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Graph-based deep reinforcement learning
for haplotype assembly with Ralphi
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and Victoria Popic1,2
1Broad Clinical Labs, Broad Institute of MIT and Harvard, Cambridge, Massachusetts 02142, USA; 2Broad Institute of MIT and
Harvard, Cambridge, Massachusetts 02142, USA; 3Computer Science and Artificial Intelligence Laboratory, MIT, Cambridge,
Massachusetts 02139, USA; 4Department of Mathematics, MIT, Cambridge, Massachusetts 02139, USA

Haplotype assembly is the problem of reconstructing the combination of alleles on the maternally and paternally inherited

chromosome copies. Individual haplotypes are essential to our understanding of how combinations of different variants

impact phenotype. In this work, we focus on read-based haplotype assembly of individual diploid genomes, which recon-

structs the two haplotypes directly from read alignments at variant loci. We introduce Ralphi, a novel deep reinforcement

learning framework for haplotype assembly, which integrates the representational power of deep learning with reinforce-

ment learning to accurately partition read fragments into their respective haplotype sets. To set the reward objective for

reinforcement learning, our approach uses the classic reduction of the problem to the maximum fragment cut formulation

on fragment graphs, in which nodes correspond to reads and edge weights capture the conflict or agreement of the reads

at shared variant sites. We train Ralphi on a diverse data set of fragment graph topologies derived from genomes in the 1000

Genomes Project. We show that Ralphi achieves lower error rates at comparable or longer haplotype block lengths over the

state of the art for short and long reads at varying coverage in standard human genome benchmarks.

[Supplemental material is available for this article.]

Haplotype assembly, also known as genome phasing, is the prob-
lem of reconstructing the sequence of alleles at sites of genetic var-
iation of each individual chromosome copy in a genome. The
specific configuration of variants across homologous genome re-
gions allows us to differentiate between cis variants present on
the same chromosome molecule and trans variants present across
homologous chromosomes. This information is required to dis-
cover compound heterozygous variants, which occur when both
homologous copies of a gene contain variants at different posi-
tions with a potentially deleterious impact on the function of
both gene copies and which play a key role in numerous diseases,
such as cancer (De Rosa et al. 2000; Rahner et al. 2008; Miller and
Piccolo 2021), Charcot–Marie–Tooth neuropathy (Lupski et al.
2010), ataxia–telangiectasia (Dörk et al. 2004; Piane et al. 2016),
and deafness (Welch et al. 2007). As such, the accurate reconstruc-
tion of haplotypes is vital to our interpretation of genetic variation
and its role in disease (Browning and Browning 2011; Tewhey et al.
2011). Haplotype assemblies are also essential to the study of pop-
ulation structure, genetic diversity, mechanisms of inheritance,
and genome evolution (Douglas et al. 2001; Green et al. 2010;
Adey et al. 2013; Brinton et al. 2020).

Numerous approaches have been developed to date for
haplotype reconstruction. Population-based statistical approaches
(Browning and Browning 2007; Loh et al. 2016; Delaneau et al.
2019) infer haplotypes by leveraging observed patterns of genetic
variation in a reference panel (e.g., large-scale genotype data sets
from The 1000 Genomes Project [The 1000 Genomes Project
Consortium 2015] or the UK Biobank [Bycroft et al. 2018]). On

the other hand, read-based approaches assemble individual haplo-
types using the overlap of read alignments at heterozygous variant
loci. Because of sequencing errors, however, the problem of
read-based haplotype assembly is computationally intractable.
Numerous formulations for this problem have been proposed to
date (Panconesi and Sozio 2004; Levy et al. 2007; Bansal and
Bafna 2008; Duitama et al. 2010; Aguiar and Istrail 2012; Berger
et al. 2014, 2020; Kuleshov 2014; Martin et al. 2016; Edge et al.
2017; Yu et al. 2021; Lin et al. 2022). Among these, some of the
most popular definitions include the minimum error correction,
minimal fragment removal, and minimal single-nucleotide poly-
morphism (SNP) removal optimization objectives (Rizzi et al.
2002; Panconesi and Sozio 2004; Duitama et al. 2010). Because
these formulations are NP-hard and also hard to approximate
(Cilibrasi et al. 2007; Bonizzoni et al. 2016), popular approaches of-
ten employ fixed-parameter tractable algorithms (by fixing the
read coverage or number of errors as parameters) (Martin et al.
2016; Beretta et al. 2018) and heuristics to solve the original prob-
lem (Edge et al. 2017) or reduce the problem space through down-
sampling (Martin et al. 2016). However, although heuristic-based
methods can scale to large problem instances, expert-driven heu-
ristics cannot tractably model the complex sources of variability
inherent to this problem domain (e.g., the nonuniformity of
read coverage and variant density within the genome and across
different populations or read length and error profiles of different
sequencing platforms).
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Learning-based approaches, on the other hand, can detect
complex patterns in high-dimensional data, which are too chal-
lenging to discover and define manually. Recently, several deep
learning methods have been proposed for the problem of haplo-
type assembly in polyploid species and viral quasispecies (Ke and
Vikalo 2020, 2022; Xue et al. 2022). For example, NeurHap (Xue
et al. 2022) formulates haplotype phasing as a graph coloring prob-
lem on read-overlap graphs and uses a graph neural network
(GNN) to learn color assignments, whereas CAECseq (Ke and
Vikalo 2022) uses convolutional auto-encoders to cluster reads
into haplotypes. These approaches, however, have been evaluated
only on small or partial genomes and read data sets (with most
benchmarked data sets containing a few hundred to a few thou-
sand reads and variants); as such, their performance on a full hu-
man genome has not been demonstrated.

In this work, we introduce Ralphi, a novel framework for hap-
lotype assembly based on deep reinforcement learning (DRL),
which offers the ability to learn combinatorial optimization strat-
egies for high-dimensional inputs. Briefly, in reinforcement learn-
ing (RL), an agent is trained to make decisions in a given
environment that maximize its reward through trial and error.
DRL integrates the representational ability of deep learning with
the trial-and-error-based optimization of RL to enable operations
on high-dimensional state spaces. It has been shown to achieve
state-of-the-art results in a wide range of combinatorial optimiza-
tion problems, including the traveling salesman,minimum vertex
cover, and maximum cut (Khalil et al. 2017). To the best of our
knowledge, DRL has never been used for haplotype assembly. In
Ralphi, we train a DRL agent to partition read fragments into
two haplotype sets while optimizing the maximum fragment cut
(MFC) objective proposed byDuitama et al. (2010), which involves
solving the NP-hard weighted max-cut problem (Bansal and Bafna
2008; Duitama et al. 2010; Edge et al. 2017) on read-based graphs.
Importantly, this approach does not require ground-truth haplo-
type assignments. Ralphi leverages a graph convolutional neural
network (GCN) to embed fragment graphs and an actor-critic RL
model to learn the read-to-haplotype assignment algorithm based
on the MFC reward. We used a large set of fragment graph topolo-
gies derived from genomes from a diverse set of populations in-
cluded in the 1000 Genomes Project to train Ralphi. To
demonstrate the generalizability and adaptability of our learn-
ing-based approach tomultiple sequencing platforms, we generat-
ed Ralphi models for both Oxford Nanopore Technologies (ONT)
long reads and Illumina short reads. We demonstrate that Ralphi
predominantly improves the accuracy of the reconstructed haplo-
types compared with the state of the art, while maintaining high
phasing block lengths across several standard benchmark data

sets from both short and long read sequencing platforms and
different genome coverage regimes.

Results

Overview of Ralphi

At a high level, Ralphi consists of two key modules (Fig. 1): (1) frag-
ment graph construction from read alignments and variants, which
generates the input to the learning-based framework, and (2) the
DRL framework, which partitions graph fragments into two haplo-
types by (1) embedding fragment graphs using a GCN and (2) iter-
atively assigning each node in the graph to one of the haplotypes
using the actor-critic RL algorithm and the MFC reward.

Briefly, in a fragment graph, nodes correspond to DNA frag-
ments, the edges represent the overlap of fragment alignments at
variant loci, and the edge weights capture the conflict (positive
values) or agreement (negative values) of alleles covered by each
fragment. Note, fragments may correspond to a single read align-
ment or to multiple alignments (e.g., in the case of paired-end
Illumina reads). Only fragments that cover two or more variants
are informative for phasing and stored in the graph. A cut in a frag-
ment graph represents an assignment of fragments to each haplo-
type. Intuitively, higher-weight cuts will separate fragments with a
higher number of conflicting alleles, which are likely to pertain to
different haplotypes.

Given fragment graphs as input, Ralphi learns to assign each
node in the graph to one of the twohaplotypes such that its assign-
ments maximize the cut value across the two final haplotype sets.
For each graph, it incrementally selects one node at a time and as-
signs it to one of the twohaplotypes. Ralphi uses the popular actor-
critic RL paradigm (Konda and Tsitsiklis 1999), which involves two
networks: (1) the actor, which learns which actions the agent
should take (i.e., the policy), and (2) the critic, which learns the
value of different actions. Ralphi uses a GCN to capture the graph
topology and the state of the node assignments after each action
taken by the agent. Each node in the graph is associated with a fea-
ture representing its current haplotype assignment (i.e., unas-
signed, assigned to haplotype 1, or assigned to haplotype 2).
Additionally, we explored using other node features to capture var-
ious properties of the graph topology (e.g., node degree), frag-
ments (e.g., number of covered variants), and problem context
(e.g., how many nodes have already been assigned). We found
that Ralphi achieved the best results when betweenness centrality
was included as a node feature, which encodes the fraction of
shortest paths passing through a given node.

Figure 1. Overview of the Ralphi framework for haplotype assembly. As an example, a fragment graph is constructed from a set of six DNA fragments
covering seven SNPs (the allele containing a sequencing error is shown in red), with negative agreement edges shown in blue, and conflict edges, in red
(the thickness of the edge corresponds to edge weight). Fragments are partitioned into final haplotypes through an iterative process wherein the agent
assigns a node to a haplotype in each step based on the prediction given by the actor-critic network operating over the fragment graph embedding.
The final haplotypes are assembled by computing the consensus of the fragments in each partition.
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Training data sets

We generated a diverse set of fragment
graph topologies for training, aimed at
capturing the variability in genome
structure (e.g., variant density within
and across genomes in different popula-
tions), read depth, sequencing error
rates, and read lengths. To that end, we
selected the following 10 genomes from
The 1000 Genomes Project (Byrska-
Bishop et al. 2022): HG00234,
HG00250, HG00627, HG01598,
HG02047, HG03046, HG03166,
HG03388, HG04225, and NA11932,
which come from diverse populations
including the British, Southern Han
Chinese, Kinh Vietnamese, Gambian
Mandinka, Esan, Mende, and Telegu.
We incorporated the variants of each ge-
nome into the GRCh38 reference and
generated synthetic Illumina short reads
and synthetic ONT long reads at varying
coverage and error rates from these ge-
nomes (see Methods). Additionally, we
included real Illumina data sets for each
of these 10 genomes and real ONT R10
reads for six additional genomes that
have been sequenced on the ONT plat-
form (HG00142, HG00263, HG00277,
HG00326, HG00372, and HG00463) at
varying coverage. This procedure yielded
3,147,214 graphs for short reads and
184,958 graphs for ONT reads. Figure
2A highlights the diversity of topologies
captured in the resulting data set. We
computed key topological features (e.g.,
graph size, density, and diameter) for
the resulting graphs shown in Figure 2
B and C (which capture the distributions
of fragment graph properties computed
for all generated fragment graphs—strati-
fied by technology and coverage); Figure
2D (which displays the distribution of
graph properties for two distinct sample
genomes derived from real ONT reads);
and Supplemental Figure S1 (which in-
cludes a larger set of genomes selected
for training).We then applied graph sam-
pling strategies to balance across different
properties, obtaining a training data set
with 267,456 graphs for short reads and
175,048 graphs for long reads.We trained
Ralphi first on short-read graphs and then
fine-tuned the model on ONT graphs.

Evaluation setup

We evaluated the performance of Ralphi
on the NA12878 and HG002 standard
benchmark genomes usingpublicly avail-
able Illumina, ONT (R10), and Pacific
Biosciences (PacBio) (HiFi) data sets. We

A

B

C

D

Figure 2. Overview of fragment graph characteristics. (A) Examples of fragment graph topologies.
Negative and positive edge weights are in black and blue, respectively; node color indicates haplotype
membership selected by Ralphi. Distributions of fragment graph properties (note that “compression fac-
tor” is defined as 1− [number of nodes]/[number of fragments]) stratified by technology (B), coverage
(C), and genome (D).
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compared Ralphi to the popular state-of-
the-art phasing methods WhatsHap
(Martin et al. 2016), HapCUT2 (Edge
et al. 2017), and LongPhase (Lin et al.
2022) developed for long reads (note
that we used LongPhase only for ONT
and PacBio comparisons). We also in-
cluded RefHap to directly compare
Ralphi’s learned algorithm to the heuris-
tic algorithm developed for the same
MFC objective (unfortunately only par-
tial metrics are available for RefHap
because it did not finish running on all
the benchmarks during the course of sev-
eral months). Supplemental Notes 3 and
4 list the parameters used to execute
each tool and their versions. We could
not include a comparison with the exist-
ing deep-learning methods NeurHap
(Xue et al. 2022) and CAECseq (Ke and
Vikalo 2022), because the available code
does not operate with standard phasing
inputs and outputs and requires custom
model training.Weused the Ralphimod-
el trained only on short reads with
Illumina data and the model fine-tuned
with ONT reads for both ONT and
PacBio data. To assess the effect of cover-
age on phasing performance, we down-
sampled the original read data sets to a
depth of 30×, 15×, 10×, and 5×. We com-
pare the following key standard phasing metrics to assess perfor-
mance: switch error rate, mismatch error rate, and the AN50
score, which assess the accuracy and contiguity of the reconstruct-
ed haplotypes, respectively (Methods) (Edge et al. 2017).

NA12878 benchmark

For the NA12878 benchmark, we used phased high-confidence
variants from the Illumina Platinum Genomes call set (Eberle
et al. 2017) as ground truth. We obtained Illumina 150 bp paired
short reads from the 1000 Genomes Project high-coverage NYGC
release (Byrska-Bishop et al. 2022), ONT long reads (R10.4.1 chem-
istry) from the ONT Open Data project (https://labs.epi2me.io/
dataindex/), and PacBio HiFi reads from the NCBI Sequence Read
Archive (SRA; https://www.ncbi.nlm.nih.gov/sra) (Vollger et al.
2023). Given the variability in read profiles (read length and qual-
ity) of ONT sequencing, we also downloaded a second (replica)
ONT data set from the Garvan Institute Long-Read Sequenc-
ing Benchmark Data platform (Gamaarachchi et al. 2022) to eval-
uate performance on the same genome butwith different read data
sets (please note that the coverage of the BAM file available
for this data set was 24×). Figure 3 and Supplemental Figure S2
(with results computed only on Chromosome 1 and Chromo-
some 20, which were withheld during training) show that Ralphi
achieves lower error rates, compared with other methods, across
most settings in this benchmark, while maintaining or improv-
ing on the AN50 haplotype block contiguity scores; notably, it
achieved the highest AN50 at higher coverage with ONT reads.
To evaluate the impact of variant selection on performance,
we additionally executed Ralphi without any variant filters. Sup-
plemental Figure S4 compares the performance of LongPhase

(default mode) and Ralphi (with no variant filters). To ensure
that bothmethods operate on a comparable set of variants, we ex-
ecuted Ralphi in this setting only on the variants phased by
LongPhase. It can be seen that Ralphi achieves lower error rates
and higher AN50 scores across all coverage regimes as compared
to LongPhase.

HG002 benchmark

For theHG002 benchmark, we used phased variants from the 4.2.1
GIAB release (Zook et al. 2020) as the ground truth. We obtained
250 bp paired Illumina short reads from GIAB (Jarvis et al. 2022),
ONT long reads (R10.4.1 chemistry) from the AnVIL workspace
(Kolmogorov et al. 2023), and PacBio HiFi reads from the PacBio
cloud (Nurk et al. 2022). Figure 4 and Supplemental Figure S3
(with results computed only on Chromosome 1 and Chromosome
20, which were withheld during training) show that Ralphi simi-
larly achieved lower error rates, compared with other tools, across
most settings in this benchmark, and a higher AN50 at higher cov-
erage for ONT and PacBio reads.

Runtime evaluation

We evaluated the runtime of Ralphi and other methods on
Chromosome 1 of the HG002 genome benchmark (for which all
Refhap results finished computing). All our experiments were per-
formed on anAMDRyzen Threadripper PRO 3995WX systemwith
516GBof RAM.We report the runtime of each tool on a single core
(all the steps of Ralphi, including the model, were run on a single
CPU thread) for short reads and long reads across all coverage re-
gimes in Table 1. LongPhase has the fastest runtime on ONT and
PacBio reads, whereas HapCUT2 is the fastest tool on Illumina

Figure 3. Performance evaluation on the NA12878 benchmark. Note that switch and mismatch error
rates are a percentage.
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reads. Ralphi’s runtime is generally comparable to WhatsHap, be-
ing slower at several coverages on ONT reads and faster at certain
coverages on PacBio and Illumina reads. However, although
Ralphi is slower than WhatsHap at 30×, it is phasing the full read
set, whereasWhatsHap downsamples input data sets to 15× by de-
fault. Optionally, Ralphi also provides read downsampling (using
WhatsHap’s downsampling routine), which can significantly re-
duce its runtime at 30×. We also show Ralphi’s total peak memory
usage (the maximum resident set size) at each coverage. Because
Ralphi’smodel is very small, Ralphi is able to achieve a competitive
runtime and a low memory footprint even when running with a
single thread.

Discussion

In this work, we motivate the use of DRL for read-based haplotype
assembly using the reduction of this task to the NP-hard MFC ob-
jective on fragment graphs. Our approach leverages (1) GNNs to
learn effective graph state representations for complex and hetero-

geneous fragment graph topologies and
(2) an RLmodel to learn the optimal pol-
icy for partitioning the fragments into
haplotypes while maximizing the MFC
objective. Our results show that this ap-
proach can learn an effective strategy
for haplotype assembly and outperforms
the state of the art using inputs from dif-
ferent sequencing platforms. We expect
its performance to improve as we com-
pile larger and more diverse training
data sets and further optimize the frame-
work. It is important to note, however,
that the accuracy of the assembledhaplo-
types also significantly depends on the
accuracy of the input alignments and
variant calls; because read alignment
and variant calling errors are more preva-
lent in highly repetitive regions of the
genome, these regions still remain chal-
lenging to phase. As future work, we
plan to train and evaluate models using
inputs from additional sequencing tech-
nologies (e.g., Hi-C) and cross-technolo-
gy combinations, extend this work to
phase indels and SVs, and investigate ad-
ditional strategies to address the errors
and artifacts inherited from upstream

data analysis steps. In addition to haplotype assembly, we hope
that this work can also motivate the development of other DRL-
based tools for key problems in genomics that have been reduced
toNP-hard formulations and that are typically solved using expert-
driven heuristics.

Methods

Fragment graph construction

Allele matrix

Given a set of read alignments and heterozygous variants, the in-
put to a read-based phasing algorithm is usually represented as a
matrixM of sizem×n, wherem is the number of fragments (infor-
mative read alignments that span at least two heterozygous vari-
ants), n is the number of heterozygous variants (e.g., SNPs), and
each entry, Mi,j, stores the allele of fragment Fi covering the locus
of variant j, with the reference allele usually encoded as zero and

Figure 4. Performance evaluation on the HG002 benchmark. Note that switch and mismatch error
rates are a percentage.

Table 1. Runtime (min) of each tool on Chr 1 of the HG002 genome for ONT, PacBio, and Illumina reads

ONT PacBio Illumina

Tool 5× 10× 15× 30× 5× 10× 15× 30× 5× 10× 15× 30×

HapCUT2 0.93 1.83 2.66 4.97 0.75 1.44 1.96 4.65 0.24 0.51 0.70 1.55

LongPhase 0.23 0.41 0.65 1.36 0.28 0.36 0.66 1.20 — — — —

RefHap 0.58 1.61 6.22 92.98 1.03 2.69 8.36 167.63 0.71 0.96 1.24 3.87

WhatsHap 0.69 2.78 6.51 11.32 0.64 2.44 12.09 12.77 1.41 3.27 7.88 13.86

Ralphi 1.13 2.83 5.27 15.43 0.97 1.66 2.73 12.58 1.86 3.18 4.39 7.18

Memory (GB) 1.40 1.99 3.54 11.50 1.40 1.61 2.57 12.22 1.20 1.79 2.38 4.22

Memory usage is reported for Ralphi. Runtime is an average over three separate runs.
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the variant allele as one, and− is used when the fragment does not
cover the variant.

Fragment graph

As described previously (Duitama et al. 2010), the fragment graph,
G= (V, E) is constructed from an allele matrix M, such that V= {1,
…, m} and (u, v)∈E if and only if w(u, v)≠0, where w(u, v) =
∑n

j=1 o(Mu,j, Mv,j) and o(a, b) is defined as follows. Given two alleles
a and b,

o(a, b) = −1, a = b

1, a = b

{

, when neither a nor b are set to − ,

otherwise o(a, b) = 0.

The weight of each edge (u, v) in G is set to w(u, v).
As such, each node in a fragment graph corresponds to a frag-

ment Fi in matrix M, and an edge connects two nodes only if the
two corresponding fragments cover at least one common variant.
Theweight of each edge represents the difference in the number of
alleles that the two fragments agree on and disagree on, respective-
ly, such that stronger agreement will result in a negative edge
weight, and a stronger conflict will result in a positive edgeweight.
A cut in this graph naturally represents an assignment of frag-
ments to each haplotype. Intuitively, higher-weight cuts will sep-
arate fragments with a higher number of conflicting alleles, which
are likely to pertain to different haplotypes.

Maximum fragment cut

The MFC optimization model proposed by Duitama et al. (2010)
solves the read-based haplotype assembly problem by finding
the maximum weighted cut in the fragment graph G. Namely,
let C be a subset of nodes representing a cut of G; the fragment
cut score is thendefined as s(C) = ∑

u[C
∑

v[C w(u, v). TheMFCob-
jective is to find the cut that maximizes s(C).

Note that fragment graphs are not usually connected, and in
practice, MFC is computed for each connected component of the
graph separately, resulting in an output that typically consists of
multiple distinct phased haplotype sets. The accuracy and length
of the resulting partial haplotypes in each set are key metrics
used to evaluate haplotype assembly as described below.

Fragment graph compression

To scale to higher coverage data sets, Ralphi adds an additional
graph compression step during construction. In particular, we
combine all equivalent fragments into a single node in G with
an associated compression number c, in which fragments are con-
sidered equivalent if they cover the same set of variants with the
same alleles (note this can also be extended to include fully com-
plementary fragments, which have different alleles at all variant
sites). As a result, edges between equivalent fragments are removed
(these are by definition edges that capture perfect fragment
agreement and will not be split by an optimal cut), and the weight
w(u, v) of the remaining edges is multiplied by c(u) ∗ c(v), corre-
sponding to the compression numbers of the two connected
nodes, respectively. By construction, this compression procedure
guarantees that the MFCs of the compressed and original graphs
are equivalent.

Preprocessing: read and variant selection

Similar to other read-based phasing tools, Ralphi performs an ini-
tial selection of informative read alignments (provided as an input
BAM file) and variants (provided as a VCF file). We primarily rely
on previously established best quality control practices for this pre-

processing step. For example, Ralphi performs alignment filtration
based on the alignmentMAPQ score, as well as read quality. To im-
prove the accuracy of alleles observed at variant sites in long-read
sequencing, which have a higher occurrence of indel errors, Ralphi
calls into the realignment module of WhatsHap, which realigns a
small window of the read around the variant site. To increase frag-
ment contiguity, Ralphi joins nonoverlapping partial alignments
of the same read into a single fragment. Finally, given the selected
reads, Ralphi examines the evidence at each variant site and re-
moves variants that are covered only by a single SNP allele, by a sin-
gle SNP allele and an indel, or only by reads from a single strand
(similar to LongPhase) (Lin et al. 2022).

DRL framework for MFC

Fragment graph embedding

Background

GNNs are a powerful paradigm for graph representation learning
and can effectively capture complex combinatorial graph struc-
tures (Xu et al. 2019). Briefly, GNNs rely on a message-passing
scheme, wherein each node aggregates features from its neighbors
to update its representation. Starting froman initial set of node fea-
tures, the representation of each node is updated iteratively using
message passing (with the number of iterations given by the num-
ber of network layers), resulting in a final z-dimensional embed-
ding vector.

GNN architecture

Ralphi uses a GCN (Kipf and Welling 2017) to embed fragment
graphs. Our network consists of a single GCN layer with the ELU
activation function (Clevert et al. 2015) and z=264.

Input node features

Because the embedding is used to capture the state of the fragment
graph after each iteration (i.e., after the assignment of a single node
to one of the two haplotypes), each node in the graph is associated
with a feature representing its current haplotype assignment. A
node can be in three possible states: unassigned, assigned to hap-
lotype 1 (H1), or assigned to haplotype 2 (H2). Additionally, Ralphi
includes betweenness centrality as a node feature, which encodes
the fraction of shortest paths passing through a given node w and

is defined as
∑

u,v[V,u=v=w
s(u, v|w)
s(u, v)

, where σ(u, v) denotes the

number of shortest paths between u and v, whereas σ(u, v|w) is
the number of shortest paths from u to v that pass through w.
Because computing all shortest paths takes Θ (|V|3) time, we use
the approximate estimation of betweenness centrality proposed
by Brandes and Pich (2007) applied to the unweighted fragment
graph.

RL architecture

Background

Briefly, in DRL, we define a set of actions A, states S, and a reward
function R(s, a) that specifies the amount of reward received by the
agent when taking an action a from state s; we then train an agent
to learn a policy that maximizes its reward through trial and error.

States, actions, and reward

Based on the max-cut formulation by Khalil et al. (2017), (1)
Ralphi states correspond to the fragment graph with partial haplo-
type assignments represented by the graph embeddings; (2)
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actions involve selecting an unassigned node in the graph and as-
signing it to one of the two haplotypes; and (3) the reward is given
by the change in fragment cut value when assigning a node u to
haplotype, Hk, namely,

∑
v[Nbrs(u) w(u, v)× 1v�Hk , where Nbrs(u)

represents all the neighbors of node u in the graph, which have
already been assigned to a haplotype.

RL algorithm

Ralphi uses the popular actor-critic RL method (Konda and
Tsitsiklis 1999) to train the agent. Thismethod consists of two net-
works, the actor and the critic, such that the actor learns which ac-
tions the agent should take and the critic learns the value of
different actions. In Ralphi, the actor and the critic are single linear
layer networks, with weights initialized using an orthogonal ma-
trix to mitigate the vanishing gradient phenomenon; each layer
is also normalized using spectral normalization, which has been
shown to increase actor-critic’s stability (Cetin et al. 2022).

Training data generation

To generate synthetic read data sets, we selected 10 genomes from
the 1000 Genomes Project for model training from different pop-
ulations and used BCFtools (Danecek et al. 2021) to incorporate
the variants from each genome into the GRCh38 reference. We
then generated synthetic Illumina and ONT reads from each ge-
nome. For short reads, we used the DWGSIM read simulator
(https://github.com/nh13/DWGSIM/) with 2% and 5% error rates
and aligned reads with BWA-MEM (Li 2013). For ONT reads, we
used PBSIM3 (Ono et al. 2022) for read simulation and minimap2
(Li 2018) for read mapping (using the ONT-specific preset). We
used SAMtools downsampling (Danecek et al. 2021) to produce
synthetic data sets at 5×, 10×, 15×, and 30× coverage. Similarly,
we also downsampled real read data sets to produce graphs for
5×, 10×, 15×, and 30× coverage regimes. We removed fragment
graphs larger than 5000 nodes to decrease the training time. We
used curriculum learning (Bengio et al. 2009) during training, which
shows progressively harder examples to the agent as it trains, by or-
dering our graphs from the smallest and sparsest to the largest and
most dense. Fragment graphs generated from Chromosome 1 and
Chromosome 20 were held out for testing. Supplemental Notes 1
and 2 provide the specific commands and parameters used to ob-
tain the read data sets and fragment graphs used for model train-
ing, as well as the training parameters.

Evaluation metrics

We used the following standard metrics to evaluate phasing re-
sults: switch error rate (Duitama et al. 2012), mismatch error rate
(Edge et al. 2017), and the AN50 score (Duitama et al. 2012). The
switch and mismatch error rates evaluate the accuracy of the hap-
lotype assignments, whereas theAN50 score evaluates the contigu-
ity of haplotype blocks. A switch error occurs when a pair of
adjacent variants are incorrectly phased compared with the
ground-truthhaplotypes. If two switch errors occur in a rowat con-
secutive positions, they are counted as a mismatch error instead
(also referred to as a short switch error). The switch error rate and
themismatch error rate are obtained by dividing the number of re-
spective errors by the number of positions atwhich they can occur,
respectively. The AN50 metric is the adjusted N50 metric, where
the N50 represents the maximal span in base pairs such that half
of all phased variants are in a block larger than the span. To ac-
count for unphased variants, the AN50 metric adjusts the N50
by multiplying the span of a block by the fraction of phased vari-
ants it covers. We used the utility script provided by HapCUT2 to
compute these metrics.

Training and evaluation data sources

The two NA12878 ONT R10 data sets were downloaded from (1)
s3://ont-open-data/giab_2023.05/analysis/variant_calling/hg001_s
up_all/hg001.haplotagged.bam and (2) https://gtgseq.s3.amazon
aws.com/ont-r10-dna/NA12878/analyses/basecalls/guppy642hac/
PGXXHX230142_guppy642hac_mm217.bam. The HG002 ONT
data set is available at gs://fc-46bf051e-aec3-4adb-8178-3c51bc
5e64ae/HG002_R10/reads/GM24385_R10_638.bam. The NA12878
Illumina reads were downloaded from ftp://ftp.sra.ebi.ac.uk/
vol1/run/ERR323/ERR3239334/NA12878.final.cram. The HG002
Illumina reads were downloaded from Genome in a Bottle at https
://ftp.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/AshkenazimTr
io/HG002_NA24385_son/NIST_Illumina_2x250bps/novoalign_bam
s/HG002.GRCh38.2x250.bam. The PacBio HiFi reads were down-
loaded from https://www.ncbi.nlm.nih.gov/bioproject/PRJNA54
0705 (NA12878) and https://downloads.pacbcloud.com/public/
dataset/HG002-CpG-methylation-202202/HG002.GRCh38.haplota
gged.bam (HG002). The 1000 Genomes Project variants were down-
loaded from http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collect
ions/1000G_2504_high_coverage/working/20220422_3202_phased
_SNV_INDEL_SV/. The NA12878 truth set is available on the
Illumina Platinum Genomes GitHub (https://github.com/Illumina/
PlatinumGenomes). The HG002 truth set is available on the
Genome in a Bottle platform at https://ftp-trace.ncbi.nlm.nih.gov/
giab/ftp/release/AshkenazimTrio/HG002_NA24385_son/NISTv4
.2.1/GRCh38/SupplementaryFiles/HG002_GRCh38_1_22_v4.2
.1_benchmark_hifiasm_v11_phasetransfer.vcf.gz. The real short-
read data sets from the 1000 Genomes Project (for the 10 genomes
used in model training) were downloaded from ftp://ftp.sra.ebi
.ac.uk/vol1/run/ERR398/ERR3988804/HG00627.final.cram, ftp://
ftp.sra.ebi.ac.uk/vol1/run/ERR324/ERR3240148/HG00142.final
.cram, ftp://ftp.sra.ebi.ac.uk/vol1/run/ERR324/ERR3240178/HG00234
.final.cram, ftp://ftp.sra.ebi.ac.uk/vol1/run/ERR324/ERR3242450/HG0
3046.final.cram, ftp://ftp.sra.ebi.ac.uk/vol1/run/ERR324/ERR3242065/
HG01598.final.cram, ftp://ftp.sra.ebi.ac.uk/vol1/run/ERR324/ERR324
1781/HG00250.final.cram, ftp://ftp.sra.ebi.ac.uk/vol1/run/ERR324/
ERR 3242545/HG03388.final.cram, ftp://ftp.sra.ebi.ac.uk/vol1/run/
ERR324/ERR3243142/HG04225.final.cram, ftp://ftp.sra.ebi.ac.uk/
vol1/run/ERR324/ERR3242343/HG02047.final.cram, and ftp://
ftp.sra.ebi.ac.uk/vol1/run/ERR323/ERR3239643/NA11932.final
.cram. The ONT R10 data sets for six additional genomes used in
training were obtained from https://s3.amazonaws.com/1000g-
ont/index.html?prefix=ALIGNMENT_AND_ASSEMBLY_DATA/
100 _PLUS/IN-HOUSE_MINIMAP2/.

Software availability

The Ralphi code, models, and documentation are available on
GitHub (https://github.com/PopicLab/ralphi) under the BSD-3
license and as Supplemental Code.
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