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Abstract

Machine learning methods for biological hypothesis generation, facilitating new discoveries at lower costs

Adelaide Woods Chambers Woicik

Chair of the Supervisory Committee:

Sheng Wang

Computer Science and Engineering

Machine learning methods for biological data have become increasingly popular in recent years, ac-

knowledging the transformative applications, complex patterns, and latent variation underlying biological

systems. Importantly, many biological measurements are very expensive to produce experimentally. This

poses challenges for biological discovery, limiting the number of experiments that can practically be con-

ducted, and for data-hungry machine learning methods, which may require massive datasets that are not

publicly available. One approach to these challenges is computational simulation with generative machine

learning models, leveraging available high-quality data from heterogeneous sources to synthesize additional

datapoints for subsequent analyses, which can help propose novel and prioritize existing biological hypothe-

ses that can subsequently be tested in an experimental lab. In this thesis, I present three methods for high-

quality in silico data generation across three biological domains: genomic time series extrapolation with

Sagittarius, high-resolution dense chromatin contact map generation with Capricorn, and approximately-

automatically-curated gene network generation using augmented network integration with Gemini. These

diverse applications focus on high-cost experimental data, highlighting the immense value of computational

datapoint simulation, and heterogeneous biological measurements, requiring methods that account for the

diverse inputs and leverage all sources of information to improve the generation process. Finally, I connect

each model back to its practical applications in biology, ranging from assisting biological experts in their

current work to novel hypothesis generation.
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Chapter 1

Introduction

Biological and medical discoveries have the potential to bring significant impact on peoples’ lives. Peni-

cillin, the first antibiotic, has been credited with saving hundreds of millions of lives since its initial discovery

in 1928 by Drs. Fleming, Florey, Chain, and Heatley [1]. In 1952, cells taken without consent from Mrs.

Henrietta Lacks’s cervical cancer biopsy were found to grow and divide continuously in a laboratory. The

HeLa cell line was the first “immortal” human cell line, and has since contributed to over 100,000 scientific

papers [2, 3], including the development of multiple anti-cancer drugs [4, 5, inter alia] and a method to

distinguish cancerous and non-cancerous cell populations that has remained the standard-of-care for over

65 years [6]. Reverse transcriptase, discovered in 1970 by Drs. Baltimore and Temin, has enabled our

understanding and treatment of diseases including human immunodeficiency virus (HIV) [7] and acquired

immunodeficiency syndrome (AIDS) [8].

However, these discoveries are very expensive. For instance, a study found that pharmaceutical compa-

nies spent an average of $6.16 billion per drug approved by the US Food and Drug Administration (FDA)

from 2001-2020 [9]. Other significant discoveries were at least partially serendipitous, like the discovery of

penicillin [1]. Here, I focus on two main challenges for biomedical discovery. First, the space of possible

experiments to run is massive. Second, each experiment is costly. In different settings, either the first or

second challenge may pose a more or less impediment to biomedical research. However, when considered

together, these challenges often mean that a straightforward, exhaustive approach to biological discovery,

where all possible experiments are conducted, is infeasible.
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A standard computational analysis pipeline uses curated, high-quality data from expensive biological

experiments for downstream machine learning. There are many exciting opportunities in this canonical

biological data generation
data ingestion−−−−−−−→ computational analysis

approach. These workflows have enabled valuable discoveries, including the derivation of the BRCA1 can-

cer oncogene [10] and the identification of three-dimensional functional genomic structures like chromatin

loops [11]. In recent years, machine learning has undergone a transformation, trending towards ever larger

models trained on ever more expansive datasets, including the recent advent of foundation models [12–14,

inter alia]. This line of work has also extended to computational biology, including massive models for

deoxyribonucleic acid (DNA) sequence [15–17], protein sequence [18–20], and medical images [21, 22].

Importantly, these models also create opportunities for machine learning to help inform biological ex-

periments and alleviate the challenges of the number and cost of experiments needed for biomedical dis-

coveries. Generative models [12, 14, 23, 24, inter alia] have become more powerful, learning underlying

patterns of a data distribution to simulate novel, realistic samples. Such models can then follow the earlier

paradigm, training on the small, expensive, and high-quality biological datasets, but be used to cheaply ap-

proximate many more unobserved measurements during inference. These in silico measurements therefore

reduce both sources of experimental cost: many experiments can be run (inferred) with a single call to the

model, thereby making the massive experimental space much more searchable, and each experimental run

has negligible cost after model training. Finally, these in silico results can be reincorporated back into the

biological experiment pipeline by informing future hypothesis generation with the new paradigm

simulated measurements
hypothesis generation−−−−−−−−−−−→ biological experiment design.

For example, if a model suggests that a drug might benefit a patient population that it had not previously

been applied to, future biomedical experiments could prioritize this combination.

This thesis focuses on the loop between biological experiments and computational analyses shown in

Figure 1.1, and particularly on methods to improve biological hypothesis generation in high-cost settings

where computational methods may have the most impact. I describe novel methods for synthetic datapoint

generation across three diverse data types, each with different primary expense sources.
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in vitro

in vivo

Biological 
experiments

● carefully controlled measurements
● expensive experiments

in silico

Computational 
analysis

● unverified conclusions
● inexpensive experimental iteration

dataset generation
&

downstream analyses

hypothesis generation

Figure 1.1: The information loop between biological experiments and computational analyses. Biolog-
ical experiments, encompassing both in vitro (cell line) and in vivo (organism) experiments, produce high-
quality measurements in carefully controlled study conditions, but are very expensive. Machine learning
analysis, including in silico (computational) measurement simulation, is comparatively very inexpensive but
may produce some spurious results. Experimental datasets are ingested by computational pipelines for vari-
ous downstream analysis (blue arrow); results from computational analyses can also inform good directions
for future experiments by aiding novel biological hypothesis generation. Created with BioRender.com.

1.1 Biological datasets: challenges and opportunities

Biological and medical analyses present great possibilities for scientific advancements. Unlike many other

fields of machine learning, such as large language models (LLMs) that generate satirical reports [25] or

stylized corgi paintings [14], human knowledge and ability are often not the gold standard. The underly-

ing complexities of biology require much over-simplification and abstraction for humans to reason about,

and there remain many open problems. Excitingly, this means that computational methods can be used to

generate new biological hypotheses, which are then subsequently tested in experimental settings.

I specifically focus on computational generation of in silico measurements from lower-cost experimental

measurements. These simulated datapoints can then be used to boost downstream analyses for the hypothesis

generation step in Figure 1.1. Importantly, these computational methods should be highly sample-efficient

to account for the scarcity of experimental data and the high costs of generating additional data. Therefore,

effectively leveraging the heterogeneous data available for the task at hand is critical. Furthermore, varia-

tions between distinct datapoints may appear small to untrained eyes; this means that biologically-motivated
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tasks must be included for the in silico datapoint evaluation task, rather than adhering entirely to traditional

machine learning metrics like test loss or mean squared error.

1.2 In silico generation of high-cost biological data

In this work, I present machine learning methods to mitigate the high costs of in vitro or in vivo experimental

studies, leveraging low-cost data and in silico augmentation to enable subsequent biological analyses that

were not successful given only the low-cost data. I focus on three main sources of experimental expense:

1. studies that require many measurements over many years, stretching experimental costs;

2. studies for which a single, high-quality measurement is very expensive; and

3. studies that require expert curation, imposing high data annotation costs.

To investigate these three different types of costs, I investigate three distinct biological settings. First,

I leverage gene expression time series data to study temporal and combinatorial extrapolation in high-cost,

repeated measurement settings. Second, I investigate chromatin structure contact matrix resolution en-

hancement to generate higher-quality, higher-cost measurements from lower-quality, lower-cost experimen-

tal measurements. Third, I study network integration from minimally-curated gene network repositories to

highlight the potential for automatic approximate curation with machine learning methods.

1.3 Roadmap

This thesis is structured as follows. In Chapter 2, I provide some context on the biological data described

in this thesis for more computational readers, as well as an overview of two key machine learning model

formulations used in this thesis. Then, in Chapter 3 I focus on costs stemming from many repeated measure-

ments over long study durations, introducing the Sagittarius model [26] for gene time series extrapolation

over both time ranges and studied conditions. In Chapter 4 I move on to costs that arise from a single, high-

quality measurement, showing that lower-cost measurements of the genome’s three-dimensional structure

can be computationally enhanced with Capricorn [27] to capture small-scale structural features. In Chapter
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5 I wrap up with costs due to expert curation, and introduce the Gemini method [28] for automatic approx-

imate curation of gene network repositories. Finally, Chapter 6 discusses common themes across the three

areas, and suggests additional directions for future work.
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Chapter 2

Background

In this chapter, I provide a high-level overview of the biological data and machine learning methods that I

discuss in this thesis. In Section 2.1 I provide brief explanations of how the biological data are collected;

however, I focus principally on the data inputs from a computational perspective, and how they differ from

other, non-biological data types. Section 2.1.1 covers genomic time series (the relevant data type for Chap-

ter 3); Section 2.1.2 covers high-throughput chromosome conformation capture (Hi-C) contact maps (the

relevant data type for Chapter 4); and Section 2.1.3 covers gene networks (the relevant data type for Chapter

5). In Section 2.2, I next present two types of machine learning architectures that are used in this thesis.

I aim to provide intuition for these models, particularly for a non-computational or non-machine-learning

audience. Section 2.2.1 provides an overview of the transformer model (relevant for Chapter 3) and Sec-

tion 2.2.2 explains the key components of a diffusion model (relevant for Chapter 4). Further mathematical

definitions and architecture details are provided in later chapters.

2.1 Biological data types

2.1.1 Genomic time series

Genomic time series data measure information about the genome at multiple points in time. In this work, I

will mainly discuss gene expression, though also briefly introduce somatic mutations as the genomic profiles

of interest. Subsequent sections focus on the biological details of each measurement type; however, both
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Figure 2.1: Comparison of different kinds of time series sometimes modeled computationally. Unlike
time series seen in applications like financial forecasting (left) or medical time series like electrocardiograms
(ECG, middle), biological time series like temporal gene expression measurements (right) often contain
relatively few, high-dimensional measurements. Created with BioRender.com.

experimental assays produce a vector over the M genes included in the experimental study.

It is important to acknowledge several key distinctions between genomic time series and other types of

time series sometimes modeled computationally (Figure 2.1). First, unlike more commonly seen financial

or medical time series, such as stock prices over time or a medical electrocardiogram, measurements cannot

reasonably be approximated as continuous over time. Relative to the scale of time an experiment covers,

actual measurements are quite rare. Second, these experiments are carefully controlled for surrounding en-

vironmental conditions, so additional study costs scale with the study duration. Third, the measurements

themselves are also often high-dimensional, such as a vector representation of gene expression measure-

ments. Fourth, because the measured cells or organisms are often destroyed as part of the data acquisition

process [29], additional samples and timepoints can be cost-prohibitive to procure.

Furthermore, irregular and unaligned temporal sampling is more common in biological time series

datasets. Irregular means that the time gap between adjacent measurements varies over the course of the

time series (unlike daily measurements in financial market time series or pseudo-continuous readings from

electrocardiograms, for instance). The time series are also much sparser than time series in many other

domains with potentially long time gaps between successive measurements, further compounding the ir-

regular sampling challenge. Unaligned means that, given multiple time series in a dataset, the timepoints

that do contain measurements may differ. This is often in contrast to other applications, where stock prices

are measured at the same time across firms. Both the irregularity and lack of alignment present time series

modeling challenges for biological measurements that are distinct from other domains.
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Gene expression

Here, I briefly outline gene expression measurements. In particular, I focus on ribonucleic acid sequencing

(RNA-seq) [29]. At a high level, the same deoxyribonucleic acid (DNA) is shared by all cells in a multi-

cellular organism; however, different organs and cell types are able to carry out unique roles in the body

by using the same DNA differently. This can involve differential gene transcription, where some genes are

more activated than others in specific cells, tissues, or environments.

To quantitatively measure gene activity, RNA-seq acts after the DNA is transcribed to RNA, and mea-

sures the quantity of RNA found in a cell. In particular, RNA-seq first extracts the messenger RNA (mRNA)

molecules found in a studied population of cells; next, the fragments of mRNA are converted to comple-

mentary DNA (cDNA) through reverse-transcription; then, the cDNA fragments are sequenced and finally

mapped back to the genome, indicating which gene was “on” at the time of the study. The number of reads

that map to a given gene provides a quantitative measure of that gene’s relative activity in the sample. As

of 2017, the ENCODE [30] data portal recommended a minimum of 30 million successfully aligned reads

per gene expression measurement replicate1. To put these numbers in context, humans have approximately

20,000 protein-coding genes covering almost 60 million genomic base pairs [31].

As an input to a computational pipeline, a gene expression experiment measurement can be represented

as a non-negative integer-valued vector x ∈ NM , where M is the number of genes considered in the experi-

ment and x[m] is the number of reads aligned to the mth gene in the experiment.

Somatic mutations

I now provide an overview for somatic mutation profiles. Organisms naturally have mutations in their

DNA due to mistakes during chromosome replication. Some of these mutations, called germline mutations,

occur during reproduction and are inherited by the offspring, forming part of the basic evolutionary process.

Others, called somatic mutations, are acquired over the course of an organism’s life. In the time series

context, I focus on somatic mutations, since these change over time. Such mutations are of particular

interest in the study of cancer, which is often driven by specific types of somatic mutations [32].

Mutations can be measured by directly sequencing the DNA available in sampled cells and mapping the
1Guideline for small RNAs https://www.encodeproject.org/data-standards/rna-seq/small-rnas/

and long RNAs https://www.encodeproject.org/data-standards/rna-seq/long-rnas/.
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reads back to a reference genome. Differences between the studied genome and the reference genome are

then considered mutations (variants) [33]. While not all mutations are pathological, mutation profiling for a

subset of genes forms part of the standard-of-care for several diseases including cancer [34].

Computationally, a somatic mutation profile can be represented as a binary vector x ∈ {0, 1}M for M

tested genes, where x[m] = 1 if and only if the mth profiled gene contains an acquired mutation.

2.1.2 Hi-C contact maps

In Section 2.1.1 I discussed differential gene transcription, where genes are activated differently in differ-

ent cells despite sharing the same DNA sequence. One mechanism for this differential transcription is the

genome’s three-dimensional (3D) structure, which I turn to now. High-throughput chromosome conforma-

tion capture (Hi-C) is an experimental protocol that identifies pairs of genomic loci that have come into

contact with each other; the frequency of such contacts is then measured over a population of cells. In

this section, I provide a brief overview of chromosome conformation capture protocols, which include Hi-C

(Section 2.1.2). Then, I focus on the outputs of Hi-C experiments, which are later inputs to the computational

pipeline.

Chromosome conformation capture

Several types of chromosome conformation capture (3C) protocols exist to measure the 3D structure of the

genome. The key idea behind these protocols is that, at low DNA concentrations, nearby strands of DNA

are much more likely to be involved in a biological interaction than to be co-located by chance, a concept

known as proximal ligation [35]. The 3C family of approaches have similar initial experimental steps:

1. cross-link the chromatin with a fixation step, most commonly using formaldehyde, to bind DNA

fragments that are interacting with each other;

2. use a restriction enzyme to digest the chromatin; ligate the cross-linked DNA in experimental condi-

tions that favor proximal ligation; and

3. reverse cross-link to recover the paired DNA fragments.
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Method Year Mapping DNA matching Chromatin digester Genome wide?
3C 2002 one-versus-one PCR restriction enzyme
4C 2006 one-versus-all microarray, NGS restriction enzyme
5C 2006 many-versus-many PCR restriction enzyme
ChIA-PET 2009 all-versus-all NGS restriction enzyme ✓
Hi-C 2009 all-to-all NGS restriction enzyme ✓
Micro-C 2020 all-to-all NGS micrococcal nuclease ✓

Table 2.1: Comparison of 3C-derived methods. Brief comparison of 3C [37], chromosome conformation
capture-on-chip (4C) [38], chromosome conformation capture carbon copy (5C) [39], chromatin interac-
tion analysis by paired-end tag sequencing (ChIA-PET) [40], high-throughput chromosome conformation
capture (Hi-C) [41], and micro-C [42]. We list the method publication year, type of locus-to-locus map-
ping measured by the assay, method for matching paired DNA back to the genome, method for chromatin
digestion after fixation, and whether the assay scales to the full genome. We describe ChIA-PET as an all-
versus-all assay, although each individual experiment must select a specific protein to study.

After this common approach to identify pairs of interacting DNA sequences, various 3C-based methods

use next generation sequencing (NGS) or polymerase chain reaction (PCR) approaches to match the short

sequences back to their corresponding genomic loci [35, 36]. We provide a brief summary of some 3C-

derived protocols in Table 2.1. In this thesis, we specifically use Hi-C data; however, the proposed methods

extend to other genome-wide, all-to-all chromatin structure contact maps.

The 3C-derived methods output a contact map, represented as a matrix X of pairwise interaction fre-

quencies between genomic loci [37], such as the example shown in Figure 2.2. In the case of Hi-C or other

all-to-all genomic mapping techniques in Table 2.1, the contact map counts how many times two genomic

loci were found to interact experimentally. During the matrix processing, the genome is binned into groups

of loci, such that X[i, j] indicates the number of experimental reads, post any additional quality control,

where the 3C experiment sequenced a paired DNA fragment with one DNA fragment matching a locus in

the ith bin of the genome and another DNA fragment matching a locus in the jth bin of the genome.

Contact maps

Two key experimental and post-processing parameters impact the contact map matrix generated by Hi-C

studies: read depth and resolution.

First, the Hi-C experimental settings define the read depth. This defines the number of pairs that are

sequenced and mapped back to specific sequences of DNA. Consequently, the read depth determines the

maximum possible number of contacts in the resulting contact matrix, though some reads are excluded due

to uncertain genomic matches or other data quality issues. As of February 2017, the 4D Nucleome (4DN)
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Figure 2.2: Example Hi-C contact map showing cis interactions at different resolutions. Left, the
interaction frequency matrix for chromosome one from the GM12878 cell line [11], shown at 250 kilobase
(kb) resolution. Middle, the same interaction frequency data from small gray square on the left plot, covering
loci in the 30 megabase (Mb) to 40 Mb range of chromosome one, is shown at 20 kb resolution. Right, the
same interaction frequency from the small gray square on the middle plot, covering loci from 35 Mb to 36
Mb of chromosome one, is shown at 10 kb resolution.

project [43] has maintained a standard that all experimental in situ Hi-C [11] replicates contain a minimum

of 500 million paired reads2. Unlike gene expression (Section 2.1.1), Hi-C contact matrices are often much

sparser than the gene expression vectors due to the pairwise nature of the measured interaction.

Second, the analysis determines the resolution. In theory, the paired reads could give us near-base-pair

level resolution for genomic contacts, though this is sensitive to the choice of restriction enzyme [44]. How-

ever, given the length of the genome (approximately 3 billion base pairs in human) and the experimental

read depths used in practice (≥ 500 million), the resulting matrix would be extremely sparse and not infor-

mative. The analysis consequently determines the number of genomic base pairs ∆ to group or bin together

and model as a single locus. If any base pairs in that ∆-long region come into contact with base pairs in

another ∆-long region, those two genomic regions are considered to come into contact with each other.

Therefore, each entry in the analyzed contact matrix covers an O(∆2) set of possible base-pair-base-pair

interactions.

Importantly, there is also an inherent tradeoff between contact map resolution and sparsity: higher anal-

ysis resolutions enable more precise attribution of interacting loci, but require exponentially more experi-

mental reads to maintain the same measurement density in the contact matrix, and are therefore much more

expensive.

From a computational perspective, contact map inputs can be represented as a symmetric, non-negative

2Standard defined at https://drive.google.com/file/d/1-NEldtpuDuYXcbWngETltNPCRv0RZlIK/view.
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integer-valued matrix X ∈ NL/∆×L/∆ for a genome containing L base pairs and contact map resolution

∆. In this representation, X[i, j] is the number of experimental reads mapped back to DNA sequences

contained in genomic loci i and j, and
∑L/∆

i=1

∑L/∆
j=i X[i, j] = Cq, where Cq is the total experimental read

count that passed quality control filtering.

2.1.3 Gene-gene networks

Finally, I also consider gene network repositories, made up of gene-gene networks. Fundamentally, we

can form graphs that represent many different kinds genomic evidence. I define a gene-gene network as

a graph where every vertex in the graph represents a gene, and edges tell us something about the nature

of the relationship between its two anchor genes. The edges may be weighted or unweighted, depending

on the goals of the analysis and the sources of experimental evidence. For example, we could take the

results of several gene expression measurements [29] (Section 2.1.1) and form a weighted edge based on

how frequently two protein-coding genes were jointly activated (co-expression, Figure 2.3). Similarly, we

could take a Hi-C contact map [41] (Section 2.1.2) and form an unweighted edge between two genes if and

only if their corresponding genomic loci were found to come into contact with one another (co-localization).

I further restrict the dataset of different gene-gene networks that are jointly considered (also referred

to as the gene network repository of interest) to share the same vertex set. In practice, this is a reasonable

assumption: many gene network repositories focus broadly on the same setting, such as protein-coding

genes in a species of interest, which fixes the vertex set [45, 46]. In theory, network sets that do not fit

this definition can also be coerced to share the vertex set, either by excluding rare vertices that occur in

only a few networks, introducing non-connected components for vertices that are missing from only a few

networks, or by forming supernodes that are shared by all networks and operating over those.

Notably, the relative cost of each network in the gene network repository differs: in Figure 2.3, the

network derived from gene co-expression would be much less expensive than a high-quality co-localization

network. Consequently, we might expect a repository with many networks to contain more co-expression

networks than co-localization networks, even though the genome’s 3D structure is largely upstream of gene

transcription in biology’s central dogma, DNA → RNA → protein. Expert curation can help correct for

some of these sources of imbalance, for instance by constructing a single co-expression-based network and
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Figure 2.3: Illustration of a gene network repository with associated experimental data. Top, a less
expensive gene expression dataset can produce a co-expression gene network. Bottom, a more expensive
contact matrix dataset can produce a co-localization gene network. Figure created with BioRender.com.

single co-localization-based network that each account for the different cell types, genetic mutations, and

other experimental conditions contained in the repository. However, this is a challenging, time-consuming,

and knowledge-intensive curation task. Therefore, manual curation is very expensive in addition to the cost

of the experiments underlying each network.

Computationally, we can represent the gene-gene network repository as G = {G1, G2, . . . , GM} for M

total networks in the dataset, where ∀i ∈ {1, . . . ,M}, Gi ∈ RN×N
≥0 for N studied genes. The individual

networks Gi may therefore be directed or undirected and weighted or unweighted, but may be represented

with their adjacency matrix over the same set of graph vertices (genes).

2.2 Machine learning models

2.2.1 Transformers

Transformers are a class of machine learning model that has totally revolutionized deep learning practice.

First introduced by Vaswani et al. [47] for natural language processing (NLP), the key idea behind trans-

formers is that many distinct and possibly dispersed parts of an input can help inform our understanding of

the input as a whole. This is in contrast to convolutional neural networks (CNNs) that were previously the
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state-of-the-art, operating under the assumption that patterns form in localized regions, and larger patterns

are themselves made up of localized smaller patterns. Since their original introduction, transformers have

become much more widespread, including applications in images [48, inter alia] and biological sequences

[15, 16, inter alia].

The essential operation in a transformer is attention, where learned representations for input components

(usually called tokens) are informed by all other input components. Importantly, this attention mechanism is

able to take the entire input into account when computing its representation rather than smaller chunks of the

input, thereby expanding the model’s field of view. At the same time, the attention mechanism is permutation

invariant. That is, the ordering of the input components does not change the learned representation of the

input as a whole. The permutation invariance encoded in the transformer’s attention mechanism explicitly

accounts for this behavior. In practice however, models often relax this constraint by including a positional

encoding along with the input token in the attention mechanism, which enables the mechanism to develop

some prior belief of token relevance based on proximity (e.g., related words in a sentence are more likely

to be closer together). Therefore, the model can leverage information across the input sentence to best

inform its understanding, while also learning the significance of word proximity that is encoded in the

positional embeddings. Many of these attention mechanisms are then stacked on top of each other, forming

the transformer.

2.2.2 Diffusion models

Diffusion models [49, 50], sometimes also called diffusion probability models, are a class of generative

machine learning models based on principles from non-equilibrium statistical physics. Most frequently

used for images [14, 51, 52, inter alia], a diffusion model learns how to simulate a realistic image output

from input noise, which steers the generation process.

A diffusion model contains two main components: a forward process and a reverse process. During

model training, the forward process steadily corrupts the image, adding noise to the input image in a care-

fully controlled way. This can take place in the “pixel space”, meaning that the dimensions of the image

do not change, and the result would still look like a noisy image, or in the “latent space”, meaning that the

result is an abstract, lower-dimensional representation of the higher-dimensional image, but would not be
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visualized as an image itself. Noise is repeatedly added for a predetermined number of steps, until the result

is effectively random. Then, the reverse process takes this fully corrupted image and gradually identifies

structure, iteratively denoising the image to reconstruct the original input. After model training is complete,

the model can then take random inputs and use the reverse process to generate a realistic image.

Diffusion models have become very popular in computer vision in particular as they produce photore-

alistic images [14, 51, 52], avoiding both the blurriness [23] and training instability [24] characteristic of

some other generative architectures. These models can also be steered to produce tailored inputs rather than

a fully random sample from the input training distribution. For instance, diffusion models can be accompa-

nied by text inputs such that the user-defined prompt “photograph of an orange cat sitting on a bookshelf”

will produce an image matching the given caption [14]. This can be obtained by providing an additional

input to the reverse process that guides the denoising steps, such as a transformer-based representation of

the input prompt (see Section 2.2.1).

2.3 Discussion

This concludes the necessary context for the biological data and machine learning methods presented in

this thesis. The experimental data are incredibly valuable and informative; however, I have also tried to

demonstrate how these biological data can be costly and challenging to obtain in their own right. Individual

measurements in genomic time series are often not unreasonably costly, but the number of measurements

and the duration of the study can introduce significant expenses. In contrast, it can be extremely expensive

to conduct a single Hi-C experiment that produces a high-quality, dense contact matrix at high resolution.

Finally, curation can present an additional expense after the initial experimental costs in settings like gene

network repositories. In the following chapters, I will focus on extending computational methods like the

transformers and diffusion models that I have described here to address and mitigate these costs.
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Chapter 3

Sagittarius: Biological time series

extrapolation

I first focus on biological data that are expensive to generate experimentally due to the need for many

measurements across many experimental conditions. This chapter describes work originally presented in

Woicik et al. [26]1.

Here, we consider heterogeneous biological time series, which require many repeated measurements

and different study settings. In particular, I will focus on gene expression time series, where each individual

measurement revels some information about the genetic activity in the profiled organism or cell line in

question. Such time series datasets can incur significant costs. First, the measured cells or organisms

are often destroyed as part of the data acquisition process using standard methods [29]; therefore, these

time series are often not truly longitudinal, but instead control for the experimental and environmental

conditions for repeated samples from the same cohort of interest. Second, acquiring in vivo samples requires

caring for study organisms in carefully controlled environments, potentially for many years. This introduces

significant costs for in vivo time series studies. Third, studies may include combinations of variables, such

as pharmaceutical screens testing the impact of different drugs in different disease models [53]. The number

of combinations grows exponentially with the number of studied drugs and disease models, so is wildly

expensive to the point of infeasible in practice to fully screen all combinations.

1As part of this work, I contributed to conceptualizing the setting, method and experiments; I also ran the experiments, developed
computational tools for Sagittarius, wrote the manuscript, and designed the figures.
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To address these costs, I proposed Sagittarius [26], a transformer-based model to extrapolate gene ex-

pression profiles to unmeasured timepoints and experimental combinations2. One significant challenge for

measurement extrapolation is that the experimental time series are unaligned: they measure different time-

points, have gene expression variation across study conditions, and the time series might proceed at different

speeds. The key idea behind Sagittarius is its construction of a shared reference space for many heteroge-

neous time series measurements, which warps time and gene expression so that it can be compared across

time series conditions. I named Sagittarius after Sagittarius A*, the supermassive black hole at the cen-

ter of the Milky Way, which recently helped confirm predictions from Einstein’s theory of relativity. This

presents a most intriguing lens in which to study heterogeneous time series: space and time can be mea-

sured and compared from a single reference frame, although they may differ when viewed from different

reference frames [54]. Sagittarius solves the challenge of time series alignment by mapping the sparse,

unaligned measurements from heterogeneous time series to a shared, regularly-spaced reference space that

can be used to accurately simulate genomic profiles at temporal extrema and under-measured or unmeasured

experimental conditions.

In this chapter, I first cover the pressing needs and challenges of time series extrapolation in more depth.

Next, I cover the Sagittarius model. Finally, I present results on several applications. I show Sagittarius’s

promising performance when extrapolating mammalian developmental gene expression [55], simulating

drug-induced expression at unmeasured dose and treatment times [53], and augmenting datasets to accu-

rately predict drug sensitivity. We also used Sagittarius to extrapolate mutation profiles for early-stage

cancer patients [56], which enabled us to discover a gene set connected to the Hedgehog signaling pathway

that may be related to tumorigenesis in sarcoma patients, including PTCH1, ARID2, and MYCBP2. By

augmenting experimental temporal datasets with crucial but difficult-to-measure extrapolated datapoints,

Sagittarius enables deeper insights into the temporal dynamics of heterogeneous transcriptomic processes

and can be broadly applied to biological time series extrapolation.

2The code used in this chapter is available at https://github.com/addiewc/Sagittarius.
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3.1 Biological time series extrapolation

The temporal dynamics of the transcriptome are key to the study of developmental biology, tumor biol-

ogy [57, 58], immunobiology [59, 60], and pharmacogenomics [61, 62]. As bulk- and single-cell RNA-

sequencing technologies have become cheaper [60, 63–65], more transcriptomic datasets include gene ex-

pression measurements at multiple timepoints [53, 55, 66–70]. Still, it often remains challenging to measure

transcriptomic profiles at very early or very late stages of a biological process. For instance, senescent and

extremely diseased tissue can be challenging to measure, but are of extreme interest for aging and therapeu-

tics. Furthermore, accounting for the combinatorial effects of different experimental conditions grows the

measurement space exponentially, and is not practical to measure experimentally.

Two key challenges that we seek to address are temporal extrapolation and combinatorial extrapolation.

In temporal extrapolation, the timepoints of interest are outside the range of times containing experimental

measurements. Accurate extrapolation on a single time series is challenging due to non-stationary features

and temporal out-of-domain adaptation [71]. In combinatorial extrapolation, while each experimental vari-

able of interest is measured at least once, a combination of variables of interest might not be observed in

the dataset. Accurate extrapolation in this setting can be challenging due to non-linear interactions between

different experimental conditions, but has significant value for areas like pharmacogenomics, where it is

infeasible to test every drug on every cell line [53]. Both extrapolation challenges can be addressed by in-

corporating multiple time series into the prediction task. For instance, one possible solution for the temporal

extrapolation problem is to combine sparse time series measurements from heterogeneous sequences. For

example, mouse [55] and roundworm [72] transcriptomic time series measurements, combined with devel-

opmental human measurements, can help simulate early-stage embryonic transcriptomic profiles for human

[73].

There are two major challenges in effectively utilizing other time series: unaligned measured timepoints

and batch effects between experimental conditions (Figure 3.1). In other words, timepoints with measured

gene expression differ between species, both over chronological time (e.g., 3 months of age) and biolog-

ical age (e.g., senescence). Existing methods are unable to simultaneously consider the full sequence of

measured timepoints [23, 74] or take into account the temporal batch effects between time series [75–78].

To address these limitations, I proposed Sagittarius [26], a model that maps heterogeneous gene ex-
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Figure 3.1: Challenges for temporal extrapolation and categorical extrapolation in time series datasets.
a, Gene expression vector measurements, depicted by circles, are not evenly spaced over time for either the
mouse (top) or human (bottom) time series measurements, and the same timepoints are not measured across
time series. Furthermore, the same developmental timepoints chronologically for mouse and human cor-
respond to very different stages of organism development. “E” indicates embryonic day; “P” indicates
postnatal day; “wpc” indicates weeks-post-conception; and “yrs” indicates years. b, Some combinations
of categorical environmental variables are unmeasured in a time series dataset. In an example with time
series for different species and organ combinations, only a subset of species, organ pairs are measured
in the dataset. In categorical extrapolation, we aim to generate time series data for an otherwise unmea-
sured species and organ combination. However, each species and organ individually must be measured at
least once in the dataset (each row (column) is measured in at least one time series). Figure created with
BioRender.com.

pression time series to a shared reference space based on inferred biological age rather than the observed

age (timepoint), enabling multiple sparsely measured time series to jointly inform extrapolation. Sagittarius

leverages a transformer-based architecture with multi-head attention [47] to map the heterogeneous mea-

surements from the irregular, unaligned, and sparse time series to a latent reference space shared by all time

series, using high-frequency sinusoidal embeddings of the timestamp [78, 79] and experimental condition

labels of each time series to define the mapping. After alignment in the shared reference space, Sagittarius

can accurately predict new genomic profiles at extrapolated timepoints, as well as predict gene expression

for unmeasured combinations of experimental conditions.

We evaluated Sagittarius in three diverse settings in developmental biology, pharmacogenomics, and

cancer genomics. On the Evo-devo development dataset [55], Sagittarius accurately extrapolated gene ex-
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pression profiles with a 0.983 Pearson correlation, enabling an in-depth analysis of mouse organ differentia-

tion. To evaluate Sagittarius’s robustness to extremely sparse measurements, we next applied it to the LINCS

pharmacogenomics dataset [53] and found that Sagittarius was able to predict drug repurposing opportuni-

ties across drugs and cell lines. Finally, we applied Sagittarius to The Cancer Genome Atlas (TCGA) dataset

[56], where Sagittarius was able to accurately extrapolate mutation profiles for patients with a long survival

time. Our findings implicated a gene set related to the Hedgehog signaling pathway and GLI oncogene that

can potentially drive tumorigenesis in sarcoma patients.

3.2 Methods

3.2.1 Overview of Sagittarius

Given a heterogeneous, unaligned, sparse, and irregular genomic time series dataset, Sagittarius is able to

extrapolate gene expression profiles for unmeasured timepoints. Fundamentally, we hypothesize that the in-

put time series are related by a common latent trajectory, such as a general developmental trajectory shared

by humans and model organisms. The key idea behind Sagittarius is to learn a shared reference space

that models this trajectory. All observed measurements are then modeled as transformations from some

point along this trajectory, where the specific point can be determined by the inferred biological age. We

use a transformer-based architecture [78] to map each input measurement to and from the reference space,

where the learnable mapping is informed by the experimental conditions associated with the time series.

This parameterization addresses both temporal extrapolation and batch effects between experimental condi-

tions. During inference, Sagittarius can extrapolate gene expression profiles for a timepoint and condition

of interest.

Illustrative example

Consider the following illustrative example: imagine that we have a dataset of gene expression measure-

ments over time from human, orangutan, gorilla, and chimpanzee. We have aging and senescence measure-

ments for the African great apes, but none for human; our aim is to leverage measurements from the other

great apes to simulate senescent human gene expression profiles to better understand human aging.
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Figure 3.2: Illustrative example of the Sagittarius reference space. Given a dataset of great ape gene ex-
pression measurements over time, we can learn invertible, species-specific mappings to account for species-
specific gene expression patterns and relationship between chronological and biological age. To obtain
otherwise unavailable gene expression measurements for human, we can leverage the reference space’s
representation of great ape senescence constructed from other species’ aging datapoints. Finally, we can
simulate extrapolated human-specific senescence gene expression measurements using the inverse of the
human-to-great-ape gene expression and aging transformations. Figure created with BioRender.com.

Conceptually, Sagittarius approaches this problem by learning a latent trajectory of great-ape develop-

ment and aging (Figure 3.2). This involves a two-stage approach to account for both the natural variation of

gene expression across species and the variation in chronological versus biological age between species. To

address the former challenge, Sagittarius learns a mapping fs(·) from a gene expression measurement for

species s to a general gene expression measurement representation that is corrected for species-specific bi-

ases. After passing all measurements through their respective fs(·), they are therefore comparable in terms
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of gene measurements. To address the latter challenge, Sagittarius also learns a temporal mapping gs(t)

from the chronological timepoint t associated with a measurement from species s to a chronological age,

which are then comparable across all species. These two stages map all measurements in the dataset to a

comparable hyperplane, which we term the reference space.

To extrapolate new measurements for human senescence, we can proceed with the reverse mappings,

informed by the reference representation of senescent great ape gene expression measurements. In partic-

ular, we can use ghuman(t) to find the appropriate biological age for the sample to simulate, and f
(−1)
human to

reintroduce the human-specific gene expression patterns.

3.2.2 Problem setting

We are given a set of N heterogeneous but related input gene expression time series
{
xi ∈ RTi×M

}N
i=1

, each

associated with C ≥ 1 categorical experimental labels
{
yi ∈ {1, . . . , Cc}Cc=1

}N

i=1
and B ≥ 1 continuous

variables
{
ti ∈ RTi×B

}N

i=1
. The number of measured timepoints Ti can vary for each measured time

series. For brevity of notation, we use xi[r] to indicate the M -dimensional gene expression measurement at

the r ∈ {1, . . . , Ti}th earliest experiment in the measured sequence.

During inference time, we are given a timepoint of interest t⋆ ∈ RB and some environmental conditions

of interest y⋆, where ∀c∃i ∈ {1, . . . , N} s.t. y⋆,c = yi,c; that is, we must have seen the condition for the cth

component of the environment during training. However, we do not require that the complete, multivariate

environmental condition y⋆ appears in the training set. The aim is then to simulate the unmeasured gene

expression profile(s) x̂⋆(y⋆, t⋆) corresponding to the condition(s) and timepoint(s) of interest.

3.2.3 Sagittarius model architecture

The Sagittarius model is divided into encoder and decoder modules around the shared reference space (Fig-

ure 3.3).

Sagittarius encoder

The encoder first embeds each individual gene expression measurement, disentangling the environmental

conditions from the embedded representation. Specifically, we learn the encoder qξ(·) of a conditional
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Figure 3.3: Sagittarius model overview. For each time series, Sagittarius computes a conditional high-
frequency sinusoidal embedding of the measured timepoints and a conditional embedding of the gene
expression measurements at each timepoint based on the species and organ. It then uses a continuous,
multi-head attention transformer to map the embedded timepoints and expression vectors to the reference
space. The continuous transformer takes each pair of species- and organ-conditioned time and expression
embeddings and learns a mapping to the regular reference space, translating from measured age to a shared
biological age. Users can request extrapolated expression vectors from Sagittarius, such as the expression
profile of a human 2-year-old heart that may not be measured in the original dataset. Sagittarius maps the
request from the regular reference space back to the data space to predict the unmeasured profile. “E” indi-
cated embryonic days and “P” indicates postnatal day. Created with BioRender.com.

variational autoencoder (cVAE) [23] such that

µi[r], σi[r] = qξ(xi[r],yi) ∈ R2×d

zi[r] ∼ N (µi[r], σi[r]) ∈ Rd, (3.1)
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where d ≪ M is the latent dimension and N (µ, σ) indicates a Gaussian distribution with mean µ and

standard deviation σ.

The encoder also uses the measurement timepoints and environmental variables to impute a comparable

reference timepoint (for example, the biological age) of the sample. We first use a high-frequency sine wave

that maps each timepoint to the range [0, 1], mitigating potential out-of-domain challenges with increasingly

large scalar inputs during temporal extrapolation, and helps Sagittarius learn high-frequency patterns in the

data, which neural networks have been shown to learn more slowly than low-frequency patterns [78, 79].

We then learn the full sample timepoint embedding by incorporating the environmental variables, following

θi =

H⊕
h=1

Ti⊕
r=1

sin(ωhti[r] + αh) ∈ RH×Ti×
∑B

b=1 d
(b)
temp

ζi =
C⊕
c=1

f (c)
ν (yi

(c)) ∈ R
∑C

c=1 d
(c)
ytr

ki
(enc) =

H⊕
h=1

Ti⊕
r=1

W(enc)(θi[h, r]⊕ ζi) ∈ RH×Ti×(
∑B

b=1 d
(b)
temp+

∑C
c=1 d

(c)
ytr), (3.2)

where
⊕

indicates vector concatenation, H is the number of attention heads in the model, d(b)temp is the

dimension of the sine wave temporal embedding for the bth continuous variable, f (c)
ν (·) is a learnable em-

bedding of dimension d
(c)
ytr for the cth environmental variable, and W(enc) is a learnable weight matrix of

dimension (
∑B

b=1 d
(b)
temp +

∑C
c=1 d

(c)
ytr)

2.

Given the model hyperparameter S such that S + 1 < Ti ∀i, defining the number of “reference time-

points” to parameterize the shared latent trajectory in the reference space, and a temporal basis range of

interest
(
γ
(0)
b , γ

(1)
b

)
for each of the b ∈ {1, . . . , B} continuous variables, Sagittarius defines the fixed tem-

poral reference grid

tref =

B⊕
b=1

S⊕
s=0

γ
(0)
b + s

(γ
(1)
b − γ

(0)
b )

S
∈ RB×(S+1)

ϕref =

H⊕
h=1

S+1⊕
s=1

sin(ωhtref [s] + αh) ∈ RH×(S+1)×
∑B

b=1 d
(b)
temp

q(enc) =

H⊕
h=1

S+1⊕
s=1

U(enc)ϕref [h, s], (3.3)
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where tref is a model hyperparameter and U(enc) is a learnable weight matrix of dimension (
∑B

b=1 d
(b)
temp+∑C

c=1 d
(c)
ytr)×

∑B
b=1 d

(b)
temp.

Finally, we relate the learned sample timepoint embedding to the learned reference timepoint embed-

dings using a continuous transformer [47, 78], where the keys and queries of the transformer are the temporal

embeddings and the values are the associated gene expression measurement embeddings. Specifically, we

use a transformer encoder to learn reference space gene expression embeddings as

zref =

S+1⊕
s=1

(
H∑

h=1

Ti∑
r=1

softmax
( q(enc)[h, s](ki

(enc)[h, r])⊤√∑B
b=1 d

(b)
temp +

∑C
c=1 d

(c)
ytr

)
zi[r]

)
∈ R(S+1)×d. (3.4)

The encoder therefore yields S + 1 reference pairs tref [s], zref [s] that parameterize our understanding of

the shared patterns in the time series dataset.

Sagittarius decoder

Sagittarius’s decoder is structured analogously. Given a series of timepoints t⋆ and environmental conditions

y⋆ of interest, Sagittarius’s decoder uses the learned reference representation to simulate the time series x̂⋆.

As a first step, the decoder component of the continuous transformer [47, 78] to map reference timepoint

and gene expression embedding pairs back to values contextualized by y⋆. In particular, we take

θref =

H⊕
h=1

S+1⊕
s=1

sin(ωhtref [s] + αh) ∈ RH×(S+1)×
∑B

b=1 d
(b)
temp

k(dec) =

H⊕
h=1

S+1⊕
s=1

W(dec)θref [h, s], (3.5)

where W(dec) is a learnable weight matrix of dimension (
∑B

b=1 d
(b)
temp+

∑C
c=1 d

(c)
ytr)×

∑B
b=1 d

(b)
temp, and ωh

and αh are shared with the encoder. We also compute the temporal embeddings for the timepoint of interest
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as

ϕ⋆ =
H⊕

h=1

T⋆⊕
r=1

sin(ωht⋆[r] + αh) ∈ RH×T⋆×
∑B

b=1 d
(b)
temp

ξ⋆ =

C⊕
c=1

f (c)
υ (y⋆

(c)) ∈ R
∑C

c=1 d
(c)
ytr

q⋆
(enc) =

H⊕
h=1

T⋆⊕
r=1

U(dec)(ϕ⋆[h, r]⊕ ξ⋆) ∈ RH×T⋆×(
∑B

b=1 d
(b)
temp+

∑C
c=1 d

(c)
ytr), (3.6)

for a learnable embedding fυ(·) and learnable weights U(dec) ∈ R(
∑B

b=1 d
(b)
temp+

∑C
c=1 d

(c)
ytr)

2

. We then leverage

the continuous transformer framework to produce gene expression embeddings aligned at the timepoints of

interest as

z⋆ =

T⋆⊕
r=1

(
H∑

h=1

S+1∑
s=1

softmax
( q⋆

(dec)[h, r](k(dec)[h, s])⊤√∑B
b=1 d

(b)
temp +

∑C
c=1 d

(c)
ytr

)
zref [s]

)
∈ RT⋆×d. (3.7)

Finally, we use the decoder structure of a cVAE [23] to simulate the full gene expression vectors as

x̂⋆ =

T⋆⊕
r=1

pθ(z⋆[r],y⋆) ∈ RT⋆×M . (3.8)

3.2.4 Sagittarius objective

Given a gene expression time series data distribution D, we consider source time series i and target time

series j and use the evidence lower bound on the log-likelihood of our data to write the loss

L
(
ξ, ν,W(enc),U(enc), υ,W(dec),U(dec), θ

∣∣∣D) = (3.9)

E(xj,yj,tj)∼D

[
E(xi,yi,ti)∼D

[
Eqξ(zi|xi,yi)

[
log pθ(xj|zi,yi, ti,yj, tj)− βDKL

(
qξ(zi|xi,yi) ∥ p(z)

)]]]
,

where p(z) is the standard normal d-dimensional distribution N (0, I) to regularize the variational space and

pθ(·) is written with dependence on the source sequence environmental and temporal variables as well as

the target environment and timepoints to reflect the mapping to and from the reference space.

We train Sagittarius end-to-end with the Adam optimizer [80], using a batch size of 8 time series for the
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Evo-devo [55] experiments, 16 time series for the LINCS [53] experiments, and 2 time series for the TCGA

[56] experiments.

Importantly, Sagittarius’s conceptual reference space requires that the common latent trajectory for all

time series in the dataset is truly shared. To learn this, we include a series of objectives during train-

ing, controlling the relationship between source time series i and target time series j. Fundamentally, we

combine a reconstruction objective with a generation objective. For the reconstruction objective, we take

∀i ∈ {1, . . . , N}, j = i, teaching the model to encode and decode each time series in the training dataset.

However, we also include the generation objective, which varies slightly by experimental setting.

Evo-devo generation objective

We randomly select four batches of 12 time series from the training dataset to treat as the source sequence,

producing Ngen = 48 generation examples. One batch is then selected for each of the following tasks:

• Temporal generation: Mask three observations from each time series in the batch; treat those three

observations as the generation target;

• Cross-organ generation: For each time series in the batch, randomly select a second training time

series from the same species but a different organ; treat this second time series as the generation

target;

• Cross-species generation: For each time series in the batch, randomly select a second training time

series from the same organ but a different species; treat this second time series as the generation target;

• Random generation: For each time series in the batch, randomly select another training time series to

use as the generation target.

LINCS generation objective

We consider the following three generation approaches, resulting in Ngen = 80 generative examples:

• Cross-cell-line generation: Randomly select 32 distinct drugs from the training data. For each drug,

randomly select two time series for treatment combinations using that drug; treat one time series as

the source and the other as the target;
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• Cross-drug generation: Randomly select 32 distinct cell lines from the training data. For each cell

line, randomly select two time series for treatment combinations using that cell line; treat one time

series as the source and the other as the target;

• Random generation: Randomly select 16 pairs of treatment combination time series from the training

data. For each pair, treat one time series as the source and the other as the target.

TCGA generation objective

We randomly select two batches of 12 time series from the training data to treat as the source sequence,

resulting in Ngen = 24 generative examples. One batch is then selected for each of the following tasks:

• Temporal generation: Mask three observations from each time series in the batch; treat those three

observations as the generation target;

• Random generation: For each time series in the batch, randomly select a second training time series

(second cancer type) to use as the generation target.

3.2.5 Inference

As Sagittarius’s encoder and decoder map around a conceptual reference space that is shared by all of the

environmental conditions in the dataset, during inference for a possibly unseen combination of environmen-

tal variables y⋆ we can choose any time series in the training dataset as the source time series (xi,yi, ti).

For simplicity, we select the time series that we judge to be “closest” to the target time series (i.e., sharing

the most individual environmental variables, and breaking ties randomly).

3.2.6 Dataset preprocessing

Evo-devo

The Evo-devo dataset [55] contains gene expression vectors for 7 species and 7 organs measured at multiple

pre- and post-natal timepoints. We associated each measurement with the environmental variables yi =

[speciesi, organi]. The sole continuous variable in the dataset is organism age, so B = 1 in the problem

setting formulation. We restricted the dataset to orthologous genes in all 7 species, identified with the python
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pybiomart package [81] and the provided Ensembl [82] gene IDs, resulting in 5037 genes. The measured

timepoints for each species were given as strings with different units by species. As a preprocessing step,

we computed each timepoint’s rank within the ordered timepoints for that species to use as the timepoint

label. We then randomly selected the rabbit heart time series and used the Augmented Dickey-Fuller (ADF)

test, which tests for stationary, and only retained genes with p-value > 0.05, resulting in M = 4533 retained

genes.

LINCS

We used the LINCS L1000 Platform level 3 pharmacogenomic dataset [53]. We restricted the data experi-

ments to dose measurements in micromolars (uM) that did not exceed 20 uM. We then further restricted the

dataset to only include drug and cell line treatment combinations that had more than 15 measurements in the

restricted dataset, resulting in 2687 retained combinations that each had between 16 and 78 measurements.

We interpreted these as time series in two continuous variables (B = 2), with yi = [drugi, cell linei] and

ti = [dosei, treatment timei]. Each gene measurement measures M = 978 genes.

TCGA

We used the TCGA Firehose legacy dataset [56], independently considering the somatic mutation and

RNA-seq datasets. Both datasets measure 20,501 genes: we restricted the dataset to the M = 1000 most-

frequently-mutated genes for the mutation experiments and the M = 1000 most-highly-variable genes for

the gene expression experiments, jointly considering all cancer types. We removed all patients with missing

event times, and excluded mutation patients with no mutations in the 1000 remaining genes. Finally, we

excluded cancer types with fewer than 12 remaining patients. We finally constructed a time series for each

cancer type yi, where the rth patient in the time series had event time ti[r] (B = 1) and mutation or gene

expression profile xi[r].

Although our TCGA time series formulation enables extrapolation to cancer patients with good prog-

nosis, censored patients have an event time that indicates the study’s final contact with the patient rather

than a time of death, thereby representing a lower-bound on survival time. Consequently, censored patients

may have an event time that differs dramatically from their actual survival time, confounding the temporal
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ordering of patients. For the TCGA gene expression experiments, we excluded all censored patients. For the

mutation experiments, we leveraged recent techniques from Learning with Noisy Labels [83, 84] to identify

censored patients who likely had a death event shortly after the reported event time while excluding patients

who were more likely to survive long after losing contact with the study.

We constructed a neural network f (y) for each cancer type y to predict ˆt[r] = f (y)(x[r]). Given the

rth patient’s binary censoring label c[r], where c[r] = 0 indicates that the rth patient had a censored death

event, we defined the per-patient loss as

Lindividual(x[r], t[r], c[r]) = 1
[
c[r] = 1

]∣∣t[r]− f (y)(x[r])
∣∣
1
+ 1

[
c[r] = 0

]
max

(
t[r]− f (y)(x[r]), 0

)
(3.10)

where 1[·] is the indicator function, thereby not penalizing the model for overestimating the survival time of

a censored patient. We trained f (y) with the sum of all individual patients’ losses and a regularization term.

We used the stochastic gradient descent (SGD) optimizer with learning rate 0.1, a single hidden layer with

32 neurons and regularization penalty weight of 0.3 for the L2 norm of the weights. We trained the model

for 2500 epochs and selected the best model from the epoch with maximal concordance index among the

observed patients. We then computed the absolute error
∣∣f (y)(x[r])− t[r]

∣∣
1

for each patient and fit two beta

distributions βobs and βcens to the absolute errors for the observed and censored patient error observations

respectively using the scipy [85] python package. Finally, for each censored patient, if the absolute error

associated with their event time was more likely to be generated by βobs than βcens, or if the absolute error

was smaller than the error associated with one or more observed patients, we retained that patient; otherwise,

we excluded the patient from further analysis.

3.2.7 Evaluation metrics

We consider four main metrics to evaluate over Ntest predicted time series of gene expression measure-

ments x̂j ∈ RTj×M given the true experimental measurements xj ∈ RTj×M for test measurements at times

indexed r = 1, . . . , Tj . We define model root mean squared error (RMSE) as the average RMSE of each
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measurement in the time series, or

RMSE =
1

Ntest

1∑Ntest
j=1 Tj

|xj − x̂j|2. (3.11)

We also define a model’s correlation comparing genes (within the same timepoint) as the average of each

time series’ correlations

ρ(genes) =
1

Ntest

Ntest∑
j=1

1

Tj

Tj∑
r=1

ρ(xj[r], x̂j[r]), (3.12)

where ρ(·, ·) can be either the Pearson or Spearman correlation coefficient computation. Analogously, we

define a model’s correlation comparing timepoints (within the same gene) as

ρ(times) =
1

Ntest

Ntest∑
j=1

1

M

M∑
m=1

ρ
( Tj⊕
r=1

xj[r,m],

Tj⊕
r=1

x̂j[r,m]
)
. (3.13)

Finally, we evaluate the mutation extrapolation experiments using the area under the receiving operator char-

acteristic (AUROC). For this evaluation, we restricted the evaluation genes to those with Augmented Dickey-

Fuller (ADF) test p-value > 0.05 in at least δ cancer types, denoted γ(δ), empirically setting δTHCA = 2

and δSARC = 4 to have a sufficiently large test set size. Limiting our analysis to test sets with at least one

mutation in the remaining gene set resulting in 9 usable test splits for thyroid carcinoma (THCA) and 61

usable test splits for sarcoma (SARC) respectively. We then define the per-cancer-type AUROC as

AUROCj =
1

|{r : cj [r] = 1∀j ∈ {1, . . . , Tj}}|
Tj∑
r=1

1[cj [r] = 1]1[xj[r, γ(δ)] ̸= 0]AUROC(xj[r, γ(δ)], x̂j[r, γ(δ)]) (3.14)

for cancer type j with Tj test patients, where x[r, γ(δ)] indicates the somatic mutation profile across the

genes in gene set γ(δ) for the rth test patient, 1[·] is the indicator function (thereby excluding any censored

patients or patients with no mutations in the gene set γ(δ)), and AUROC(·, ·) is the standard AUROC

computation between two vectors.

To assess whether Sagittarius statistically outperforms the comparison approaches, we used the one-

sided paired t-test between Sagittarius’s performance metrics and the best comparison approach’s perfor-
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mance per time series. For ρ(genes) and ρ(times), we first computed the Fisher z-transformation [86] of the

correlation values, defined as

z(r) =
1

2
ln
(1 + r

1− r

)
(3.15)

for some correlation coefficient r to normalize the t-test inputs.

3.2.8 Comparison approaches

We consider both classical and deep learning comparison approaches (more information in Appendix Sec-

tion A.1.2). In particular, we benchmark temporal extrapolation performance with a single continuous

variable using standard mean and linear baselines, as well as a bidirectional neural ordinary differential

equation (ODE) model [76], a bidirectional recurrent neural network (RNN) [75], a multi-time attention

network (mTAN) [78], a conditional variational autoencoder (cVAE) [23], and a compositional perturbation

autoencoder (CPA) [74]. As cVAE is the only model that can be applied to multiple continuous variables out-

of-the-box, we also use this model for comparison in experiments with B > 1. All models are implemented

in pytorch [87] and trained with the Adam optimizer [80]. We additionally use to python torchdiffeq

package [76, 77] to implement the neural ODE models. We also use the public Github repositories for the

official versions of CPA3 and mTAN4.

3.2.9 Evo-devo developmental transcriptomic analysis

To study the dynamics of the transcriptome at extrapolated time ranges, we used Sagittarius to simulate 10

random profiles x̂(y, t), where t = [t0, t0+∆, t0+2∆, . . . , t1−∆, t1] for some user-specified parameters

t0,∆, t1. We further smoothed these trajectories by computing the moving average with a window size of

10 (averaging over the 5 measurements before and after t).

Evo-devo transcriptomic velocity analysis

We computed the UMAP [88] embeddings of the smoothed trajectory, and optionally computed the gene

expression velocity in the UMAP space as the vector between the predicted measurements at time t+∆ and

3Github: https://github.com/facebookresearch/CPA.
4Github: https://github.com/reml-lab/mTAN.
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time t in the embedded space for all trajectories and all t. We then smoothed the velocity vectors by taking

the average of the velocity at time t and time t − ∆. We then took the normalized average (mean) over

the smoothed velocities associated with each of the 10 simulated trajectories for a given organ. To decrease

clutter in the resulting plots, we took the resulting velocity at integer timepoints. We then projected all gene

expression measurements to a grid in the UMAP space, and defined the velocity at each point as the weighted

average of the 100 velocity vectors nearest to that grid point using the NearestNeighbors module

from sklearn.neighbors [89]. Finally, we discarded the 5% of velocities with smallest magnitude to

simplify the resulting visualizations.

Evo-devo organ development genes analysis

To identify genes that had a very similar expression at early developmental stages but differing expression

levels at later developmental stages, suggesting an organ-specific role, we considered the first and last 25

timepoints from each of the smoothed organ trajectories corresponding to early development and later devel-

opment, resulting in a total of 250 timepoints each for the early and later development time ranges across all

of the samples. We used the ANOVA test with Bonferroni multiple hypothesis testing correction to compare

the gene expression values for each gene across organs in the early development time ranges and again to

compare expression of each gene across organs in the later development time ranges.

Evo-devo aging gene evaluation analysis

To evaluate whether Sagittarius could accurately predict gene expression patterns during mouse aging, we

computed the Pearson correlation over time for each of the genes in the extrapolated aging mouse time

series. As a comparison benchmark, we also computed the Pearson correlation over time for the mouse

organ time series measurements in the Evo-devo dataset [55], which end at postnatal day 63 (P63). Finally,

we used the heart and aorta, kidney, and liver tissue data from the single-cell Tabula Muris Senis droplet

dataset [67], which were the three tissues that aligned with the Evo-devo organs. We computed the average

expression at each timepoint for each cell type in the tissue data, and then took the Pearson correlation of

the average cell type expression over time. We compare the correlation over time ρ(times) for Sagittarius’s

extrapolated data and the measured Evo-devo data to the distribution of cell type correlation in the Tabula
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Muris Senis dataset.

3.2.10 LINCS drug dosage similarity network analysis

After training Sagittarius on the complete LINCS dataset we randomly selected 78 distinct doses from the

dataset, which ranged from 8.33e−5 to 19.9998, and selected a treatment time of 6 hours. For each drug

and cell line treatment in the dataset, we used Sagittarius to predict the drug-induced expression profile for

the treatment at each of the 78 doses with a 6-hour treatment time, using the actual treatment measurements

in the dataset as the source sequence. To remove the strong cell-type-specific signal in the profiles, we

subtracted Sagittarius’s predicted basal cell line expression from the drug-induced expression vectors.

We took the average over all 78 doses of the differential expression vectors to produce a single 978-

dimensional vector for each of the 2687 treatment combinations. We then computed a normalized similarity

matrix Σ as

σi,j = 1− |xi
∆ − xj

∆| Σi,j = min
i′,j′

(
max
i′′,j′′

( σi,j − σi′,j′

σi′′,j′′ − σi′,j′

))
(3.16)

where xn
∆ indicates the differential expression of treatment combination n. We then constructed an aver-

age differential expression k-nearest-neighbors (KNN) network GKNN , beginning from a fully connected

graph with edge weights Σ, by first removing all edges with σi,j < 0.95, then removing the degree(i)-50

edges with lowest weight for each node i, removing all nodes with degree less than 30, and finally reducing

the remaining graph to its largest-connected subgraph. We ran Louvain community detection [90] from

the Python community package [91] (python-louvain) to identify communities in GKNN . To have a

reasonable population of labeled samples in each community and simplify the analysis, we combined neigh-

boring communities until 4 remained, and then calculated the community IC50 by averaging the individual

treatment IC50 over all treatments in the community that were also measured in the Genomics of Drug Sensi-

tivity in Cancer (GDSC) [92] dataset. We visualized GKNN using the edge-weight spring embedded layout

in Cytoscape [93], with minimum, maximum, and default edge weights of 0, 1, and 0.5 respectively. We ran

200 average iterations for each node. The spring strength parameter was set to 15, spring rest length to 45,

the disconnected spring strength to 0.05, and the disconnected spring rest length to 2000. We did not add

any spring strength to avoid collisions, and used 2 layout passes. Finally, we randomized the graph before
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computing the layout.

3.2.11 LINCS drug sensitivity analysis

To evaluate Sagittarius’s ability to predict drug sensitivity, we designed the following two experimental

datasets. To simulate the Sagittarius-augmented dataset, we again randomly selected 78 doses in the LINCS

dataset [53] and fixed the treatment time as 6 hours. We then used Sagittarius’s learned weights to com-

pute the transformer encoder’s average key representation over the doses for a given drug and cell line

combination 1
78

∑78
r=1 ki

(enc)(y⋆, t⋆[r]), corresponding to the average treatment efficacy relative to the ref-

erence space. We do this for all drug and cell line treatment combinations in an external drug sensitivity

dataset [92, 94] provided that the drug and cell line each appear at least once in the processed LINCS

data. We fix the treatment time while varying dose in order to best capture the impact of dose on the

treatment response, as half-maximal inhibitory concentration (IC50) is based on drug dose-response curves

[92, 94, 95]. We compare these data from Sagittarius to a LINCS-based dataset that uses the average drug-

induced gene expression profiles that appear in LINCS for treatment combinations that also appear in the

external dataset. For GDSC [92] sensitivity data, this results in 271 Sagittarius-GDSC datapoints and 151

LINCS-GDSC datapoints; for Cancer Therapeutic Response Portal (CTRP) [94] sensitivity data, this results

in 2929 Sagittarius-CTRP datapoints and 625 LINCS-CTRP datapoints.

To evaluate the quality of the Sagittarius and LINCS-based IC50 prediction models, we conducted a

3-fold cross-cross validation where the test set made up 2
3 of the data in each fold, and used 10% of the

available training data as the validation set. We determined the test fold using the LINCS-based dataset’s

treatment combinations; all other combinations were used for training. Notably, the Sagittarius-augmented

dataset therefore contains additional samples, which were simulated with combinatorial extrapolation.

We computed the average Spearman correlation between a downstream model’s IC50 predictions and

the dataset labels (either from GDSC or CTRP) for each test cell line. To compare overall test performance,

we restricted our analysis to cell lines where at least one of the models had significant correlation (Spear-

man rank-order p-value < 0.05). We used the Spearman correlation between all predicted and measured

validation data to quantify validation set performance, which we used for model hyperparameter selection.

We considered both Support Vector Regression (SVR) and MLP-based regressors; for SVR regression con-
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figurations, we considered linear, polynomial, and radial-basis-function (RBF) kernels; for MLP regression

configurations, we considered a regularization weight α ∈ [1e−4, 1e−2, 1, 10]. All other hyperparameters

maintained the defaults in sklearn [89]. For the model trained on the LINCS-based dataset, the best-

performing configuration on the validation data used an SVR regressor with an RBF kernel on the GDSC

dataset and polynomial kernel on the CTRP dataset. For the model trained on the Sagittarius-augmented

dataset, the MLP model with α = 10 was selected for the GDSC dataset and α = 0.01 was selected for the

CTRP dataset.

3.2.12 LINCS cancer gene essentiality analysis

We used the DEMETER [96] and CERES [97] versions of the DepMap dataset, which quantify gene essen-

tiality for a cell line ycell and gene g via short hairpin RNAs and CRISPR-Cas9 essentiality screens respec-

tively. For each gene and cell line combination in DepMap, we searched for a drug in the LINCS dataset

that listed the given gene as its target, hypothesizing that the drug’s inhibitory effect on a cell line is related

to the cell line’s dependency on the target gene [98]. As in the drug sensitivity analyses, we constructed a

dataset from Sagittarius using the transformer’s average key representation from 78 randomly selected doses

and a treatment combination in the given cell line with a drug targeting the gene of interest for each DepMap

essentiality pair. This resulted in 4216 and 1666 datapoints from Sagittarius for the DEMETER and CERES

versions respectively. We analogously constructed LINCS-DepMap dataset used the average drug-induced

expression across doses for DepMap pairs that matched available LINCS experiments, resulting in 765 and

353 datapoints for the two versions.

To evaluate the quality of the Sagittarius- and LINCS-based datasets, we computed the Spearman cor-

relation between the gene essentiality scores measured in the DepMap dataset and those predicted by a

regressor trained on each of the datasets. In particular, we trained a 2-layer MLP regressor with 200- and

100-hidden nodes respectively, ReLU activation functions, MSE loss, and the Adam optimizer [80] with a

learning rate of 1e−3. We used 5-fold cross-validation, where 20% of the LINCS-DepMap dataset was used

as the test set, and we aligned the Sagittarius-augmented dataset’s test set to match the LINCS-DepMap test

set. We further held out 10% of the resulting training set for each of the 5 splits to use as a validation set for

early stopping during model training.
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3.2.13 TCGA-based early-stage cancer patient mutation profile analysis

To simulate the early-stage sarcoma patient mutation profiles, we trained Sagittarius on all available TCGA

mutation data and then predicted mutation probability profiles at 27 survival timepoints, ranging from 203-

283 months. Specifically, we selected the longest 27 survival times that appeared somewhere in the original

TCGA mutation profile dataset, with

t ∈ {203.12, 204.01, 260.70, 208.23, 209.43, 210.51, 210.81, 211.01, 211.73, 212.09, 216.59,

216.75, 225.43, 229.04, 230.72, 232.00, 232.62, 233.44, 234.10, 238.11, 244.32,

244.91, 255.49, 263.07, 275.66, 281.08, 282.69} (3.17)

months (Figure A.14). We then averaged the mutation profile predictions of the 27 timepoints and identified

the 10 genes the model predicted as most likely to be mutated.

3.3 Results

3.3.1 Extrapolating gene expression to unmeasured timepoints

To assess the merit of our approach, we evaluated whether Sagittarius can extrapolate profiles for gene

expression time series from multiple experimental conditions. We used the Evo-devo time series data [55],

which contains bulk RNA-seq data from 7 species and 7 organs, where each time series ranges between

9 and 23 distinct measured timepoints that are not biologically aligned across species. Importantly, the

developmental ranges measured by each species differ: primates include senescence measurements, while

rhesus macaque and chicken do not contain early embryonic data. Therefore, the Evo-devo dataset can be

used to assess whether Sagittarius can handle unaligned timepoints and differing biological ages measured

across species.

To initially validate our model, we hid the last four measured timepoints from each species’ organ time

series to use as a test set. After training on the remaining Evo-devo data, we predicted the gene expression

vectors for each species and organ combination at the four hidden timepoints and compared them to the

held-out expression vectors. To benchmark Sagittarius’s performance, we also evaluated the deep learning

56



methods Conditional Variational Autoencoder (cVAE) [23], Compositional Perturbation Autoencoder (CPA)

[74], Multi-Time Attention Network27 (mTAN) [78], Neural ODE [76, 77], and Recurrent Neural Network

(RNN) [75], as well as classical mean and linear methods. Overall, Sagittarius achieved the best average

performance between the extrapolated and measured gene expression profiles in terms of Pearson correlation

comparing genes within a measurement (ρ(genes) = 0.983), Pearson correlation comparing timepoints for a

single gene (ρ(times) = 0.458), and root mean squared error (RMSE = 0.087), compared to 0.926, 0.142,

and 0.163 respectively for the best-performing comparison approach, and this improvement was robust to

many hyperparameter settings (Section A.1.3; Figures A.2, A.3, and A.4).

We further stratified our extrapolation results by species and organ. As shown in Figure 3.4, we found

that our model achieved the best performance on all species and organs, with best absolute performance

on the mouse testis time series. This demonstrates the benefit of the shared reference space, as mouse’s

final training timepoint is postnatal day 0 (P0) but the model is able to learn from later development in

other species to inform extrapolation for mouse. In contrast, the two worst-performing species were human

and chicken, which we believe to reflect larger distributional shifts in the data. All methods struggled on

human test data, which are at much later developmental stages than the training dataset. We therefore

conducted an analogous Evo-devo experiment, this time extrapolating to the earliest four timepoints as test

data. We found that Sagittarius was still the best-performing method, and had stronger performance for

extrapolation to early-stage human development (Figures 3.5, A.5), supporting this hypothesis. We believe

that the relatively poor chicken performance also stems from a distributional shift, as chicken is the only non-

mammal in the dataset. Therefore, the chicken time series are less evolutionarily related to the other time

series in the dataset, and may be harder to represent as a transformation of a shared, otherwise mammalian

developmental trajectory [55]. After better understanding Sagittarius’s strengths and weaknesses, we then

studied whether Sagittarius could simulate samples for unmeasured timepoints to gain new insights into

tissue differentiation and aging.

3.3.2 Transcriptomic dynamics reveal organ-specific aging genes

To further examine the Sagittarius’s extrapolated expression profiles, we next predicted developmental tra-

jectories for each mouse organ, beginning at embryonic day 5.5 (E5.5) and continuing to P63 (using time-
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Figure 3.4: Gene expression prediction for extrapolated timepoints in later-stage development. a-f,
Bar plots comparing the performance of Sagittarius and existing approaches when extrapolating to the four
latest timepoints in the Evo-devo dataset. Test sequences are subdivided by species (a-c) and by organ (d-f).
For Pearson correlation, comparing genes (a,d) or comparing timepoints (b,e), higher correlations indicate
better performance; for RMSE (c,f), lower error indicates better performance. Data are presented as mean
values +/- standard error. When stratified by species (a-c), n=6 organ time series for Rhesus Macaque and
n=7 organ time series for all other species. When stratified by organ (d-f), n=6 species time series for ovary
and n=7 species time series for all other organs. The * indicates that Sagittarius outperforms the next-best-
performing model in the metric, with significance levels of p-value < 5e−2 for *, p-value < 5e−3 for
**, and p-value < 5e−4 for ***. We use a one-sided Fisher z-transformed test for Pearson correlation
comparing genes and comparing timepoints, and a one-sided t-test for RMSE.

point labels ranging from −5 to 13 with granularity 0.1, resulting in 180 predicted measurements per organ;

Section 3.2.9). By extrapolating to early timepoints, we expect to observe a hypothetical trajectory that

includes organogenesis, which takes place between E6.5 and E8.5 in mouse development [99, 100]. Specif-
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Figure 3.5: Human gene expression extrapolation performance for Evo-devo extrapolation to early
timepoints. a-c, Bar plot comparing Sagittarius and existing approaches in terms of Pearson correlation
comparing genes (a), Pearson correlation comparing timepoints (b), and RMSE (c) of the predicted human
expression profile and measured human expression profile of each organ when extrapolating to the first
four measured sequence timepoints in the Evo-devo dataset. For Pearson correlation, comparing genes or
comparing timepoints (a,b), higher values indicate better performance; for RMSE (c), lower values indicate
better performance. Data are presented as mean values ± standard error, with n = 7 organ time series.

ically, we expect that the earliest extrapolated timepoints result in very similar expression profiles across the

different queried organs, which would not have differentiated at this stage. In subsequent days, we would

then expect the organs to diverge according to germ layer, before finally separating by organ [55, 99–102].

We visualized the uniform manifold approximation and projection (UMAP) [88] embedding of the simu-

lated organ time series (Figure 3.6a,b), as well as the top principal components [103] (Figure A.7). Our

findings largely aligned with the understanding of mouse organogenesis. Namely, the developmental stage

dominated the gene extrapolation measurements at the earliest timepoints, with multiple organs grouped in

the same location of the UMAP space. At later timepoints, we found that the predicted expression values for

brain and cerebellum were more closely grouped together, as were expression measurements for the heart,

ovary, and testis, consistent with the ectoderm, mesoderm, and endoderm tissue germ layer classifications

[55].

Given the increasing tissue-specific signal in Sagittarius’s simulated gene expression vectors at later

timepoints, we then investigated which genes most contributed to the differentiation of organ trajectories

during development (Section 3.2.9). Excluding the heart and cerebellum, which we found to be the most

developmentally distinct for many genes, we found that mouse Xrn2 expression levels were comparable

across organs at early extrapolated timepoints but differed significantly at later timepoints (ANOVA p-value
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and time (b). The arrows in (a) indicate the transcriptomic velocity of each organ. c, Box plot comparing the
simulated expression of Xrn2 at early development (E5.5-E8) to young mouse (P8-P63) across five organs,
with n = 250 simulated measurements per organ. Xrn2 expression is not statistically different between
the brain, kidney, liver, ovary, and testis organs at the early development (ANOVA p-value < 0.83), but
differs between organs at the young mouse time range, particularly with lower expression levels in the
liver relative to other organs (ANOVA p-value < 9.37e−78). d, Box plot examining the consistency of
gene expression temporal patterns between simulated data and scRNA-seq data for Egflam, Smoc1, Slc6a2,
and Rpl38 in different tissues over time. Boxes indicate the distribution of cell type correlations for each
tissue in Tabula Muris Senis, with n = 7, 5, 2 cell types in heart, kidney, and liver respectively for Egflam;
n = 7, 6, 3 respectively for Smoc1; n = 5, 7 in heart and kidney respectively for Slc6a2; and n = 9, 19, 8
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Muris Senis cell type correlations for each tissue. The star shows the Pearson correlation from Sagittarius’s
simulated correlation for aging mouse tissues (140 timepoints beginning at P14), and the diamond shows the
correlation with respect to time of the younger mouse organs measurements in the Evo-devo dataset. In both
c,d, the box bounds show the interquartile range (IQR) from quartiles 1 to 3 (Q1-Q3), with the centerline
indicating the median and the whiskers extending 1.5 IQR from the box.
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> 0.05 and p-value < 1e−98 respectively), with lower expression levels in the liver than other organs at late

timepoints (Figure 3.6c). Existing work has found that mouse Xrn2 and its roundworm orthologue xrn-2

play important biological roles during development [104–111], and XRN2 overexpression in human has also

been tied to poor liver cancer prognosis [112].

We next sought to further examine Sagittarius’s organ-specific extrapolation potential in mouse. We

predicted a transcriptomic profile trajectory beginning at P14 and continuing into senescence, using time-

point labels ranging from 11 to 25 with granularity 0.1, resulting in 140 predicted measurements per organ

(Section 3.2.9). The latest mouse measurement in the Evo-devo dataset is taken at P63, so we used the

Tabula Muris Senis single cell RNA-seq dataset [67], which spans from a 1-month-old mouse to a 30-

month-old mouse, to validate our results. We compared the Pearson correlation of the gene expression over

time between the extrapolated profiles and the Tabula Muris Senis data for each tissue, and for mouse genes

including Egflam, Smoc1, Slc6a2, and especially Rpl38, which previous work has suggested could regulate

developmental processes in a tissue-specific way [113], found that Sagittarius’s extrapolated aging trajectory

aligned with the Tabula Muris Senis tissue measurements better than younger mouse trajectory taken directly

from Evo-devo (Figure 3.6d). We attribute this to the shared reference space, which can identify aging and

senescence patterns from other species like human and rhesus macaque to inform transcriptomic extrap-

olation for mouse aging. After applying Sagittarius to the Evo-devo dataset, we next considered whether

the model could successfully extrapolate unmeasured experimental combinations in settings with multiple

continuous variables.

3.3.3 Sagittarius simulates unmeasured drug perturbations

We next evaluated Sagittarius on extremely sparse multivariate data with multiple continuous temporal vari-

ables, thereby exponentially increasing the space of possible experimental settings. We applied Sagittar-

ius to the larger, high-dimensional LINCS L1000 pharmacogenomics dataset [53]. In the LINCS dataset,

compounds are experimentally applied to cell lines at specific doses and for a given treatment time be-

fore measuring the drug-induced expression profiles, although only 1.77% of possible drug and cell line

combinations are screened (Figure 3.7a). Sagittarius models each treatment experiment in two continuous

dimensions: dose and treatment time. Specifically, the model extends to B = 2 continuous axes in this
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a set of experiments where a cancer cell line is treated with a therapeutic compound. The set of measured
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with BioRender.com.
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setting.

To validate Sagittarius’s ability to extrapolate to new perturbation experiments, we then designed three

extrapolation tasks: complete generation, combination & dose, and combination & time (Figure 3.7b). For

each task, we randomly selected five drug and cell line treatment combinations to mask from the training

data, requiring that both the drug and cell line of each combination appeared at least once in the remaining,

visible training set. In every setting, the resulting time series are treated as test data. In complete generation,

we additionally select three non-zero doses and one non-zero treatment time at random from the train data;

in combination & dose we randomly select three non-zero doses; in combination & time we randomly select

one non-zero treatment time. All measurements in the training data taken at one of these selected doses or

treatment times is then hidden from the training set and added to the test set. This resulted in 2144 training

sequences and 269 validation sequences for each of the three tasks. There were 7651, 27,242, and 10,417

total training measurements and 924, 3326, and 1202 validation measurements for the complete generation,

combination & dose, and combination & time tasks respectively. Finally, the three tasks had 7441, 7377,

and 7395 test sequences with 15,068, 14,905, and 14,966 test measurements respectively.

For each task, we trained Sagittarius on a subset of the LINCS dataset, withholding the remaining

measurements as test data. We compared Sagittarius’s performance to a cVAE [23], the only comparison

approach that could handle multiple continuous variables off-the-shelf. Evaluating model predictions based

on held-out test data, we found that Sagittarius had an average Spearman correlation ρ(genes) of 0.93, 0.92,

and 0.88 for the three tasks respectively, compared to 0.85, 0.88, and 0.81 for the cVAE (Figure 3.7c-e;

one-sided Fisher z-transformed test p-value < 5e−225, 5e−92, and 5e−301 respectively). This indicates

that aligning all perturbations experiments to the shared reference space enables Sagittarius to accurately

extrapolate drug-induced gene expression vectors for unmeasured drug treatment experiments at doses and

times that are not contained in the training data, enabling an easy, unbiased search approach to drug sen-

sitivity markers. This can greatly increase our understanding of the molecular basis of cancer and of drug

response.
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3.3.4 A drug sensitivity similarity network for drug repurposing

Gene expression has been widely used to identify the drug-induced and diseased-induced gene expression

signatures in drug repurposing studies [114–116], partly due to the scale at which analyses can be efficiently

performed and validated. As Sagittarius can accurately predict expression for any perturbation combi-

nations, we applied Sagittarius to drug repurposing by constructing a similarity network of extrapolated

perturbation experiments (Section 3.2.10). We found that communities within the network demonstrated

a pattern with respect to treatment sensitivity, with average half-maximal inhibitory concentration (IC50)

doses of 1.68, 1.83, 1.90, and 2.40 uM in the Genomics of Drug Sensitivity in Cancer (GDSC) dataset [92]

(Figure 3.8a). To further investigate the potential for drug-repurposing opportunities, we conducted a case

study on a 8-experiment subgraph from the sensitive community, shown in the inset of Figure 3.8a.

The subnetwork includes six perturbations for the breast carcinoma cell line MCF7 and non-small cell

lung cancer cell line A549, all of which are measured in the GDSC dataset. A549 is sensitive to treatment

with Vorinostat, Gefitinib, and Selumetinib (IC50 of 0.49, 0.67, 0.83 uM respectively), and MCF7 is sensitive

to treatment with Palbociclib, MK-2206, and Gefitinib (IC50 of 0.40, 0.89, and 1.03 uM respectively). The

existence of edges between different drugs for the same cell line and the edge between two cell lines for the

same drug connect to drug-repurposing work based on cell line gene expression signatures [117] and drug

mechanisms of action [118].

Importantly, by comparing extrapolated differential expression signatures to those of successful treat-

ments, Sagittarius enables drug repurposing recommendations where neither the drug nor cell line needs to

occur in a known successful therapy. The 8-perturbation subnetwork also includes the prostate adenocar-

cinoma cell line PC3 treated with Pictilisib and the colorectal adenocarcinoma cell line HT29 treated with

Nintedanib, although these drugs and cell lines do not appear elsewhere in the subnetwork. The GDSC

dataset does not screen either of these treatment combinations, but previous work has found that Pictilisib

inhibited PC3 proliferation (IC50 = 0.28 uM) [119] and Nintedanib had significant antitumor efficacy in

HT29 xenograft models [120, 121] and cell lines (IC50 = 1.40 uM) [121]. This implies that Sagittarius can

extrapolate perturbation experiments to identify candidate drug repurposing targets across cell lines, cancer

types, and therapeutic compounds, creating new opportunities for inexpensive and unbiased drug screening

as an initial step in the precision medicine pipeline.
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Figure 3.8: Drug and cell line treatment efficacy extrapolation analysis. a, k-nearest neighbor network
where each node represents a drug and cell line combination, with edges between the most similar drug-
induced expression effect. The four communities in the graph are shown in different colors and labeled
according to the average GDSC-measured IC50 dose of that community. The inset shows a connected 8-
node subgraph from the sensitive community. b,c, Bar plot (b) and scatter plot (c) of Spearman correlation
between predicted and GDSC-measured (b) or CTRP-measured (c) IC50 doses per cell line, comparing a
neural network trained with imputed data from Sagittarius and a neural network trained with only the GDSC
or CTRP treatment combinations that are also measured in LINCS. Each cell line has one correlation coef-
ficient, meaning n = 1 cell line sensitivity ranking for the bar plot in b. Points above the y = x line are cell
lines for which Sagittarius’s imputed dataset improved the downstream prediction accuracy (c). d,e, Scatter
plot of Spearman correlation between predicted and DepMap-measured cancer gene essentiality scores for
each cancer line, with the DEMETER (d) and CERES (e) DepMap versions. A neural network trained with
imputed data from Sagittarius is compared to a model trained on the LINCS treatment combinations that
correspond to cell line and gene pairs in the DEMETER or CERES datasets. The y = x line is also shown.
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3.3.5 Perturbation augmentation improves drug response prediction

Given its drug repurposing potential, we systematically evaluated Sagittarius on two large-scale cell line

drug response prediction datasets, GDSC [92] and the Cancer Therapeutic Response Portal (CTRP) dataset

[94]. Drug-induced expression profiles have been useful for drug response prediction [122], but are expen-

sive to measure compared to basal cell line expression, making Sagittarius’s extrapolated data especially

valuable. We used a downstream neural network to predict the IC50 label for treatment perturbations, and

compared the performance of a model trained on extrapolated data from Sagittarius to a model trained on

the available measured perturbations in LINCS (Section 3.2.11). When trained on data from Sagittarius,

the downstream model had an average Spearman correlation of 0.46 and 0.52 per test cell line, compar-

ing the predicted drug sensitivities to the measured sensitivities in GDSC and CTRP respectively (Figure

3.8b,c). In comparison, the model trained on the available experimentally-measured data had an average

correlation of 0.004 in GDSC and 0.42 in CTRP. We attribute the poor GDSC performance to the little over-

lap in treatments screened by the two datasets and consequently to the extremely small size of the training

dataset. Sagittarius, in contrast, was able to extrapolate missing profiles and improve downstream perfor-

mance, particularly for cell lines and drugs that were among the most frequently measured in the LINCS

dataset (Figures A.8 and A.9). This shows that Sagittarius can take advantage of the many perturbation

experiments to inform better predictions for each drug and cell line, even when applied to unmeasured or

sparsely measured combinations.

3.3.6 Improved cancer-essential gene prediction using Sagittarius

In addition to drug response, we analyzed Sagittarius’s ability to predict cancer gene essentiality. We used

the Cancer Dependency Map (DepMap), considering both the DEMETER [96] and the CERES [97] ver-

sions. We used a downstream neural network to predict gene essentiality in a given cell line, where we

featurized each cell line and gene pair using a drug-induced expression vector from the given cell line and

a LINCS drug with the target gene of interest (Section 3.2.12). We trained one version of the downstream

model on extrapolated data from Sagittarius and another on the available experimentally-measured drug-

induced profiles in LINCS. Comparing the predicted gene essentiality scores with the labels in DepMap, the

model trained on data from Sagittarius obtained an average test Spearman correlation of 0.789 and 0.816 per
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cell line for DEMETER and CERES respectively, relative to 0.278 and 0.261 for the model trained solely

on the in vitro LINCS data (Figure 3.8d,e). Again, we found that the Sagittarius-backed model particularly

improved predictions for well-measured LINCS cell lines including the THP1 leukemia and YAPC pancre-

atic cell lines (Figure A.10). We attribute the strong performance across many different cancer types and

drug targets to the shared reference space, where dose- and treatment-time response can be compared across

cancer cell lines and compounds.

3.3.7 Simulating mutation profiles for early-stage cancer patients

Having extrapolated gene expression time series in one- and two-continuous dimensions, we then sought

to apply Sagittarius to cancer survival time data. We focus on extrapolating somatic mutation profiles as

strong signals of disease, but also validate our results on patient gene expression profiles (Figure A.15). It

remains very challenging to measure genomic profiles from patients with nascent tumors, as they are rarely

diagnosed at this stage [123], and yet these initial mutations can be the most informative as to the cancer’s

mechanisms and potential early-intervention therapies before other passenger mutations accumulate [32].

We therefore designed a time-series formulation for patient data from 24 cancer types in The Cancer Genome

Atlas (TCGA) dataset [56], where extrapolation to later timepoints corresponds to the mutation profiles of

patients with longer survival times (Figure 3.9a)5. In particular, we formulated our experiment by treating

the k ∈ [1, Ti) patients from the cancer type of interest i with earliest event times as the training data; the

remaining Ti − k patients were used as the test set. All patients from other cancer types are also included

in the training set. To account for censored event times, we leverage recent machine learning techniques

[83, 84] to exclude censored patients whose event time likely differs from their survival time. After filtering

all cancers types following the steps in Section 3.2.6 (Figure A.11), our mutation dataset contained 2297

cancer patients. The sarcoma (SARC) cancer type time series contains 115 patients, 31 of whom had a

censored death event (Figure 3.9b).

Focusing on the SARC and thyroid carcinoma (THCA) cancer types as case studies, we designated

the longest-surviving patients as test data and used Sagittarius to extrapolate mutation profiles with the

same survival times. Varying the number of test patients Ti − k to examine the models’ performance in

5The results shown here are in part based upon data generated by the TCGA Research Network: https://www.cancer.
gov/tcga. I further thank the specimen donors for their contributions towards advancing science and medicine in oncology.
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Figure 3.9: Early cancer patient mutation profile extrapolation. a, Illustration of the training and test-
ing splits for a given cancer type in the TCGA extrapolation task, where training patients have the shortest
survival times and test patients have longer survival times for that cancer type. b, Violin plot of the sur-
vival time regression model’s absolute error per patient for the SARC cancer type, divided according to the
patient’s censoring label. We remove all patients with a loss above the dashed line from the dataset, and
train Sagittarius only on the patients below the dashed line. c,d, Plot of the average predicted mutation
profile AUROC for each of the THCA (c) and SARC (d) cancer type test splits, ordered according to the
shortest survival time in that test split. e, Scatter plot comparing the per-patient predicted mutation profile
AUROC from Sagittarius and the mean comparison approach for the SARC test split including patients with
an observed death event more than 37 months after diagnosis. Points above the y = x line indicate that
Sagittarius had a better predicted mutation profile than the comparison approach. f, Illustration of the ties
between the GLI oncogene in the Hedgehog (HH) signaling pathway and the PTCH1, PREX1, MYCBP2,
ARID2, and DNAH17 genes that Sagittarius predicted as among the most likely mutations in early-stage
sarcoma patients. Figure created with BioRender.com.

different settings led to 9 distinct THCA test splits and 61 SARC test splits. We found that Sagittarius had

an average test set AUROC of 0.72 and 0.73 between the extrapolated and measured mutation profiles for

THCA and SARC respectively (Figure 3.9c,d), representing 45% and 11% improvements respectively over

classical methods, and also improved over other deep learning methods (Figure A.13). As a further case

study, we focused on a sarcoma patient with a 76-month post-diagnosis survival time, where Sagittarius had

particularly improved the test AUROC (Figure 3.9e). The patient had a mutation in LRP1B, but the mean

method assigned 0 probability to this mutation, reflecting the observed distribution of sarcoma patients

68

BioRender.com


with worse prognosis. Meanwhile, Sagittarius predicts LRP1B as the fourth most likely mutation, perhaps

learning that LRP1B mutations are associated with good therapeutic response in many cancer types [124].

Sagittarius also assigns higher likelihood to common sarcoma mutations like ADGRV1 [125], suggesting

that the model can jointly leverage patterns within the SARC training data and patterns from other cancer

types to improve extrapolation.

3.3.8 Hedgehog signaling pathway in simulated early-stage sarcoma

Having confirmed our ability to extrapolate mutation profiles for sarcoma patients with longer survival

times, we retrained Sagittarius on all cancer type time series and then extrapolated gene mutation profiles

for 27 early-stage sarcoma patients (Section 3.2.13, Figure A.14), resulting in the most-likely mutated gene

set DNAH17, PREX1, EGFLAM, FAM47B, DSEL, ARID2, TRPM1, NLGN1, PTCH1, and MYCBP2. We

found that many of these genes are related to the Hedgehog (HH) signaling pathway and improper activation

of the GLI oncogene (Figure 3.9f), which has been connected to improved survival outcomes in sarcoma

patients [126, 127]. For instance, PTCH1 is a tumor suppressor gene in the HH pathway connected to some

sarcomas [128–130]; MYCBP2 encodes a protein that has been shown to interact with GLI [131] via MYC

upregulation [132, 133]; the protein encoded by ARID2 directly interacts with GLI1 [134, 135]; DNAH17

encodes a protein that affects the HH pathway through its role in the primary cilia [136, 137]; PREX1

encodes a protein whose pathway has been associated with GLI code regulation [138] and cross-talk with

the HH pathway in melanoma [130, 139]. In addition to these connections to the GLI oncogene, EGFLAM

has been shown to induce activation of PREX1 [140], and NLGN1 encodes a protein that was found to be

significantly enriched with the HH pathway in colorectal carcinoma [141] (Section A.1.4). Furthermore,

previous gene expression analyses found that the HH signaling pathway was enriched for differentially

expressed genes in multiple sarcomas [142, 143]. Sagittarius’s extrapolated mutation profiles therefore

point to the HH signaling pathway and particularly the hyperactivation of the GLI oncogene as potentially

significant sources of tumorigenesis in sarcomas.
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3.4 Discussion

In this chapter, I have presented Sagittarius [26], which enables extrapolation of genomic profiles from

sparse, heterogeneous time series without requiring aligned timepoints or batch correction between different

experimental conditions. Although Sagittarius can extrapolate to unseen timepoints, the model still struggles

with large domain shifts between developmental stages in training and test, as we identify in the Evo-devo

human extrapolation task. Similarly, Sagittarius is unable to extrapolate to precise timepoints. The learned

mapping to and from the shared reference space enables comparison between diverse and unaligned time

series, but also warps the queried and measured timepoints to align with biological age and thereby alters the

timepoints outside the range of the dataset in potentially unforeseen ways. In the future, Sagittarius could

be integrated with models to predict the chronological and biological age associated with a new sample.

Furthermore, Sagittarius could benefit from work in model calibration [144] to output a model confidence

score along with a predicted profile.

Sagittarius is inspired by decades of work in modeling cell dynamics. One key difference between Sagit-

tarius and pseudotime cell fate models like Monocle [101], Palantir [145], and Slingshot [146] is that these

models reconstruct cell lineage within the bounds of one or more originator states and one or more terminal

states, while Sagittarius is able to extrapolate beyond the range of timepoints in the data. Pseudodynamics

[147] later extended cell fate modeling to time-resolved steps, enabling extrapolation, but operates in a low-

dimensional cell state space. Most recently, PRESCIENT [148] enabled single-cell transcriptomic trajectory

modeling, but suffers worse performance in bulk expression modeling (Figure A.6). Sagittarius strives to

build upon these works by leveraging time series from related yet heterogeneous biological time series for

accurate high-dimensional profile extrapolation.

Notably, Sagittarius is able to simulate measurements that would otherwise be extremely expensive to

obtain. Datasets that including aging and senescence measurements are uncommon due to study costs, and

those that do exist are parts of massive consortia efforts [67]. Furthermore, these efforts only exist for limited

model organisms, and are impractical to scale to understudied experimental conditions. Similarly, publicly

available pharmacogenomic screens do not include all possible combinations of drug and cell line pairs.

This problem is only further exacerbated when considering drug synergy experiments [149], where drugs

are applied in combination. However, Sagittarius is able to simulate informative drug-induced gene expres-
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sion measurements for untested combinations and learns useful drug sensitivity relationships for treatments

without an IC50 label in our external datasets. Finally, obtaining early-stage cancer patient somatic mutation

profiles is extremely valuable for understanding the sources of tumorigenesis, but would require a massive

operation in longitudinally tracking a large population with minimally invasive technology for many years

[123]. Inevitably, such a study would be extremely expensive, and the sample size would need to be large

enough to account for covariates and a relatively low cancer incidence rate overall. By generating these

measurements in silico, Sagittarius is able to contribute to our understanding and interpretation of biological

time series at low costs by effectively leveraging data that are already available.
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Chapter 4

Capricorn: Hi-C contact map resolution

enhancement

I now turn to a setting where high-quality experimental data are themselves very expensive to procure. This

chapter contains work previously published in Fang et al. [27]1.

In cases where high-quality experiments are very expensive, even single experiments can be prohibitively

costly for many data-generating labs. Specifically, I focus on experimental measurements of the three-

dimensional (3D) genome architecture, each of which require many internal samples to cover the size of

the whole genome (approximately 3 billion base pairs in human) with identifiable structural features and

specific attribution of interactions to genomic loci. These two needs are often in conflict with each other:

High-resolution high-throughput chromosome conformation capture (Hi-C) [41] contact matrices reveal the

detailed 3D architecture of the genome (providing specific attribution), but are very expensive to generate at

high-coverage (providing dense interaction maps that work well with existing chromatin structure analysis

tools). To assist with these data, computational methods can learn to transform patterns from lower-quality,

less expensive data to simulate the high-quality, prohibitively expensive measurements.

In this chapter, I present Capricorn2, a deep learning method for Hi-C [41] resolution enhancement that

incorporates small-scale chromatin features and leverages a diffusion probability model backbone to gener-

1As part of this work, I contributed to conceptualizing the setting and experiments; I also wrote the manuscript and designed the
figures.

2The code used in this chapter is available at https://github.com/CHNFTQ/Capricorn.
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ate a high-coverage, high-resolution contact matrix from a low-coverage, high-resolution input. We show

that Capricorn outperforms the state of the art in a cross-cell-line setting, improving on existing methods

by 17% in mean squared error and 26% in F1 score for chromatin loop identification from the generated

high-coverage data. We also demonstrate that Capricorn performs well in the cross-chromosome setting

and cross-chromosome, cross-cell-line setting, improving the downstream loop F1 score by 14% relative to

existing methods. Finally, we use DNA sequence to validate discovered loops and find that the fraction of

CTCF-supported loops from Capricorn is similar to those identified from the high-coverage data. Capricorn

is a powerful Hi-C resolution enhancement method that enables scientists to find chromatin features that

cannot be identified in the low-coverage contact matrix.

4.1 Hi-C resolution enhancement

Chromosomes encode genetic and epigenetic cellular programs, leveraging a complex 3D genome architec-

ture in eukaryotic cells that is critical for many biological processes, including modulating gene regulatory

relationships, RNA splicing sites, and DNA repair mechanisms [150, 151]. These architectures within a

cell can be measured with assays such as Hi-C [41], genome architecture mapping (GAM) [152], split-

pool recognition of interactions by tag extension (SPRITE) [153], and HiChIP [154]. High-resolution Hi-C

datasets employ smaller bin sizes, thereby more precisely characterizing genomic substructures, but conse-

quently require more experimental reads in order to produce a suitably dense matrix. Importantly, doubling

the resolution requires quadrupling the experimental read counts due to the pairwise nature of interactions

[155].

In order to obtain denser contact matrices, computational resolution enhancement methods take low-

coverage, high-resolution Hi-C matrices with fewer measured contacts and generate the corresponding high-

coverage, high-resolution matrices. Existing approaches adopt techniques from computer vision, such as

convolutional neural networks (CNNs) [156–159], generative adversarial networks (GANs) [160–164], and

Markov random fields (MRFs) [165] to produce detailed contact matrices. The resulting data can then be

used to perform analyses of genome folding, including classification of large-scale chromatin features like

A/B compartments [41, 166–169] and identification of small-scale chromatin features like topologically

associating domains (TADs) [170–174] and chromatin loops [11, 175–178]. Although existing approaches
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Method Publication date Pixel-wise loss Adversarial loss TV loss Perceptual loss Biology Backbone
HiCPlus [159] Feb. 2018 ✓ CNN
hicGAN [164] July 2019 ✓ CNN (GAN)
HiCNN2 [158] Oct. 2019 ✓ CNN
HiCNN [157] Nov. 2019 ✓ CNN
HIFI [165] Jan. 2020 ✓ MRF
DeepHiC [163] Feb. 2020 ✓ ✓ ✓ ✓ CNN (GAN)
SRHiC [156] Apr. 2020 ✓ CNN
HiCSR [160] July 2020 ✓ ✓ ✓ CNN (GAN)
VEHiCLE [162] Apr. 2021 ✓ ✓ ✓ CNN (GAN)
EnHiC [179] July 2021 ✓ ✓ ✓ CNN (GAN)
HiCARN-1 [161] Apr. 2022 ✓ ✓ ✓ CNN
HiCARN-2 [161] Apr. 2022 ✓ ✓ ✓ ✓ CNN (GAN)
Capricorn [27] June 2024 (ours) ✓ ✓ Diffusion

Table 4.1: A summary of existing Hi-C resolution enhancement methods. We indicate whether each
method adopts common computer vision loss terms, with “TV” for total variation and where pixel-wise
losses include mean squared error (MSE) and L1 loss. Notably, only VEHiCLE [162], HIFI [165], and
Capricorn incorporate biological features into the resolution enhancement model. Although VEHiCLE uses
TAD identification in its loss and HIFI accounts for TAD boundaries during local smoothing, Capricorn
is trained to enhance loop and TAD features along with the contact matrix. Capricorn is the only method
that uses a diffusion model as the backbone. We limit the comparison to methods for Hi-C resolution
enhancement for proximal contacts (interaction within 2 megabases) that do not require additional high-
coverage input data, excluding distal-contact enhancement techniques like BoostHiC [180] and reference-
based methods like RefHiC-SR [181].

aim to minimize mean-squared error (MSE) and perform well according to metrics developed for natural

image analyses, these metrics may not be well suited to teach the model to capture biologically relevant

chromatin features, and especially small-scale loops.

We hypothesize that resolution enhancement can produce contact matrices that better capture these

higher-order chromatin structures if we design a loss function that explicitly models structures like loops and

TADs during resolution enhancement (Table 4.1). Such an approach can both provide additional supervision

for the resolution enhancement task and help teach the model to distinguish and enhance particularly inter-

esting genomic contacts. We therefore propose Capricorn, which incorporates additional biological views of

the contact matrix to emphasize important chromatin interactions and leverages powerful diffusion models

from computer vision [52] for the model backbone (Figure 4.1). In particular, Capricorn learns a diffusion

model that enhances a five-channel image, containing the primary Hi-C matrix as well as representations of

loops, TADs, and distance-normalized counts computed from the original low-coverage matrix. Capricorn

thereby learns meaningful structural contacts as well as the general high-coverage matrix structure.

We compare Capricorn to four existing Hi-C resolution enhancement approaches representing the state

of the art, and we find that Capricorn outperforms the others in terms of both MSE and its ability to detect
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Input Hi-C Distance-corrected TAD prediction Loop p-value Loop ratio

Low-Coverage Data

Target Hi-C Distance-corrected TAD prediction Loop p-value Loop ratio

High-Coverage Data

Diffusion Model
Backbone

:

Figure 4.1: Overview of Capricorn architecture. Given the low- and high-coverage Hi-C contact ma-
trices we compute small-scale chromatin features that explicitly teach Capricorn to recognize biologically
meaningful contacts. We then leverage a diffusion model backbone to iteratively denoise a random contact
matrix, conditioned on the low-coverage data.

loops from the predicted high-coverage contact matrix. We tested the models’ generalizability across both

cell line and chromosome and found that Capricorn’s enhanced matrices had a 17.3% lower MSE and 25.6%

higher loop F1-score on average when transferring learned patterns across cell lines. We further found that

Capricorn’s key idea of incorporating higher-order chromatin features as additional input views is a broadly

applicable technique that improved the comparison approaches as well, though Capricorn’s diffusion model

backbone still provides the best performance. As a final validation, we use DNA sequence to evaluate the

fraction of identified loops from the high coverage, low coverage, and Capricorn-generated contact matrices

that are supported by flanking CTCF motifs, and find that Capricorn’s loops have comparable CTCF support

to the high-coverage-derived loops. In summary, Capricorn is a general-purpose approach for chromatin

conformation capture contact matrix resolution enhancement, and in the future additional feature views can

be easily incorporated into the framework for various downstream tasks of interest.
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4.2 Methods

4.2.1 Problem setting

In the supervised resolution enhancement task, we are given a dataset with N pairs of low- and high-

coverage contact matrices {(Xi,Yi)}Ni=1. For a fixed resolution ∆ defining the size of each grouped

(binned) genomic locus and chromosome length of L base pairs, the contact matrix shapes are identical,

with X,Y ∈ NL/∆×L/∆. However, the high-coverage matrix Y contains γ-fold more measured contacts

in the matrix. The aim is then to obtain a model fθ such that Yi ≈ fθ(Xi). Furthermore, we want fθ(·) to

generalize to both new cell lines and new chromosomes.

We process the input Hi-C matrices for efficient and structurally informative resolution enhancement.

Most Hi-C interactions occur between nearby intrachromosomal loci [11]. As we focus on small-scale

chromatin loops, we follow previous work in resolution enhancement [161, 164] and restrict the model to

enhance intrachromosomal contacts within 2 megabases (Mb) of each other. For computational efficiency,

we further tile paired contact matrices’ near-diagonals into 40× 40 non-overlapping matrices using a reso-

lution ∆ = 10 kb such that each input covers a 4002 kb region of contacts, consistent with many existing

Hi-C resolution frameworks [156–161, 163, 164].

4.2.2 Chromatin structure resolution enhancement

The key idea behind Capricorn is that explicitly modeling small-scale chromatin features such as loops and

TADs will improve the method’s ability to identify and enhance meaningful contacts. We therefore train

Capricorn to enhance the structural interpretation of the low-coverage contact matrix as well as the low-

coverage contact matrix itself, thereby explicitly training the model to recognize important 3D chromatin

structures from low-coverage data.

Toward this end, we compute additional views of the paired (X,Y) contact matrices using chromatin

features derived from X and Y.
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Distance-corrected view

Capricorn includes a view that accounts for the fact that nearby loci are more likely to interact by chance

than more distal loci, such as the strong number of contacts observed along the diagonal of an uncorrected

Hi-C matrix. Therefore, one common preprocessing step for Hi-C analyses involves correcting for this

proximity bias [182–184].

Consider the input, low-coverage Hi-C contact matrix X ∈ Nl×l, where l = ⌊ L
∆⌋ indicates the number

of binned genomic loci in the matrix. The distance-correction module D : X → X(oe) is defined as follows.

First, compute a distance-based expected matrix by taking the contacts for all pairs of loci (i, j) that are

|i − j| apart in the genome. In practice, this is computed by taking the average along each diagonal of the

contact matrix as

E(X)[i, j] =
1

l − |i− j|

l−|i−j|∑
k=0

X[k, k + |i− j|] (4.1)

This can be repeated for all i ∈ [1, . . . , n] and j ∈ [1, . . . , n] to produce E(X) ∈ Rl×l. After observing

that most distance-expected values occurred in the range [0, 16], we further clamp and normalize a distance-

corrected version of the input matrix as

X(oe)[i, j] =


0 if E(X)[i, j] = 0

min
(

X[i,j]
E(X)[i,j]

,16
)

16 otherwise.
(4.2)

We follow the same steps to compute E(Y) and Y(oe) given the high-coverage contact matrix Y.

Chromatin loop views

We include two additional views based on chromatin loop structure identified from the input contact matri-

ces. We use the Hi-C Computational Unbiased Peak Search (HiCCUPS) loop calling tool [11]. HiCCUPS

tests whether the measured contacts for possible (i, j) loop anchor points are significantly more enriched

than the surrounding contacts. HiCCUPS computes both a loop ratio of measured contacts relative to the

experimental background as well as a loop p-value indicating the significance of this enrichment.

Specifically, the method combines a 10 × 10 donut kernel centered at a specific locus with horizontal,

vertical, and lower-left quadrant kernels. For a given locus (i, j), we use the distance-based expected matrix
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as defined in (4.1) to compute

αp = κp ∗X βp = κp ∗ E(X) (4.3)

for each kernel κp = {κ1, . . . , κ4}. Then we compute the loop ratio for the input matrix as

X(loop−r) = min
p∈{1,...,4}

βpX

αpE(X)
. (4.4)

We follow the HiCCUPS algorithm and fit a Poisson distribution to the observed measurements with

λ-chunking, where we set λ = 21/3 as in the default HiCCUPS settings [11]. In the λ-chunking protocol,

we define µi,j = maxc λ
c subject to αp

βp
E(X)[i, j] < λc, grouping pixels into relative intensity ranges of

{[0, 1), [1, 21/3), [21/3, 22/3), . . . }. Finally, we use the result of λ-chunking to compute the loop p-value as

X(loop−p)[i, j] = max
p∈{1,...,4}

BHµi,j

(
f(X[i, j] ≥ t

∣∣µ = µi,j)
)
, (4.5)

where f(· ≥ t|µ) represents the survival function of the Poisson distribution with expected value µ, and

BHµi,j indicates the Benjamini-Hochberg false discovery rate correction [185, 186] over the p-values for

all pixels with the same λ-chunked µi,j . We compute Y(loop−r) and Y(loop−p) based on the ground-truth

high-coverage matrix Y in an analogous manner.

TAD view

We compute the insulation score (IS) [170] for TAD detection, using sliding windows along the contact

matrix diagonal to identify insulated regions with low scores and in-domain regions with high scores. As

the average human TAD is approximately 1 Mb long [11, 187], this view provides chromatin context that

extends beyond a single tiled 4002 kb submatrix, thereby providing the resolution enhancement model infor-

mation about the greater surrounding chromatin structure. We smooth the IS scores by averaging them over

a 21-bin domain and assign the within-TAD label 1 to contiguous regions with monotonically decreasing

ISs centered around some locus (i, j), where all ISs are still larger than the contact matrix average IS and

the IS of (i, j) is at least 10% larger than the IS at the region boundary.
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Multi-view resolution enhancement construction

Importantly, we compute each of the low-coverage chromatin features directly from the low-coverage ex-

perimental matrix X, so there is no leakage between the high-coverage contact matrix and low-coverage

inputs to Capricorn, which would prevent Capricorn’s practical utility during inference. The original con-

tact matrices and derived chromatin structures are then concatenated to form the full input and output

X̃(X) = [X,X(oe),X(tad),X(loop−p),X(loop−r)]

Ỹ(Y) = [Y,Y(oe),Y(tad),Y(loop−p),Y(loop−r)], (4.6)

such that X̃(X), Ỹ(Y) ∈ R5×L/∆×L/∆.

4.2.3 Multi-view weighting

Each of the computed biological views naturally has a different distribution of values and presents different

challenges for correct prediction. To correct for these differences, we perform a two-stage iterative view-

weighting process based on the low-coverage representation X̃(X).

Given the input, multi-view low-coverage contact matrix representation X̃(X) ∈ R5×L/∆×L/∆, we

computed an initial view weight vector ω0 ∈ R+5 as

ω0[v] =

√√√√ 1

|Ξ|
∑
ξ∈Ξ

var(X̃(Xξ)[0]

var(X̃(Xξ)[v]
(4.7)

for the vth view, where var(·) denotes variance, Ξ indicates the set of all chromosomes tested for the

given cell line, and X̃(Xξ) indicates the views computed from the low-coverage cis-contact matrix X for

chromosome ξ. The computed ω0 for both GM12878 and K562 is reported in Table A.2.

We then further refine the weights to account for the difficulty of generating the high-resolution version

of each view. Specifically, we compute a view-specific difficulty score using the validation set, as

d[v] = mse

(
f
(√

ω0X̃(Xval)
)
[v], (ω0Ỹ(Yval)[v])), (4.8)
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where mse(·, ·) indicates the mean squared error, f(·) is the diffusion model backbone, and (Xval,Yval)

are the paired low- and high-resolution contact matrices in the validation set. Finally, we compute ω ∈ R+5

as

ω[v] =

√
minu∈{0,...,4}] d[u]

d[v]
for v = 1, . . . , 4 ω[0] = 1. (4.9)

We explicitly set the weight of the 0th view, which contains the low-coverage input contact matrix without

further alteration, to 1. This avoids altering the basic matrix view that we aim to enhance. The precise

weight vector ω is given in Table A.2 for both GM12878-based training and K562-based training.

During all subsequent training runs, we more precisely compute the input as

X̃(X|ω) =
[√

ω[0]X,
√
ω[1]X(oe),

√
ω[2]X(tad),

√
ω[3]X(loop−p),

√
ω[4]X(loop−r)

]
(4.10)

Ỹ(Y|ω) =
[√

ω[0]Y,
√
ω[1]Y(oe),

√
ω[2]Y(tad),

√
ω[3]Y(loop−p),

√
ω[4]Y(loop−r)

]
. (4.11)

For simplicity of notation, we refer to this as X̃(X) and Ỹ(Y) in the manuscript for all model training after

the initial weight tuning.

4.2.4 Review of diffusion probability models

We use a diffusion probability model backbone [49, 50] to carry out the resolution enhancement task given

the low-coverage contact matrix and derived chromatin feature views. Diffusion probability models are eas-

ier to train than generative adversarial networks and recently have been shown to excel in image generation

tasks [188–190].

To the best of our knowledge, Capricorn is the first approach for Hi-C resolution enhancement that

leverages diffusion probability models, and we therefore provide a brief overview here.

Diffusion models leverage a latent Markov chain framework that iteratively denoises an input to produce

diverse and realistic outputs [49, 50]. The models are split into a T -step forward process q(yt|yt−1) and

T -step reverse process p(yt−1|yt,x), where y0 ∈ RC×W×H is the C-channel original, high-fidelity image,

yt ∈ RC×W×H is a latent variable, and x is an optional input term on which to condition the process.
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Specifically, the forward process computes progressively noisier latent representations of the true image as

q(yt|yt−1) ∼ N (
√
αtyt−1, βtI) (4.12)

for t = 1, . . . , T , where βt is defined by a noise schedule, such as a cosine schedule [52, 191], and αt =

1 − βt. The reverse diffusion process, optionally conditioned on input x, can be then parameterized by a

learnable ϵθ(·) as

pθ(yt−1|yt,x, t) = N

(
1

√
αt

(
yt −

βt√
1−

∏t
s=1 αsϵθ(yt,x, t)

)
, βtI

)
, (4.13)

where ϵθ(·) is trained to predict noise from the previous step’s yt prediction and the conditional input x. We

denote a sample from a step of the reverse process as ŷt−1 ∼ pθ(yt−1|yt,x, t), or ŷt−1 ∼ pθ for brevity of

notation.

We specifically focus on conditional diffusion models trained with a MSE objective in the pixel space

of an image, or the bin space of a contact matrix. We compute the loss

L(θ) = E(x,y0)

[
Et∈{1,...,T}

[
wtEyt|y0

[
Eŷt−1∼pθ [∥ŷt−1 − yt−1∥22]

]]]
, (4.14)

where wt is a diffusion loss hyperparameter impacting the the relative amount of sampled Gaussian noise

[52]. The expectation over t ∈ {1, . . . , T} reflects how we can compute loss at a different number of steps

of the reverse diffusion process, introducing t noise samples to the target y0 during the forward process

before denoising.

Importantly, the diffusion model framework enables inference to proceed from an initial Gaussian noise

sample, provided that the total noise 1−
∏T

t=1 αt added by all steps in the Markov chain is sufficiently large.

During inference, we can therefore proceed with the optional guiding input x using

ŷT ∼ N (0, I) ∈ RC×W×H (4.15)

ŷt−1 ∼ pθ(ŷt,x, t) ∀t = T, . . . , 1. (4.16)
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This enables a prediction ŷ0 given only the source input x.

4.2.5 Low-coverage guided diffusion

We leverage conditional diffusion probability models for the resolution enhancement task. The combined

contact matrix and its derived chromatin feature views can be interpreted as a five-channel image, so we

approach the problem as high-coverage image generation where low-coverage inputs used to guide the

generation process. Specifically, Capricorn is built around a module that approximates ϵθ(Ỹt−1|Ỹt, X̃, t)

as part of the reverse process given in (4.13) (Figure 4.1).

Capricorn’s multi-channel framework encodes additional biological understanding of the contact matrix

data into the diffusion model resolution enhancement task, teaching the model to identify significant contacts

while enabling the standard MSE loss formulation. Specifically, we adopt the loss function in (4.14) to

operate over all five biological views of the output, therefore treating X̃(X) and Ỹ(Y) as five-channel

source and target images respectively. Furthermore, during inference we are able to use the trained diffusion

model backbone and low-coverage contact matrix views to generate a high-coverage contact matrix estimate

ˆ̃Y ∼ fθ(θ, X̃(X)) using equations (4.15) and (4.16). After inference, we discard all views except for the

enhanced Hi-C contact matrix (the 0th image channel) to produce Ŷ ∈ RL/∆×L/∆.

4.2.6 Performance measures

We evaluate the results using both image-based and biologically-motivated metrics, focusing on the gener-

ated high-coverage contact matrix. Specifically, given a model’s predicted contact matrix Ŷ, we compute

the MSE as ∥Ŷ −Y∥22.

We also measure the structural accuracy of the generated high-coverage contact matrix, focusing on

chromatin loops. We use the enhanced high-coverage matrix to call loops with the HiCCUPS algorithm [11],

which uses four different kernels to compare measured contacts with the contacts in the local neighborhood

and test for enrichment, producing both an enrichment ratio and p-value. We annotate all loci (i, j) with

p-value < 0.1 and enrichment ratio > 1.75 for HiCCUPS’s donut or lower-left-quadrant kernels or > 1.5

for the horizontal or vertical kernels as a loop, following the default tool parameters (see Section 4.2.2). As

HiCCUPS is the algorithm that we also use for loop-based view computation, we additionally call loops
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with the Mustache [175] and Chromosight [192] loop-detection tools during evaluation. Mustache identifies

loops using computer vision approach that considers loop features at multiple resolutions, and Chromosight

leverages a loop template to detect similar patterns in a given contact matrix. For all tools, we use the default

parameters for loop detection.

For each loop calling tool, we compute a loop F1 score F1 = TP
TP+ 1

2
(FP+FN)

with a 5 pixel tolerance

range, such that TP are the true positive loops called from the predicted data that appear within [i − 5 :

i+5, j−5 : j+5] in the loops called from the ground-truth data, FP are the loops called from the predicted

data that do not appear within the five-pixel range from the ground-truth data, and FN the loops that are

called from the ground-truth data but do not occur in the five-pixel tolerance range for predicted data. We do

not use true negatives in our evaluations, as this would include most of the genome and not be an informative

metric.

4.2.7 Hi-C data preprocessing

We collected Hi-C data using the Gene Expression Omnibus (GEO) database [193] for the GM12878

Epstein-Barr-virus-infected human lymphoblastoid cell line and the K562 human chronic myelogenous

leukemia lymphoblast cell lines from Rao et al. [11]3, restricting the contact matrix to read mapping quality

≥ 30 and processed to 10 kilobase (kb) resolution following previous work [161]. We adopt the contact

matrix preprocessing techniques from HiCARN [161] and DeepHiC [163], including tiling the contact ma-

trices into 40×40 submatrices, only retaining submatrices in the 2 megabase Mb region around the diagonal,

clamping the high-coverage matrix to [0, 255] and then normalizing to [0, 1], and clamping the low-coverage

matrix to [0, 100] and then normalizing to [0, 1].

In order to simulate low-coverage data, we randomly downsampled the GM12878 and K562 cell line Hi-

C matrices [11] to 1
16 of their original read count. We treated these downsampled data as the low-coverage

matrices and the original matrices as their high-coverage pairs. We evaluate model performance in a cross-

cell-line setting where we train on either the GM12878 data or K562 data, and test the model on the other

cell line. In both experiments, we withhold chromosomes 4, 5, 11, and 14 from the training cell line as

our validation set. Chromosome 9 is also excluded from the K562 data due to extreme sparsity at 10 kb

3Accession code GSE63525.
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resolution.

4.2.8 Existing model implementations

We use the publicly available python HiCARN [161] repository from Github4 for both their model and

contact matrix preprocessing implementation, as well as source code implementations for HiCNN [157]

and HiCSR [160]. We retrained all models on our data. We reimplemented HiCCUPS [11] to accept npz

input files, enabling loop calling for low-coverage and generated contact matrices that had a fixed resolution.

We verified that our implementation was reasonable by comparing the number of called loops on the high-

coverage, primary GM12878 Hi-C matrix used in our experiments [11]. In total, we call 10,179 loops

compared to the default implementation identifying 7949 loops. We also find comparable CTCF support

[194] for our called chromatin loops as the original data reported in Rao et al. [11] (see Section 4.3.4,

Table 4.2). We used the available Python implementation of Mustache5 [175] and the packaged version of

Chromosight6 [192].

We use the conditional diffusion probability model Imagen [52] as the resolution enhancement backbone

model, updating the model to condition on low-coverage contact matrices rather than text. We choose

Imagen rather than other image diffusion models [14, 51, 195] due to its efficient U-Net architecture, which

is faster and more memory efficient than other diffusion generators. We accessed Imagen with its Github

repository7. This enabled model training in approximately 28 hours and inference in approximately 45

minutes on an NVIDIA A4000 GPU in the cross-cell-line experiment.

4.2.9 CTCF loop validation

Given a set of loops called from a Hi-C matrix, we follow the CTCF loop validation protocol used by Rao

et al. [11].

1. We obtained CTCF, SMC3, and RAD21 ChIP-seq experimental datasets that identify binding sites

along the genome for the given transcription factor.

4Github: https://github.com/OluwadareLab/HiCARN.
5Github: https://github.com/ay-lab/mustache.
6Package: https://pypi.org/project/chromosight/.
7Github: https://github.com/lucidrains/imagen-pytorch.
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2. We would expect CTCF-mediated loops to co-occur with CTCF, SMC3, and RAD21 ChIP-seq peaks.

For each loop spanning from locus i to locus j, we identified the peak-associated loops, defined as the

subset of called loops that also contain a ChIP-seq peak in the loci [i, j] for all of the CTCF, SMC3,

and RAD21 datasets. If i and j were fewer than 15 kb apart, we symmetrically expanded the peak

search window around the anchor loci until it was 15 kb.

3. Although the presence of a CTCF ChIP-seq peak indicates an accessible CTCF binding site, it does

not capture the orientation. We therefore leveraged DNA sequence to establish motif orientation at

each of the peak-associated loops. We used FIMO [196] to search the human reference genome (build

hg19), using a CTCF motif probability weight matrix8 and a p-value threshold of 1e−4. For each

peak-associated loop, we investigated whether each 10 kb region around the anchor loci contained a

CTCF motif. If a locus contained multiple nearby CTCF motifs, we assigned the motif with highest

predicted likelihood from FIMO [196] as the loop anchor motif. Finally, if the two CTCF motifs

assigned to the loop anchor points were in the convergent orientation, we marked the loop as “CTCF

validated”.

For this analysis, we used the ENCODE data portal [30] to access the ChIP-seq experimental datasets.

For GM12878, we used four CTCF ChIP-seq datasets9, two RAD21 ChIP-seq datasets10, and one SMC3

ChIP-seq dataset11. For K562, we used five CTCF ChIP-seq datasets12, one RAD21 ChIP-seq dataset13,

and one SMC3 ChIP-seq dataset14.

4.3 Results

4.3.1 Capricorn accurately enhances contact matrices and loop features

We first sought to evaluate Capricorn in the cross-cell-line setting, where the model is trained on the sim-

ulated low-coverage data and measured high-coverage data on one cell line and tested on the simulated

8https://jaspar.elixir.no/api/v1/matrix/MA0139.1.meme.
9Data accession codes: ENCFF833FTF, ENCFF002DAJ, ENCFF473RXY, and ENCFF710VEH.

10Data accession codes: ENCFF002CPK and ENCFF753RGL.
11Data accession code: ENCFF686FLD.
12Data accession codes: ENCFF002DDJ, ENCFF738TKN, ENCFF002CEL, ENCFF002DBD, and ENCFF085HTY.
13Data accession code: ENCFF002CXU.
14Data accession code: ENCFF041YQC.
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low-coverage data of another cell line. We compare Capricorn to four deep learning approaches for Hi-C

resolution enhancement. HiCNN [157] trains a deep CNN architecture with pixel-wise MSE. HiCARN-1

and HiCARN-2 [161] both use a deep CNN architecture trained with pixel-wise MSE, total variation loss to

encourage relatively smooth output images, and perceptual loss that encourages representative features com-

puted by a separate neural network to be similar for the ground-truth target and machine-generated output;

HiCARN-2 further incorporates an adversarial loss term with a GAN framework. HiCSR [160] includes a

pixel-wise L1 loss, adversarial loss, and perceptual loss. Unlike the HiCARN models, HiCSR trains a sep-

arate network directly on the target high-coverage contact matrices, rather than directly adopting a model

trained on natural images.

We find that Capricorn outperforms other methods both in terms of its ability to enhance chromatin

loops from the low-coverage data and its accuracy in producing high-coverage data for both test cell lines

in the cross-cell-line experimental setting. As shown in Figure 4.2a,b, Capricorn outperforms all other

approaches in terms of its ability to recognize and enhance loop chromatin structures when transferred to

both the GM12878 and K562 cell lines, a pattern which holds using the HiCCUPS [11], Mustache [175],

or Chromosight [192] loop calling tools. Capricorn has an average loop F1 score of 0.50 and 0.35 when

tested on GM12878 and K562 respectively with HiCCUPS, 0.28 and 0.21 for GM12878 and K562 with

Chromosight, and 0.42 and 0.34 for GM12878 and K562 with Mustache. The loop F1 score from the

Capricorn-enhanced matrix is significantly better than the next-best performing enhancement tool in five

out of six settings (Bonferroni-corrected Wilcoxon signed-rank test p-values < 1.5e−6 and < 3.0e−6 for

GM12878 and K562 respectively when called with HiCCUPS; < 1.5e−6 and < 3.0e−6 for GM12878

and K562 respectively when called with Chromosight; < 2.2e−2 and < 2.1e−1 for GM12878 and K562

respectively when called with Mustache). These results demonstrate that Capricorn is able to successfully

identify and enhance meaningful biological contacts, such as those involved in loop formation.

We observe both that GM12878 enhancement outperforms K562 enhancement, and that some loop

callers lead to better performance than others, though overall performance trends largely remain similar.

The performance difference for all methods between GM12878 and K562 test data can be explained by

the difference in pairwise contacts in the original dataset: GM12878 has approximately five times more

measured contacts than K562 [11]. We also find that Chromosight in particular calls many more loops than
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Figure 4.2: Cross-cell-line resolution enhancement model performance. a,b, Barplot comparison of
F1-score for loop detection from the generated high-coverage matrices using the HiCCUPS, Chromosight,
and Mustache loop calling tools (a,b, higher is better), showing the average and standard error bars by
chromosome c,d, Boxplot comparison of the generated matrix MSE (c,d, lower is better), showing the me-
dian, interquartile range (IQR), 1.5×IQR, and outliers by chromosome. We omit the low-coverage (“LC”)
baseline here as the MSE is so much larger than other methods. e, Ground-truth high-coverage submatrix
covering genomic loci from 47.3 Mb to 48.1 Mb on GM12878 chromosome 17, compared to the generated
high-coverage submatrix output by each method. Blue circles indicated called loops in the ground-truth or
predicted high-coverage data. Circles for loops that are also called in the ground truth data are filled in;
loops that are called from the generated data but not the ground-truth data are empty circles.

the other methods, predicting nearly twice the number of loops called by HiCCUPS on high-coverage data

(Table A.3), and that this difference becomes even more pronounced for computationally enhanced data

(Table A.4). This may be partially attributed to the loop template’s sensitivity to slight differences between

true experimental contact matrices and computationally generated contact matrices. However, our findings

suggest that Capricorn’s performance relative to other resolution enhancement approaches is largely robust

to the choice of loop calling method. Moving forward, we therefore simplify the analysis and use HiCCUPS

[11] as the default loop detection tool.

Capricorn further achieved a lower prediction MSE than any of the comparison approaches, indicating

that the additional views can also boost the overall resolution enhancement results. Figure 4.2c,d, shows that

Capricorn has an average MSE of 3.6e−4 and 2.3e−4 for the GM12878 and K562 test cell lines respectively,

relative to 4.3e−4 and 2.8e−4 for HiCSR, the best-performing comparison approach, and to 2.4e−3 and
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1.1e−3 if directly using the input low-coverage data scaled by the experimental downsampling rate.
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Figure 4.3: Study of Capricorn’s multi-view chromatin feature framework. a,b, Histogram of the dif-
ference in loop F1-score from the predicted high-coverage contact matrix in the GM12878 (a) and K562 (b)
test datasets using the full five-view Capricorn framework and an alternate version of Capricorn that only
includes the primary Hi-C matrix view as the input and output for the diffusion model backbone. The counts
N>0 and N<0 indicate the number of submatrices for which the five-view setting respectively outperform or
underperform the primary-only setting. c,d, Boxplot comparing the performance of resolution enhancement
methods in the primary-view-only setting where enhancement is only performed with Hi-C matrices, the
five-view-input setting where small-scale chromatin features are included as input to the resolution model,
and the full-five-view setting where small-scale chromatin features are used both as input and output to train
the model backbone. “LC” indicates the results taking the low-coverage matrix and scaling all contacts by
the downsampling factor 16. The boxplots show the median, IQR, 1.5× IQR, and outliers by chromosome;
* indicates that the full five-view model significantly improves on the primary view model with Bonferroni-
corrected one-sided paired t-test p-value < 2e−3.
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4.3.2 Small-scale chromatin features are critical to model improvement and are model-

agnostic

To better attribute Capricorn’s strong performance, we next investigated the specific impact of including

small-scale chromatin features as additional views to train the resolution enhancement model and enhance

structurally meaningful contacts. We compared Capricorn’s performance when trained to enhance chromatin

features as well as the Hi-C matrix to its performance when performing resolution enhancement without any

additional views. As shown in Figure 4.3a,b, we find that explicitly training the model to enhance meaning-

ful biological contacts, as captured in the small-scale chromatin features, significantly improves our ability

to identify these features from the enhanced contact matrices (Bonferroni-corrected Wilcoxon signed-rank

test p-value < 2.3e−6, < 4.3e−7 comparing loop F1-score over submatrices for test GM12878 and K562

respectively). We also test Capricorn’s performance over a subset of the input views, considering settings

that incorporate one source of biological evidence (either distance-normalized contacts, loops, or TADs) in

addition to the input contact matrix, and settings containing all of Capricorn’s biologically-augmented views

except one. We find that the full version of Capricorn performs best out of all variants in terms of the loop

F1 score (Table A.3).

Because our multi-view idea is not architecture dependent, we then tested whether the benefits of includ-

ing small-scale chromatin features as part of model training generalized to other resolution enhancement

network architectures. To this end, we updated each of the comparison models to accept multi-channel input

matrices and compared the results of three model formulations (Figure 4.3c,d).

1. Primary view: This setting uses the comparison models’ default resolution enhancement pipelines

with the low- and high-coverage Hi-C matrices as input and output. We also consider Capricorn’s

performance when trained without the additional biological views in this setting.

2. Five-view input only: This setting uses the additional chromatin feature views as input to the model,

but is still trained to only predict the high-coverage view. As shown in Figure 4.3c,d, many methods

perform better in this setting than the original primary view, indicating the utility of the additional

biological feature inputs.

3. Full five-view model: This setting uses Capricorn’s complete multi-view setting, including all five
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chromatin feature views as input and training the model to enhance the small-scale chromatin features

in addition to the Hi-C matrices. This setting yields the best downstream loop calling performance

for Capricorn (one-sided paired t-test p-value < 0.02 relative to the five-view input-only setting)

and three of the four comparison approaches. Although the multi-view biological inputs from the

five-view input only setting generally improve performance relative to the primary view setting, the

additional performance gains in this setting highlight the additional value of including small-scale

chromatin features as model outputs that are explicitly included in the loss function.

Although we show our key multi-view idea to be generalizable to many model architectures and loss

formulations, we still find that Capricorn’s diffusion model backbone outperforms the convolutional mod-

els. Comparing the full five-view model results for Capricorn and HiCARN-2 [161], the best-performing

comparison approach, Capricorn still performs slightly better than the other enhanced approaches, with a

average loop F1 scores of 0.50 and 0.35 for GM12878 and K562 respectively relative to HiCARN-2’s 0.49

and 0.33 (Bonferroni-corrected one-sided paired t-test p-values < 3e−3 and < 5e−5, respectively).

Capricorn’s multi-view framework is beneficial for loop calling in the generated high-coverage matrix

for all models except HiCSR. We hypothesize that HiCSR performs poorly when including additional bi-

ological views due to its denoising autoencoder [160] for perceptual loss on the generated outputs, which

distinguishes its architecture from HiCARN-2’s convolutional GAN architecture. However, this approach

may require further hyperparameter tuning such that the perceptual loss term is well balanced with com-

ponents of the overall loss function, particularly in the full five-view model setting where the additional

biological views are modeled by the denoising autoencoder.

This observation points to the broad applicability of Capricorn’s key idea, and also suggests opportuni-

ties for including additional Hi-C-derived views based on expert domain knowledge for various downstream

genome folding analyses.

4.3.3 Capricorn generalizes across chromosomes

To confirm that Capricorn’s strong performance is not due to memorizing the training chromosomes with

relatively small cell-line differences, we conducted a second experiment to rigorously test Capricorn in the

cross-chromosome setting. Here, we withhold chromosomes 2, 6, 10, and 12 as a validation set and reserve
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Figure 4.4: Model performance comparison in cross-chromosome and cross-chromosome, cross-
cell-type experimental settings. a-d, Barplots showing loop F1-score by test chromosome in a cross-
chromosome experiment (a,b) and cross-chromosome, cross-cell-type experiment (c,d). “LC” indicates the
results using only the low-coverage input data. Plots are labeled with the cell line of the test data.

chromosomes 4, 14, 16, and 20 as test data. We carried out two experiments to examine cross-chromosome

and intra-cell-line generalization as well as cross-chromosome and cross-cell-line generalization.

We find that Capricorn is able to transfer its learned resolution enhancement patterns to never-before-

seen genomic loci in the cross-chromosome intra-cell-line setting better than other methods (Wilcoxon

signed-rank test p-value < 7.9e−3). Across the four test chromosomes, Capricorn’s generated high-

coverage contact matrix had an average loop F1-score of 0.58 in the GM12878 experiment (Figure 4.4a)

and 0.35 in the K562 experiment (Figure 4.4b), relative to the best-performing comparison approaches at

0.52 for HiCARN-1 and 0.26 for HiCARN-2. Similarly, Capricorn had the highest loop F1 scores in the

cross-chromosome, cross-cell-line experiments as shown in Figure 4.4c,d (Wilcoxon signed-rank test p-

value < 5.5e−2), with an average loop F1 score of 0.46 on GM12878 and 0.25 on K562 test data, relative

to the best comparison approaches’ respective loop F1-scores of 0.40 and 0.21 from HiCARN-1. As in the

cross-cell-line setting, all methods perform better on GM12878 test data because they contain many more

measured contacts than the K562 experimental data. This result highlights Capricorn’s ability to generalize

the informative, small-scale chromatin patterns it learns across genomic loci as well as cell lines, reiterating

the effectiveness of diffusion-based modeling of additional chromatin feature views.

4.3.4 Loops discovered with Capricorn are enriched for convergent CTCF motifs

We further validated the loops identified from Capricorn’s generated high-coverage contact matrix with

additional data not used in the resolution enhancement framework, including DNA sequence and ChIP-seq
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Figure 4.5: Illustration of convergent CTCF motif validation. Arrows indicate the directionality of the
CTCF binding sites. Left, convergent CTCF motifs are supporting evidence for cohesin-mediated loop
formation; middle, non-convergent CTCF motifs are not positive evidence for loops; right, CTCF loops on
only one anchor point of the loop are not positive evidence for loops. Figure created with BioRender.
com.

[197] experimental measurements. The CCCCTC-binding factor (CTCF) is a key protein in 3D structure

determination for mammalian genomes [194], and many loops anchor at CTCF motifs [11]. In particular,

cohesin-mediated loop formation is facilitated by pairs of flanking CTCF binding sites occurring in opposite

orientations. Because our methods do not make use of the primary DNA sequence, we can use pairs of

inward-facing CTCF motifs as additional experimental evidence in support of a candidate loop (Figure 4.5).

We followed the previously-described CTCF validation protocol [11]. First, to validate that our imple-

mentation is correct, we applied the validation protocol to the high-coverage GM12878 data. We find that

a similar proportion of loops are associated with convergent CTCF loops (41% in our analysis versus 42%

in the original analysis). The small discrepancy in the percentages is likely due to differences in the exact

ChIP-seq experimental data used, our choice of FIMO [196] for motif search, and the preprocessing applied

to both the low- and high-coverage contact matrices in our resolution enhancement setting. However, the

results are still very similar, and give us confidence in our analysis steps.

Next, we turned to the main experiment, applying the CTCF validation procedure to the loops called

for GM12878 and K562 across the high-coverage, low-coverage, and Capricorn-generated contact matrices.

Importantly, while many chromatin loops are mediated by CTCF binding sites [11], non-CTCF-mediated

loops also exist, so the lack of CTCF anchor motifs should not be interpreted as clear evidence of a false

positive; however, we would expect the ratio of CTCF-mediated loops to be similar to the high-coverage

data for well-enhanced contact matrices.
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Cell line Contact matrix Total loops CTCF-validated loops Validation rate

GM12878
High-coverage 10,176 4182 41.1%
Low-coverage 7029 1733 24.7%
Capricorn 5798 2479 42.8%

K562
High-coverage 5142 1932 37.6%
Low-coverage 4668 738 15.8%
Capricorn 2223 817 36.8%

Table 4.2: Analysis of CTCF-validated loops for high-coverage, low-coverage, and Capricorn-
generated contact matrices. We show the total number of called loops, total number of called loops that
were also supported by ChIP-seq analyses and inward-facing CTCF motifs in the DNA sequence, and the
percentage of called loops that were also validated in our CTCF analysis for GM12878 and K562.

The results (Table 4.2) show that the Capricorn-enhanced matrix identifies plausible loops. Notably,

loops identified from Capricorn’s generated high-coverage matrices have very similar rates of CTCF support

to the loops called from the experimental high-coverage data for both GM12878 and K562, with 41.1%

support for high-coverage-based loops compared to 42.8% support for Capricorn-based-loops in GM12878

and 37.6% support for high-coverage-based loops compared to 36.8% support for Capricorn-based loops

in K562. By comparison, loops called from the low-coverage data exhibit much lower levels of CTCF

support, suggesting that the loop caller’s false discovery rate is not well controlled with such sparse contact

matrices. This finding is especially important, because it indicates that loop calling results produced from

low-coverage data without a resolution enhancement tool may be problematic. Hence, our results further

support the need for resolution enhancement methods like Capricorn, which can produce denser contact

matrices that are compatible with existing loop calling algorithms. (A second analysis of CTCF validation,

following the procedure in Roayaei Ardakany et al. [175], is provided in Section A.2.2.)

4.4 Discussion

In this chapter I have presented Capricorn [27] as a tool for Hi-C resolution enhancement. Capricorn explic-

itly models the biology underlying experimental contact matrices by incorporating small-scale chromatin

features into the model formulation and loss function. Furthermore, we find that this key insight is widely

applicable, improving performance for three out of four comparison approaches. However, the small-scale

chromatin feature views still perform best with Capricorn’s conditional diffusion model backbone.
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We demonstrate Capricorn’s strong performance in cross-cell-line, cross-chromosome, and cross-

chromosome-cross-cell-line settings with the GM12878 and K562 datasets. In all three measured settings,

Capricorn is best able to generate high-coverage, high-resolution data containing accurate chromatin loops

that can be called with standard tools [11, 175, 192]. This highlights Capricorn’s generalizability as well as

the value of including additional biological data views, differentiating Hi-C resolution enhancement from

super-resolution in natural image applications. Finally, we leverage DNA sequence to further validate the

loops identified from Capricorn’s generated data and find CTCF support for Capricorn-based loops similar

to the experimentally-generated high-coverage-based loops.

In the future, Capricorn’s framework can be further broadened to include additional biological views

designed specifically for downstream tasks of interest. In particular, new views that contain structural infor-

mation covering a more than 4002kb locus could help enhancement for TADs and A/B compartments. Such

analyses could also test the relevance of various biological views on different tasks. We also imagine that

future work will study the impact of even more model backbones on the multi-view resolution enhancement

problem.

Future work can further study Capricorn’s generalizability. Here, we have focused on two human cell

lines measured with in situ Hi-C. Follow-up work can apply Capricorn to more available Hi-C cell line data

and study the impact of training data size. This work could also apply Capricorn to a cross-species transfer

learning setting, such as applying the model to mouse data after training only on human data. Another

generalizability study could apply a model trained on in situ Hi-C data to other experimental contact matrix

types, such as micro-C [198, 199].

In conclusion, Capricorn is a method that simulates prohibitively expensive, high-quality biological data

from their less expensive, lower-quality counterparts. While experimental data are still the gold-standard in

biology, this provides an important tool for labs with realistic computational constraints to simulate high-

coverage studies. This simulation is a very important step to enable subsequent analyses that fail on low-

coverage input data, as I have shown with chromatin loop calling. Therefore, further work on generating

high-cost data from low-cost data remains an important research direction for the field.
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Chapter 5

Gemini: Biological network integration

Finally, I turn to a different source of biological data cost: expert curation. This chapter contains work

previously published in Woicik et al. [28]1.

The best trusted, highest quality biological datasets are usually carefully curated to capture an appro-

priate breadth and depth of examples, where “appropriate” is defined by domain experts performing the

curation. While these resources generally represent the gold standard in biological data, there are still some

important drawbacks to keep in mind. First, and perhaps most obviously, this curation process is expensive.

Crowdsourced annotation, while feasible in some areas like computer vision with natural images, cannot be

applied to most biological topics. (While I can distinguish a cat from a dog, I can’t tell you which numerical

vector is the profile of a red blood cell and which measures a neuron.) Compensating experts for their time

and knowledge is therefore a major cost of curation. Second, repositories take time to curate, leading to

temporal bias. This can prevent recent discoveries from appearing in the curated repository even when the

high-quality results are publicly available. Lastly, the curators will naturally impose their beliefs in what

constitutes high-quality and how to weigh different sources of evidence. While this can often be benefi-

cial, it nevertheless can have unforeseen impacts on the resulting repository, particularly in the era of deep

learning.

However, using lightly curated or even uncurated experimental data also comes with its own set of draw-

backs. I focus on three main challenges: first, there are many possible experiments to use as data sources,

1As part of this work, I contributed to conceptualizing the setting and experiments; I also conducted experiments, wrote the
manuscript, and designed the figures.
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and the data are often extremely large; second, many experiments likely contain redundant information;

third, the associated experimental metadata may be insufficient to identify what datapoints are repeated.

In this chapter, I specifically focus on the application of uncurated experimental gene network analysis,

where every node in a graph corresponds to a gene and edges indicate some sort of experimentally-derived

gene-gene relationship, such as co-expression or physical interaction.

To best leverage uncurated gene network repositories, I proposed Gemini [28], a memory-efficient

method to automatically identify and balance unique sources of information from a massive, heterogeneous,

and uncurated gene network dataset2. More specifically, Gemini performs network integration and produces

an embedding representation for each gene, which can then be used for many downstream tasks of interest.

Gemini approximates the uniqueness of each input network and uses high-order pooling to represent and

weight each network according to its redundancy.

We show that, for a human protein function prediction downstream task, Gemini leads to a more than

10% improvement in F1 score, 15% improvement in micro area under the precision-recall curve (AUPRC),

and 63% improvement in macro-AUPRC by integrating hundreds of experimental networks from BioGRID

[46], and that Gemini’s performance significantly improves when more networks are added to the input net-

work collection, while Mashup [200, 201] and BIONIC [202] embeddings’ performance degrades. Gemini

enables memory-efficient and informative network integration for large gene networks, and can be used to

massively integrate and analyze networks in other domains.

5.1 Biological network integration

Biological networks can provide insights into the underlying mechanisms of human diseases [203–213],

cell differentiation [214, 215], and protein essentiality [216]. As high-throughput functional genomic

screens have become more accessible, many large-scale biological networks have been produced, including

protein-protein interaction (PPI) networks [217–220], genetic interaction networks [221], metabolic net-

works [222, 223], disease networks [224, 225], and patient similarity networks [212]. The experimentally-

derived networks capture valuable information about the underlying biological system. However, each in-

dividual network is noisy and incomplete. Network integration methods seek to denoise the underlying

2The code used in this chapter is available at https://github.com/MinxZ/Gemini.
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biological patterns and pool information from different types of biological networks, which can contain

heterogeneous information about the underlying biology based on study conditions and experimental mea-

surement techniques, and thereby improve understanding of gene biology [226]. Importantly, some kinds of

networks may be less common than others, such as those derived from functional screens with more expen-

sive equipment. These rare networks may still contain high-quality genetic patterns that are informative for

many biological prediction tasks.

Gene networks, where each vertex represents a gene, are one common type of biological network. Such

gene networks can be derived from many different experimental sources, including genetic interaction [221],

co-expression [227], physical interaction [228], and co-localization [229], among many others. These dif-

ferent types of experimental data show different patterns, which can enhance our biological understanding

of genes [216, 230]. In addition, gene networks are often very large, containing several thousand genes

each. In this work, we focus on unsupervised network integration methods, which can be broadly applicable

for many biological tasks without the need for retraining and which learn gene-gene relationships directly

from the interactome, thereby avoiding a bias towards known, labeled genetic interactions [231]. Although

unsupervised network integration is an active and prolific area of research, including matrix decomposition

approaches [200, 201, 212], deep-learning approaches [202, 232–234], kernel-based approaches [235, 236],

and regression-based approaches [237, 238], many existing network integration methods cannot scale to

hundreds of genome-scale gene networks. For example, the BioGRID [46] human gene network collection

contains 895 gene networks, and jointly storing all network diffusion states [239, 240] would require 2.77

TB of memory. Network integration methods must therefore be very memory-efficient in order to be applied

to these data. The scalability challenge, while already a significant constraint for large network collections,

is also likely to worsen, as improved high-throughput screening technology enables more measurements for

more genes under more conditions. It is therefore critical that gene network integration methods be scalable

to increasing numbers of networks and of genes.

Moreover, existing state-of-the-art unsupervised network integration methods for massive biological

datasets, such as Mashup [200, 201, 241], assume that important biological signal for a given gene is evenly

distributed across networks in the dataset. Although this may hold for smaller, expertly-curated network

collections, this is unlikely to extend to hundreds of networks, and is not the case in large interactome
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Figure 5.1: Illustration of unevenly measured networks for different types of latent experimental vari-
ation. Each axis considers different sources of possible variation. Circles represent networks contained in
the repository. Along each axis of variation, the distribution of networks is highly non-uniform.

datasets that measure diverse genetic properties [242]. Intuitively, different types of networks, such as co-

expression and co-localization [243], can encode different features of a gene. Furthermore, measurements

taken from different experimental conditions, such as diseased versus healthy or in vitro versus in vivo, can

also contain complementary information about the underlying genetic system. We can imagine many latent

sources of variation in heterogeneous gene network repositories (Figure 5.1); however, these may not be

well annotated, particularly for lightly curated datasets.

Importantly, networks derived from rare measurement assays or unusual cell line disease models may

reflect conditions that are more expensive to study or culture, and therefore less well studied, but equally

high quality as the more redundant experiments. Therefore these unique networks might be even more

valuable than the repeated networks due to their added marginal information. This presents two diverging

ways in which to consider uniqueness in a network repository: traditional network integration methods often

view rare networks as low-quality outliers, less likely to be trustworthy and therefore to have minimal impact

on the learned patterns; we view rare networks as sources of unique and valuable information, and therefore

try to account for network redundancy during the learning process.

To jointly handle the massive scale of gene network repositories and the latent redundancy of many

networks we present Gemini, an unsupervised network integration approach that has a memory-complexity

that is constant to the number of networks. Our key idea is to represent the diffusion state of each network

as a vector using fourth-order kurtosis pooling. We then weight each network by an approximation of

its uniqueness using this vector, which serves as a more memory-efficient surrogate for the full diffusion
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Figure 5.2: Overview of Gemini algorithm. Given a set of input networks, Gemini uses random walk
with restart to compute the diffusion states. Gemini then uses fourth-order kurtosis pooling of the diffusion
state matrix as the feature vectors to cluster all networks. Gemini assigns each network a weight inversely
proportional to its cluster size. It then randomly samples pairs of networks according to their weights.
These pairs of diffusion state matrices are then mixed-up to create a new simulated network collection that
more evenly covers the possible diffusion states. We finally aggregate the synthetic dataset and perform an
efficient singular value decomposition to produce embeddings for all vertices in the network collection.

state representation. We then simulate many new networks by sampling and mixing-up original networks

according to the uniqueness-based weights (Figure 5.2). This simulation process enables users to either

obtain more networks for a more robust integration or consider fewer representative networks for a shorter

running time.

We evaluate Gemini on network-based protein function prediction, which has been extensively used to

assess biological network integration methods [200, 201, 230, 232, 233, 235–238, 241, 244–249]. When

integrating hundreds of human gene networks, we found that Gemini outperforms existing network inte-

gration methods by more than 10% in F1 score, 15% in micro-AUPRC, and 63% in macro-AUPRC. Most

importantly, we found that the quality of Gemini’s embeddings improved by 15% with respect to down-
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stream micro-AUPRC when additional human networks were added to the dataset, while Mashup’s [201]

performance degraded by 4%. Gemini can therefore balance the many different sources of biological infor-

mation in the final embeddings while maintaining computational scalability, and can be broadly applied to

networks both within and outside of biology for efficient integrative analysis.

5.2 Methods

5.2.1 Problem definition

We define our input dataset of M networks as G(M) = {G1, G2, . . . , GM}, where all Gi have the same n

vertices and can be represented by their adjacency matrix Ai. Each network Gi may or may not be weighted

or directed. Gemini then outputs an embedding for each vertex, Z ∈ Rn×d, where d is a user-defined

embedding dimension, and the embedding z⃗j can be used as the feature vector for vertex j in downstream

tasks.

5.2.2 Review of Mashup

Gemini’s skeleton is based on the memory-efficient version of Mashup [201], the state-of-the-art network

integration approach with memory complexity that is constant in the number of networks and quadratic in

the number of nodes, which is critical when integrating hundreds of large networks. Fundamentally, Mashup

contains three important steps:

1. Compute the diffusion state for each network using random walk with restart (RWR);

2. Integrate the diffusion state for each network;

3. Decompose the integrated states with singular value decomposition (SVD).

In the first step, the diffusion state is calculated from each network’s transition matrix Ti using the RWR

algorithm, iteratively computing the state for vertex j in network i as

r⃗ij
(t+1) = (1− α)Ti

⊤r⃗ij
(t) + αe⃗j r⃗ij = r⃗ij

(∞) ∈ Rn, (5.1)
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where α is a user-specified restart probability and e⃗j is a standard basis vector, and r⃗ij [k] is the probability

assigned to vertex k given starting state j in network i. For notational simplicity, we denote the RWR

diffusion matrix for all vertices in network i as Ri ∈ Rn×n.

In the second step, Mashup integrates the M diffusion state matrices with concatenation, with P =

[R1, . . . ,RM] ∈ RMn×n. In the third and final step, Mashup computes the embedding z⃗i ∈ Rd for the ith

vertex as

UΣV = SVDtrunc
(
[log(R1), . . . , log(RM)]

)
(5.2)

z⃗i =
√
σiv⃗i, (5.3)

where SVDtrunc indicates the truncated SVD, and σi is the ith singular value and vi is the ith right singular

vector of the concatenated log-transformed RWR matrices. To reduce memory usage, Mashup uses the

identity that the eigenvectors of A⊤A are the same as the right singular vectors of A. Therefore, rather than

the O(Mn2) memory requirement for (5.2), we can instead compute

Q =
[
log(R1), . . . , log(RM)

]⊤[
log(R1), . . . , log(RM)

]
=

M∑
i=1

log(Ri)
⊤ log(Ri), (5.4)

which can be summed one network at a time, thereby only requiring O(n2) memory. Finally, Mashup takes

z⃗i = (λi)
1/4ν⃗i, where ν⃗i is the ith eigenvector of Q and λi is the corresponding eigenvalue, to efficiently

compute the ith vertex embedding.

Although this enables fast and scalable integration of large networks, the concatenation of all diffusion

state matrices in the second step introduces several important limitations. First, Mashup evenly weights

information from all networks during the integration step. When applied to increasingly large number of

networks without extensive preprocessing and curation, redundant networks may therefore dominate the

downstream embeddings. Second, the networks contained in the input dataset are unlikely to cover the set

of possible and reasonable inputs. Therefore, further pooling information from different networks could be

useful for further improving downstream vertex embeddings. We aim to address these limitations by refining
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the second step with Gemini. Gemini maintains the same first step and third step as Mashup.

5.2.3 Efficient network similarity calculation

Rather than equally combining all networks in the final vertex embedding computation, Gemini weights

networks according to their uniqueness, while maintaining efficient memory usage for the large network

collection. Mean squared error (MSE) is a widely-used similarity measurement metric. It can therefore be

used to quantify the similarity of input networks Gp and Gq based on their diffusion states as

δmse(Rp,Rq) = ∥Rp −Rq∥2F . (5.5)

However, in real-world gene network collections there may be too many large networks to run this compu-

tation efficiently. Instead, we use RWR to construct a probability distribution centered around the starting

vertex, and then quantify the dispersion to each vertex according to its kurtosis, the fourth standardized

moment. Compared to low-order pooling (e.g., mean and variance), kurtosis can better capture the tailed-

ness of the diffusion distribution, which can help quantify both global- and local centrality of each vertex in

the network, thereby compactly representing its structure. We hypothesize that high-order pooling yields a

good approximation for δmse(Rp,Rq) in our real-world datasets, and chose a fourth-order kurtosis pooling.

Specifically, we approximate δmse(Rp,Rq) with

δkurt(Rp,Rq) =∥kurt(Rp)− kurt(Rq)∥22, (5.6)

kurt(Ri)[j] =

1
n

∑n
k=1

(
r⃗ik[j]−

(
1
n

∑n
l=1 r⃗il[j]

))4
(

1
n

∑n
k=1

(
r⃗ik[j]− ( 1n

∑n
l=1 r⃗il[j])

)2)2 (5.7)

for j ∈ {1, . . . , n}. Using the kurtosis pooling, we then compute network similarity with δkurt(·) in an

O(n) space, rather than an O(n2) space, enabling more network representations to be loaded in memory

simultaneously and thereby speeding computation.
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5.2.4 Network weighting according to uniqueness

To identify groups of redundant networks, we then run the affinity propagation clustering algorithm [250] on

the kurtosis representations. This does not require a prespecified number of clusters, but instead computes

the number of clusters C based on the data. Therefore, if the dataset is already uniformly distributed (all

networks are sufficiently dissimilar), they will not be clustered together; however, if the input dataset con-

tains redundancies then similar networks, as defined by (5.6), will be more likely to cluster together. This

step assigns each network to one of the C clusters computed by the algorithm as

c⃗ ∈ {1, . . . , C}M = affn prop(kurt(R1), . . . ,kurt(RM )). (5.8)

Finally, using Nc to denote the number of input networks assigned to cluster c, for all networks i ∈

{1, . . . ,M} we use propensity weighting to define the sampling probability distribution

p(i|⃗c[i] = c) =
1

CNc
. (5.9)

5.2.5 Diffusion state sampling with mixup

The second limitation that we sought to address is that the input network collections may be unevenly dis-

tributed. To address this, Gemini assumes that the diffusion states jointly parameterize a latent understanding

of gene similarity. Specifically, Gemini uses the the sampling distribution in (5.9) as an inverse probability

weighting [251]. This leads to instances from different clusters to be sampled equally frequently in expec-

tation. In order to construct a new dataset that can be tuned to the user’s computational resources, we then

construct new examples using mixup augmentation [252], simulating

Gi, Gj ∼ p(G|⃗c) (5.10)

R̃ = λRi + (1− λ)Rj (5.11)

for λ ∈ [0, 1] sampled uniformly-at-random. We repeat this process K times, where K is a hyperparameter

defined by the user based on their computational resources, to produce the simulated dataset R̃(K)
=

{R̃1, . . . , R̃K}, which can better represent possible diffusion state matrices for the input data than the
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original M networks. Although larger values of K improve the robustness of R̃, smaller values of K

enable users with limited computational resources to efficiently integrate input networks with a reduced

network collection size.

Using the simulated dataset R̃(K)
, we then repeat memory-efficient embedding step in (5.4) from

Mashup [201] to efficiently compute the vertex representations z⃗j for each vertex j. We linearly normalize

z⃗j [d] ∈ [0, 1] with min-max normalization [253]. As Gemini’s simulated, mixed-up network collection more

evenly covers the types of evidence included in the input networks, the vertex embeddings also contain a

more even sampling of evidence for all downstream tasks.

5.2.6 Application to protein function prediction

Biological network integration has been shown to work well in settings where guilt-by-association [254]

applies, meaning that connected nodes in the network demonstrate similar phenotypes of interest [255].

One such setting is protein function prediction, which has been used as an important application to validate

network integration approaches [200, 201, 232, 233, 235–238, 241, 244, 245, 248, 249]. We therefore

evaluate Gemini’s ability to efficiently generate informative embeddings from a heterogeneous set of input

networks using a protein function prediction task, classifying each vertex in a network to a subset of G

possible functions.

Given the vertex embeddings z⃗i, we predict the protein’s function yi ∈ [0, 1]G as

y⃗i = σ(fθ(z⃗i)) ∈ RG, (5.12)

where σ(·) represents the sigmoid function. We learn fθ(·) on a subset of the n protein embeddings learned

by the unsupervised network integration methods, and evaluate the embedding quality based on the remain-

ing proteins.

5.2.7 Network data repositories

We separately consider integration tasks for mouse, human, and yeast datasets to demonstrate Gemini’s

applicability to different species with different dataset and network sizes.
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BioGRID biological networks

We download the processed mouse, human, and yeast BioGRID [46] gene networks from Warde-Farley et al.

[256]. Each organism collection contains more than 400 networks (Table A.8). Importantly, the BioGRID

repository is lightly curated, using experimental vocabularies and text mining to identify networks that

should be included, as well as incorporating additional data from model organism databases [257]. However,

the inclusion criteria lead to many included networks and there is not subsequent network processing during

curation.

STRING biological networks

We also use gene networks from the STRING dataset [45], where edges indicate an association between

two genes based on co-expression data, experimental data, or curated datasets. We use the preprocessed

networks from Mashup [201], where network edges are weighted in [0, 1] according to the probability of

edge presence. Each organism has 6 STRING networks (Table A.8). Although the STRING database only

contains 6 networks for each species, they are carefully curated; in comparison, GeneMANIA’s BioGRID

dataset has many more networks for each species, but they are also more noisy.

GOA protein function annotations

We use the Gene Ontology Annotation (GOA) database [258, 259] for the downstream protein function

prediction task. The GOA dataset comprises G = (16,626, 21,655, 8,387) total protein function labels for

mouse, human, and yeast respectively. To further investigate results, we can stratify GO terms according

to the three GO sub-ontologies: biological process (BP), molecular function (MF), and cellular component

(CC). The size of different sub-ontologies is given in Table A.9.

5.2.8 Comparison approaches

We compare Gemini to the Mashup network integration model [201], which can scale to many hundreds of

input networks with reasonable computational power. Importantly, we use the memory-efficient version of

Mashup that computes integrated gene embedding features with the eigendecomposition in (5.4), rather than

the learnable objective that cannot scale to our datasets. We also compare to BIONIC [202], which uses a
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graph attention network to produce integrated gene embeddings, for yeast networks as well as human and

mouse networks in the STRING collection. Given the large number of networks and size of each network

(Table A.8), BIONIC is unable to scale to the mouse and human BioGRID datasets. Finally, we compare

to gene embeddings produced from the network collection’s average adjacency matrix, Ā = 1
M

∑M
i=1Ai.

Specifically, we consider the principal component analysis (PCA) [103] decomposition of Ā, the truncated

SVD of Ā, and Mashup random walk smoothing and eigendecomposition applied to Ā.

5.2.9 Experimental settings

We use α = 0.5 for the restart probability in (5.1) and an embedding dimension d = 400 for mouse and

human, and d = 200 for yeast. During Gemini’s clustering stage, we use Affinity Propagation [250] with a

damping factor of 0.875, which we found to converge empirically. We train the BIONIC embeddings using

the model defaults wherever possible with respect to GPU memory; for other methods, hyperparameters

shared by multiple models use the same configurations to facilitate method comparison. Further discussion

of method hyperparameters is provided in Section A.3.2. For each species’ experiment, we use five-fold

cross validation, where 80% of the data is seen during training of each fold. We divide that 80% into a

further 80% training and 20% validation set to select the best number of training epochs, use a batch size of

64, and terminate training when the validation loss has not achieved a new global minimum for 50 epochs.

We use the same protein function prediction model in (5.12) for all network integration models, where fθ(·)

is implemented as a multi-layer perceptron (MLP) with two hidden layers, with 200- and 100-hidden units

respectively, rectified linear unit (ReLU) activation functions, and trained with cross entropy loss.

We use the BIONIC Github repository3 for the BIONIC experiments; we re-implemented the Mashup

algorithm, and built Gemini around the same framework.

5.2.10 Evaluation metrics

We evaluate the models’ embedding quality in terms of their test performance on the downstream protein

function prediction task. Since this is an imbalanced classification problem, we consider maximum F1,

which is the F1 score with the optimal probability threshold for the model, macro-AUPRC, and micro-

3Github: https://github.com/bowang-lab/BIONIC.
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AUPRC.

5.3 Results

5.3.1 Gemini improves downstream protein function prediction on BioGRID

We found that Gemini substantially outperformed the comparison approaches [200, 201] on the BP, MF,

and CC sub-categories of the GOA annotations for all three species (Figure 5.3) by integrating hundreds

of networks from BioGRID. Gemini has the largest improvement on human, where it has an average test

F1 score of 0.46, macro-AUPRC of 0.10, and micro-AUPRC of 0.45, compared to 0.42, 0.06, and 0.39

for the best-performing baseline respectively. The mouse dataset also has a similar improvement, while

the yeast improvement is significant but more modest. Since human and mouse networks are larger than

yeast networks, this indicates the importance of weighting networks, especially in large network collections.

Furthermore, we find that BIONIC and Mashup both struggle on this BioGRID network integration task;

BIONIC’s Graph Convolutional Network (GCN) framework may struggle with the relatively dense networks

(Table A.8), while Mashup uses the network-specific weight in the SVD computation in (5.2) to model the

more unique networks, rather than incorporating the information in the gene vertex embeddings. Gemini

addresses these challenges by more evenly sampling different types and combinations of networks, thereby

incorporating rare network information into the vertex embeddings as well as the network embeddings.

5.3.2 Gemini effectively integrates networks from BioGRID and STRING

We next evaluated Gemini’s performance on integrating all networks from BioGRID and STRING. We

repeated the protein function classification task using the GOA database, comparing the quality of the em-

beddings learned from the STRING network collection, the BioGRID network collection, and the union of

the STRING and BioGRID network collections. In such a setting, the union of the two network collec-

tions is a superset of the individual collection, and we therefore expect it to contain more information than

either collection alone without removing any of the information. We would therefore hope that a network

integration method would perform better on the combined network collections than either of the collections

alone.
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Figure 5.3: Performance of protein function prediction by integrating networks from BioGRID, strat-
ified by GO sub-ontology. a-i, Barplot of model performance for protein function prediction task, divided
into the BP, MF, and CC sub-ontologies of GOA. Comparison of Mashup, BIONIC, Mashup on Ā, PCA
on Ā, SVD on Ā, and Gemini on mouse (a-c), human (d-f), and yeast (g-i) species. We consider F1 score
(a,d,g), macro-AUPRC (b,e,h), and micro-AUPRC (c,f,i), where higher values indicate better performance
and error bars indicate standard error over five test folds; one-sided paired t-test comparison with Mashup is
also shown (∗ indicates p-value < 5e−4, ∗∗ indicates p-value < 5e−5, and ∗∗∗ indicates p-value < 5e−6).

We find that Gemini achieves peak performance on the combined dataset, indicating that it effectively

makes use of all networks from two different sources (Figures 5.4) and A.17). In particular, Gemini has

a maximum F1 score of 0.62 on the combined yeast dataset, compared to 0.55 for Mashup. Furthermore,

this improves compared to both Gemini’s F1 score of 0.56 on the STRING and 0.61 on the BioGRID

databases individually. As an important comparison point, we find that Mashup consistently performs best

when embeddings are learned only from the STRING networks. We hypothesize that the curated STRING

networks are all sufficiently diverse and high-quality that Gemini’s high-order pooling for network unique-

ness and subsequent network-mixup are not helpful in this setting. However, Mashup’s downstream protein

function annotation quality degrades when the BioGRID networks are also included. Specifically, while
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Figure 5.4: Downstream protein function prediction performance comparison for network integration
with the BioGRID and STRING collections. a-c, Barplots comparing Mashup, BIONIC, and Gemini
network integration quality on the STRING, BioGRID, and union of STRING and BioGRID network col-
lections, evaluated based on the average performance of the downstream protein function prediction task
on GOA. BIONIC does not have BioGRID or STRING+BioGRID results for mouse or human due to GPU
memory constraints. Results for mouse, human, and yeast experiments are shown. Test set performance
is measured with the maximum F1 score (a), macro-AUPRC (b), and micro-AUPRC (c). Higher values
indicate better performance; errors bars indicate the standard error over five test folds.

Gemini’s macro-AUPRC performance improves by more than 40% when yeast BioGRID networks aug-

ment the STRING input (one-sided t-test p-value < 5e−6 for improvement over STRING alone, p-value

< 5e−3 for improvement over BioGRID alone), Mashup’s performance decreases by 71% (one-sided t-test

p-value < 5e−9 compared to STRING alone). Furthermore, Gemini’s STRING+BioGRID integrated gene

embeddings outperform Mashup’s STRING integrated embeddings, indicating the downstream benefit of

additional, if noisy, networks. Gemini’s strong performance when integrating hundreds of networks from

many sources demonstrates Gemini’s wide applicability for integrating the accumulating and continually-

generated biological networks.

5.3.3 Kurtosis similarity reflects biological similarity

Finally, we sought to further understand the promising performance of Gemini by validating its hypotheses

and network representations. Gemini is based on the belief that similar networks reflect biological similar-

ity. We considered the t-Stochastic Neighbor Embedding (t-SNE) [260] of the human BioGRID network’s
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Figure 5.5: Gemini feature analysis on BioGRID networks. a, t-SNE embeddings of kurtosis vector
representations for the BioGRID human dataset, colored by the type of biological evidence used to construct
that network, with an adjusted Rand index (ARI) of 0.48. b, The average macro-AUPRC (higher is better)
with increasing numbers of mixed-up networks K for each species across 5 random seeds, compared to
Mashup on the BioGRID dataset. c, Barplot of downstream protein prediction F1 score (higher is better) for
mean-, variance-, skewness-, and kurtosis-based network similarity approximations, with Mashup included
as a reference, on the BioGRID networks. Error bars indicate standard error over five test folds.

kurtosis representations, and compared these to the evidence type encoded in the GeneMANIA filenames

[237, 256]. We found that the t-SNE space largely clustered according to the type of network (Figure 5.5a).

We found that the affinity-propagation-based clustering of kurtosis vectors had an adjusted Rand index (ARI)

[261] of 0.48 for the human dataset, relative to a random cluster assignment ARI of 0, indicating that similar

kurtosis representations corresponded to similar biological evidence. Importantly, Gemini was able to au-

tomatically detect these similarities, both enabling networks with common patterns from different types of

biological evidence to be grouped together and automatically separating different clusters of networks that

may not be manually annotated with biologically-relevant subtype labels.

We also evaluated the impact of the size K of the synthetic, mixed-up dataset of diffusion state matrices

that Gemini generates as an intermediate step on the downstream protein function prediction performance.

We expected that larger dataset sizes would improve downstream performance, but that smaller values of

K would enable users with smaller computational budgets to compute vertex embeddings. If necessary, we

can set K < M , reducing the number of networks in the SVD computation compared to the input dataset,

and making Gemini run potentially faster than Mashup depending on the computational resources available.

We varied K from 0.03125 to 2M and found that, as expected, larger values of K lead to better downstream
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performance for all species (Figure 5.5b), although smaller values of K can still perform relatively well

in resource-limited settings. For instance, the Gemini model with K = 0.03125M (28 networks) on the

human dataset has an F1 score 89% of the model trained with K = M , and this increases to 95% with

K = 0.0625M (56 networks).

Finally, we analyzed the choice of kurtosis pooling by approximating network similarity using different

moments. In addition to kurtosis, we compared protein prediction performance based on network similarity

approximations using the first moment, with the mean of the diffusion distribution r⃗ik[j]; the second central

moment, with the variance of r⃗ik[j]; and the third standardized moment, with the skew of r⃗ik[j]. We found

that kurtosis and skewness, the fourth and third standardized moments, consistently performed best on all

species (Figure 5.5c), and kurtosis featurization significantly outperforms all other representations (one-

sided paired t-test with Bonferroni correction, p-value < 1e−17, 1e−13, 1e−7 for mean, variance, and

skewness respectively). This validates our intuition that higher-order pooling can better capture both global

and local network structure, compared to low-order pooling measures like mean and variance.

5.4 Discussion

In this chapter I have presented Gemini [28], a memory-efficient network integration method for large-scale

and heterogeneous biological networks. We construct a kurtosis-based pooling of the diffusion state to

cover different types and combinations of biological evidence, and use this vector to effectively weight each

network. Although we address the under- and over-representation of different types of evidence, Gemini

considers cluster membership, and therefore similarity, at the network-level. Future work could extend

this notion to a vertex-based similarity, where two networks could be considered similar for some genes

and different for others. Furthermore, as Gemini will weight unique networks more heavily than repetitive

networks, outlier detection methods based on Gemini’s kurtosis-pooled network representations could be

employed to remove particularly noisy or adversarial networks from consideration. Finally, future rigorous

comparisons to supervised baselines across a variety of downstream tasks would further demarcate the

benefit that Gemini and other unsupervised models can convey for gene network integration.

Method’s like Gemini therefore provide some path towards approximate automatic curation. By learn-

ing to identify and balance different types of information and relationships in a very large and heterogeneous
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dataset, Gemini automatically performs a form a curation at very low cost (theoretical and practical compu-

tational costs analysis is provided in Section A.3.4). Such tools can also be incorporated into the curation

process itself; for instance, the “experimental” network incorporated in the STRING [45] network database

is itself based on data from sources including BioGRID [46]. Future curation pipelines could incorporate

advice from approximate automatic curation methods like Gemini to serve as a starting point for network

integration or to sift through massive amounts of input data, thereby reducing the expert’s workload. Gemini

can therefore reduce curation costs while maintaining high accuracy in the network integration setting, and

suggests possibilities for future work in approximate automatic curation.
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Chapter 6

Conclusion

Over the course of this thesis, I have shown how computational methods can simulate high-quality data-

points from low-cost inputs. The three works I discuss here have spanned many biological data types and

applications, and acknowledged the varied challenges presented in each area. However, all the biological

experiments presented here have been fundamentally limited by the high costs associated with obtaining

high-quality biological data. I hope to have shown the reader that these high costs are inherently prohibitive

to conducting all of the high-quality experiments that scientists are keen to study, but also convinced them

that in silico data generation is well poised to assist in biological hypothesis generation and experimental

prioritization.

In Chapter 3, I presented the Sagittarius model [26] for temporal and combinatorial extrapolation in

genomic time series. Sagittarius mitigates costs both stemming from long-running experimental studies

and the untestably large number of possible experimental combinations to measure. I also showed not only

that Sagittarius’s simulations are accurate, obtaining low error and high correlation with held-out test mea-

surements, but also that these simulated datapoints demonstrate sizeable potential for biological hypothesis

generation. Sagittarius was able to extrapolate datapoints that reflected our understanding of organogenesis

and senescence, aligning with other, more expensive datasets to specifically study those conditions, even

though Sagittarius was never exposed to these data. To further highlight its practical applications as a bio-

logical hypothesis generation tool, Sagittarius identified drug repurposing opportunities from untested drug

and cell line applications, several of which were supported in the literature. Finally, I demonstrated the flexi-
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bility of Sagittarius’s framework by applying the model to cancer patient somatic mutation profiles, grouped

by cancer type in a time-series formulation. I was then able to use Sagittarius to simulate tumorigenesis,

which would require hugely expensive, large-scale longitudinal studies to conduct in vivo.

I then moved on to the Capricorn model [27] in Chapter 4, focusing on contact matrix resolution en-

hancement to simulate high-quality measurements from lower-cost, lower-quality datapoints. Given dat-

apoints from a small number of high-cost, high-quality experiments were were able to train a model that

can enhance lower-coverage measurements during inference. Importantly, I again demonstrated that the in

silico contact matrices were useful for identifying biologically relevant patterns. Here, I focused on whether

Capricorn correctly identified and enhanced small-scale structural features from the low-coverage input data,

and found that the model was able to identify chromatin loops found in their high-coverage counterparts that

could not be directly identified from the low-coverage data with existing loop calling tools, and that these

loops were further supported by the DNA sequence and other experimental assays.

Finally, I discussed the Gemini model [28] in Chapter 5. Here, I broadened the view on experimen-

tal costs of biological data to include expert curation, specifically focusing on gene network repositories.

Gemini balances a largely ideal but very costly solution of total expert curation with a very noisy but cheap

solution of minimal-to-no curation, and proposes a notion of automatic approximate curation instead. I

show that Gemini’s method of identifying unique source of information in a large, imbalanced, and under-

annotated set of networks also led to improved gene representations for downstream hypothesis generation

tasks like protein function prediction.

I emphasize that none of my findings suggest that experimental data generation and validation are unim-

portant or unnecessary; on the contrary, I believe that they are the most critical components of the biological

analysis pipeline. In an ideal world, there would be no need or use case for the methods developed here.

However, these critical components come with high associated costs, and a pragmatist realizes that not every

experiment can be run. I view this as one of the most exciting avenues for in silico biological generation: a

guidepost towards which experimental roads might be the most interesting or beneficial to investigate.

These avenues point to other biological and medical applications that could benefit greatly from in silico

generation approaches. For instance, high-cost medical application parameters can be optimized using low-

cost simulated datasets that make use of already-available resources [262]. Future work can also focus
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on multimodal profile integration, such as better representing a patient’s rare disease state by capturing

available information across clinical imaging, lab tests, and electronic health record data, or by combining

different types of disease models (e.g., cell line, organoid, xenograft) to holistically analyze human health

and disease.

Furthermore, additional lines of research should improve the robustness of the loop between computa-

tional data synthesis and hypothesis generation by investigating which experimentally-generated datapoints

would be most useful for future work. By combining principles from active learning [263], mutual infor-

mation estimation [264] and datapoint influence functions [265] with economic cost-benefit analyses [266],

computational scientists could request the most beneficial in vitro or in vivo data samples to strengthen future

in silico predictions, thereby tightening and iterating on the biological hypothesis generation loop.
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Nicholas Joseph, Sam McCandlish, Jared Kaplan, and Samuel R Bowman. Studying large language

model generalization with influence functions. August 2023.

[26] Addie Woicik, Mingxin Zhang, Janelle Chan, Jianzhu Ma, and Sheng Wang. Extrapolating heteroge-

neous time-series gene expression data using sagittarius. Nature Machine Intelligence, 5(7):699–713,

June 2023.

[27] Tangqi Fang, Yifeng Liu, Addie Woicik, Minsi Lu, Anupama Jha, Xiao Wang, Gang Li, Borislav

Hristov, Zixuan Liu, Hanwen Xu, William S Noble, and Sheng Wang. Enhancing Hi-C contact

matrices for loop detection with capricorn, a multi-view diffusion model. Bioinformatics, 40(40

Suppl 1), June 2024.

[28] Addie Woicik, Mingxin Zhang, Hanwen Xu, Sara Mostafavi, and Sheng Wang. Gemini: memory-

efficient integration of hundreds of gene networks with high-order pooling. Bioinformatics, 39(39

Suppl 1):i504–i512, June 2023.

[29] Zhong Wang, Mark Gerstein, and Michael Snyder. RNA-Seq: a revolutionary tool for transcrip-

tomics. Nat. Rev. Genet., 10(1):57–63, January 2009.

[30] Meenakshi S Kagda, Bonita Lam, Casey Litton, Corinn Small, Cricket A Sloan, Emma Spragins,

Forrest Tanaka, Ian Whaling, Idan Gabdank, Ingrid Youngworth, J Seth Strattan, Jason Hilton, Jen-

nifer Jou, Jessica Au, Jin-Wook Lee, Kalina Andreeva, Keenan Graham, Khine Lin, Matt Simison,

Otto Jolanki, Paul Sud, Pedro Assis, Philip Adenekan, Eric Douglas, Mingjie Li, Pedro Assis, Keenan

Graham, Paul Sud, Stuart Miyasato, Weiwei Zhong, Yunhai Luo, Zachary Myers, J Michael Cherry,

and Benjamin C Hitz. Data navigation on the ENCODE portal. April 2023.

[31] Allison Piovesan, Francesca Antonaros, Lorenza Vitale, Pierluigi Strippoli, Maria Chiara Pelleri, and

Maria Caracausi. Human protein-coding genes and gene feature statistics in 2019. BMC Res. Notes,

12(1):315, June 2019.

122



[32] Ivana Bozic, Tibor Antal, Hisashi Ohtsuki, Hannah Carter, Dewey Kim, Sining Chen, Rachel

Karchin, Kenneth W Kinzler, Bert Vogelstein, and Martin A Nowak. Accumulation of driver and pas-

senger mutations during tumor progression. Proc. Natl. Acad. Sci. U. S. A., 107(43):18545–18550,

October 2010.

[33] Alison Sinclair. Genetics 101: detecting mutations in human genes. CMAJ, 167(3):275–279, August

2002.

[34] Michael R Waarts, Aaron J Stonestrom, Young C Park, and Ross L Levine. Targeting mutations in

cancer. J. Clin. Invest., 132(8), April 2022.

[35] Zhijun Duan, Mirela Andronescu, Kevin Schutz, Choli Lee, Jay Shendure, Stanley Fields, William S

Noble, and C Anthony Blau. A genome-wide 3c-method for characterizing the three-dimensional

architectures of genomes. Methods, 58(3):277–288, November 2012.

[36] Jinlei Han, Zhiliang Zhang, and Kai Wang. 3C and 3c-based techniques: the powerful tools for spatial

genome organization deciphering. Mol. Cytogenet., 11:21, March 2018.

[37] Job Dekker, Karsten Rippe, Martijn Dekker, and Nancy Kleckner. Capturing chromosome conforma-

tion. Science, 295(5558):1306–1311, February 2002.

[38] Marieke Simonis, Petra Klous, Erik Splinter, Yuri Moshkin, Rob Willemsen, Elzo de Wit, Bas van

Steensel, and Wouter de Laat. Nuclear organization of active and inactive chromatin domains uncov-

ered by chromosome conformation capture-on-chip (4c). Nat. Genet., 38(11):1348–1354, November

2006.

[39] Josée Dostie, Todd A Richmond, Ramy A Arnaout, Rebecca R Selzer, William L Lee, Tracey A Ho-

nan, Eric D Rubio, Anton Krumm, Justin Lamb, Chad Nusbaum, Roland D Green, and Job Dekker.

Chromosome conformation capture carbon copy (5c): a massively parallel solution for mapping in-

teractions between genomic elements. Genome Res., 16(10):1299–1309, October 2006.

[40] Melissa J Fullwood, Mei Hui Liu, You Fu Pan, Jun Liu, Han Xu, Yusoff Bin Mohamed, Yuriy L Orlov,

Stoyan Velkov, Andrea Ho, Poh Huay Mei, Elaine G Y Chew, Phillips Yao Hui Huang, Willem-Jan

123



Welboren, Yuyuan Han, Hong Sain Ooi, Pramila N Ariyaratne, Vinsensius B Vega, Yanquan Luo,

Peck Yean Tan, Pei Ye Choy, K D Senali Abayratna Wansa, Bing Zhao, Kar Sian Lim, Shi Chi

Leow, Jit Sin Yow, Roy Joseph, Haixia Li, Kartiki V Desai, Jane S Thomsen, Yew Kok Lee, R Kr-

ishna Murthy Karuturi, Thoreau Herve, Guillaume Bourque, Hendrik G Stunnenberg, Xiaoan Ruan,

Valere Cacheux-Rataboul, Wing-Kin Sung, Edison T Liu, Chia-Lin Wei, Edwin Cheung, and Yijun

Ruan. An oestrogen-receptor-alpha-bound human chromatin interactome. Nature, 462(7269):58–64,

November 2009.

[41] Erez Lieberman-Aiden, Nynke L van Berkum, Louise Williams, Maxim Imakaev, Tobias Ragoczy,

Agnes Telling, Ido Amit, Bryan R Lajoie, Peter J Sabo, Michael O Dorschner, Richard Sand-

strom, Bradley Bernstein, M A Bender, Mark Groudine, Andreas Gnirke, John Stamatoyannopoulos,

Leonid A Mirny, Eric S Lander, and Job Dekker. Comprehensive mapping of long-range interactions

reveals folding principles of the human genome. Science, 326(5950):289–293, October 2009.

[42] Tsung-Han S Hsieh, Assaf Weiner, Bryan Lajoie, Job Dekker, Nir Friedman, and Oliver J Rando.

Mapping nucleosome resolution chromosome folding in yeast by Micro-C. Cell, 162(1):108–119,

July 2015.

[43] Sarah B Reiff, Andrew J Schroeder, Koray Kırlı, Andrea Cosolo, Clara Bakker, Luisa Mercado,

Soohyun Lee, Alexander D Veit, Alexander K Balashov, Carl Vitzthum, William Ronchetti, Kent M

Pitman, Jeremy Johnson, Shannon R Ehmsen, Peter Kerpedjiev, Nezar Abdennur, Maxim Imakaev,
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Lee, Rene Sit, Davis P Lee, Patricia Morán Losada, Macy E Zardeneta, Tobias Fehlmann, James T

Webber, Aaron McGeever, Kruti Calcuttawala, Hui Zhang, Daniela Berdnik, Vidhu Mathur, Weilun

Tan, Alexander Zee, Michelle Tan, Tabula Muris Consortium, Angela Oliveira Pisco, Jim Karkanias,

Norma F Neff, Andreas Keller, Spyros Darmanis, Stephen R Quake, and Tony Wyss-Coray. Ageing

hallmarks exhibit organ-specific temporal signatures. Nature, 583(7817):596–602, July 2020.

[69] Wanxin Wang, Felipe Vilella, Pilar Alama, Inmaculada Moreno, Marco Mignardi, Alina Isakova,

Wenying Pan, Carlos Simon, and Stephen R Quake. Single-cell transcriptomic atlas of the human

endometrium during the menstrual cycle. Nat. Med., 26(10):1644–1653, October 2020.

[70] Susan M Sunkin, Lydia Ng, Chris Lau, Tim Dolbeare, Terri L Gilbert, Carol L Thompson, Michael

Hawrylycz, and Chinh Dang. Allen brain atlas: an integrated spatio-temporal portal for exploring the

central nervous system. Nucleic Acids Res., 41(Database issue):D996–D1008, January 2013.

128



[71] A Radovic, Jiawei He, J Ramanan, Marcus A Brubaker, and Andreas M Lehrmann. Agent forecasting

at flexible horizons using ODE flows. ICML, 2021.

[72] Guangdun Peng, Guizhong Cui, Jincan Ke, and Naihe Jing. Using Single-Cell and spatial transcrip-

tomes to understand stem cell lineage specification during early embryo development. Annu. Rev.

Genomics Hum. Genet., 21:163–181, August 2020.

[73] Muzlifah Haniffa, Deanne Taylor, Sten Linnarsson, Bruce J Aronow, Gary D Bader, Roger A Barker,
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paneni, Kyösti Sutinen, Michal Szpak, Francesca Floriana Tricomi, David Urbina-Gómez, Andres
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A.1 Sagittarius

A.1.1 Comparison with natural language processing transformer architecture

Sagittarius’s transformer-based architecture is built around a continuous transformer formulation [78], which

is inspired by the traditional transformer architecture [47] used in natural language processing (NLP). In the

NLP context, the transformer attends to tokens (words) in the input sentence, comparing token similarity

to encode the input (Figure A.1a). Importantly, the query and (key, value) pair are embeddings computed

to represent the tokens (words). In the NLP transformer encoder, then, the attention mechanism functions

within a sequence-to-sequence framework by comparing key- and query- embeddings representing different

words. More similar keys and queries then have a larger contribution for the computed value to be associated

with the query; keys that are dissimilar to the query will have a smaller contribution to the query’s computed

value.

The continuous transformer [78] builds upon this idea by using timepoint embeddings as the keys and

queries in the transformer architecture (Figure A.1b). While the value still represents the measurement

associated with the key’s timepoint, this incorporates a continuous notion of time, including enabling a query

during inference for a timepoint not used during model training. Sagittarius further extends the continuous

transformer to include timepoint keys and queries that are also conditioned on the environmental variables,

a b

value:
key:

the brown fox jumped theover

el zorro marrón saltó la cerca

query:

= 
w1 + w2 + w3 + w4 + w5 + w6 + w7

w1 w2 w3 w4 w5 w6 w7 dot-product-based
similarity between

keys and query

combine values based on (key, query) similarity

fence environmental variable(s)

(t1, x1) (t2, x2) (t3, x3) (t4, x4)

reference t2.5

w1 w2 w3 w4

= w1 + w2 + w3 + w4

reference x2.5

(keys, query) based
on timepoints

values based on
measurementsvalue:

key:

query:

Figure A.1: Illustration of attention mechanisms in different transformer architectures. a, Conven-
tional natural language processing transformer with self-attention for a toy machine translation task. The
keys, queries, and values of the transformer’s attention computation are all based on the words in the input.
b, Conditional continuous transformer used in Sagittarius, where keys and queries are computed from the
timepoints (and conditioned on the environmental or experimental variables), and the value is computed
from the measurement and environmental variables. For simplicity, we show the encoder mapping to the
reference space only; the decoder would proceed analogously.
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enabling implicit time series alignment and accounting for varying temporal rates in the input trajectories.

A.1.2 Comparison approaches

Mean model

The mean model predicts data as xi(t) =
1
Ti

∑Ti
r=1 xi[r]; that is, the predicted expression for each gene at

any timepoint of interest t is the average of the gene expression across all measured timepoints.

Linear model

The linear baseline model defines a weight

λi(t) =


0 if t < min(ti)

1 if t > max(ti)

maxt0∈ti:t0≤tmint1∈ti:t1≥t
(

t−t0
t1−t0

)
otherwise.

(A.1)

Then, the linear model predicts expression at time t as

x̂i(t) = max
r0∈{1,...,Ti}:ti[r0]≤t

(1− λi(t))xi[r0] + min
r1∈{1,...,Ti}:ti[r1]≥t

λi(t)xi[r1]. (A.2)

Note that, in the extrapolation setting, the linear baseline therefore predicts a gene expression vector identical

to the expression vector of the nearest temporal measurement.

Neural ODE model

We trained a set of neural ordinary differential equation (ODE) models [76] that each model measurements

from a single combination of environmental variables. As the environmental conditions yi are constant

within a single sequence i, we drop the subscript and reduce the task inputs to (x, t). We compute an ODE
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for both the forward and backward direction of the sequence as

x̃→(t) = max
r∈{1,...,T}:t[r]≤t

x[r] +

∫ t

τ=r
fθ(x[τ ])dτ x̃←(t) = min

r∈{1,...,T}:t[r]≥t
x[r + 1] +

∫ t

τ=r
gϕ(x[τ ])dt.

(A.3)

In the case where x̃→ or x̃← requires extrapolation (i.e., t < min(t) or t > max(t)), we set x̃→ = x̃←.

In order to empirically compute the integrals we used the python torchdiffeq package [76, 77], and

parameterized fθ(·) and gϕ(·) using multi-layer perceptrons (MLPs). Finally, we combined the forward and

backward results to produce the final estimate

x̂(t) =
1

2
(x̃→(t) + x̃←(t)). (A.4)

We trained the model using the Adam optimizer [80] and a batch size of 1 time series.

RNN model

We learned a set of single-sequence bidirectional gated recurrent unit (GRU)[75] models to learn the dy-

namics for a single (xi,yi, ti) sequence, again dropping the subscript notation and reducing the problem

input to (x,y). We define a time step ∆t = 1 between observations of interest. We computed zr = qϕ(x[r])

for an MLP qϕ(·) as the embedding for each observation in the time series, and computed

h0
→ = 0

ẑτ
→ = qϕ(pθ(hτ

→))

hτ+∆t
→ =


g
(gru→)
ξ (zτ ,hτ

→) if τ ∈ t

g
(gru→)
ξ (ẑτ ,hτ

→) otherwise
(A.5)
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for an MLP pθ(·). Similarly, we define the backward GRU as

hT
← = 0

ẑτ
← = qϕ(pθ(hτ

←))

hτ−∆t
← =


g
(gru←)
ξ (zτ ,hτ

←) if τ ∈ t

g
(gru←)
ξ (ẑτ ,hτ

←) otherwise.
(A.6)

Finally, we combine the forward- and backward directions to produce the simulated gene expression profile

x̂(t) = pθ(
1

2
(ht
→ + ht

←)). (A.7)

While this formulation is sufficient for our experiments, note that this does limit interpolation and extrapo-

lation to units of ∆t. We trained the model end-to-end with the Adam optimizer [80] and a batch size of 1

time series.

mTAN model

We trained a discretized multi-time attention network (mTAN) [78] using the Adam optimizer [80]. As the

mTAN module does not handle environmental variables, for each time series (xi,yi, ti) the model received

the reduced input (xi, ti).

cVAE model

We trained a conditional variational autoencoder (cVAE) [23] to learn p(xi[r]|yi[r], ti[r]). We trained the

model using the Adam optimizer [80] and a batch size of 512 gene expression measurements. This is the only

model that can be applied to multiple continuous variables out-of-the box, so we use it as the comparison

method for the LINCS experiments.

CPA model

We trained a compositional perturbation autoencoder (CPA) [74] with the Adam optimizer [80] and a batch

size of 128. In the Evo-devo experiments, we considered the time to be independent of the organ label (the
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covariate) and dependent on the species label (the perturbation).

A.1.3 Hyperparameter search

Evo-devo

For each deep learning model, we randomly select 20% of the measurements available at training time to

use as validation data, which we use for hyperparameter tuning and early training termination, where we

stop training when the validation loss has not reached a new minimum for 250 epochs. For each compar-

ison approach, we conducted an approximate hyperparameter grid search on the late-timepoint Evo-devo

extrapolation task, selecting 50 experimental configurations per model from a set of possible values per

hyperparameter. Given some redundant experimental configurations, this resulted in 49 unique experiments

for cVAE, 50 for CPA, 50 for mTAN, 42 for RNN, 22 for Neural ODE, and 50 for PRESCIENT. We se-

lected the best model based on Pearson correlation comparing genes in the validation set. We then used the

same hyperparameters for all Evo-devo experiments, including extrapolation to early timepoints. Selected

hyperparameters for each method are shown in Table A.1.

We conducted a reduced hyperparameter grid search for the Sagittarius model, again using the valida-

tion dataset for both early stopping and hyperparameter selection. We fixed the embedding dimension to

d = 32, learning rate to η = 1e−3, autoencoder width to 1024, number of heads to H = 8, number of

reference points to S + 1 = 4, and time embedding dimension to dtemp = 4. We then searched over an

autoencoder depth D ∈ {2, 3}; regularization weight β ∈ {0, 16 , 1}; autoencoder categorical embedding

dimension dyae ∈ {2, 8}; and transformer categorical embedding dimension dytr ∈ {4, 8}. Based on the

validation performance, we selected an autoencoder depth D = 3, regularization β = 1
6 , and autoencoder

and transformer categorical embedding dimensions dyae = 2 and dytr = 4.

We then conducted an ablation study for different configuration results to investigate Sagittarius’s robust-

ness to various hyperparameter settings. Figures A.2, A.3, and A.4 show that Sagittarius’s test performance

for the late development extrapolation experiment under different model hyperparameter settings. We em-

phasize that this study was conducted after hyperparameters were fixed for all of Sagittarius’s Evo-devo

experiments, and that the test results were never used outside of the ablation. In the ablation study, we tuned

one hyperparameter while setting the remainder to our optimal configuration as determined by the validation
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Hyperparameter Tested values Model Best value

Embedding dimension d {8, 16, 32, 64, 128}

cVAE 128
CPA 8
mTAN 64
RNN 16

Learning rate η {1e−4, 1e−3, 1e−2}

cVAE 1e−3
CPA (autoencoder) 1e−4
mTAN 1e−3
RNN 1e−4
Neural ODE 1e−4
PRESCIENT 1e−4

Autoencoder width W {512, 1024, 2046}

cVAE 1024
CPA 1024
RNN 1024
PRESCIENT 1024

Autoencoder depth D {1, 2, 3}

cVAE 1
CPA 3
RNN 1
PRESCIENT 1

Time step ∆t {0.1, 0.5, 1.0} Neural ODE 0.1
PRESCIENT 0.1

Regularization weight β {0, 16 ,
1
3 ,

1
2 ,

2
3 ,

5
6 , 1} cVAE 0

Additional learning rate {1e−4, 1e−3} CPA (adversary) 1e−4
CPA (doser) 1e−4

Adversary width {128, 256, 512} CPA 256

Adversary depth {1, 2, 3} CPA 1

Adversary steps {2, 4, 8} CPA 2

Doser type {logsigm, sigm,mlp} CPA logsigm
Learnable temporal embedding {true, false} mTAN true
Attention heads H {4, 8, 12} mTAN 4

Time embedding dimension dtemp {1, 2, 3} mTAN 2

ODE depth {1, 2, 3} Neural ODE 3

Sinkhorn blur {0.1, 0.5, 1.0} PRESCIENT 0.5

Sinkhorn scaling {0.25, 0.5, 0.75} PRESCIENT 0.75

Pretraining epochs {50, 100, 200} PRESCIENT 200

Train τ {0, 1e−6, 1e−4} PRESCIENT 0

Gradient clipping {0, 0.25, 0.5} PRESCIENT 0

Table A.1: Evo-devo hyperparameter settings for different comparison approaches. The values consid-
ered during the hyperparameter sweep are shown along with the final hyperparameter value selected based
on the best performance on validation data. Not all hyperparameters are relevant for all models. For CPA,
we also considered MLP doser width and depth in {16, 32, 64} × {1, 2}, but did not use these in the final
configuration as the logsigm doser was chosen.
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set. We found that Sagittarius’s improvement over existing approaches was robust to several hyperparameter

settings, including the number of attention heads H , the transformer’s environmental variable embedding

dimension dytr, and the number of generative datapoints used to train the model.

Unsurprisingly, we found that Sagittarius was sensitive to choice of learning rate with respect to all of

the evaluation metrics that we measured. We also found that the regularization weight β impacted model

performance; in the ablation study, we considered β ∈ {0.0, 0.1667, 1.0}, where 0.1667 = m
N , where

m = 8 was the batch size and N = 48 was the original dataset size. This finding suggests that both

under-regularizing and over-regularizing the model leads to worse performance. Sagittarius’s performance

is also impacted by the choice of autoencoder structure and latent embedding dimension, perhaps reflecting

the need for a relatively tight information bottleneck (d < 64) given the limited size of the dataset, and

the importance of disentangling non-linear species- and organ-specific patterns from the gene expression

measurements before reaching the reference space.

LINCS

For Sagittarius and the cVAE model, we randomly partitioned the into an 80% training, 10% validation, and

10% test split. We then further excluded any data included in one of the test settings from the training and

validation data. We terminated model training when the validation loss had not decreased for at least 100

epochs and returned the model with lowest validation loss. For the Sagittarius and cVAE models, we set

the embedding dimension dcvae = dsag = 16, learning rate ηcvae = ηsag = 1e−3, and the autoencoder

width and depth (W,D)cvae = (W,D)sag = (128, 2). We set the regularization weight βcvae = 1.0 and

βsag = 0.25. For Sagittarius, we further set the number of attention heads H = 8, total number of reference

points as 16 (spanning both dose and time, as a 4×4 grid in the reference space), time embedding dimension

dtemp to 8 for dose and 4 for time, and both autoencoder and transformer categorical embedding dimensions

as dyae = dytr = 8.

TCGA

For each of the deep learning models, we used 20% of the available data at train time as a validation set for

training termination and hyperparameter selection where applicable. We set a latent embedding dimension
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Figure A.2: Test Pearson correlation comparing genes for different choices of Sagittarius hyperpa-
rameters on the Evo-devo late timepoint extrapolation task. a-k, Bar plot comparing Sagittarius’s per-
formance when holding all but one hyperparameter fixed and varying a single hyperparameter. Data are
presented as mean values ± standard error, with n = 48 species and organ time series. The dotted line
shows the average Pearson correlation comparing timepoints for the best-performing baseline for reference.
Higher values indicate better performance.
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Figure A.3: Test Pearson correlation comparing timepoints for different choices of Sagittarius hyper-
parameters on the Evo-devo late timepoint extrapolation task. a-k, Bar plot comparing Sagittarius’s
performance when holding all but one hyperparameter fixed and varying a single hyperparameter. Data are
presented as mean values ± standard error, with n = 48 species and organ time series. The dotted line
shows the average Pearson correlation comparing timepoints for the best-performing baseline for reference.
Higher values indicate better performance.
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Figure A.4: Test root mean squared error comparing timepoints for different choices of Sagittarius
hyperparameters on the Evo-devo late timepoint extrapolation task. a-k, Bar plot comparing Sagittar-
ius’s performance when holding all but one hyperparameter fixed and varying a single hyperparameter. Data
are presented as mean values ± standard error, with n = 48 species and organ time series. The dotted line
shows the average Pearson correlation comparing timepoints for the best-performing baseline for reference.
Lower values indicate better performance.
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drnn = dsag = 16. We set the learning rate ηrnn = ηnode = 1e−4, and ηsag = 1e−3. For the RNN, we

used an autoencoder of width of 256 and depth of 1. For the Neural ODE, we set the timestep ∆t = 1 and

ODE depth of 1. For Sagittarius, we set the regularization weight β = 1, number of attention heads H = 8,

number of reference points S + 1 = 4, temporal embedding dimension dtemp = 2, and the autoencoder

and transformer categorical embedding dimensions dyae = 8 and dytr = 4 respectively. We further set the

autoencoder width to be 256, and then searched over depths in {1, 2, 3}, using the validation data to select a

depth 3 and depth 2 autoencoders for the THCA and SARC experiments respectively.

A.1.4 Additional experimental results

Here, I include some additional experimental results for the Sagittarius model.

Evo-devo

Aggregated results for extrapolation to early developmental timepoints are shown in Figure A.5. A specific

comparison to the single-cell fate prediction method PRESCIENT on late-timepoint extrapolation is shown

in Figure A.6. A visualization of simulated mouse organogenesis using PCA low-dimensional projections

is shown in Figure A.7.
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Figure A.5: Overall gene expression extrapolation performance for Evo-devo extrapolation to early
timepoints. a-c, Bar plot of Pearson correlation comparing genes (a), Pearson correlation comparing time-
points (b), and RMSE (c) of the predicted expression profile and measured expression profile when ex-
trapolating to the first four measured timepoints from each species and organ combination in the Evo-devo
dataset for Sagittarius and the comparison approaches. For Pearson correlation, comparing genes or compar-
ing timepoint (a,b), higher values indicate better performance; for RMSE (c), lower values indicate better
performance. Data are presented as mean values ± standard error, with n = 48 species and organ time
series.
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Figure A.6: Comparison of Sagittarius and PRESCIENT [148] models for late timepoint Evo-devo
extrapolation performance. a-c, Bar plot of Pearson correlation comparing genes (a), Pearson correlation
comparing timepoints (b), and RMSE (c) of the predicted expression profile and measured expression profile
when extrapolating to the last four measured timepoints from each species and organ combination in the Evo-
devo dataset for Sagittarius and the single-cell fate prediction method PRESCIENT. For Pearson correlation
(a,b), higher values indicate better performance; for RMSE (c), lower values indicate better performance.
Data are presented as mean values ± standard error, with n = 48 species and organ time series.

LINCS

Additional analyses for the LINCS experiments are included here. Figures A.8 and A.9 show the frequency

of the best-performing drugs and cell lines in the Sagittarius-augmented GDSC [92] and CTRP [94] drug

sensitivity experiments. Similarly, Figure A.10 shows the frequency of the best- and worst-performing cell

lines in the Sagittarius-augmented DepMap [96] cancer gene essentiality experiments.

TCGA

Figure A.11 shows the number of patients retained by our noisy label learning [83, 84] approach towards

patients with a censored event time, and Figure A.12 shows the error distribution specifically for the THCA

cancer type, where no censored patients are retained for the later analyses. Figure A.13 compares Sagittar-

ius’s somatic mutation profile extrapolation performance to other deep learning methods in the quantitative

evaluation setting. Figure A.14 shows the distribution of event times in the processed sarcoma dataset and

the ten survival times used for extrapolation during the case study of sarcoma tumorigenesis.

Furthermore, we considered cancer patient gene expression extrapolation (Figure A.15). To investigate
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Figure A.7: Mouse transcriptomic velocity across organs. a,b, PCA plot showing extrapolated mouse
gene expression from E5.5 to P63 for 7 organs, colored by organ (a) and time (b). The arrows in (a) indicate
the transcriptomic velocity of each organ. The first PC shows most variation with respect to time, while the
second shows most variation with respect to organ. Organ annotations in (a) are added to help differentiate
between organs, especially in the case of overplotting.

the transcriptional differences between early- and late-stage sarcoma patients, we trained Sagittarius on all

available TCGA RNA-seq profiles and then simulated new expression profiles for two synthetic sarcoma

patients, one with post-diagnosis survival t = 0 and the other with t = 244.91, representing extremely

late-stage and early-stage tumors respectively. We the identified the k = 10 genes that were most overex-

pressed in the late-stage tumor compared to the early-stage tumor as PMP2, NDRG1, JUN, SEPT9, PHC2,

NCAM1, GFAP, APP, WNK1, and RAB10. Previous work identified JUN [267], NCAM1 [268], NDRG1

[269–272], and PMP2 [273, 274] in aggressive sarcomas with poor prognosis and short time-to-metastasis.

Furthermore, other work has found RAB10 [275], SEPT9 [276], PHC2 [277], WNK1 [278], and APP [279]

overexpression in sarcomas.

Finally, we provide more literature evidence connecting Sagittarius’s extrapolated mutation profile for

early stage sarcoma patients to the hedgehog (HH) signaling pathway and GLI oncogene.

• PTCH1: Tumor suppressor gene in the HH signaling pathway, which has been linked to medul-

loblastoma [128], plexiform fibromyxoma [129], and basal cell carcinoma [130]. Loss-of-function

mutations have been documented to lead to aberrant activation of the HH pathway and subsequent

170



a b

A549
Cell line

100

101

102

C
ou

nt
 in

 L
IN

C
S 

da
ta

se
t

Bosutinib

Selumetinib

Vismodegib

Olaparib
Drug

100

101

C
ou

nt
 in

 L
IN

C
S

 d
at

as
et

Figure A.8: LINCS measurements with the best-performing cell line and drugs for the IC50 prediction
task with the GDSC dataset. a,b, Histogram of the number of measured drug treatments per cell line (a)
and cell lines treated per drug (b) in the LINCS dataset. The A549 cell line is annotated as the cell line with
the most improved predictions from Sagittarius’s imputed dataset (a); Selumetinib, Bosutinib, Olaparib, and
Vismodegib are annotated in (b) as the drugs with the most-improved predictions.
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Figure A.9: LINCS measurements with the best-performing cell line and drugs for the IC50 prediction
task with the CTRP dataset. a,b, Histogram of the number of measured drug treatments per cell line (a)
and cell lines treated per drug (b) in the LINCS dataset. The A549 and PC3 cell lines are annotated as the
cell lines with the most improved predictions from Sagittarius’s imputed dataset; SKBR3, which Sagittarius
struggles on, is also annotated (a). GSK-461364 and Neratinib are annotated in (b) as the most-improved
drugs with Sagittarius’s imputed dataset.
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Figure A.10: LINCS measurements with the best-performing cell lines for the gene essentiality pre-
diction task with the DEMETER and CERES DepMap datasets. Histogram of the number of measured
drug treatments per cell line in the LINCS dataset. Sagittarius’s imputed dataset provided the most benefit
to the A549, MDAMB231, THP1, HS578T, SKBR3, YAPC, VCAP, OCILY19, and U2OS cell lines, which
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Figure A.11: Distribution of TCGA patients per cancer type in the processed mutation dataset. Bar
plot comparison of patient counts per cancer type if all patients are included in the analysis, if only patients
retained by the noisy label learning model (including all patients with an observed death event and a subset
of censored patients) are included in the analysis, and if only patients with an observed death event are
included in the analysis.
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Figure A.12: THCA censored patient analysis. Violin plot of the survival regressor’s absolute error for
each THCA patient, subdivided into an observed group and a censored group.

20 40 60 80 100

0.4

0.5

0.6

0.7

0.8

Av
er

ag
e 

te
st

 p
at

ie
nt

 A
UR

O
C

THCA

0 20 40 60 80
0.2

0.4

0.6

0.8

Av
er

ag
e 

te
st

 p
at

ie
nt

 A
U

R
O

C

SARC

Sagittarius RNN Neural ODE

a b

32.6% 19.1%

Shortest test patient survival time (months) Shortest test patient survival time (months)

Figure A.13: Patient somatic mutation profile extrapolation performance for Sagittarius and other
deep learning models. a,b, Line plot comparing the average test patient AUROC for each of the THCA
(a) and SARC (b) cancer type test splits, ordered according to the shortest survival time in that test set.
The annotations indicate Sagittarius’s percent average AUROC improvement over the best-performing deep
learning comparison approach.
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Figure A.14: SARC training and extrapolation timepoint distributions. Histogram showing the mea-
sured survival time of patients in the SARC time series as the available sarcoma training data and the
extrapolation timepoints used to simulate the expression profile of an early-stage sarcoma patient.
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Figure A.15: Performance comparison for cancer patient gene expression extrapolation at the time
of diagnosis. a,b, Line plot showing average Spearman correlation of predicted expression profile and
measured expression profile for THCA (a) and SARC (b) test splits, ordered according to the shortest
survival time in the test set. Annotations indicate the z- and p-value comparing Sagittarius to the best-
performing baseline (one-sided Fisher z-transformed test), with p-value < 0.011 for THCA and p-value
< 3.92e−21 for SARC.
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Cell line Weight vector X (v = 0) X(oe)
(v = 1) X(tad)

(v = 2) X(loop−p)
(v = 3) X(loop−r)

(v = 4)

GM12878 ω0 1.00 7.30e−2 9.83e−3 1.59e−1 3.10e−2
ω 1.00 7.30e−2 8.44e−3 3.81e−2 1.82e−2

K562 ω0 1.00 3.58e−2 9.99e−3 1.37e−1 2.29e−2
ω 1.00 3.58e−2 9.69e−3 4.92e−2 1.39e−2

Table A.2: Capricorn’s computed weights for each view when training on either GM12878 or K562.
The initial, distribution-based weights ω0 and further refined, difficulty-based weights ω are reported. For
training the final model, we use the ω weight vector. The v indicates the channel index in the image-like
input for each view.

tumorigenesis [128].

• MYCBP2: Encodes a protein that promotes degredation of the MYC oncogene [132], which directly

regulates GLI1 in Burkitt lymphoma cell lines [133]. Some studies have found that lymphoblastic

leukemia patients had high c-MYC expression and low MYCBP2 expression [131].

• ARID2: Encodes a protein that directly interacts with GLI1 [135] as a core subunit of the SWI/SNF

chromatin remodeling complex [134, 135].

• PREX1: Member of the PI3K-Akt signaling pathway, which has been associated with GLI code reg-

ulation [138] and cross-talk with the HH signaling pathway in melanoma [130, 139].

• DNAH17: Encodes a protein that makes up a subunit of the primary cilium’s basic structure [136].

The primary cilia have been shown to be both positive and negative effectors of the HH signaling

pathway [136, 137].

• EGFLAM: Induces activation of the PI3K-Akt signaling pathway [140], which includes PREX1.

• NLGN1: Found to be significantly enriched with the HH pathway in a colorectal carcinoma study

[141].

A.2 Capricorn

A.2.1 Multi-view weighting

The exact weights determined by our initial pass on the validation loss are shown in Table A.2.
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Cell line Loop caller Loops called

GM12878
HiCCUPS 10,176
Mustache 15,417

Chromosight 22,648

K562
HiCCUPS 5136
Mustache 7776

Chromosight 10,630

Table A.3: Number of loops called from the original high-coverage data across loop calling methods
and cell lines.

A.2.2 Additional experimental results

Cross-cell-line loop statistics

In addition to the loop F1 score, here we report the total number of loops called and the precision and recall

of the called loops, still treating loops called from the high-coverage data as the ground truth. We report

results using the HiCCUPS [11], Mustache [175], and Chromosight [192] loop calling tools for evaluation;

in all cases, Capricorn’s loop-based views were computed using the HiCCUPS algorithm. For reference,

the total number of loops called from the original high-coverage Hi-C matrices is provided in Table A.3.

The performance metrics for all three loop calling algorithms given the low-coverage (LC) data and the

enhanced matrices produced by Capricorn (ours), HiCNN [157], HiCARN-1 [161], HiCARN-2 [161], and

HiCSR [160] are shown in Table A.4.

Capricorn view ablation study

In addition to applying our multi-view framework to the other comparison approaches, we also conducted an

ablation study over the views included in Capricorn. Specifically, we considered the 8 different approaches

listed in Table A.5, still using Capricorn’s diffusion model backbone for resolution enhancement.

We then compared the loop F1 score and MSE in the cross-cell-line setting for all ablated methods.

Results are given in Table A.5.
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Cell line Loop caller Method Loops called F1 score Precision Recall

GM12878

HiCCUPS

LC 7021 0.32 0.41 0.27
HiCNN 10,625 0.28 0.28 0.28
HiCARN-1 9035 0.41 0.44 0.39
HiCARN-2 8793 0.43 0.46 0.40
HiCSR 7608 0.45 0.53 0.40
Capricorn 5686 0.50 0.70 0.39

Mustache

LC 1483 0.18 0.97 0.10
HiCNN 37,218 0.36 0.25 0.64
HiCARN-1 34,236 0.40 0.29 0.66
HiCARN-2 36,301 0.40 0.28 0.68
HiCSR 34,782 0.41 0.29 0.68
Capricorn 33,109 0.42 0.30 0.68

Chromosight

LC 1495 0.09 0.68 0.05
HiCNN 87,693 0.23 0.15 0.53
HiCARN-1 100,370 0.22 0.14 0.56
HiCARN-2 101,953 0.23 0.14 0.57
HiCSR 100,011 0.22 0.14 0.57
Capricorn 83,058 0.28 0.18 0.61

K562

HiCCUPS

LC 4668 0.22 0.28 0.20
HiCNN 9117 0.17 0.20 0.20
HiCARN-1 7879 0.20 0.19 0.24
HiCARN-2 5406 0.24 0.27 0.23
HiCSR 4675 0.23 0.31 0.21
Capricorn 2144 0.35 0.60 0.25

Mustache

LC 17 0.00 0.36 0.00
HiCNN 30,870 0.24 0.15 0.63
HiCARN-1 28,283 0.25 0.16 0.63
HiCARN-2 25,099 0.28 0.18 0.62
HiCSR 19,656 0.32 0.22 0.60
Capricorn 18,080 0.34 0.24 0.59

Chromosight

LC 267 0.01 0.24 0.01
HiCNN 48,557 0.17 0.11 0.43
HiCARN-1 101,468 0.10 0.06 0.45
HiCARN-2 95,614 0.10 0.06 0.44
HiCSR 105,196 0.10 0.06 0.46
Capricorn 43,390 0.21 0.14 0.52

Table A.4: Cross-cell-line resolution enhancement performance based on identifiable loops using dif-
ferent loop calling methods and test cell lines. “LC” indicates the low-coverage contact map provided as
input to the resolution enhancement methods. The best-performing resolution enhancement method for each
cell line and loop caller is shown in bold for each metric. Reported performance numbers are the average
performance across test chromosomes (23 chromosomes for GM12878; 22 chromosomes for K562).
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Ablation study name X X(oe) (X(loop−p),X(loop−r)) X(tad)

HiC ✓
HiC+Distance ✓ ✓
HiC+Loop ✓ ✓
HiC+TAD ✓ ✓
Full−Distance ✓ ✓ ✓
Full−Loop ✓ ✓ ✓
Full−TAD ✓ ✓ ✓
Full ✓ ✓ ✓ ✓

Table A.5: Ablation studies conducted over Capricorn’s multi-view framework. We considered com-
bining the original Hi-C contact matrices with only one additional source of information, as well the the full
Capricorn framework missing only one source of information.

Cell line Study name Loop F1 score

GM12878

HiC 0.451∗

HiC+Distance 0.468∗

HiC+Loop 0.494
HiC+TAD 0.462∗

Full−Distance 0.498
Full−Loop 0.479∗

Full−TAD 0.474∗

Full 0.500

K562

HiC 0.289∗

HiC+Distance 0.325∗

HiC+Loop 0.334∗

HiC+TAD 0.340
Full−Distance 0.337∗

Full−Loop 0.312∗

Full−TAD 0.351
Full 0.352

Table A.6: Comparison of different view ablation study results in the Capricorn framework for both
the GM12878 and K562 cell lines. Experiments are conducted in the cross-cell-line setting. The average
chromosome loop F1 score using the HiCCUPS loop calling algorithm is shown. ∗ indicates that the result is
significantly worse than the complete Capricorn framework (full; Wilcoxon signed-rank test with Benjamini-
Hochberg [185] correction with a controlled FDR of 0.1). The best-performing Capricorn variant is shown
in bold.
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Method Loops called CTCF-validated loops
High-coverage 10,176 8370
Low-coverage 7021 2665
Capricorn 5686 3536

Table A.7: Loop CTCF validation with CTCF ChIA-PET experimental validation, following the pro-
tocol in Roayaei Ardakany et al. [175].

Secondary CTCF Validation

In addition to the CTCF-motif-based loop validation following the protocol of Rao et al. [11], here we also

provide a CTCF-based validation following the steps in Roayaei Ardakany et al. [175] for GM12878. We

downloaded a GM12878 CTCF ChIA-PET [280] experiment1 from the Gene Expression Omnibus (GEO).

The ChIA-PET experimental data identified 92,807 total peaks, indicating CTCF binding sites along the

genome.

In this analysis, we considered a called loop to be “CTCF validated” if there was a CTCF ChIA-PET

peak within 10 kb of the loop locus. Loops from the high-coverage, low-coverage, and Capricorn-enhanced

contact matrices were called with HiCCUPS [11]. Results are shown in Table A.7.

A.3 Gemini

A.3.1 Input network statistics

We evaluate Gemini and other unsupervised, scalable network integration methods on two main network col-

lections: the BioGRID [46] and STRING [45] databases. We downloaded the processed BioGRID networks

processed from GeneMANIA [237, 256] for the mouse, human, and yeast gene networks. We download

the processed STRING networks from Mashup [201], again focusing on the mouse, human, and yeast gene

networks. Network statistics are shown in Table A.8. We also show the distribution of gene vertex degrees

for each dataset in Figure A.16.

1GEO accession code: GSM1872886.
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Network Collection Organism Genes n Networks M Average network size Average node degree

BioGRID
mouse n = 21,081 M = 403 10,283 23.7
human n = 19,695 M = 895 6802 18.0
yeast n = 6365 M = 505 1985 12.1

STRING
mouse n = 21,104 M = 6 11,223 201.1
human n = 18,362 M = 6 7873 37.1
yeast n = 6311 M = 6 3221 42.1

Table A.8: Network statistics for the BioGRID and STRING network collections. The average network
size reports the average number of nodes contained in each network, while the number of genes n is the
number of unique genes contained across all M networks of the collection. The average node degree is the
number of nodes divided by the number of edge, averaged over all networks in the collection.
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Figure A.16: Number of nodes with degree at least d for each of the network collections. The x-axis
shows the range of node degrees in the dataset; the y-axis shows the number of nodes with degree at least
d = x in the given network collection, where each network’s nodes are counted separately within a given
dataset. BioGRID network statistics are plotted with solid lines while STRING network statistics are plotted
with dashed lines; colors are used to differentiate human, mouse, and yeast datasets.
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A.3.2 Comparison approaches

We benchmark Gemini against computational approaches that are able to scale to hundreds of gene networks.

Given a collection of M gene networks represented by their adjacency matrices {Ai}Mi=1, we include the

Mashup [201] and BIONIC [202] network integration methods. Furthermore, we compute the average

adjacency matrix of each collection as Ā = 1
M

∑M
i=1Ai and use this average representation to compute

network embeddings with PCA, SVD, and Mashup (denoted Average Mashup).

Mashup

To facilitate a quality comparison, we set Gemini and Mashup [201] to use the same model hyperparame-

ters. Namely, we use the memory-efficient eigendecomposition Mashup framework, diffusion restart prob-

ability α = 0.5, and gene embedding dimension of 200 for yeast and 400 for human and mouse. We

re-implemented Mashup in python, and also used this framework to build Gemini.

BIONIC

We also compare to the BIONIC network integration approach for yeast networks, and for mouse and hu-

man STRING networks. For the yeast and human STRING network integration tasks, we used the default

BIONIC repository configuration, including 3000 training epochs, a batch size of 2048, learning rate of 5e-

4, a 64-dimension, 10 head, and 2-layer graph attention network (GAT), and embedding dimension of 512.

For the mouse STRING integration task, we reduced the number of GAT layers to 1 in order to fit in GPU

memory during inference, but otherwise retained the default hyperparameters. For all STRING integration

tasks, we included all networks in each batch.

To train BIONIC on the BioGRID and STRING+BioGRID network integration collections, we reduced

the size of the default architecture to fit in GPU memory and decreased the number of training epochs for

a reasonable training speed. For the yeast BioGRID and STRING+BioGRID integrations we trained for

1000 epochs with a batch size of 256 and learning rate of 5e-4. We reduced the GAT architecture to 64

dimension, 10 heads, and 1 layer, with an output embedding size of 200. We included 10 networks per

batch. We attempted to train BIONIC on the mouse and human BioGRID collections, but were unable to

train even a very minimal BIONIC architecture on an A4000 GPU (e.g., out-of-memory error for batch size
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of 128; GAT with 4 dimensions, 1 head, and 1 layer; output embedding dimension 8; 2 networks sampled

per batch). These findings are also consistent with the scalability analysis conducted by BIONIC (Extended

Data Figure 9 from Forster et al. [202]). We used the BIONIC pip package to train the BIONIC embeddings,

providing the model and training details in a configuration file.

PCA

We take the average adjacency matrix Ā of the input network collection and compute the top k principal

components [103] as the output gene embeddings, with k = 200 for yeast and k = 400 for human and

mouse.

SVD

We compute the truncated singular value decomposition of the average adjacency matrix UΣV⊤ = Ā, with

the output gene embedding matrix V ∈ Rn×k, for n the number of genes. Then, we take k = 200 for yeast

and k = 400 for human and mouse.

Average Mashup

We also apply the Mashup method [201] with eigendecomposition to the average adjacency matrix Ā. As in

the full Mashup method, we use a diffusion restart probability α = 0.5 and use a gene embedding dimension

of 200 for yeast and 400 for human and mouse.

A.3.3 Evaluation metrics

To evaluate the models, we compare the integrated gene embeddings’ performance on a downstream protein

function prediction task. We parameterize the downstream one-to-many classifier fθ(·) as a multi-layer

perceptron with two hidden layers of 200- and 100-units respectively. Using the Gene Ontology Annotation

(GOA) [258, 259] as ground-truth protein function labels, we perform 5-fold cross validation with 20% of

the data used as the test split.

For each of the five test splits, we can compute the maximum F1, macro-AUPRC, and micro-AUPRC.

The macro- and micro- averaging strategies are both included to more fully capture the downstream task
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Organism BP terms MF terms CC terms
mouse 12,306 3070 1250
human 15,418 4408 1829
yeast 4997 2416 974

Table A.9: Number of GO terms for each organism by sub-ontology. Biological Process (BP), Molecular
Function (MF), and Cellular Component (CC).

performance: macro-AUPRC weights every class (in this case, protein function label) equally, while micro-

AUPRC weights every datapoint (in this case, gene) equally. For instance, a method with high micro-

AUPRC but low macro-AUPRC might therefore struggle on rare class labels but perform well on common

labels. We compute the average and standard deviation over these five splits for each metric. When com-

paring Gemini’s integrated embeddings for an organism and network collection to an existing approach, we

then use a one-sided paired t-test to test whether Gemini outperforms the existing approach with respect to

a given metric on the five test splits.

In some settings we further stratify the results by GO sub-ontology (Figures 5.3 and A.17). To evaluate

sub-ontology performance, we compute the maximum F1, macro-AUPRC, and micro-AUPRC over all test

splits when the output predictions are restricted to protein functions within the relevant sub-ontology. To

compare different methods’ performance on a given sub-ontology, we again use a one-sided paired t-test

for each metric on the five test splits when restricted to the sub-ontology of interest. Table A.9 shows the

number of GO terms associated with each organism from each sub-ontology.

A.3.4 Computational Complexity

Gemini space and time complexity

First, we conduct a theoretical study of Gemini’s time and space complexity. We divide Gemini into five

main steps: diffusion, pooling, clustering, mixup, and decomposition.

In the diffusion step, we perform random walk with restart (RWR) for each network. The RWR steady

state can be solved for using matrix inversion, which dominates the computational complexity of this step.

For M networks, each with n genes, this step therefore takes O(Mn3) time and O(Mn2) space. In the

pooling step, we compute the kurtosis over each node in each network. Kurtosis-pooling for each node

requires computing the mean and standard deviation over a vector of length n. Therefore, we can complete
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Figure A.17: Comparison of network integration performance over different input network collec-
tions, stratified by GO sub-ontology. Performance of Gemini, Mashup, and BIONIC when applied to
the STRING, BioGRID, and combined STRING+BioGRID network collection datasets for Mouse (a-c),
Human (d-f), and Yeast (g-i) on a downstream protein function prediction task. Performance is measured
by maximum F1 score (a,d,g), macro-AUPRC (b,e,h), and micro-AUPRC(c,f,i). BIONIC has no results for
mouse and human on BioGRID and STRING+BioGRID inputs due to GPU memory constraints. Higher
values indicate better performance on all metrics; error bars denote standard error over the five test splits.

the kurtosis-pooling step in O(Mn2) time and O(Mn2) space. In the clustering step, we use Affinity

Propagation over the set of all networks as implemented in sklearn [89]. This has a time complexity

of O(M2T ), where T = 200 is the number of clustering iterations, and a space complexity O(M2). In

the mixup step, we sample pairs of networks and then take computed weighted combination of the two

diffusion state matrices. We repeat this mixup procedure K times, requiring O(Kn2) time and O(Kn2)

space. Finally, in the eigendecomposition step, we take the sum over the K mixed-up networks transpose

themselves, and then compute the eigenvectors, requiring O(Kn3) time and O(n2) space.
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Overall, we can combine these steps to compute Gemini’s overall time complexity as

O(Mn3 +M2T +Kn3) = O(Mn3 +Mn2 +M2T +Kn2 +Kn3) (A.8)

and Gemini’s overall space complexity as

O(Mn2 +M2 +Kn2) = O(Mn2 +Mn2 +M2 +Kn2 + n2). (A.9)

In practice, we have n ≫ M for our networks and choose K ≤ M for our quantitative experiments.

Using the default T = 200 also results in T < M ≪ n, so Gemini’s computational complexity reduces to

O(Mn3) time and O(Mn2) space in these settings.

Ablation study comparison

To compare Gemini’s time and memory usage in practice to other methods, we also conducted an ablation

study in the number of networks. Here, we used the BioGRID yeast network collection [46] and varied the

number of input networks as M ∈ [5, 10, 50, 100, 250, 505], where 505 is the full BioGRID dataset. We then

compared the runtime of Gemini, Mashup, and BIONIC in these settings, keeping the model hyperparame-

ters fixed to the BioGRID experiment hyperparameters. We also compared the cpu and gpu peak utilization

of each method, as measured by tracemalloc and torch.cuda.max memory allocated. Abla-

tion results are shown in Figure A.18. Due to time constraints, we trained BIONIC for a reduced number

of epochs for the ablation and extrapolated the training time to the 1000 epochs that we would have trained

BIONIC for; model inference time was measured separately and accounted for in the results.
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Figure A.18: Computational requirements for network integration methods over different numbers
of input gene networks. We compare runtime (a), peak CPU memory utilization (MiB; b) and peak GPU
memory utilization (MiB; c) of Gemini, Mashup, and BIONIC. For CPU and GPU utilization, Gemini and
Mashup are practically indistinguishable.

186


	Introduction
	Biological datasets: challenges and opportunities
	In silico generation of high-cost biological data
	Roadmap
	Background
	Biological data types
	Genomic time series
	Hi-C contact maps
	Gene-gene networks

	Machine learning models
	Transformers
	Diffusion models

	Discussion

	Sagittarius: Biological time series extrapolation
	Biological time series extrapolation
	Methods
	Overview of Sagittarius
	Problem setting
	Sagittarius model architecture
	Sagittarius objective
	Inference
	Dataset preprocessing
	Evaluation metrics
	Comparison approaches
	Evo-devo developmental transcriptomic analysis
	LINCS drug dosage similarity network analysis
	LINCS drug sensitivity analysis
	LINCS cancer gene essentiality analysis
	TCGA-based early-stage cancer patient mutation profile analysis

	Results
	Extrapolating gene expression to unmeasured timepoints
	Transcriptomic dynamics reveal organ-specific aging genes
	Sagittarius simulates unmeasured drug perturbations
	A drug sensitivity similarity network for drug repurposing
	Perturbation augmentation improves drug response prediction
	Improved cancer-essential gene prediction using Sagittarius
	Simulating mutation profiles for early-stage cancer patients
	Hedgehog signaling pathway in simulated early-stage sarcoma

	Discussion

	Capricorn: Hi-C contact map resolution enhancement
	Hi-C resolution enhancement
	Methods
	Problem setting
	Chromatin structure resolution enhancement
	Multi-view weighting
	Review of diffusion probability models
	Low-coverage guided diffusion
	Performance measures
	Hi-C data preprocessing
	Existing model implementations
	CTCF loop validation

	Results
	Capricorn accurately enhances contact matrices and loop features
	Small-scale chromatin features are critical to model improvement and are model-agnostic
	Capricorn generalizes across chromosomes
	Loops discovered with Capricorn are enriched for convergent CTCF motifs

	Discussion

	Gemini: Biological network integration
	Biological network integration
	Methods
	Problem definition
	Review of Mashup
	Efficient network similarity calculation
	Network weighting according to uniqueness
	Diffusion state sampling with mixup
	Application to protein function prediction
	Network data repositories
	Comparison approaches
	Experimental settings
	Evaluation metrics

	Results
	Gemini improves downstream protein function prediction on BioGRID
	Gemini effectively integrates networks from BioGRID and STRING
	Kurtosis similarity reflects biological similarity

	Discussion


	Conclusion

	Appendix One
	Sagittarius
	Comparison with natural language processing transformer architecture
	Comparison approaches
	Hyperparameter search
	Additional experimental results

	Capricorn
	Multi-view weighting
	Additional experimental results

	Gemini
	Input network statistics
	Comparison approaches
	Evaluation metrics
	Computational Complexity





