifications learned from evolutionary history. The ability to
model the evolutionary landscape around a given sequence allows protein designers to search the
manifold of natural sequences to optimize an objective function, while avoiding ‘adversarial’ parts

of sequence space that may be arrived at via unconstrained search.

We present a novel protein language model, Seq2MSA, which is capable of consistently gen-
erating highly diverse sequences (sequence identity < 40%) from an initial seed sequence while
maintaining structural similarity. The Seq2MSA model is trained with a novel task where the model
is provided with a seed sequence and is trained to generate sequences from a Multiple Sequence
Alignment (MSA) built from that seed. We validate the model’s generations on held out proteins
both using a single-sequence folding model as an oracle and aggregation scores derived from
rosetta [2]]. In addition, we confirm that a significant portion of generated sequences are novel both

with respect to the entire pool of generated proteins and the language model’s entire training set.
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3.5.1 Related Work

There exist many wet-lab methods for sequence diversification, often based around single or multi-
codon mutagenesis at the DNA level [9,81,93//108]|114,/143]]. Such methods often consist of multiple

rounds of mutation and functional screening and can be both time consuming and expensive.

More closely related to this work, there have been several recent computational approaches for
protein sequence diversification, including using a large autoregressive protein language model
fine-tuned on specific protein families [88]], a sequence-to-sequence denoising model [48], and a
fitness prediction model combined with multiple iterations of single-site mutations [[17]]. Unlike
existing methods, our model: (1) is general purpose for any protein sequence, and does not need to
be fine-tuned on specific families, (2) allows for arbitrary insertions and deletions rather than just
single-site mutations and (3) creates a structurally similar but not identical ensemble of sequences.
This latter point is important in comparison to inverse-folding methods, which may generate an
ensemble of sequences that fold to a specific backbone, but do not allow any flexibility or diversity

in that backbone [29,(57]].

More broadly, there is a wide range of recent literature on training large language models
on protein sequences, including [|14,39,89,98,,102]]. In particular, both [88]] and [43] train large
autoregressive models to generate protein sequences unconditionally and conditioned on functional
tags. In our work, we focus specifically on generating proteins within a family of a given seed
protein. Related to our task, [99] develop a transformer trained on MSAs. Unlike this work, our
model does not directly take an MSA as input, and instead seeks to generate sequences from the

MSA as output. As a result, our model does not require MSA generation at inference time.

3.5.2 Methods

Here we describe the core task and pipeline we use to generate diverse sequence ensembles. Training

and architectural details, as well as datasets used, are described in Sections[3.5.3|and [3.5.4]
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Multiple Sequence Alignment

A multiple sequence alignment (MSA) is a core object in biological sequence analysis that groups
related proteins in a matrix whose columns represent homologous or structurally related amino
acids. In brief, a multiple sequence alignment is typically created by searching a “seed” sequence
against a large database of reference sequences using a search algorithm such as HHBIits [[124]]. The
search tool returns target sequences that are aligned to the seed. For each index in the seed sequence,
the target sequence can either have a corresponding match state residue at that index, or a gap token
indicating that the target sequence is missing a residue at this index. Additionally, residues in the
target sequence that do not match to any index in the seed sequence are called inserted residues.

See [20] for a more complete overview.

The Seq2MSA Task

Our proposed task is to generate sequences in an MSA given the seed sequence that was used to
generate that MSA. Formally, given a seed sequence and members of its corresponding MSA, at
training time we sample a single target sequence from the MSA uniformly at random. The loss at
each iteration is the cross entropy between the target sequence and the model output given the seed

sequence, where cross entropy is computed over all tokens equally [[137]].

We tokenize the seed sequence following the amino acid alphabet from [[102]. There are two
variants of the Seq2MSA task depending on how the target sequence is tokenized. In the first
variant, called unaligned, we remove all alignment information from the target sequence: we discard
gap tokens and treat insertions the same as match states. In the second variant, called aligned,
we maintain the alignment information given in the multiple sequence alignment. We double the
vocabulary size by distinguishing between match state and insertion state residues in the target
sequence, and add an additional token for gaps. We compare the two variants in Section [3.5.5}
we generally find that using alignment information produces sequences that have higher predicted

structural stability and use this variant of the task for all experiments below.
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Diversification Pipeline

We predict the structure of each protein in our evaluation set using a single-sequence folding model
as an oracle [78]]. We discard proteins that have a pTM < 0.8. For the remainder of proteins, we
generate 2k proteins using the Seq2MSA model. During generation, we sample directly from the
model distribution without using strategies like nucleus or low-temperature sampling to improve
quality at the cost of diversity [[139]]. We find that prompting the model with the first five residues of
the seed sequence reduces the prevalence of generations consisting of only small aligned fragments,
and do so for all experiments. We filter generations for pTM > 0.8 and TM-score between the
predicted structures of the seed and generated sequences (TM-to-seed) > 0.8. We then sort the
remaining sequences by increasing sequence identity percentage to the seed, where we define
sequence identity percentage using definition 3 from [92]. We keep the top 100 proteins farthest

away from the seed and discard the remaining generations.

3.5.3 Training Setup

Our training architecture is a 12-layer encoder-decoder sequence-to-sequence transformer [137]
with architecture parameters taken from [77]]. We trained for a total of 250k steps with a batch size
of 22! tokens per step. Data-parallel training was performed on a total of 128 Nvidia Volta GPUs,
and took approximately one week. We used an initial learning rate of 3e~* with a linear warmup

from O for the first 2k steps, and then a polynomial decay to 4¢~* by the end of training.

3.5.4 Datasets

We create a large training dataset of MSAs by searching every protein sequence in the 2020 release
of UniRef50 [[132]] against every sequence in (the 2020 release of) Uniref90 using HHBlits [[124]]
with the default parameters. From each MSA we randomly selected a maximum of 1024 sequences
to be part of the training set due to disk space constraints.

As an evaluation set, we use the proteins from the 04/01/22-06/25/22 release of the CAMEO

[103]]. The structures for these proteins are held-out from our structure prediction oracle. We predict
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the structure of each protein and discard those proteins with predicted TM-score [146] (pTM) < 0.8,
which has generally been found to be indicative of good performance for single sequence folding
models [78,|144]]. This leaves an evaluation set of 117 sequences from both easy and medium

difficulties.

3.5.5 Generation Set Up

Figure [3.2| compares the effects of training a model with alignment information vs. without, as
well as prompting the model at decoding time with the first five residues of the seed sequences vs.
sampling with no prompting. As expected, adding alignment information into the model generally
improves the predicted TM-score of the sequences under our folding oracle, which is a proxy for
how well the sequence folds in vivo [78]. Sequence alignment also helps the generated sequences
better align structurally to their original seed. Fixing the first five residues at decoding time also
increases both structural metrics, at the cost of increasing the percent sequence identity to the seed.
Since our model was trained on very diverse MSAs (mean sequence identity to the seed 20% since
many of the sequences found in natural MSAs are fragments that only match portions of the original
seed), prompting is an ad hoc fix to keep generations slightly closer to the seed. A more complete

solution would re-train our original model on MSAs that are closer to their original seed sequence.

3.5.6 Full Counts on the Evaluation Set

Table [3.5)and Figure [3.3]shows a more complete picture of our diversification efforts, on each of the
proteins in the evaluation set. The figure shows an interesting and sharp tail off: for some sequences,
we are able to generate many (> 100) sequences that have high structural confidence under a folding
oracle and low sequence identity percentage to the original seed sequence. For many others, none of
the 2000 generated proteins per seed fulfils this criteria. It is not immediately obvious why certain
proteins are “harder” than others to diversify - the success and failure cases both contain a variety of

structures (helix only, sheet only, and mixed helix/sheet), as well as a variety of lengths.
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Figure 3.2: A comparison of different generation methods, and different ways of training the original
Seq2MSA model. Adding alignment information and fixing the first five residues at decoding time increase
confidence in the predicted structures of the generated sequences, and the structural alignment between the

generated sequences and the seed used to generate them.

3.5.7 Agreement Between Folding Methods

In order to increase the confidence in our sequences folding to their predicted structure, we take
the top 100 generated sequences for each seed sequence (that pass pTM > 0.8 and TM-to-seed >
0.8 under our single sequence model) and fold it using AlphaFold 2 [64] in single sequence mode:
no templates and no MSA. AlphaFold in single sequence mode leverages far less evolutionary
information than our single sequence model, since AlphaFold gets that information from MSAs
while our single sequence model memorizes evolutionary information during language model
pre-training [78]]. The top of Figure [3.4] shows the results. In general, if AlphaFold 2 in single
sequence mode folds the seed sequence well, it tends to also have high pLDDT of the generations,
which adds confidence that our generated sequences really do fold to their predicted structures and
are not adversarial examples leveraging MSA information.

For the sequences generated by our Seq2MSA model that satisfy both pLDDT under AlphaFold
> 80 and pTM under our single sequence model > 0.8, we compare the TM-score between structures

predicted by AlphaFold in single sequence mode and structures predicted by our single sequence
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of generated sequences passing specified diversification criterion, out of 2000

generations per seed sequence. The seed sequences in the evaluation seed have PDB ids that are listed (ID

and chain) on the x axis. Our model successfully generates 100s of structurally similar structures with diverse

sequences for some proteins, and fails to generate any for others.
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model. The result is in the bottom of Figure [3.4] The histogram shows that the majority of
high-confidence predictions by both models also have high structural agreement, further raising

confidence in the predicted structures of each generated sequence.

3.5.8 Hallucinations

In order to test whether our pipeline could generalize to de novo sequences, we download the halluci-
nated sequences from [8]]. We select only those sequences that were experimentally characterized by
size-exclusion chromatography, and further filter by folding oracle pTM > 0.7. We reduce the cutoff
from 0.8 since only two hallucinations passed pTM > 0.8. We then run the same pipeline from the
main text on each denovo protein. The results are in Figure The plot clearly shows that de novo
proteins are harder than natural proteins - there are far fewer generations per sequence satisfying the
diversification criterion. However, the plot also shows that for many de novo sequences, we are able

to generate diverse ensembles at the < 0.5 and even < 0.4 sequence identity level.

3.5.9 Results

Using the diversification pipeline outlined in the previous section, we find that: (1) we are able
to diversify a broad range of structurally held-out sequences down to as low as < 30% sequence
identity, (2) these sequences are not only diverse relative to the original sequence but also to the
model’s entire training set, and (3) our model’s best generations not only align well to the structure
of the original protein, but also show similar characteristics on a range of Rosetta-based aggregation

metrics.

Structural Similarity

Under our folding oracle, our Seq2MSA models generates at least 10 sequences with pTM > 0.8
and TM-to-seed > 0.8 for 103 out of the 117 seed proteins, and over 100 such sequences for 78 of
the 117 seed proteins. This indicates that our diversification pipeline is able to generate high quality

structures for a majority of proteins it was run on. Moreover, it indicates that our language model
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Figure 3.4: Validating our single-sequencing folding oracle by comparing it against AlphaFold 2 in single
sequence mode. It is possible that our sequences simply “look” like natural sequences in a family because
they have similar distributions and placements of residues to the MSAs they were trained on, and that our
single sequence folding oracle is predicting their structure solely based on these family features rather than
what the sequence would actually fold to in vitro. However, we find that not only can AlphaFold 2 in single
sequence mode fold many of our generations just as well as it folds the natural seed protein used to generate
them, we also find that the structures between AF2 and the single sequence oracle have high agreement when
AlphaFold 2 has pLDDT > 80. This gives confidence that our sequence structures are in fact stable and

structurally similar to their original seeds.



50

Number of Generations Passing Criteria, Out of 2k Generations
(pTM > 0.7 and TM Score to seed > 0.8)

Sequence Identity Percentage to Seed:
N <05 [N <04 [EJ <03

120

"
@ o
3 S

Hallucinations
3

Figure 3.5: The number of generated sequences passing diversification criterion, when applying the Seq2MSA
model on completely de novo proteins. Remarkably, even though our model was trained only on natural

proteins, it manages to succesfully generate diverse ensembles for many of the de novo designs.

can generate sequences that preserve the structure of the input seed sequence.

To gain more confidence in the predicted structures of our generated sequences, we compute
two metrics of stability for our generated proteins and compare them to original seed sequence: the
SAP score and the hydrophobic solvent accessible surface area (SASA). Both metrics are based on
the number of hydrophobic residues exposed at the surface of the protein and indicate aggregation
propensity of the protein. See [25] for a complete definition. Figure [3.6) shows that both metrics
correlate well between each seed protein and its respective generations, and also indicate that the
generated proteins tend to expose only a small proportion of hydrophobic residues, which we would
expect of proteins with clearly defined secondary structure elements. We run additional sanity
checks of our single-sequence folding oracle against AlphaFold 2 (AF2) in Section[3.5.7]- in general

we find high agreement between our oracle and AF2 in single sequence mode.

Sequence Diversity

Out of 117 proteins, our pipeline is able to successfully generate diverse sequence ensembles for

more than half of them: counts are in Table [3.5] and Figure [3.3] For comparison, several recent
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Figure 3.6: We run the diversification pipeline described in Section [3.5.2} which leaves 100 generations per

seed sequence that satisfy pTM > 0.8 and TM-to-seed > 0.8. We sort the generations under each seed by
the respective metric, and plot points for the minimum, median and maximum values on the y axis. The
generated sequences share similar characteristics to their seed sequence, indicating the generated sequences

will have stable structures similar to their respective seed sequences.

methods for diversification using deep models fail to generate any functional sequences at this
sequence identity range [48,88]]. Figure depicts a more detailed breakdown of the number of
sequences that pass our computational criteria. Figure [3.7|depicts a representative example: an anti-
c¢D40 DARPIn protein domain (pdb id: 7P31_2, chain B). In particular, this example demonstrates
that the generated proteins preserve major secondary structure elements, but contain diversity in the
variable loop regions, including variations in both length and placement.

To more stringently verify that our sequences are novel, we perform three sanity checks. First
we verify that the sequence identities computed by our aligned model are close to the optimal
alignment. Second, we verify that each generated sequence is diverse with respect to the entire pool
of generated sequences. Third, we verify that each generated sequence is far away from any protein

the language model has seen during training time.
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Sequence Identity Cutoff | < 20% | < 40% | < 60% | < 80% | < 100%
Count 12 63 81 100 103

Table 3.5: The number of sequences in the evaluation set for which our model generates at least 10 sequences
(out of 2000) that satisfy pTM > 0.8, TM-to-seed > 0.8 and the given sequence identity cutoff, out of 117

total sequences in the evaluation set.

We compute sequence identities with respect to the model’s output alignment, but there may
exist a better alignment with a higher sequence identity percentage. After running the diversification
pipeline, we re-align each of the 100 generations to their seed using the pairwise aligner needle [90].
The left plot in Figure [3.8] demonstrates close agreement between the model’s output alignment
and the optimal pairwise alignmentﬂ We then take the same 100 generated sequences from the
diversification pipeline above and compare them to all 2k sequences originally generated for that
seed in the initial step of the pipeline. The middle plot in same figure demonstrates that if a generated
sequence is far from the seed used to generate it, it will also be far in sequence space from any other
generated sequence. Finally, we use blastp to search every generated sequence against Uniref90
- the model’s training set - and report the maximum sequence identity for each generation to any
sequence in that set [5]. The right plot in the same figure indicates that if a generated sequence is
far from the seed used to generate it, it will also be far away from any protein the model has seen

during training.
3.6 Discussion

This chapter has discussed two alternative pre-training tasks for protein language with two different
end goals: representation learning and protein design. The results from this chapter indicate
that thinking more carefully about pre-training tasks on protein sequences, particularly tasks that

take advantage of domain-specific structure, may yield improved models at both prediction and

*Note that the optimal pairwise alignment does not mean the alignment with the greatest sequence identity
percentage, so the model may learn alignments that have greater percent identities than the optimal one.
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Seq2MSA model. The lines indicate the TM-score of the top-1, top-10 and median generation up to the given
sequence identity percentage, and the gray dots are individual generations. Note that the lines are smoothed
with a Gaussian filter. The structural ensemble and the corresponding alignment show the top 4 generated
proteins with sequence identity < 30% and greatest alignment score to the original protein, which appears as

the gray structure and the first sequence in the alignment.

generative capacity. In particular, both tasks here take advantage of the copious existing machinery
in protein sequence biology around homology searching and multiple sequence alignment: highly
optimized tools to determined which protein sequences are potentially evolutionarily related.
There are many underlying structures in protein sequences beyond just multiple sequence
alignment: function, structure, non-polymer binding partners, amino acid properties, conformational
dynamics and so on. Incorporating this rich domain knowledge into large sequence models may be
the next frontier of large-scale protein modeling, and has the potential to unlock tremendous capacity
not only in biological discovery but also in designing new proteins to accomplish completely novel

function.
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Figure 3.8: A comparison between the sequence identity of generations to their seed sequence with other
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generated sibling sequences, e.g. those sequences that were generated by the same seed. The right plot shows
percent identities between generations and their closest Uniref90 blastp hit. All three metrics show a clear
correlation to the percent identity between generation and its original seed, implying that if a generation is far

from its seed sequence it is in fact truly novel.



55

Chapter 4

PROTEIN-LIGAND CO-FOLDING
4.1 Motivation

Predicting the folded structure of a protein given its amino-acid sequence has been a long-
standing problem in structural biology [7]. This partially driven by the disparity between the
cost of sequencing and the cost of structure determination: given that sequencing is far cheaper
than structure-determination methods like crystallography or nuclear magnetic resonance spec-
troscopy, sequences databases have been growing exponentially faster than corresponding structure
databases [22,49,/136]]. The advent of large structure prediction networks - namely AlphaFold
2 and RoseTTAFold - has demonstrated how useful deep learning can be for biological applica-
tions [12,64]]. In particular, advances in deep learning architectures like the transformer combined
with a better theoretical understanding of how to model 3D atomic systems and their associated
symmetries implies the promise of a host of foundational models in structural biology.

However, deep learning has still fallen short on a host of structural problems: in particular,
accurately docking ligands to protein structures remains an ongoing challenge. There exist many
deep learning methods for ligand docking, often making use of equivariant graph neural network
architectures and taking as context a ligand graph as well as some or all of the target protein
[24),84)123]]. However, these methods can fail to generate chemically-plausible poses and do not
always outperform classical, force-field docking tools like Vina [18,/58]]. Furthermore, most of these
existing methods either treat the protein as static, e.g. “rigid-body docking” or treat the side-chains
of the protein as flexible but the backbone as rigid. However, proteins are intrinsically dynamic
objects that may change in response to ligand binding partners. A method that fails to account for
protein flexibility may fail to dock to proteins with cryptic pockets, flexible side-chains or multiple

conformational states.
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This motivates the field of protein-ligand co-folding: the problem of jointly predicting the
structure of a protein and a ligand in a complex given both the protein sequence and ligand chemistry
as input. The formulation is well-motivated: there is ample protein-ligand complex training data in
the Protein Data Bank [49]. Although ligands may adopt multiple bound poses against a protein
target, for protein-ligand complexes that crystallize the crystal tends to display the lowest energy
minima pose. Finally, networks to predict protein structure are already well-studied: therefore it
suffices to adapt the input representation of these networks to also include small molecules, rather
than have to develop networks entirely from scratch.

In this chapter, I will describe joint efforts to develop a large structure prediction network -
RoseTTAFold All-Atom (RFAA) - that can both predict the structures of proteins and simultaneously
dock ligand structures to those protein structures. The hope of designing such a network is that it will
not only be useful for protein-ligand docking, but will also enable a host of downstream biological
applications, from the de-novo design of enzymes to high-throughput in-silico virtual screening.
I will discuss how I evaluated the performance of the network relative to existing methods, and
some emergent properties that arise from having a deep learning method capable reasoning over
both residue-level and atom-level context. I will talk about adapting the model to perform virtual
screening and the potential to adapt it for other related downstream tasks. I will then discuss the
outlook for the future of the model - where it is relative to the rapidly growing industry surrounding
the problem of protein-ligand co-folding, and how we can improve the performance of the model to

keep pace with that industry.

4.2 The RoseTTAFold All-Atom Architecture

RoseTTAFold All-Atom shared the same base structure as the original RoseTTAFold architecture
[12]]. It is a three-track transformer that takes as input a protein sequence and produces as output
three dimensions coordinates representing the structure of the system. It optionally takes in multiple
sequence alignments and homologous template structures of similar proteins build by standard
tools like the HH-Suite [[124]. Multiple sequence alignments are a set of similar sequences found

by a computational search of a large sequence database and aligned via dynnamic programming
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algorithms to the query protein, and have long been known to improve the performance of structure
prediction models, likely because the covariance statistics in multiple sequence aligments are
indicative of which residues in the protein are physically contacting [27]. The network’s three
tracks process the multiple sequence alignment, the 2D distance matrix from homologous templates,
and an iteratively growing 3D representation of the protein via the attention mechanism [137] and
pass information via cross-attention and an attention biasing mechanism similar to those seen in
AlphaFold 2.

In more detail, the first track of the network processes multiple sequence alignments using row
and column-wise axial attention [55]]. The network maintains a (N, L, d;) tensor of embeddings
corresponding to number of sequences, length of the input, and dimensionality, respectively. The
row-wise axial attention is biased by the pair attention, which is meant to help the network attend to
residues that are close in 3D space. Specifically, the 2D track is projected down to a bias matrix that
is added to the attention weights during row-wise axial attention. Layer normalization is applied
before each axial attention block [11]]. Features from the 3D track, which represent the 3D atomic
coordinates of the model, are projected down and added to the first index of the MSA embeddings
to share structural information from the 3D track.

The second track of the network processes inter-residue and inter-atom distnaces in an (L, L, ds)
tensor. The features from this track are initialized from the inter-residue distances of a homologous
protein template, and at random for ligand atoms. The network attends to the tensor using tied
column and row axial attention. The attention is biased by the current predicted coordinates in
the 3D track, by binning predicted inter-residue distances using the radial basis function. Triangle
multiplication, both ingoing and outgoing, are also applied between attention blocks [64]].

The third track is an SE(3)-equivariant transformer that represents the predicted coordinates of
the input at each block [46]. The scalar features input to the transformer come from a projection of
the concatenated msa features and 3D node features. Chirality for small molecules is provided as a
vector-valued feature for all small molecule atoms indicating the direction of idealized tetrahedral
geometry. Edge features in the SE(3) graph are derived from the relative positional encoding, a

bond matrix indicating which atoms are bonded and how, and the pairwise inter-residue distances.
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The graph is fully connected. The SE(3) transformer outputs predicted coordinates and a quaternion

for frame orientation.

Unlike proteins, which can be represented as a linear chain of amino acids, small molecules
have arbitrary graph structures whose nodes are atoms and whose edges are covalent bonds. In
order to represent this new modality, Rose TTAFold All-Atom has an expanded token representation
including 47 of the most common heavy atoms seen in the protein data bank [49]. It takes as
additional input a bond connectivity graph that represent the connectivity of the input molecules.
The bond matrix has four different small-molecule bond types - single, double, triple and aromatic
- that get embedded and added to the pairwise features in the model. For proteins, neighboring
residues are connected by a special residue-residue bond feature. In order to represent rigid frames
at each atom - which are necessary in order to apply equivariant structure losses - a neighborhood
ranking algorithm is applied to each atom which produces deterministic 3-body frames. The chirality
of small molecule tetrahedral centers is represented via 3D coordinate gradients that push the atoms

in the local direction of correct stereochemistry.

In addition to 3D coordinate predictions, the model also outputs an estimate of its own error
called the Predicted Alignment Error (PAE). The predicted alignment error is an L X L matrix of
values whose i, jth entry is trained to predict the error of atom j in the frame of reference of atom
(or residue) 7. The PAE is useful at inference time to determine how confidence a model is in its
relative placement of each atom or residue - to determine overall confidence in placement between
two molecules the inter-PAE values between every residue or atom in one molecule to another is

averaged.

A more full description of the architecture, including hyper-parameters like number of layers

and embedding dimension for the different tracks, can be found in [71].
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4.3 Training Regime

4.3.1 Data

This subsection will discuss the protein-small molecule complexes used to train the model. A full
description of the other datasets used and their sampling regimes is available in [71].

Each entry in the protein-small molecule dataset consists of a query ligand and accompanying
partner chains, both protein and small molecule. For every given assembly in the PDB, we iterate
through every non-polymer chain and treat it as a potential query ligand. A protein chain is
considered in contact with that query ligand if any Ca is within 30A of any atom of the query ligand.
A non-polymer chain is considered in contact with that query ligand if all atoms are within the same
30A radius. All protein partner chains are collected and sorted based on number of Cav atoms within
10a of any atom to the query ligand, and the primary protein chain is designated as the protein chain
with the most number of contacts. If there are no protein partner chains the entry is discarded. We
further filter out a list of ligands that we find to be non-biological, e.g. representing solvents or
buffer agents. A full description of which ligands we filter out can be found in [[71].

We cluster each entry in the dataset based on the primary protein partner down to the 30%
sequence identity level using mmseqs [52]. At training time, we first sample a protein sequence
cluster, and then a unique protein chain partner belonging to that cluster. Finally, we select uniformly
at random a non-polymer molecule bound to that protein chain. To avoid out of memory issues,
we crop the example around the query ligand using a breadth-first search initiated at a randomly
chosen atom in the query ligand. Edge weights for the search are determined by bondedness and
spatial proximity, resulting in crops that are both roughly around the ligand but also contiguous

sequentially for protein examples.

4.3.2 Losses

At training time, we apply a variety of losses to the model. The primary loss is Frame Aligned
Point Error (FAPE), which was first introduced in [64]. FAPE relies on a rigid body frame at

each residue, which is defined using the N-Ca-C backbone. For arbitrary small molecules, we
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derive a deterministic, path-based procedure for determining frames for losses. The procedure
iterates through every path of length 3 containing a given atom and picks the path that comes first in
lexicographic ordering as the three-body determining that atom’s frame. FAPE is then applied as
usual with the given small molecule frames, with the understanding that the frames are updated as

the coordinates are.

The remainder of the losses follow from the original RoseTTAFold 2 architecture [12]]. We
mask out 15% of the tokens in the MSA and predict them using a masked language modeling loss,
and predict the torsion angles of each protein side chain using an MSE loss with respect to the
ground truth torsion angle. We predict a distogram loss that bins the orientations and distances of
pairs of residues as a projection from the 2D track. We introduce a new bond loss which is an L1
loss penalty on bond lengths, angles, and distances in small molecules that are in rigid groups like
aromatic rings. We additionally add a small clash loss that penalizes overlapping van der waals

radii. All of these losses are described in detail in [71]].

4.4 Ligand Docking

Ligand docking is the general problem of determining the plausible interacting structures that a
protein and a small molecule ligand may jointly adopt, and ranking those structures according to
how stable they are biophysically [[121]]. There are many approaches and simplifications of the
general problem: in this work we will consider the problem of predicting the crystal structure
of a protein-ligand complex, which is often the most stable structure that complex can form. A
common-metric to evaluate ligand docking is kabsch-aligned root mean squared distance (RMSD),
which is calculated by aligning the predicted and crystal protein structures and then measuring the
root mean squared distance of the predicted and crystal ligand structures. To simplify the metric,
we will designate the model’s prediction a success if the RMSD is < 2A, a common threshold
under which predictions may be useful for biological discovery. We will care particularly about the

fraction of protein-ligand complexes that the model predicts successfully.
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4.4.1 Benchmarks

We evaluate our model on three different publically available benchmarks. The purpose of these
benchmarks is three-fold: first, to understand how well our model performs at protein-ligand co-
folding. Second, to compare our model to existing deep learning models that have been previously
published. Third, to understand how well calibrated our model is: that is, to determine if the model
can predict when it has made a good or bad prediction. The model is trained to predict its own
error via a predicted alignment error (PAE) auxilarry network that predicts the aggregate value of
the alignment (FAPE) loss between every pair of residues. Theoretically, a well-calibrated model
should know when it has made a bad prediction by outputting correspondingly high PAE values

between the protein and the ligand being predicted.

CASPI5

The Critical Assessment of protein Structure Prediction (CASP) is a biannual blind structure
prediction challenge in which participants submit predicted structures for proteins whose structures
have been determined experimentally but have yet been released to the public. The latest edition
of CASP, CASP15, included a protein-ligand complex structure prediction portion which we
retro-actively evaluated our model on.

We downloaded the sequence data from the CASPI15 targets marked as ligand targets. For
simplicity, we omit all heteromeric targets and RNA targets (H1114, H1135, H1171v1, H1171v2,
H1172v1, H1172v2, H1172v3, H1172v4, and R1117v2). We also omit target T1181 because the
prediction of the full trimer did not fit in GPU memory.

For every other target, we predict the full protein ligand complex providing the correct stoichiom-
etry for both ligands and protein chains. We model target T1152 as recommended by the CASP15
organizers (as a monomer). For target T1170, we omit the DNA sequence from the prediction
as it was not provided at input time to the participants of the challenge, and its structure was not
necessary for proper docking of the ligands in that target.

For each target, we make 10 predictions with different random seeds and then select the
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prediction with the lowest inter-chain protein-ligand predicted alignment error (PAE Interaction),
including early stopping over 20 recycles. For multimers, we found that first scoring on plddt and
then choosing the recycle with the minimum PAE Interaction selected more plausible structures
since there were some cases where the network made poor protein predictions that were distracting
from the correct ligand placement. We score the predicted pose of each ligand using the ligand
RMSD metric mentioned above, and recompute this metric for each of the servers that submitted
to CASP15 during the competition for the same ligand poses in each target. We score only the
top-ranked pose and model (e.g. model 1, pose 1) from each server for a fair comparison between
methods.

Panel A of Figure [4.1] shows the results of our model against three of the top competitors from
CASPI5 at ligand docking. We note that we are approximately on par with the existing methods -
in fact, the RFAA model would have placed second in the CASP15 challenge had it been entered.
In addition to this, competing methods made heavy use of manual intervention and multi-stage
pipelines that may be untenable in real-world applications. By contrast, RFAA is a fully automated

tool to produce structure from sequence and chemical graph inputs.

CAMEO

The CAMEO BETA challenge (https://beta.cameo3d.org/) is an online, weekly, con-
tinuous evaluation of the most recent depositions into the PDB. We registered the RFAA model
as a server for homomeric and ligand targets (excluding RNA, DNA and heteromeric targets for
simplicity). The RFAA server searches for MSAs and templates for each protein sequence as
described above. The server makes 5 different predictions with different random seeds for each
target and then submits the prediction with the lowest interchain PAE. If there are multiple ligands
in a given target, the interchain PAE is calculated over all ligands in the target.

We ran the RFAA CAMEQO server (Server 2) from 04/08/2023 to 09/02/2023. Ligand pose base-
lines were introduced from 08/12/2023 onward (https://beta.cameo3d.org/cameong_
servers/). The CAMEO organizers returns ligand RMSD poses scores that we then plot for our

evaluations. We do not compute our own RMSD metrics for the CAMEO challenge.


https://beta.cameo3d.org/
https://beta.cameo3d.org/cameong_servers/
https://beta.cameo3d.org/cameong_servers/
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Figure 4.1: A) Ligand docking performance relative to the top three methods that competed in CASP15. B)
Ligand docking performance relative to the model’s error estimates on the online, blind CAMEOQO challenge.
The colors indicate whether or not the example is close (>%30 percent sequence identity) in sequence space
to anything seen in training, as well as whether or not the ligand binding partner is similar to ligands (> 0.7

tanimoto similarity) seen in training to bind to similar sequences.

The CAMEQO server does not provide stoichiometry information for either protein or ligand in a
given protein ligand complex. In order to determine protein stoichiometry, we check the symmetry
group of each template of the input protein. We make a list of the top 20 most similar templates to
the input protein by sequence similarity, and then filter that list based on a coverage threshold of
0.75 and a match score of 0.95. For the passing templates, if at least half of them form a dimeric or
a trimeric complex, we then attempt to predict a dimeric or trimeric complex with the input protein,
respectively. If the predicted alignment error between the symmetric subunits is less than 10 and the
computed clash score between the subunits is less than 1, we model the protein as either a dimer or

a trimer. Otherwise, we default to modeling the protein as monomeric.

We only make predictions with a single copy of each ligand in each target and do not duplicate
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ligands in the case of dimer or trimer-forming protein chains. We found it difficult to distinguish
between cases where there are two binding pockets for two different copies of the ligand in a dimer
compared to a single copy of the ligand sitting at the dimeric interface. We also do not model
symmetry groups above C3 because they often do not fit in GPU memory on the allocated GPUs.

Panel B of Figure [4.1] demonstrates the model’s performance (ligand RMSD) relative to its
protein-ligand PAE, which is the mean of the PAE matrix between the protein and ligand and
indicative of how well the model thinks it has place the ligand relative to the protein. The model
shows strong correlation between error estimates and true performance. This phenomenon, known
as calibration, is important in biological discovery as it allows users to determine how reliable a
given prediction is on a complex with unknown structure.

Each target from CAMEO was compared to the training set of the model using BLASTp [5]] and
considered similar to something seen in training if BLASTp found at least one sequence with >%30
sequence identity over at least %50 bidirectional coverage. The ligand partner of the target was
compared to every ligand partner seen in training to bind to those similar protein sequences via the
tanimoto coefficient [97]. Ligands were considered similar if the tanimoto coefficient was greater
than 0.7. The scatter plot indicates that although the model is strongest at those things seen in
training, it is able to predict some novel complexes well. More importantly, the model also remains

well-calibrated on unseen examples.

PoseBusters

PoseBusters is an offline test set curated from the PDB that was designed to test whether or not deep
learning methods trained for protein-ligand docking generate chemically-plausible structures, e.g.
that satisfy planarity constraints or roughly ideal bond length distributions [18]. Each item in the
PoseBusters dataset consists of a PDB entry and a ligand identifier specifying the ligand to be docked.
At the time of our evaluations, there were 428 protein-ligand complexes with non-redundant protein
chains and non-redundant, drug-like ligands. Note that future versions of PoseBusters updated this
number to 308 entries by filtering out entries that have ligands at symmetric protein interfaces.

We preprocess the dataset by parsing the raw cif files of each PDB entry indicated in the
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PoseBusters list. For the given query ligand identifier, if it appears multiple times in that cif file, we
sort the ligands by chain ID and pick the first such ligand. We find the protein chain in that entry
that has the most number of atoms within 10A of any atom in the designated qguery ligand and call
that protein chain the primary protein partner. We also search for any cofactor in the assembly that
has at least one atom within 5A within any atom of the query ligand. We record these contacting
cofactors and the primary protein partner in a list of partners to be predicted.

For each item in the PoseBusters evaluation set, we predict the entire complex - query ligand,
primary protein partner, and contacting cofactors - simultaneously. We superimpose the primary
protein partner onto the crystal structure and extract the crystal pose of the query ligand. We then
run the posebusters suite on the predicted pose of the molecule to determine chemically validity
of the predicted ligand pose. We also use the posebusters suite to compute ligand RMSD between
crystal and predicted ligand pose after protein superimposition, and to compute validity metrics
between predicted ligand pose and predicted protein structure (and predicted cofactors).

We note that our model is not a docking method and does not take as input the crystal structure
of the protein nor the binding site of the query ligand, making our task (prediction from sequence
information alone) strictly harder than blind docking or local pose estimation. This implies that
it does not make sense to compute validity metrics, such as minumum distance clashes, between
predicted ligand pose and crystal protein structure, which is why we use the model’s predicted
protein structure instead.

Finally, we also note that although our model is only trained on data from the PDB up to April
2020 and the PoseBusters dataset is only defined on data from 2021 onwards, our training data
is defined on the deposition date of the PDB entries, while the PoseBusters dataset is defined on
the entry release date. In almost all cases the dates of deposition and release are similar enough
that the items in the PoseBusters evaluation set are not in our training set. However, a single entry
(6VTA, AKN) was deposited before April 2020 but released in 2021. We exclude this item from the
evaluation set for all methods.

The results of the PoseBusters evaluation are in Figure Panel A demonstrates that

RosettaFold All Atom has superior success rates in docking under 2A than other publically-available
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deep learning methods. Panel B demonstrates the metrics about validity of the chemical structure
producted by the method. We note that the minimum distance to protein filter is a highly stringent
filter that considers a structure chemically invalid if an atom in the protein and an atom in the ligand
are within 0.75 times the sum of the pairs of van der Waals radii of those atoms. Anecdotally,
we see many examples of good predictions with a slightly shortened hydrogen bond or non-polar

interaction which end up failing this particular test.
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Figure 4.2: A) Docking performance on Posebusters relative to other publically-available deep learning
methods. RFAA outperforms all other such methods at docking on this test set. B) Validity checks of RFAA
docks as determined by Posebusters. The RFAA docks generally pass most of the tests, except for the

minimum distance violation between the protein and the ligand.

4.4.2 Emergent Properties of a Co-Folding Model

Although docking is in of itself an important application, a structure prediction network that can
reason over small molecule atoms and bond graphs opens up a host of broader applications in
both biological discovery and de-novo design. These applications are partially due to the fact that
proteins may behave differently around small molecule binding partners than they do in isolation,

and the RoseTTAFold network can, theoretically, model a protein both with a binding partner and
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without it. We mention two of the most important such applications in the following subsections.

Chemically-Induced Dimerization

Chemically-Induced Dimers (CIDs) are pairs of proteins, either homo or heteromeric, that only
form a complex in the context of a small molecule. These systems have evolved in biology in the
context of gene regulation and degredation, and also have a wide variety of potential engineering and
therapeutic applications, e.g. as chemical switches of desired therapeutic events [122]. The RFAA
model is not explicitly trained to model chemically-induced dimerization, particularly because
the number of known CID crystal structures is very small. However, it is trained both to model
protein-ligand complexes and to model protein-protein complexes. It is a reasonable hypothesis
to expect that it has learned something about ligands at protein-protein interfaces and if a ligand
improves the interface between two proteins.

To test this hypothesis, we modeled three different systems known to be CIDs:

* FKBP1A and mTOR in complex with rapamycin (3fap)

* Cereblon and Casein kinase I isoform alpha in complex with S-Lenalidomide (5fqd)

* A denovo-designed cannibidol sensing system (7te8)

We predicted each complex with and without the ligand and measured the protein-protein PAE
in both predictions. The results are in Table 4.1l We note first off that both 3fap and 5fqd were
part of the training set - an alternative and reasonable hypothesis would be that the RFAA model
would learn to memorize the protein-protein complex position regardless of whether or not the
binding ligand was also present. However, this appears from the table not to be the case - in all
three examples the model has signficantly lower predicted error with the bound ligand present in the
input. We note that this is not just a product of have a ligand present in the complex - for example,
repredicting the structure of 3fap with heme as opposed to rapamycin still causes the inter-protein

PAE to jump, up to 8.7. Although more work needs to be done both to validate the model’s ability to
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Complex PDB ID | PAE with ligand | PAE without ligand

3fap 2.8 11.7
Sfqd 11.0 19.2
Tte8 13.6 18.3

Table 4.1: Prediction of CID complexes with and without their ligand binding partner.

screen entirely unseen CID systems, and potentially fine-tune the model to design them, the RFAA
model as is already shows promising ability to understand binding with and without ligand context.
The predictions of 3fap with and without the ligand are shown in Figure 4.3] The model seems to
show some space-filling ability - without the ligand, it attempts to fill the empty space between the

proteins with TYR194 and ARG194 in mTOR.

(a) Predicted structure of FKBP1A and mTOR in (b) Predicted structure of just FKBP1A and mTOR without

complex with rapamycin rapamycin

Figure 4.3: Predictions of 3fap
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Co-Folding Over Folding and then Docking

Many previous methods approached ligand-docking as a two stage problem: first predict the structure
of the protein, and then keep the structure (mostly) fixed while determining where the ligand docks
to the protein. The drawback of this approach is that the two problems are actually inter-related
- how the ligand docks to the protein may affect the side-chain positions or even the backbone
structure of the protein. We hypothesize that a model that can fold the protein in the context of
the ligand may better predict the structure of the portions of the protein that form ligand-binding
pockets, because the model is better aware of the type of interactions that may form the structure of

those pockets.

We develop a set of 594 of proteins with ligand binding partners that are predicted confidently
(protein pLDDT > 80) by both the original RoseTTAFold 2 model and RFAA without the ligand
binding partner. For each item, we make 3 predictions from both RFAA and RF2 to remove any
artifacts that come from random seed, and pick the prediction that either minimizes inter-chain PAE

or maximizes pLDDT, respectively.

We measure the all-atom RMSD of the predicted protein structure relative to the crystal after
kabsch alignment on the backbone atoms. We also measure the ligand pocket RMSD, where the
ligand pocket is defined as the set of residues that have at least one atom within 5A of the ligand
in the crystal structure. The ligand pocket RMSD is then computed as the all-atom RMSD of said

residues after kabsch alignment on the backbone atoms of the same residues.

We observe a statistically significant difference (paired t-test) between the RMSD values from
RFAA and RF2, depicted in Figure[d.4] We depict several examples of structures that RFAA predicts
better than RF2, likely due to the added ligand context (Fig. S4B-D).

We also note that we observe anecdotal evidence that the model has some capacity to understand
conformational shifts upon binding. Some proteins exhibit one structure in isolation and a slightly
(or vastly) different structure in the presence of a ligand binding partner, and a model like RFAA
that is capable of predicting structures both in the presence of and in the absence of a known

binding partner may be able to reflect such conformational shifts. Although we have not rigorously



70

benchmarked performance on any type of conformational prediction task, it seems like a promising

avenue for future investigation.

4.5 Applications in Virtual Screening

Virtual screening is the problem of determining whether or not a protein and a small molecule
(usually a drug) will bind, and if so with what affinity [[140]. Often during drug discovery, the goal
is to find a single or a small number of candidate molecules out of a pool of millions to bind to a
single protein target. The target’s general structure may or may not be known in advance, as well as
the intended binding pocket the small molecule is supposed to bind to. Given that screening is done
on a pool of chemicals, it suffices to provide relative ranking scores rather than absolute binding
affinity estimates, although models exists that do both. Given the high-throughput nature of the
problem, it is important that any tool be able to scale well with respect to the number of screened

compounds.

4.5.1 Discrimination using the PAE Head

The most natural question given the architecture of the RFAA network is to ask if it is already
capable of virtual screening through use of the predicted error. It is a reasonable hypothesis to
suppose that the model’s PAE on protein-ligand pairs that do actually show binding affinity will
be lower than protein-ligand pairs that do not actually bind. This is mainly because protein-ligand
pairs that show no affinity will almost surely not have any spatial arrangement that resembles
protein-ligand complexes that the model has been trained on, and therefore the model will be unable
to place the so called decoy ligands in any reasonable conformation relative to the protein.

In order to test this, we make use of the published PoseBusters test set [18]. This test set was
originally developed to benchmark deep learning-based docking methods and contains 428 unique
protein-ligand complexes. For each target, we perform a “cross-docking” procedure in which we
dock random decoy ligands to each target that are unlikely to bind to that target and measure if the

PAE is higher or lower for the true ligands or the decoy ligands.
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In more detail, for each of the 428 protein targets in that set, we find the ligand in the remaining
427 ligands that has the highest tanimoto similarity to the original “true” ligand for that target, as
well as 5 randomly selected ligands from the remaining 426 ligands, and model the protein target
with each of the 6 chosen decoy ligands using RFAA and 10 recycle iterations. We measure the
model’s inter-chain protein-ligand PAE for each protein-ligand complex and plot the result in the
aforementioned figure.

The model’s predicted error tends to go up as the Tanimoto similarity between true and decoy
ligands decreases, which implies that the RFAA model has some ability to discriminate between
the true binding ligand and ligands that do not bind or fit in the same pocket. In particular, 75% of
decoy docks have higher predicted error than the original predicted protein-ligand complex. This is
demonstrated in Figure 4.5 which plots the PAE as a function of the similarity between the decoy
and known binding ligands.

As a caveat to this experiment, it is important to note that random cross-docked decoys may

actually bind to given protein targets - the PAE difference is only indicative of a general trend.

4.5.2 Fine-tuning for Virtual Screening

Although using the PAE as a discriminator shows some signal, it is not specifically trained for
the task of virtual screening. This begs the question - is it possible to improve performance by
specifically training for this task? For the purposes of this problem we take a contrastive learning
perspective, in which the learning task is to rank ligands within a batch relative to each other rather
than predict absolute affinities.

In brief, contrastive learning is a framework in machine learning in which the task is to have
a single network discriminate between similar and dissimilar elements in pairs. In particular, any
two samples may be assigned a positive or negative relationship and the goal of the framework
is to produce a score (either via metric learning, standard classification, or a host of other losses)
that predicts the pairwise label. The motivation behind contrastive learning is that it is easier to
determine at data curation time whether or not two inputs belong to a similar or disssimilar group

than it is to absolutely classify those inputs. The field of contrastive learning has a long history and
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has been applied extensively in both vision and biological applications; for a review see [74].

The specific motivation for adopting this framework when it comes to virtual screening are
several-fold. Measurements of protein-ligand binding affinities are heterogeneous and often difficult
to compare across conditions and targets, making absolute prediction an inherently noisy task [[65]].
Predicting absolute affinities is a more difficult learning task than what is necessary to succeed in
virtual screening - the model only needs relative ranking scores to determine the starting points
for lead optimization. Pairwise or batch-wise ranking is by contrast an easier learning task, more
stable to train, and more easy to generate artificial data for. It is intractable to generate reliable
computational data with absolute binding affinity measurements, but relatively easy to model
whether the addition or deletion of a group on a small molecule would make it a relatively worse
binder, e.g. because it induces a steric clash or deletes a hydrogen donor or acceptor.

We also take a structural perspective on virtual screening - while some methods are sequence
only, docking and binding are inherently structural phenomena. It is not clear that any model that
is not explicitly modeling the structure of the ligand and the associated binding pocket will learn
principles that generalize to novel targets or compounds that are unlike those seen in training. In
contrast to sequence-only models, the RFAA is explicitly structural.

We define a training set that makes use of the RosettaFold All-Atom training set for known
protein-ligand complexes with crystal structures, which was scraped from the Protein Data Bank [49].

We generate negative examples in-silico using the following procedure:

* Pool together each ligand from the existing positive training set.

* For each protein-ligand complex, search the query ligand against the pool of existing ligands

from the training set.

* Record each ligand that has tanimoto similarity less than 0.7 to the query ligand.

At training time, for each positive protein-ligand pair, we then sample uniformly at random one

of the searched decoys and provide the protein + true binder + negative decoy as input to the model.
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An extra attention pooling layer and two feed-forward layers are then attached to end of the 2D
track of the network: these layers downsample the inter-protein-ligand pair features per-ligand to
produce a single scalar-valued score that is trained via cross entropy to classify both the true binder
and the negative decoy independently.

In addition, we modify the architecture slightly so that the model never computes inter-attention
values between ligands. We reason that the standard base model is trained to form complexes and so
the inter-ligand attention weights are used to position ligands relative to each other - however for the
virtual screening task we desire the model to reason separately about each ligand and enforcing this
extra inductive bias may help the model generalize beyond ligands seen in training. We note that
although we have not performed extensive experiments with computational time, not computing
inter-ligand attentions allows for linear rather than quadratic scaling in the number of ligands, which
may enable more high-throughput screening.

We develop a held-out set for evaluation by clustering the PDB using MMseqs [52]]. We select
two representative examples from 64 held-out clusters such that no examples from the held-out
clusters have bound ligands that were seen in training, and fix decoys deterministically for each
of the 128 examples such that each decoy is no more than 0.7 tanimoto score close to the original
bound ligand. We run the un-finetuned model on each protein-ligand complex (decoy and true
binder) separately and record the PAE between the protein and the ligand as an estimate of binding
score, and then run the fine-tuned model on the joint protein-decoy-true complex and record the
per-ligand scores for each. We measure the per-target accuracy of both models, defined as the
fraction of protein targets for each either model ranks the true binding ligand higher than the decoy
ligand. We find that fine-tuning even for only 20k iterations improves the per-target accuracy from
0.71 t0 0.79.

We then investigate the question of whether the model can generalize to more than two targets
simultaneously. Being able to simultaneously rank a large batch of ligands is a key step in enabling
high-throughput screening, and there is reason to belive that the permutation-invariant transformer
architecture can scale well beyond the length of items seen during training. We use the same set of

known protein-ligand complexes in the previous experiment, and develop a set of 16 decoys per
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protein ligand complex in the same manner. For each target, we feed in the protein target, the true
bound ligand, and the 16 decoys simultaneously during the forward pass, and the model produces
ranking scores per-ligand.

We plot the results in Figure The left plot shows an enrichment curve: the value at k is the
fraction of protein targets (of which there are 128 total) such that the true bound ligand is ranked
among the highest k candidates predicted to bind to that protein target. A perfect model would have
an area under the curve of 1 and a model that ranked them randomly would have an area under the
curve of 0.5 (e.g., it would track the diagonal line). We see moderate enrichment in the curve, which
indicates that the model has learned to generalize to large batches without ever having seen them in
training. The right plot is a histogram of the rank (out of 17) that the true ligand appears in. The
plot demonstrates that the model identifies the true binder perfectly in over 25 of the protein targets,

and generally enriches for the true ligand in the top half of the batch.

4.5.3 Fine-tuning for Binder Design Screening

The model trained in the section above shows potential to be useful for drug discovery - however
when doing de novo protein design the emphasis shifts to screening many protein targets against a
single ligand rather than a pool of ligands against a single protein target. In this problem framework,
it is important that a model be able to distinguish between similar proteins as to which one best binds
a given ligand. Since proteins are much larger than small molecules, we abandon the framework of
contrastive learning and instead fine-tune a model that takes in a single protein-ligand complex and
predicts a single, absolute score for that complex. The architecture of the prediction head is similar
to that described above, except that it pools the entire pairwise state feature matrix and produces
only a single score.

In addition to the decoy generation procedure above, the training procedure also involves
generating artificial decoys by mutating key residues in the binding site of the protein, with the dual
intuition that the right mutations will destabilize binding interactions and that a model designed
for screening de-novo designed proteins should have an understanding of which residues cause

destabilizing mutations. The binding site is identified from the known crystal structure as any
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residue that has at least one atom within 5A of any atom on the bound ligand. A number between 1
and 3 is sampled uniformly at random, and then that number of residues are sampled uniformly from
the number of binding residues to be mutated. The residues are mutated with probability inversely
proportional to their BLOSUMSG62 score, which is a measure of mutation rates observable across
evolutionary history [35]. That is, residues are mutated in such a way that would be unlikely to
occur in actual evolution, implying that such mutations would destabilize key binding interactions.

In addition to the above training procedure, we also train the model by templating the crystal
structure of the protein, reasoning that at inference time a reasonable approximation of the protein
structure can be produced via a separate protein folding model like AlphaFold 2. This allows this
version of the fine-tuned model to focus more on protein-ligand interactions and less on protein
structure determination, which is a phenomenon mostly learned from multiple sequence alignments
which are not available for de novo designed sequences.

As an evaluation set, we gather retrospective data on two design campains screened in the wet
lab. The first campaign is was a campaign to design protein binders to the drug Apixaban, in which
each protein was de novo designed but based on the structural backbone of the NTF2 family [19}95].
The campaign consisted of 4,229 designed proteins, of which 8 demonstrated binding affinity at the
nanomolar concentration level. The second campaign was a campaign to design enzymes to catalyze
the retro-aldol reaction [91]. 540 enzymes were designed and screened, and normalized activity
levels were computed for each enzyme. To binarize the problem, we denote the top 5 percent of
enzymes as highly active and the remainder as not. Unlike in the Apixiban campaign, which were
designed small molecule binding proteins, this campaign features enzymes which are not intended
to bind to their substrates but rather catalyze a reaction with them repeatedly. We reason, however,
that the screening model should still show some signal because enzymes still must make some
interactions with their substrates during catalysis to stabilize the intermediate transition states.

We predict the structure of each designed protein using AlphaFold 2 in single sequence mode,
and then feed the predicted structure as a template in addition to the sequence and the chemical
make up of the small molecule to the fine-tuned model, using 10 recycles and again in single

sequence mode. The model produces a single binary score and we label a design as positive if it is
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in the 8 designs that showed nanomolar binding affinity or was in the top 5 percent of normalized
activity, respectively. We then compute the receiver operating characteristic curve, a measure of
binary classification accuracy that indicates rank-ordering performance of positive vs. negative
examples. As a control, we also use the un-finetuned base model and take the protein-ligand PAE as
a prediction of binding affinity or enzymatic activity, respectively.

The results are shown in Figure In both cases, the fine-tuned model significantly increased
discrimation performance relative to the base model. Both models show higher performance at small
molecule discrimination rather than determination of high activity, which is unsurprising given that
enzymatic activity is governed by more factors than just binding strength. In particular, the curves
indicate that the enrichment is high for both campaigns - the performance of the model at extremely
low false positive rates. This is important because wet lab screening is an expensive process and the
goal of a screening model is to filter down a large pool of designs into a small enough number to

screen in vitro.
4.6 Improving Docking Performance

Shortly after our paper was published, the AlphaFold 3 paper was published [[1]. AlphaFold 3’s
result were impressive, particular on ligand docking. Their performance relative to our method is
in Figure Despite this, the truth is that much of the innovation in that paper were things that
we had already anticipated or were actively working towards. The two main things that came up
in the context of my work post-publication were better dataset curation and a move toward more
stochasticity.

The latter came up as a result of chance: I noticed that many of the ligand docks that our method
got wrong (e.g. RMSD > 2A) were in the right pocket, and generally in the right place. The problem
was that they were either flipped along a symmetric axis or along an axis of symmetry that preserved
space-fitting constraints, but was slightly less favorable a fit than the crystal dock. This implied that
the model often made predictions that were “nearly” right but not exactly, and the difference between
nearly right and successful was energetically small and difficult to distinguish geometrically. In one

particularly salient example, shown in Figure [4.9] I observed that randomly masking out atoms in
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the input ligand structure allowed the model to flip a ligand dock from incorrect to correct along a
symmetric axis. More importantly, the correctness of the dock was understood by the model in its
PAE prediction: when the model predicts the correct dock it also has a much lower predicted PAE.
This highlights both that the model is well-calibrated and also that the correct dock is learned in the
model: it just happens that for some stochastic input patterns, the dock with the wrong flip is more
favorably predicted because the binding pocket allows for that symmetry spatially.

Inspired by this, we applied the following random masking procedure on PoseBusters: for each
of five models for a given input, randomly mask between one and two atoms in the given query
ligand and remake the prediction. Then, pick the prediction with the lowest inter protein-ligand PAE
and pick that as the best model. Comparing this against the standard procedure (single model, no
masking) lead to a performance increase of 3% (from 42% success rate to 45%), which implies there
is a non-trivial number of examples for which the model has learned the correct dock but doesn’t
always produce it correctly due to the dock potentially having multiple spatial fits or low energy
minima. This directly implied the future use of generative modeling in ligand docking: if it is the
case that such stochasticity helps in structure determination, the process should be generative from
the start. This is exactly the observation made in AlphaFold 3, which turned structure prediction

into a generative process.

The second part of the picture is better dataset preprocessing. The original version of RosettaFold
All-Atom used a very hacky and bespoke preprocessing of the PDB, which split protein small
molecule complexes into several different subcategories, left out a large portion of those complexes
for validation or filtering reasons, and sampled them sub-optimally only by protein sequence cluster.
Many of these design decisions were done for convenience rather than optimality, and we had long
known that one of the best ways to improve the model was to improve the underlying dataset code.
I spend many weeks re-parsing the PDB and improving our datasets to include missing clusters,
sample protein ligand complexes by joint clustering, and remove the filtering steps so that more
of the data was represented. Preliminary results are in Figure Sadly, I didn’t have time to
train a full run to completion with the new data, but it seems pretty clear from initial trends that

improvements to data translate directly to improvements in modeling performance.
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All of these improvements, plus a variety of improvements in speed and memory usage, including
in the way we parse and deal with MSAs and templates, made it in to the newest version of the

RFAA pipeline in the lab, which is still under active development.
4.7 Discussion

A lot of the work I did for this particular project was the less glamorous side of research: work
in data loading and data processing, as well as code and performance optimizations for a large
and slow model. Nonetheless, the evaluations I did became a central portion of the protein small
molecule complex prediction results that made it into the paper: results implying that not only had
RosettaFold All Atom learned at least something meaningful about docking, but also that in doing
so it had learned something about movement in binding pockets, screening different ligands against
the same pocket, and predicting ligands at protein-protein interfaces. All of this implies a bright
future for RFAA: as it gets better at generalized structure prediction, so too does its performance
improve at a variety of relevant downstream tasks that unlock new applications in de novo design.

The importance of this work lies in carefully understanding the underlying data: how to deal
with large, heterogeneous structural databases like the PDB, how to cluster and sample diverse
molecule complexes, and how to represent such complexes to a machine learning model. In the
time since AlphaFold 3 and RosettaFold All Atom have been published, we have made great strides
towards improving the model and I am optimistic that we will continue to do so in the future,

supported by the insights gained from this chapter.
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Figure 4.4: A) Ligand context allows a small but statistically significant performance boost at protein
prediction, both globally and in ligand binding pocket regions. B) Ligand-aware protein folding allows better
positioning of relative protein domains. The crystal structure is gray, the RFAA prediction is green, and the
RF?2 prediction is pink (PDB ID: 7kct). C) Ligand-aware protein folding enables more accurate side-chain

predictions in a binding pocket (PDB ID: 7kg7).



80

Docked Ligand
[ Decoy
1 True

PAE Interaction
o

-
o

1 L1

0.0-0.2 02-04 04-06 06-0.8 0.8-1.0
Tanimoto similarity between true ligand and decoy ligand
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Figure 4.6: The generalization of a pairwise contrastive model to 16 simultaneous ligands. Even though
the model has only been trained to see two ligands at once, it can still enrich batches of 16 decoy ligands
with a single known binder. This opens the door for high-throughput virtual screening in-silico with large

structure-based networks.



82

>
W

1.0 J 1.0
0.8 0.8
2 i)
o o
E 0.6 g 0.6
2 2
2 0.4 204
(1] (]
c 2
= =
0.2 0.2
—— Apixiban Binders (AUC = 0.75) —— Base Model (AUC = 0.57)
0.0 —— Apixiban Binders (AUC = 0.98) 00 —— Fine-Tuned (AUC = 0.76)
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
False positive rate False positive rate
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that bind to ligands on experimental data gathered by collaborators in the wet-lab on two de-novo designed
campaigns. A) The model can highly enrich for de novo designed binders using the NTF2 scaffold to the
drug inhibitor Apixaban. B) By modeling the subsrates of a reaction binding to the protein, the model can

also screen for highly active enzymes on a de novo design campaign of retro-aldolases.
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Figure 4.8: The performance of RFAA relative to AlphaFold 3 at ligand docking.
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Chapter 5

CONCLUSIONS

I draw three main conclusions from the work done during my PhD. The first is that any method
to interpret or explain a model is by necessity incomplete. The goal of such methodology is
not to perfectly represent exactly what a model is doing in all instances. Instead, it is to derive
enough insight, with some reasonable guarantees, that a practitioner can learn something about
the underlying data or domain. My work on feature interaction and training explainable models
reflects this. Certainly, the methods proposed in this thesis and in related papers have flaws: they
scale poorly to large models and require smoothness approximations to compute. They require
approximating intractable integrals and having a meaningful notion of missingness in models not
design to handle such notions. However, even with these caveats we can derive insights: from

language, images, and a variety of biological and scientific datasets.

The second is that methods in biology can benefit from biological domain knowledge. It might
sound obvious to say this out loud, but the trend in machine learning has been increasingly towards
large scale datasets with fewer and fewer inductive biases based on the underlying data. Although
this approach has been successful, to some degree, in image and natural language, biology offers
inherently different and in many ways more challenging problems. The advances in language
and vision modeling, while powerful, need thought before being blindly applied to applications in
structural biology and drug discovery. Architectures, training objectives, and data representations
that worked best for the former domains may not be optimal for the latter, and it behooves those
who work at the intersection of the domains to carefully consider the rich structure that has been

developed in more classical bioinformatics.

The final is that structural data is both incredibly rich and incredibly challenging to work

with. Most of my time working on structural modeling was spent wrestling with the diversity of
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available publicly-available structural data and all of its glorious edge cases. The protein data bank
is an amazingly forward-thinking project - but due to its heterogeneity, it is also, at times, not as
standardized as most machine learning practitioners wish it was. Understanding how to deal with
that heterogeneity was probably one of the most valuable skills I learned in my PhD. It feels like
rather anticlimactic conclusion to a PhD to say this, but some of the most useful work I did in the
last couple years was to better understand and represent messy data. It’s not nearly as flashy or
exciting as inventing new architectures, but I'm pretty sure that good data parsing will outlive every

neural network architecture currently in use today.
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