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As global demand for digital storage capacity grows, storage technologies based on synthetic
DNA have emerged as a dense and durable alternative to traditional media. Existing ap-
proaches leverage robust error correcting codes and precise molecular mechanisms to reliably
retrieve specific files from large databases. Typically, files are retrieved using a pre-specified
key, analogous to a filename. However, these approaches lack the ability to perform more
complex computations over the stored data, such as content-based search.

Here, we demonstrate the design, implementation, and evaluation of techniques for ex-
ecuting similarity search in DNA-based databases. By using machine learning to build a
predictor of DNA hybridization reactions, we are able to create an encoding from images
to DNA sequences that is optimized for similarity search. With this encoding, an encoded
query image is most likely to hybridize with targets that are encoded from images visually
similar to the query. This allows a query molecule to act as a molecular filter, which can
select relevant results from a large database.

We perform wetlab experiments with a database of 1.6 million images encoded and synthe-
sized as DNA molecules, and show that our technique produces results which are comparable
to those of state-of-the-art electronic implementations of similarity search. By demonstrat-
ing that DNA-based systems are capable of both storage and computation, we believe this

work will encourage further development of this emerging technology.



TABLE OF CONTENTS

List of Figures . . . . . . . .
Preface . . . . . . . e
Chapter 1: Introduction . . . . . ...
Chapter 2: A Small-Scale Prototype . . . . . . . . . . . ... ... ... ...
2.1 Introduction . . . . . . . . ..
2.2 Background . . . ...
2.3 Database Design . . . . . . .. L
2.4 Learned Sequence Encodings . . . . . . . .. ...
2.5 Experiments . . . . ...
2.6 Discussion . . . . . . ... e
2.7 Conclusion . . . . . . . . e
Chapter 3: A Large-Scale Implementation . . . . . . ... ... ... ... ... ..
3.1 Introduction . . . . . . . . ..
3.2 Encoder Design . . . . . . . . ..
3.3 OligoDesign . . . . . . . .. e
3.4 Experiments . . . . . . . ..
3.5 Conclusion . . . . . . ..
Chapter 4: Conclusion . . . . . . . . ..
Appendix A: Laboratory Protocol for Large-Scale Implementation . . . . . .. . ..

Page

1

© oo O Ot Ot



LIST OF FIGURES

Figure Number

1.1

2.1

2.2

2.3

24

2.5
2.6

2.7

Overview of DNA-based similarity search. (A) Illustration of a feature space

Page

where neighboring documents are subjectively similar. (B) A similarity-preserving

DNA encoding is one where the reverse complement of a query document’s
sequence hybridizes with a neighboring target document’s sequence, but not
with a distant target’s. Note that the query is color-coded green and the
targets with other colors. (C-H) The retrieval process. A database (C) is
encoded and synthesized to produce an DNA-based index (D). Arrowheads
indicate 3’ ends of DNA. An encoded query (E) is annealed with a sample
of the database (F), which is filtered with magnetic beads (G). The filtered
database is sequenced to reveal the IDs of retrieved documents, which are
used to look them up in the original database (H). . .. ... ... ... ..

A pair of sample queries from the Caltech-256 dataset, showing the four near-
est neighbors in three different feature spaces. Each neighbor is annotated
with its Euclidean distance to the query in that space. . . . . . . .. .. ..

Strand Designs. Blue indicates a conserved region, orange indicates a region
specific to that data item. Arrow indicates the 3’ end. Star (*) indicates
reverse complement. RP[:6] indicates the first six bases of domain RP.

Sample queries demonstrating the relationship between image similarity and
distance in the 10-dimensional PCA subspace shown in Figure 2.1. Distances

less than 0.2 usually correspond to similar images, while those greater than
0.2domnot. . . ..

Yield vs. Hamming distance for 2000 pairs of targets and queries with feature
regions of length 30, as calculated by NUPACK. The dashed line shows the
best sigmoid fit to the simulations. . . . . . . ... ...

One-hot sequence encodings and their properties. . . . . . .. ... .. ...

The training loop, illustrating how a pair of images is used to calculate gra-
dients for the sequence encoder. Data is in light gray, and operations are in
dark gray. . . . . ..

The neural network architecture for the sequence encoder. . . . . . . . . ..

i



2.8

2.9
2.10

2.11

3.1

3.2

3.3

3.4

3.5

Encoder performance on 3000 pairs of images from the test set, before and
after training. The x-axis is the Fuclidean distance between the target and the
query, and the y-axis is the thermodynamic yield (calculated with NUPACK).
The orange line shows the similarity threshold of 0.2. . . . . . . .. ... ..

The set of query and target images used in our wetlab experiments. . . . . .

Selected results for two of the ten query images, and aggregated results for all
QUETIES. . . o ot e e e e e e e e e e e e

Mean and standard deviation of yield as a function of feature region length
and feature region Hamming distance. . . . . . .. .. ... ... ... ...

Ilustration of the relationship between pairwise feature-vector Euclidean dis-
tance and pairwise subjective similarity. Each column represents a range of
Euclidean distances, and each row depicts a pair of images where their feature-
vector Euclidean distance falls in that range. . . . . . .. ... ... ....

Structure of the sequence encoder network. Layers are opaque, and transfor-
mations are translucent. The dimensionality of each layer is shown on the
right. Only the transformations highlighted in green have parameters that
change during training. . . . . . . . . . ... Lo

(A) Structure of the yield predictor network. Only the transformations high-
lighted in pink have parameters that change during training. (B) Illustration
of the local match operation. Blue cells have a value of 1, and white cells have
avalueof 0. . . . . .

Layouts of single-stranded oligomers and intended double-stranded complexes.
Arrowheads indicate 3’ ends of DNA. Asterisks (*) indicate the reverse com-
plement of a DNA sequence. . . . . . . . . . ... ... ... .. ......

Overview of our training process. (A) The training loop for the neural net-
works. Lines indicate data flow; dashed lines indicate parameter gradients
calculated using backpropagation. Green indicates operations only performed
during encoder training, while pink indicates operations used only during yield
predictor training. All other operations are used in both training phases. (B)
Simulated performance of an untrained model, evaluated on 1.6 million ran-
dom pairs of images. Each violin depicts the distribution of simulated hy-
bridizations for pairs whose feature vectors’ Euclidean distance lie within a
certain range. (C) Simulated performance of a trained model, evaluated on
the same set of random pairs. . . . . . . . .. ... L.

1ii

16
17

19

20

23

24

25

27



3.6

3.7

Al

Experimental results for three different query images. Janelle, the cat (top),
a building with fireworks (center) and Lego pieces assembled in the shape of
sushi (bottom). (A) Distribution of Euclidean distances to the query image,
among sets of images with sequencing read depth above a certain threshold.
(B) The proportion of the entire dataset that must be retrieved (y-axis) to re-
trieve a certain proportion of the 100 most similar images (x-axis). Each point
represents a threshold for which images with read depth above that threshold
are considered “retrieved”. The dashed line indicates chance performance,
while the dashed-and-dotted line indicates perfect performance. Colored tri-
angles indicate the thresholds depicted in the other subfigures. (C) The top
5 closest images to the query from result sets where images above a certain
read depth threshold are considered “retrieved”. . . . . . .. ... .. ...

Comparison of our technique (“primo”, shown in blue) with state-of-the-art
algorithms for in silico similarity search. Dashed grey and dashed-and-dotted
grey lines represent chance performance and perfect performance, respectively.
Not all of the algorithms could produce results towards the lower-left (low
recall and low proportion retrieved). We assume these algorithms could be
stopped early to produce fewer results with a linear decrease in recall; dashed
continuations represent these linear interpolations. . . . . .. . .. ... ..

Workflow of a similarity search experiment. A large DNA pool is PCR am-
plified using a forward primer (FP) and a reverse primer (RP). The enriched
product is linearly amplified using the forward primer for 3 cycles. The sample
is linearly amplified using an internal primer (IP) to make partially double-
stranded copies, with feature region exposed. This mixture is then hybridized
with a query strand, followed by magnetic bead extraction. The extracted
strands are released from the beads using USER enzyme digestion. The re-
leased sample is PCR enriched using FP and RP. The sample is PCR again
using RP and FP with a 25N overhang to create a randomized region for the
diversity need of Ilumina NextSeq. The sample is ligated to Illumina adapter,
followed by next-generation-sequencing. . . . . . . . .. .. ... L.

v

32

33



PREFACE

Dear reader, you may have noticed lately that the world is a tumultuous place. As a
queer, neurodiverse transgender woman, I have experienced my share of that tumult. I yearn
for a world that is more kind, more open, and more loving.

I am also a curious, nomadic person. I flit between interests and rarely stay in one place
for too long. At some point on my journey, I became curious about computers. Could humans
use these fascinating mathematical objects, these powerful machines, to aid in creating that
kinder world?

The ways in which I have been proven wrong have been heartbreaking. Computers are
used by oppressors to facilitate mass surveillance. They are used by profiteers to “solve”
problems that nobody asked them to. Computers are used as dangerous weapons.

I still believe that computers can be used as tools for justice. I believe that the difference
between a weapon and a tool is a deft and caring hand. That does not come from computers,
and it never will. It comes from ourselves and each other. It comes from listening, struggling,
vulnerability, and growth.

I am passionate about justice, but this dissertation was not created from that. It was
created from my fascination with computers, mathematics, chemistry, and life. It is a new
piece of technology, and a new type of computer. It could be a tool of curiosity and discovery,
or a weapon of surveillance and control.

Dear reader, whatever you make of this technology, please choose love.
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Chapter 1

INTRODUCTION

Interacting with digital documents is a staple of modern society. Since the dawn of
online social media, the amount of text, images, and videos that the world produces has
been growing rapidly in an exponential fashion, outpacing the capacity growth of traditional
storage media, such as solid state, magnetic, and optical media. To address this gap and
store this ever-expanding library of data for future generations, researchers are developing
practical systems using synthetic DNA as a high density and durable storage medium [1-
7], with several orders of magnitude higher density and durability than current storage
technologies. An important feature of these systems is the ability to retrieve single documents
without having to sequence a large, dense pool of data in molecular form. To accomplish
this, these systems leverage the specificity of DNA hybridization to implement key-based
retrieval, where a short, predetermined sequence is used to retrieve the document associated
with that sequence [5, 6].

Although key-based retrieval might be sufficient for a well-maintained library or archive,
modern search and recommendation systems do not assume users know the exact key of the
document they are looking for, and thus make heavy use of content-based retrieval.

Using DNA hybridization for key-based retrieval was first proposed by Baum [8], and in
the same paper he also proposed using it for content-based retrieval. However, his design
generally assumed that the data being stored is uncompressed. More recent work has shown
that robust and efficient encoding of arbitrary digital data in DNA requires techniques that
apply pseudo-random processes to the document content [9], which would impede direct

content-based search.



Electronic database systems separate the concerns of search and storage by maintaining
an index structure that is designed to facilitate content-based retrieval. This dissertation
work that principle: rather than focusing on storing and retrieving full files, we present
designs for DNA-based indices that are optimized for facilitating content-based retrieval.

Specifically, we focus here on similarity search, where an example document is used to
retrieve similar items from the database. Document similarity is typically formulated as a
geometric problem [10] where each document is converted to a vector in a high-dimensional
feature space, with the property that neighboring feature vectors represent subjectively sim-
ilar documents. This conversion process is called feature extraction, and there are a variety
of methods that work well, depending on the type of document and the goals of the appli-
cation. For documents like images, the intermediate layer activations from neural networks
trained on image classification problems (such as VGG16 [11] or AlexNet [12]) tend to per-
form well as feature vectors for similarity search tasks [13]. Figure 1.1A illustrates this
with a two-dimensional t-SNE (t-distributed Stochastic Neighbor Embedding) projection of
4096-dimensional feature vectors extracted using the FC2 layer of VGG16.

Searching through such a high-dimensional space is challenging for electronic systems.
The “curse of dimensionality” [10] means that exact indexing schemes in high-dimensional
spaces are no better than a costly linear or “brute force” search, which is infeasible for large
databases. Instead, efficient similarity search algorithms perform an approximate search that
allows for errors in the results.

We adopt that relaxation for our DNA-based system as well. Rather than finding exact
nearest neighbors, our goal is to maximize the number of near neighbors retrieved while
minimizing the number of irrelevant results. To accomplish this, we want to encode feature
vectors as DNA sequences such that single stranded molecules created from an encoded
target and the reverse-complement of an encoded query are likely to form stable hybridized
structures when the query and target feature vectors are neighboring, but not when they are
distant (Figure 1.1B).

Given such an encoding, we can construct an index where each document is associated
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Figure 1.1: Overview of DNA-based similarity search. (A) Illustration of a fea-

ture space where neighboring documents are subjectively similar. (B) A similarity-
preserving DN A encoding is one where the reverse complement of a query document’s
sequence hybridizes with a neighboring target document’s sequence, but not with a
distant target’s. Note that the query is color-coded green and the targets with other
colors. (C-H) The retrieval process. A database (C) is encoded and synthesized to
produce an DNA-based index (D). Arrowheads indicate 3’ ends of DNA. An encoded
query (E) is annealed with a sample of the database (F), which is filtered with mag-
netic beads (G). The filtered database is sequenced to reveal the IDs of retrieved
documents, which are used to look them up in the original database (H).




with a single strand of DNA that contains the document’s ID alongside its encoded feature
vector (Figure 1.1C-D). An encoded query (Figure 1.1E) can then be used as a hybridization
probe to filter out similar documents from the index (Figure 1.1F-G). The filtered index can
be sequenced and decoded to recover the IDs of documents that are similar to the query.
These documents can then be retrieved from a key-based database and displayed to the user
(Figure 1.1H).

A similar index construction was described by Reif et al. [14]. However, rather than
leveraging inexact matching between target and query strands of DNA | their solution reduced
the problem to exact key-based retrieval by pre-clustering the database and then assigning
each cluster a unique DNA codeword. However, this quantized approach may cause queries
to miss nearby neighbors that fall across a cluster boundary. We propose using inexact
matching because it can provide a better guarantee that documents within a certain radius
of the query will be retrieved.

Prior work by Tsaftaris et al. [15, 16] also proposed using inexact DNA hybridization
for similarity search. However, their technique focused on one-dimensional data, and it is
unclear how it would scale to encoding multidimensional vectors.

Chapter 2 describes a technique for implementing an encoding that translates multi-
dimensional feature vectors into DNA sequences in a way that leverages the flexibility of
inexact matching, and also presents experimental results from the construction of a small-
scale prototype with 100 images. Chapter 3 presents a refined encoding, and a larger-scale
implementation tested with 1.6 million images. Chapter 4 concludes with thoughts about

the scalability of this technique and potential directions for future work.



Chapter 2

A SMALL-SCALE PROTOTYPE!

2.1 Introduction

To investigate the design proposed in Figure 1.1, we first designed a prototype that could
be constructed given certain constraints on the length and number of sequences we could

synthesize.

This prototype contributes two advances to the field of DNA storage: first, a strand
design optimized for associative search. Second, a sequence encoder capable of preserving
similarity between documents, such that a query sequence generated from a given document
will retrieve similar documents from the database. We validate our designs with wetlab

experiments.

While our methods should generalize to databases comprising any type of media, we focus
on images in this work, as there is a rich body of prior work in content-based image retrieval

to draw on.

The rest of this chapter is laid out as follows: Section 2 covers background on similarity
search and DNA-based parallel search. Section 3 details our strand designs. Section 4
describes our methodology for mapping images to DNA sequences. Section 5 outlines our
experimental protocol and the results of our experiments. Section 6 discusses the results and

proposes future work. Section 7 addresses related work, and Section 8 concludes the chapter.

! This chapter was originally published as “A Content-Addressable DNA Database with Learned Sequence
Encodings” in DNA Computing and Molecular Programming, 2018.



2.2 Background

2.2.1  Similarity Search

The problem of similarity search is to retrieve documents from a database that are similar
in content to a given query. For media such as text, images and video, this can be a difficult
task. Most state-of-the-art systems convert each document into a vector-space representation
using either a hand-crafted embedding, or one learned via a neural network. These feature
vectors can then be compared with metrics like Euclidean distance, where similar documents
will tend to be close together in feature-space. Therefore, a similarity search can be reduced

to a k-nearest-neighbor or R-near-neighbor search.

Nearest Neighbors Nearest Neighbors

0.61 0.70 0.74 Query 0.71 0.76 0.77 0.81

PCA 100 “ PCA 100
PCA 10 PCA 10
PCA 2 PCA 2

Figure 2.1: A pair of sample queries from the Caltech-256 dataset, showing the four
nearest neighbors in three different feature spaces. Each neighbor is annotated with
its Euclidean distance to the query in that space.

Feature vectors that are effective for similarity search tend to be high dimensional. To
illustrate this, Figure 2.1 shows two queries using the Caltech-256 image dataset [17]. The
visual features of each image in the dataset were extracted using VGG16, a publicly available
convolutional neural network trained on an image classification task. We used the 4096-
dimensional activations from the FC2 layer, as intermediate layers in deep neural networks
have shown to be effective in content-based image retrieval tasks [13]. These features were

reduced down to 100, 10, and 2 dimensions using principal component analysis (PCA). The



nearest neighbors in each of these subspaces (with respect to Euclidean distance) are shown
to the right of each query. Qualitatively, the nearest neighbors higher-dimensional spaces
appear more similar to the query than the nearest neighbors in lower-dimensional spaces.

When feature vectors have hundreds of dimensions, the well-known “curse of dimension-
ality” defeats efficient indexing schemes [10]. In the worst case, every item in the database
must be examined to find all images within a certain distance threshold. Relaxations of
the search problem that allow for errors or omissions result in much faster lookups, using
algorithms such as locality-sensitive hashing (LSH) [18].

Looking toward a future where zettabytes of data are generated every year [19], even
techniques such as LSH that reduce the amount of data that needs to be inspected by orders
of magnitude will still burden traditional storage with a tremendous number of 1O requests
to a massive storage infrastructure, outstripping the time and energy cost of the feature
vector distance computation itself.

Computer architects have noticed that the power required to move data from the storage
device to the compute unit can be reduced by moving the compute substrate closer to the

storage substrate. This class of techniques is broadly called “near-data” processing [20].

2.2.2 DNA-based Parallel Search

“Adleman-style” DNA computing [21] can be thought of as an extreme version of near-
data processing: each DNA strand is designed to both store and process information — the
compute and storage substrates are the same.

Like Adleman’s original solution to the Hamiltonian Path problem, this style of parallel
processing requires exponential amounts of DNA to solve combinatorial problems. However,
for less computationally intense problems like similarity search, the amount of DNA required
is much less: if each of N items in the database is mapped to a single “target” molecule,
then N identical copies of a “query” molecule are sufficient to react with every item in the
database. If the query is equipped with a biotin tail and designed to hybridize only with

relevant data, then relevant items can be “fished out” of the database using streptavidin-



coated magnetic beads.

This amounts to an extremely high-bandwidth parallel search, in the vein of near-data
processing techniques. Furthermore, because PCR can make exponentially many copies of
the query molecule, the amount of DNA that needs to be directly synthesized is minimal.

This makes DNA-based search especially appealing in the zettabyte-yottabyte future.

2.3 Database Design

To take advantage of the near-data processing capabilities of DNA, we need a database
design that allows each element in the database to both store and process data. We choose
to separate these two concerns by associating each database element with two sequences:
one that stores an ID unique to that datum, and one that is generated from the semantic
features of that datum, designed as a locus for a hybridization probe. The ID is not an
“active” site, but rather the information to be retrieved by the search — for instance, it
could be the address of the datum in another database that stores the document’s complete
data.

The simplest way to retain the association between the ID sequence and the feature
sequence in a DNA database is to place them on the same strand of DNA. However, this
association can cause unwanted secondary structures on longer strands, and can result in
cross-talk if a query reacts with a potential target’s ID sequence instead of its feature se-

quence.

FP d(T) IP f(T) RP

f(Q)*  RP[:6]*

(a) Database Element Design (b) Query Design

Figure 2.2: Strand Designs. Blue indicates a conserved region, orange indicates a
region specific to that data item. Arrow indicates the 3’ end. Star (*) indicates
reverse complement. RP[:6] indicates the first six bases of domain RP.

Our strand designs address this issue, and are shown in Figure 2.2. The database entries



(Figure 2.2a) are synthesized single-stranded, but are made partially double stranded using a
single-step PCR reaction starting from IP (the “internal primer”), which is conserved across
all elements in the database.

This process covers up the IP region, the ID sequence associated with the data (d(7T)),
and the forward primer (FP) region, which is another conserved region used to prepare
samples for sequencing. This leaves the feature sequence (f(7")) and the conserved reverse
sequencing primer (RP) available to interact with the query.

To execute a query @, a biotinylated query strand (Figure 2.2b) is mixed with the pre-
pared targets. Because the query and target feature sequences are allowed to be imperfect
matches, the query strand also includes the reverse complement of first six bases of RP (de-
noted RP[:6]*) — this exact match is designed to prevent misalignments and ensure that
hybridization only depends on the interaction between f(7') and f(Q). The query and targets
are annealed, and then streptavidin-coated magnetic beads are added to pull down targets
that have hybridized with the queries.

The resulting filtered targets are amplified using FP and RP, then sequenced to retrieve

the data region associated with each target.
2.4 Learned Sequence Encodings

To take advantage of the strand designs described above, we need to design a mapping from
images to feature domains such that a query molecule will retrieve relevant targets from
the database. To simplify our task, we pre-process all images by transforming them into
the 10-dimensional subspace shown in Figure 2.1, and choose our feature domains to be 30
nucleotides in length.

Our general feature encoding strategy is inspired by semantic hashing [22], where a deep
neural network transforms an input feature space into an output address space where similar
items are “close” together. Our goal is to design a neural network sequence encoder that
takes the 10-dimensional image feature vectors from the VGG16+PCA extraction process

described in Section 2.2.1, and outputs DNA sequences that are close together if and only if
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the feature vectors are close together. Following Tsaftaris et al. [16], we define a pair of query
and target sequences as “close” if their hybridization reaction has a high thermodynamic
yield: the proportion of target molecules that are converted into a query-target duplex.

To train the neural network, we want a loss function that will push the encoder’s param-
eters to generate output sequences where a query retrieves a target if and only if the target
and query represent similar images. The most appropriate choice for this is the cross-entropy
loss?, where the labels are binary similarity labels (similar vs. not similar) for each pair of
query and target images, and the retrieval probabilities are the thermodynamic yields of
each query-target hybridization reaction.

Using the cross-entropy loss requires us to define a binary notion of image similarity,
and to define thermodynamic yield as a differentiable function of two DNA sequences. The
function must be differentiable because neural networks are efficiently trained using gradi-
ent descent, which requires taking the derivative of the loss with respect to the encoder
parameters.

In the sections below, we present a definition of binary image similarity, followed by an
approximation for thermodynamic yield using Hamming distance, and an approximation for
Hamming distance using the cosine distance between “one-hot” encodings of DNA bases.
Finally, we present the results of using these approximations to train a neural network on a

large image dataset.

2.4.1 DBinary Image Similarity

As described in Section 2.2.1, a semantic notion of image “similarity” can be mapped to a
real-valued number by computing the Euclidean distance between two image feature vectors.

However, to use the efficient cross-entropy loss function defined above, we must label image

2Given a set of n pairs of binary labels y € {0,1} and retrieval probabilities p, the cross-entropy loss is:

l(y,p) = *% Zy -log(ps) + (1 — ;) - log(1 — p;)



pairs with a binary label: “similar” or “not similar”. The simplest way to do this is to apply

a threshold to the Euclidean distance.

0.21

Query

A i
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Figure 2.3: Sample queries demonstrating the relationship between image similarity
and distance in the 10-dimensional PCA subspace shown in Figure 2.1. Distances less
than 0.2 usually correspond to similar images, while those greater than 0.2 do not.

Because the definition of similarity is ultimately up to a human observer, we must deter-
mine this threshold by inspection. For the feature extraction method we used, we found a
threshold of 0.2 to be fairly reliable across the Caltech-256 dataset. Figure 2.3 demonstrates

this for a pair of sample queries.

2.4.2  Approzimating Thermodynamic Yield

Thermodynamic yield can be calculated accurately by using the multi-stranded partition
function [23], which is used by tools such as NUPACK [24]. Unfortunately, this calculation
is expensive and not differentiable, and thus cannot be used directly to train a neural network.

However, Figure 2.4 shows that the query-target yield and the query-target Hamming
distance have a noisy sigmoid® relationship. The best fit line provides us with a simple
approximation of thermodynamic yield in terms of the Hamming distance. A drawback is

that this approximation is less accurate for higher Hamming distances.

3Functions of the type:
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Figure 2.4: Yield vs. Hamming distance for 2000 pairs of targets and queries with
feature regions of length 30, as calculated by NUPACK. The dashed line shows the
best sigmoid fit to the simulations.

2.4.83 Approzimating Hamming Distance

While we can use the Hamming distance to approximate thermodynamic yield, computing
the Hamming distance requires discrete operations and is also not differentiable. Below, we
define an alternative representation of DNA sequences, and a continuous approximation of

Hamming distance that can be used with a neural network.

DNA sequences can be represented with a “one-hot” encoding, where each position is
represented by a four-channel vector, and each channel corresponds to a base. For instance,
if that base is an A, then the channel corresponding to A will have a value of one, and the

other channels will be zero.

Figure 2.5a shows one-hot encodings of two sequences. At each position, the one-hot
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Figure 2.5: One-hot sequence encodings and their properties.

encodings can be compared by computing the cosine distance * between them. If they
represent different bases, the representations will be orthogonal, and the cosine distance will
be one. If they represent the same base, the cosine distance will be zero. Therefore the mean
cosine distance across positions will be equal to the mean number of mismatches, which is
equivalent to the Hamming distance.

A neural network cannot output differentiable representations that are exactly one-hot,
because this would require discretization. However, if the channel values at each position
are sufficiently far apart, we can approximate a one-hot encoding by normalizing them with
a softmax function®, which pushes the maximum value towards one while pushing the other
values towards zero.  Furthermore, we can encourage the channel values to be far apart

by using a hidden-layer activation function with a large output range, such as the rectified

4Given two vectors u and v, the cosine distance is:

u-Vv
du,v)=1— YV _
[al[ |v]]

5Given an N-dimensional vector u, the softmax function is defined element-wise as follows:

et

SOftmaX(u)i = W
j=
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linear unit (ReLU) function®.

Figure 2.5b shows the relationship between the mean cosine distance and Hamming dis-
tance of pairs of outputs, for 10,000 pairs of random inputs to a randomly initialized neural
network with 10 input units, two ReLLU hidden layers of 128 units each, and 30 four-channel
softmax output units. The mean cosine distance between the neural network outputs closely
follows the Hamming distance between their discretized counterparts, validating our approx-

imation.

Query Image

Mean Cosine Approximate

QUeivlicatlices Distance Yield

| |

Preprocessing: Image Sequence || Cross-Entropy
VGG16 + PCA Features Encoder Loss Gradients

T

Image
Dataset

Target Features Distance < 0.2? |~

Target Image

Figure 2.6: The training loop, illustrating how a pair of images is used to calculate
gradients for the sequence encoder. Data is in light gray, and operations are in dark

gray.

2.4.4  Neural Network Architecture

Composing the yield approximation with the Hamming distance approximation allows us to
use gradient descent to train any kind of neural-network-based sequence encoder to generate

good encodings for similarity search, given a suitable dataset. This process is depicted in

6The ReLU function is defined as:
ReLU(z) = max(z,0)
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Figure 2.6. On each iteration, a pair of images is encoded, and then the mean cosine distance
between the outputs is used to calculate the approximate thermodynamic yield. Combined
with the actual similarity between the feature vectors, the parameters of the neural network

are updated using the gradient of the cross-entropy loss with respect to the parameters.

‘ Layer Type Diagram Dimensionality ‘
Sequence AT G C C T 30x1
RelLU + Softmax %ﬁ 30 x4
“One-Hot” Output
Fully Connected 10x128x30x 4
RelLU Activation 10 x 128
Convolution 2 1x128 x 128
Sine Activation 10 x 128
Convolutional 1 1x128
Input (VGG16+PCA) \_‘J v \_‘J 10x1

Figure 2.7: The neural network architecture for the sequence encoder.

A full exploration of the design space of neural-network-based sequence encoders is outside
the scope of this work. We conducted a small-scale exploration and arrived at the architecture
depicted in Figure 2.7, but this is not necessarily the best or only neural network for this
task.

The network begins with two convolutional layers, where each input dimension is pro-
cessed independently with a shared set of weights. This was done to preserve some of the
“element-wise” structure of the Euclidean distance used to calculate the similarity label.
The first convolutional layer has a sine-function activation, inspired by spectral hashing [25],
a method for transforming an input feature space into a binary address space. The second
convolutional layer uses the ReLLU function to allow the outputs to be further apart.

Since the input dimensions do not have a spatial interpretation, we cap the convolutional
layers with a set of fully connected weights to the four-channel sequence output, such that
each input dimension’s activation map is given a chance to influence each base in all posi-

tions. A ReLU activation followed by a softmax activation gives us the approximate one-hot
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representation discussed above.

2.4.5 Training Results

To train the encoder, we first split the 30,607 images of the Caltech256 dataset into 24,485
training images and 6,122 test images. We extracted the VGG16 FC2 features from all
30,607 images, and then fitted a PCA transform to the FC2 vectors from the training set.

The fitted transform was applied to all images.
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Figure 2.8: Encoder performance on 3000 pairs of images from the test set, before and
after training. The x-axis is the Euclidean distance between the target and the query,
and the y-axis is the thermodynamic yield (calculated with NUPACK). The orange
line shows the similarity threshold of 0.2.

During each training iteration, a batch of random pairs of training set images was used
to update the encoder weights, as depicted in Figure 2.6. The encoder was trained for 65,000
iterations using 500 random pairs of images per iteration. Figure 2.8 shows the performance
of the encoder as measured by the relationship between the thermodynamic yield (calculated
with NUPACK) and the Euclidean distance between the images in the pair. NUPACK was
set to simulate our experimental setup, with an equal molar ratio of target to query strands,
and temperature at 21°C.

The performance is shown before training (with random parameters), and again after

training. Before training, nearly all pairs of images exhibit a high yield, indicating no
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selectivity by distance. After training, most pairs have a low yield, but almost no pairs
of images under 0.2 in Euclidean distance (which we have defined as similar) have a low
yield. However, there are still non-similar images that have high yield, indicating that any

successful query will also retrieve non-similar images.
2.5 Experiments

2.5.1 Dataset Construction

To test our designs in the wetlab, we constructed a subset of the test set consisting of 10
query images and 100 target images. The queries were chosen by first clustering all images
in the training set into 10 groups using k-means, and then choosing a representative query
image from the test set that belonged to each cluster. The k-means step ensures that none
of the query images are pairwise-similar, because they all belong to different clusters in the

data.

Queries Targets Queries Targets
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Figure 2.9: The set of query and target images used in our wetlab experiments.

For each of these 10 query images, we selected its 10 nearest neighbors in the test set.
This ensures that each query image has 10 similar images and 90 dissimilar images among
the 100 targets. The result of this selection process is shown in Figure 2.9.

For each image, we encoded its features as a 30-nucleotide DNA sequence using the trained
encoder, as described in Section 2.4.5. For each target image, we assigned it a random 5-nt

ID, and then constructed a 90-nt sequence as shown in Figure 2.2a. For each query image,
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we constructed a 36-nt sequence as shown in Figure 2.2b. Target and query strands were
then ordered from IDT. The query strands included the addition of a biotinylated spacer at
the 5" end.

2.5.2 Target Preparation

All target strands were mixed together in an equal molar ratio. The targets were then mixed
with 20% excess of the primer IP* at 10uM, and 20uL of the target-primer mixture was
added to 20uL of 2x KAPA HIFI PCR enzyme mix. This 40ul. mixture was placed in a
thermocycler with the following protocol: (1) 95°C for 3 minutes, (2) 98°C for 20 seconds,
(3) 56°C for 20 seconds, (4) 72°C for 20 seconds, (5) go to step 2 one more time, and (6)
72°C for 30 seconds. This process extends the primer to cover the 5 half of each target

strand.

2.5.8  Query Protocol

For each of the 10 query strands, a sample of the target mixture was diluted to 200 nM and
mixed with an equal molar concentration of the query, then annealed in a thermocycler from
95°C to 21°C at a rate of 1°C per minute.

The annealed query-target mixture was mixed with streptavidin-coated magnetic beads,
incubated at room temperature for 15 minutes, and placed on a magnetic rack. The su-
pernatant containing non-captured DNA was removed and the beads were resuspended in
elution buffer, then incubated for 5 min at 95°C and placed on a magnetic rack to separate
captured DNA molecules from biotinylated query strands. The supernatant containing the
captured DNA was mixed with the forward primer FP and the reverse primer RP* in a PCR
reaction to amplify the captured targets. The amplified targets were ligated with [llumina
sequencing adapters and then sequenced using an Illumina NextSeq.

This procedure was repeated 3 times for each of the 10 queries. Each query and replicate

was given a unique sequencing index.
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Figure 2.10: Selected results for two of the ten query images, and aggregated results
for all queries.

2.5.4 Results

For each query and replicate, the reads were aligned with the set of all target sequences using
BWA-MEM [26]. Figure 2.10a shows the number of aligned reads for each target versus the

distance from that target to the query, for two sample queries, and for all queries together.

Figure 2.10b shows the cumulative distribution of aligned reads as a function of distance
from the query. The dashed line is a baseline indicating the cumulative distribution of
distances across the targets. The further the solid line is from the baseline, the stronger

the relationship between distance and the number of reads. The dotted line shows the
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Figure 2.11: Mean and standard deviation of yield as a function of feature region
length and feature region Hamming distance.

ideal result, where reads are only allocated to similar targets (those less than 0.2 Euclidean
distance from the query).

The first sample query (the binoculars) shows a successful result, where most of the reads
are allocated to similar targets. In contrast, the second sample query (the school bus) is less
successful: the reads are distributed almost evenly across similar and non-similar images.

Across all queries, our results are moderately successful — though there are many reads
going to dissimilar targets, our scheme is clearly capable of performing similarity-based
enrichment: roughly 30% of the sequencing resources are being used by similar targets,

which by construction make up just 10% of the database.
2.6 Discussion

In practice, the 10-dimensional image feature subspace used for our experiments is insuf-
ficiently selective. Referring back to Figure 2.1, the 100-dimensional space was more ef-
fective at relating distance to qualitative similarity. But it is difficult to train an encoder
to transform this already-compressed 100-dimensional subspace into a 30-nucleotide feature

sequence.

We might be tempted to try longer feature regions, but this will likely experience more
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noise of the type seen in our results. Figure 2.11 illustrates this by generalizing Figure 2.4
to feature regions of different sizes. These plots bin across sequence length and target-query
Hamming distance, and the color indicates either the mean (on the left) or the standard
deviation (on the right) of the yield values in that bin, at our protocol temperature of 21°C.
These plots tell us that selectivity decreases with increasing length, and that variance in
yield for dissimilar targets increases as well.

These problems pose a difficult challenge to scaling this system. One avenue for future
work is to devise a more accurate approximation for thermodynamic yield that can still be
used to train a neural network. Another is to explore alternative probe designs that are

meant to reduce variance, such as the toehold-exchange probes of Zhang et al. [27, 28].

2.7 Conclusion

We have presented a complete design, from encoding to sequencing, for a DNA database
capable of performing content-based associative search by enriching database elements that
are similar in content to a given query.

We have accomplished this by combining state-of-the-art research from the information
retrieval and machine learning community with theoretical and experimental insights from
the DNA computing and DNA storage communities to come up with novel encoding strategies
and strand designs.

While it will be a challenge to scale this system to more complex features and larger
datasets, this work is another step towards realizing the types of systems we will need to

accommodate the storage demands of the future.
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Chapter 3
A LARGE-SCALE IMPLEMENTATION

3.1 Introduction

Following the success of the prototype outlined in Chapter 2, we began to ask ourselves
how far we could push the underlying methodology. Our goal was to scale-up the database
to a much larger size (millions of images instead of hundreds). We hypothesized that a
larger feature dimensionality would be required (instead of the PCA-reduced features used
previously), and we re-designed the encoder to transform directly from the 4096-dimensional
VGG16-FC2 space to an 80-nucleotide DNA sequence (instead of the 30-nucleotide sequences
used previously).

Because we had found that the Hamming distance-based predictor became progressively
less accurate with longer feature regions (see Fig 2.11), we also set out to design a more
accurate hybridization predictor, which is one of the key components of our scaled-up im-

plementation.
3.2 Encoder Design

3.2.1 Datasets and Feature Extraction

As in our prior work, we chose to focus on encoding feature vectors derived from images, as
similarity between images is easy to visualize, and large datasets are readily available.
With the exception of the query images, all images were collected from Open Images
V4 [29], a dataset of over 9 million URLs for images with Creative Commons licenses. Of
these, approximately 1.7 million are hosted by the CVDF and available for download; the
rest are raw Flickr URLs and may or may not be available. For the image database used

in our experiments, we took 1.6 million images from the hosted set. For training, we took
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Figure 3.1: Illustration of the relationship between pairwise feature-vector Euclidean
distance and pairwise subjective similarity. Each column represents a range of Eu-
clidean distances, and each row depicts a pair of images where their feature-vector
Euclidean distance falls in that range.

images from the full set of 9 million that were not used for training, testing, or experiments.

To extract image features, we processed each image with VGG16 [11], a convolutional
neural network designed for image classification. The weights were loaded from the publicly
available trained model and left unchanged during our processing. We used the activations

of FC2 (the second fully-connected layer) as 4096-dimensional feature vectors.

As shown in Figure 3.1, pairs of images with a feature-vector Euclidean distance of 75 or
less tend to be consistently similar. During training, we label these pairs as “similar” and

all other pairs as “not similar”.
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Figure 3.2: Structure of the sequence encoder network. Layers are opaque, and trans-
formations are translucent. The dimensionality of each layer is shown on the right.
Only the transformations highlighted in green have parameters that change during
training.

3.2.2 Encoder Architecture

The sequence encoder is a fully-connected neural network. Its topology is depicted in Fig-
ure 3.2. The 4096-dimensional FC2 vectors are fed into a 2048-dimensional hidden layer with
a rectified linear activation, followed by an output layer with a “one-hot” sequence repre-
sentation that is 80 nucleotides in length. In this representation, each sequence position has
four channels, one for each base. A softmax activation function is applied that forces each
positions channels to sum to 1. A DNA sequence can be read off by picking the channel with

the maximum activity at each position.

The yield predictor expects fully discrete one-hot sequences, but the encoder is capable
of outputting a one-hot representation with indeterminate bases (for example, if all four
channels at a position have a value of 0.25). Because of this, a regularization is applied
during encoder training to minimize the entropy at each position. This encourages each

position to have a well-defined maximum.
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Figure 3.3: (A) Structure of the yield predictor network. Only the transformations
highlighted in pink have parameters that change during training. (B) Illustration of
the local match operation. Blue cells have a value of 1, and white cells have a value
of 0.
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3.2.8 Predictor Architecture

The hybridization predictor (Fig. 3.3A) takes a pair of one-hot sequences and predicts the
yield of the hybridization reaction between the top sequence and the reverse-complement of

the bottom sequence.

It first pre-processes the sequence pair with a sliding window operation that finds local
matches (Fig. 3.3B). Following local average pooling, a trainable convolutional layer enables
the predictor to weigh different kinds of local matches differently. Because we are not predict-
ing where hybridization occurs, we use a global average pooling operation to remove spatial
relevance. The prediction is then computed with a logistic regression (in our experience, this
is more effective than a linear regression because most hybridization yields are either close

to 0 or close to 1).

3.3 Oligo Design

The oligo design is similar to previous work, except that the feature region is now 80 nu-
cleotides in length instead of 30, and the tag region is now a 30- nucleotide decodable barcode

instead of a 5-nucleotide random tag.

Figure 3.4 depicts the layouts of our synthesized DNA oligomers, as well as the layouts
of double-stranded complexes formed during processing. Each document in the database is
associated with a single DNA oligomer (Figure 3.4A) that contains the barcode and feature
regions that are unique to that document. In addition to these unique regions, each database
oligo contains three conserved regions (denoted FP, RP, and IP) that are the same across
all documents. PCR with FP and RP* is used to create additional copies of all database
strands (Figure 3.4B), to prepare for hybridization and sequencing. Linear PCR with IP* is
used to create partially-double stranded copies of each database strand that leave the feature

region exposed (Figure 3.4C).
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A. Database oligo layout (one per document)

FP Barcode IP Features RP
5, > 37
18 nt 30 nt 19 nt 80 nt 18 nt

B. PCR with FP and RP* makes double-stranded copies of all database oligos

5’ -3

C. Linear PCR with IP* makes partially double-stranded copies, with feature regions exposed

R —
5 > 3

D. Query oligo layout (one per query)

.k *
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* *
<
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E. Query can only hybridize with single-stranded feature regions, minimizing unintended reactions

5 > 31
N
Six bases of RP* serve as toehold to initiate reaction

Figure 3.4: Layouts of single-stranded oligomers and intended double-stranded com-
plexes. Arrowheads indicate 3’ ends of DNA. Asterisks (*) indicate the reverse com-
plement of a DNA sequence.
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3.3.1 Barcodes

Document IDs are defined as 24-bit integers (in the range 0 to 16,777,215). To construct a
DNA barcode from an ID, the ID is first mapped to another 24-bit integer using a reversible
pseudo-random permutation. This step encourages sequence diversity among the barcodes.
The randomized ID is then split into four six-bit symbols. These symbols are processed
with a Reed-Solomon error-correcting code to produce a codeword with six symbols. Each
of the six symbols is mapped to a five-nucleotide homopolymer-free DNA subsequence using
a codebook with 64 entries. The final 30-nucleotide barcode is the concatenation of these six
subsequences.

To decode a 30-nucleotide barcode, it is split into its six five-nucleotide subsequences,
and each step of the code is reversed. Limited substitutions can be corrected, but if the
sequence cannot be decoded, or it decodes to an ID that is unused, it is rejected as an invalid

barcode.

3.3.2  Training Procedure

Figure 3.5A outlines the training procedure, which alternates between encoder and predictor
training phases. During each round of encoder training, we draw a batch of pairs of feature
vectors from the training set where half of the pairs are labeled “similar” (the Euclidean
distance between the feature vectors in the pair is 75 or less). The batch of pairs is processed
by the encoder, which outputs pairs of one-hot sequences. These are then processed by the
yield predictor, which outputs the estimated yield of the hybridization reaction between the
first sequence and the reverse complement of the second sequence. The estimated yield of
each pair in the batch is used along with the similarity labels (0 for “not similar” and 1 for
“similar”) to compute the mean cross-entropy for the batch. We use the cross-entropy as loss
function because it penalizes similar images with low estimated yield, dissimilar images with
high estimated yield, and any estimated yields that are neither high nor low. The parameters

of the encoder are modified (via gradient descent) to minimize the mean cross-entropy. The
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Figure 3.5: Overview of our training process. (A) The training loop for the neural net-
works. Lines indicate data flow; dashed lines indicate parameter gradients calculated
using backpropagation. Green indicates operations only performed during encoder
training, while pink indicates operations used only during yield predictor training.
All other operations are used in both training phases. (B) Simulated performance
of an untrained model, evaluated on 1.6 million random pairs of images. Each violin
depicts the distribution of simulated hybridizations for pairs whose feature vectors’
Euclidean distance lie within a certain range. (C) Simulated performance of a trained
model, evaluated on the same set of random pairs.
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yield predictors parameters are not changed during encoder training.

During each round of yield predictor training, we draw a random batch of pairs of feature
vectors (unlike the encoder batches, these are not conditioned to have a particular distribu-
tion of similarity). These are processed by the encoder to produce one-hot sequences, which
are then discretized (each position’s maximum channel is set to 1, and the others to 0). The
pairs of discretized one-hot sequences are fed to the yield predictor to output the estimated
yield. We also simulate the reaction yields with NUPACK, as follows. The first sequence in
each pair is treated as the target, and a reverse primer is appended as in Fig. 3.4A. We do
not append the forward primer, barcode, or internal primer, as these regions will be double-
stranded during retrieval and should not react with the query. The second sequence in each
pair is treated as the query: six bases of the reverse primer are appended, and the sequence is
reverse-complemented, as in Fig. 3.4D. The pairs of target and query sequences are processed
with NUPACK at 21°C using default DNA parameters and an equal molar concentration of
1 nM for both query and target. The simulated reaction yields are computed by dividing
the final concentration of each query-target duplex by the initial concentration of 1 nM.

We then compute the cross-entropy between NUPACK’s simulated yield and the predic-
tor’s estimated yield for each pair in the batch. Cross-entropy is used instead of a standard
regression loss like mean squared error, because most yields tend to be very close to either
0.0 or 1.0. The parameters of the yield predictor are modified (via gradient descent) to
minimize the mean cross-entropy for the batch. The encoder’s parameters are not changed

during predictor training.

3.4 Experiments

3.4.1 Setup

During training, we withheld a fixed subset of 1.6 million images from Openlmages V4 to
be used as our “database” for laboratory experiments. After training our encoder, we trans-

formed each of these images into a DNA sequence using the trained encoder and synthesized
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them according to the layout in Figure 3.4A.

Our query images did not come from the Openlmages dataset, and do not exist in the
database. To conduct similarity search with an query image, we order a biotinylated probe
oligomer that contains the reverse complement of the query’s encoded feature sequence,
according to the layout in Figure 3.4D. We anneal the probe with a sample of the database,
and then separate the annealed target/query pairs from the database using streptavidin-
conjugated magnetic beads. A full description of our laboratory protocol can be found in
Appendix A. We then use high-throughput sequencing to read the filtered mixture, and
decode each read’s barcode according to the procedure in Section 3.3.1. By counting the
occurrences of each successfully decoded document ID, we can measure how frequently each

document appears in the filtered mixture.

3.4.2 Results

Figure 3.6 shows the experimental results for three different query images. If we consider
images with sequencing read counts above a certain threshold to be “retrieved”, we can
characterize the set of retrieved images for a variety of thresholds. Figure 3.6A shows that
higher read counts are associated with sets of images that are closer to the query in Euclidean
distance. We can quantitatively characterize the quality of a retrieved set by its recall of the
100 nearest neighbors; that is, the number of images in the set that are among the 100 most
similar images to the query in the database. Figure 3.6B shows that, as the read threshold
increases, the number of total images in the retrieved set drops very low before you begin
to sacrifice nearest neighbor recall. We can also visually inspect the retrieved set by sorting
its contents and displaying the most similar images. Figure 3.6C shows that, even with very
aggressive filtering, the retrieved set still contains images that are relevant to the query. If the
read counts for each image are proportional to their concentrations in the filtered mixture,
this means that the filtered mixture could be diluted about 1000x, conserving sequencing

resources while still retrieving relevant images.
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Figure 3.6: Experimental results for three different query images.

B. Retrieval as a function of read depth
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(top), a building with fireworks (center) and Lego pieces assembled in the shape of
sushi (bottom). (A) Distribution of Euclidean distances to the query image, among
sets of images with sequencing read depth above a certain threshold. (B) The pro-
portion of the entire dataset that must be retrieved (y-axis) to retrieve a certain
proportion of the 100 most similar images (x-axis). Each point represents a threshold
for which images with read depth above that threshold are considered “retrieved”.
The dashed line indicates chance performance, while the dashed-and-dotted line indi-
cates perfect performance. Colored triangles indicate the thresholds depicted in the
other subfigures. (C) The top 5 closest images to the query from result sets where

images above a certain read depth threshold are considered

“retrieved”.
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Figure 3.7: Comparison of our technique (“primo”, shown in blue) with state-of-the-
art algorithms for in silico similarity search. Dashed grey and dashed-and-dotted grey
lines represent chance performance and perfect performance, respectively. Not all
of the algorithms could produce results towards the lower-left (low recall and low
proportion retrieved). We assume these algorithms could be stopped early to produce
fewer results with a linear decrease in recall; dashed continuations represent these
linear interpolations.

3.4.8  Analysis

The performance of a similarity search algorithm can be summarized by the curve in Fig-
ure 3.6B, which measures the proportion of the database that must be retrieved and sorted to
achieve a particular 100-nearest neighbor recall. The dashed line above the curve illustrates
a “naive” algorithm that randomly samples the database. To retrieve half of the hundred
nearest neighbors, it must retrieve half of the database. The dashed-and-dotted line below
the curve illustrates a perfect “oracle” algorithm. To retrieve half of the hundred nearest
neighbors, it would retrieve exactly those 50 images from the 1.6 million in the database.

Figure 3.7 places the curve from Figure 3.6B in context alongside several state-of-the-art
in silico algorithms that were benchmarked using the same query and same database for each
of the queries we evaluated experimentally.

These algorithms all perform an Approximate Nearest-Neighbor (ANN) search. Given a
dataset, they create an index structure that is traversed using a given querys feature vector,
to retrieve the documents whose feature vectors are nearest to that query. An approximate

search does not scan the entire database, but this may cause it to miss some of the nearest
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neighbors. We define the candidate set as the subset of the database that is scanned (i.e.,
retrieved from memory and compared to the query). The candidate set is analogous to
the set of “retrieved” documents we define by varying the read depth threshold for our lab
experiments.

For each algorithm in Fig. 3.7, and for each of the three queries, we collected the candidate
sets for a variety of algorithm-specific parameters that give users control over the specificity
of the ANN search. The size of each candidate set (divided by the size of the full database)
gives us the proportion retrieved (the y-axis of Fig. 3.7), whereas the number of true nearest
neighbors in each candidate set (out of 100) gives us the 100-nearest-neighbor recall (the
x-axis of Fig. 3.7).

Some algorithms could not retrieve candidate sets below a certain size for any of the
attempted parameters. For these, we assume that uniform subsampling would equally limit
both the size of the candidate set and the number of nearest neighbors retrieved. This
assumption gives us the dashed colored lines for each algorithm in Fig. 3.7.

Implementations of HNSW (hierarchical navigable small world) graphs [30] are among
the top performers on approximate nearest neighbor benchmarks [31]. HNSW requires build-
ing and storing a very large index, which may be difficult to scale to large databases. We
also tested a quantized version of HNSW with lower memory utilization, developed by Face-
book [32] (“faiss”, shown in red), annoy [33] (shown in green), a popular algorithm developed
by Spotify, and RPForest [34] (shown in purple), an algorithm designed for the lowest possi-
ble memory utilization. While there is room for improvement, our experimental performance
is comparable to the state-of-the-art, indicating that DNA-based similarity search is a viable

technique for searching the databases of the future.
3.5 Conclusion

This chapter detailed the first practical execution of similarity search in a DNA-based digital
database, and compared its potential efficiency with electronic systems. The results suggest

that, as DNA data storage becomes more practical and scales to larger data sets, similarity
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search in DNA form is an attractive possibility compared to electronic systems. Combining
DNA data storage with similarity search support may offer a path to viable hybrid molecular-

electronic computer systems.
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Chapter 4

CONCLUSION

Our results have demonstrated that DNA-based digital storage systems are capable of
performing complex queries on the scale of millions of images. The question remains of how

far this technique can scale, and what the major bottlenecks to scalability might be.

While we have described our technique in detail end-to-end, there are several aspects of
its implementation that warrant a sensitivity analysis to understand their effects on perfor-
mance. For instance, to study the limits of encoding DNA sequences with a deep neural
network, we might explore the space of encoder topologies or training hyperparameters, or
we could try databases composed of other types of media, which might have a different

distribution of similarity or a different inherent “difficulty”.

Database size is also an important factor. Larger databases might expose limitations in
our encoding strategy, as well as limitations in our laboratory protocol. Along the same lines,
the laboratory protocol is complex, and the space of various choices for time, temperature,

and concentration have not been fully explored.

However, it is possible that using DNA hybridization as a search primitive poses a funda-
mental scalability bottleneck. Our technique is based on predicting and controlling the con-
centration of query-target duplexes at thermodynamic equilibrium. Because single-stranded
DNA is prone to folding up on itself (especially at lower temperatures), reaching that equi-
librium on a reasonable timescale requires annealing (heating the DNA to melt all secondary
structure, then cooling it back down slowly).

Annealing single-stranded DNA incurs an unavoidable energy cost that depends on the
volume of the working solution. While we may be able to push the concentration of the

system to its limit to drive volume down, at a certain point, the only way to increase the



37

capacity of the system will be to increase its volume, and therefore also the energy required
for annealing.

Fortunately, hybridization of single-stranded species is not the only way to leverage non-
specific DNA binding. For instance, CRISPR nuclease enzymes, which can unwind double-
stranded DNA to allow a guide sequence to bind to a target domain, have predictable off-
target effects [35], and they can operate isothermally (without requiring a change in temper-
ature). Further study of such enzymatic components may prove to be a fruitful direction for

creating scalable DNA-based digital storage systems.
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Appendix A

LABORATORY PROTOCOL FOR LARGE-SCALE
IMPLEMENTATION!

The 1.6 million oligos that make up the database were ordered from Twist Bioscience.
Biotinylated probe oligos were ordered from IDT. Streptavidin-coated magnetic beads (Dyn-
abeads MyOne Streptavidin T1) was purchased from Thermo Fisher Scientific. USER en-
zyme was ordered from New England Lab.

The general workflow of a similarity search experiment is divided into 8 steps (Figure A.1):
(1) enrichment of a synthesized oligo pool using PCR, (2) linear amplification of the pool
using a forward primer, (3) linear amplification using an internal primer, (4) hybridization
experiment using a query strand, (5) magnetic bead extraction, (6) releasing of bead captured
strands using digestion of USER enzyme, (7) PCR enrichment of the released oligos (8)
ligation to Illumina adapters for sequencing.

A DNA pool synthesized from Twist Bioscience was PCR amplified by mixing 1 uL of 1
ng/uL of the pool, 1 uL of 10 uM forward primer, 1 uL of 10 uM reverse primer, 10 uL of
2X KAPA HIFT enzyme mix, and 7 yL of molecular grade water. PCR was performed in
a thermocycler with the following protocol (1) 95°C for 3 min, (2) 98°C for 20 s, (3) 56°C
for 20 s, (4) 72°C for 20 s, (5) go to step 2 for about 15 cycles, (6) 72°C for 30 s. The
amplified product was PCR purified using QIAGEN PCR Purification Kit (Cat No: 28104).
The sample concentration was measured using Qubit 3.0 fluorometer.

This enriched Twist pool was mixed with 100 times more of the Forward Primer (e.g.,
[FP]/[pool]=100) at 500 nM of the pool. 20 pL of this mixture was mixed with 20 yL of
2X KAPA HIFI enzyme mix, followed by linear amplification with the following protocol:

!The text for this appendix was contributed by Dr. Yuan-Jyue Chen.
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Figure A.1: Workflow of a similarity search experiment. A large DNA pool is PCR
amplified using a forward primer (FP) and a reverse primer (RP). The enriched prod-
uct is linearly amplified using the forward primer for 3 cycles. The sample is linearly
amplified using an internal primer (IP) to make partially double-stranded copies, with
feature region exposed. This mixture is then hybridized with a query strand, followed
by magnetic bead extraction. The extracted strands are released from the beads using
USER enzyme digestion. The released sample is PCR enriched using FP and RP. The
sample is PCR again using RP and FP with a 25N overhang to create a randomized
region for the diversity need of Ilumina NextSeq. The sample is ligated to Illumina
adapter, followed by next-generation-sequencing.
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(1) 95°C for 3 min, (2) 98°C for 20 s, (3) 62°C for 20 s, (4) 72°C for 20 s, (5) go to step 2
for 2 time, and (6) 72°C for 30 s. The mixture contains 250 nM of double-stranded DNA
(dsDNA) and less than 750 nM of single-stranded DNA (ssDNA).

The sample was linearly amplified again using an Internal Primer (IP) by mixing 40 yL
of the 250 nM dsDNA mixture, 12 uL of 10 uM Internal Primer (IP), and 12 yL of 2X KAPA
HIFT enzyme mix. Linear amplification was performed with the following protocol: (1) 95°C
for 3 min, (2) 98°C for 20 s, (3) 56°C for 20 s, (4) 72°C for 20 s, and (5) 72°C for 30 s. The
mixture contains 156 nM of fully dsDNA pool and less than 468 nM of partially dsDNA with
feature region exposed (feature region will hybridize to a query strand).

6.4 uL of the mixture (containing 156 nM of the fully dsDNA pool and 468 nM of partially
dsDNA) was mixed with 1 uL of a query strand at 10 nM, 10 yL of 2 M sodium chloride
buffer and 2.6 yL molecular grade water. This resulted in an 1:100 ratio of query to the fully
dsDNA pool and a final concentration of the fully dsDNA pool at 50 nM. This mixture was
annealed in a thermocycler by first heating up to 95°C for 3 mins, and then slowly cooling
down to 21°C at the rate of 1°C per 20 min.

3 ug of Streptavidin-coated magnetic beads (Dynabeads MyOne Streptavidin T1, Thermo
Fisher Scientific) was used for 1 pmol of a query strand. The beads were washed 3 times in
binding and washing buffer (5 mM Tris-HCI (pH 7.5), 0.5 mM EDTA, 1 M NaCl), then added
to the hybridization sample at room temperature. After incubating at room temperature
for 15 minutes, the samples sat on a magnet rack to recover the beads and binding DNA.
The supernatants were removed, and the beads were washed 3 times using 100 uL of binding
and washing buffer. The beads binding DNA was resuspended in 50 pL 1X elution buffer
containing 10 mM tris-Cl, at pH 8.5. The resuspended samples were digested using USER
enzyme by mixing 50 uL of the sample with 2 uL. of USER enzyme, and 5.8 uL of NEB 10X
cut smart buffer at 37°C for 20 minutes. The sample sat on a magnetic rack for 1 minute,
and the supernatants was recovered.

2 uL of the recovered solution from last step was mixed with 1 uL of 10 uM forward

primer, 1 uL of 10 uM reverse primer (RP), 10 uL of 2X KAPA HIFI enzyme mix, and 6 uL
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of molecular grade water for PCR. PCR was performed in a thermocycler with the following
protocol (1) 95°C for 3 min, (2) 98°C for 20 s, (3) 62°C for 20 s, (4) 72°C for 20 s, (5) go
to step 2 for a varying number of times depending on the recovery yield of beads extraction,
and (6) 72°C for 30 s. 2 pL of the amplified sample was mixed with 1 pL of 10 uM forward
primer with an overhang of a randomized region (25N), 1 uL of 10 uM reverse primer (RP),
10 uL of 2X KAPA HIFT enzyme mix, and 6 uL of molecular grade, followed by the following
thermocycling protocol: (1) 95°C for 3 min, (2) 98°C for 20 s, (3) 62°C for 20 s, (4) 72°C for 20
s, (5) go to step 2 for a varying number of times depending on the recovery yield. This PCR
step added a randomized region to the sample for the diversity need of Illumina NextSeq.
The size of the PCR product was verified using QIAGEN bioanalyzer. The amplified product
was ligated to Illumina sequencing adapters with TruSeq Nano reagents and protocol. The

ligated samples were sequenced using Illumina NextSeq.



