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Nanopore sequencing is a widely-used high-throughput
genome sequencing technology that can sequence long frag-
ments of a genome into raw electrical signals at low cost.
Nanopore sequencing requires two computationally-costly pro-
cessing steps for accurate downstream genome analysis. The
first step, basecalling, translates the raw electrical signals into
nucleotide bases (i.e., A, C, G, T). The second step, read map-
ping, finds the correct location of a read in a reference genome.
In existing genome analysis pipelines, basecalling and read
mapping are executed separately. We observe in this work that
such separate execution of the two most time-consuming steps
inherently leads to (1) significant data movement and (2) re-
dundant computations on the data, slowing down the genome
analysis pipeline.

This paper proposes GenPIP, an in-memory genome analysis
accelerator that tightly integrates basecalling and read map-
ping. GenPIP improves the performance of the genome analysis
pipeline with two key mechanisms: (1) in-memory fine-grained
collaborative execution of the major genome analysis steps in
parallel; (2) a new technique for early-rejection of low-quality
and unmapped reads to timely stop the execution of genome
analysis for such reads, reducing inefficient computation. Our
experiments show that, for the execution of the genome analysis
pipeline, GenPIP provides 41.6× (8.4×) speedup and 32.8×
(20.8×) energy savings with negligible accuracy loss compared
to the state-of-the-art software genome analysis tools executed
on a state-of-the-art CPU (GPU). Compared to a design that
combines state-of-the-art in-memory basecalling and read map-
ping accelerators, GenPIP provides 1.39× speedup and 1.37×
energy savings.

1. Introduction
Long read genome sequencing technologies [1–4] have

significantly advanced the development of several genomic
fields, such as personalized medicine [5–11], forensic sci-
ence [12,13], evolutionary biology [14–19], and investigation of
infectious disease outbreaks, especially during the COVID-19
pandemic [20–30]. Oxford Nanopore Technology (ONT) [4] is
one of the most widely-used long-read sequencing technologies.
ONT provides portable sequencing devices connected to a com-
puter via a USB interface [1, 31–33]. ONT devices generate
long subsequences (called long reads) based on the organism’s
DNA sequence [1, 4, 31, 33–50]. Each read usually has a length
ranging from a few hundreds to millions of base pairs [31] (i.e.,
A, C, G, T nucleotide bases) but with a high sequencing error
rate (10% to 15% [38, 39, 41, 45, 46]).

ONT devices sequence a genome by detecting the fluctuations
in electrical signals when bases of a DNA sequence pass through

a nanoscale hole, called a nanopore [33]. A computational-
processing step, called basecalling [51, 52], translates these
raw electrical signals into a sequence of nucleotide bases (i.e.,
a read). Basecalling is executed either inside the sequencing
device [51, 52] or using an external computer connected to the
sequencing device via external connection links (e.g., USB, Eth-
ernet) [33]. A translated read is associated with a quality score
for each base to reflect the accuracy of the translation. After
basecalling, reads are sent to a separate device to perform fur-
ther analysis [53]. First, read quality control detects and filters
out low-quality reads (i.e., reads whose average quality score is
lower than a threshold, indicating the accuracy of basecalling
translation is low) to avoid further computation on unreliable
reads. After read quality control, a computationally-costly read
mapping step identifies potential matching locations of reads
against a reference genome (i.e., a high-quality representative
sequence of a species) [54–58].

In the entire genome analysis pipeline, basecalling and read
mapping are two of the most time-consuming steps because they
rely on computationally-intensive algorithms [50, 54, 56, 57, 59–
74]. Basecalling commonly uses a deep neural network (DNN)
to ensure high accuracy [51, 52]. Read mapping depends on dy-
namic programming (DP)-based algorithms [75, 76] to find the
potential matching locations in the reference genome where the
read can be aligned. Basecalling and read mapping are executed
separately in different devices [50]. This decoupled execution
of basecalling and read mapping causes three main issues. First,
the data movement from the basecalling device to the read map-
ping device becomes a bottleneck. Second, accelerators have
been designed separately for basecalling [50, 63, 77, 78] and
read mapping [50,54,56,62,79–84] to reduce the computational
bottleneck, which exacerbates the data movement bottleneck.
Third, large execution time and energy consumption overheads
ensue due to the fact that a significant portion of the basecalling
output is not used in the subsequent analyses because of either
low quality (10-20% of the examined dataset [85]) and/or being
different from the reference genome that is used for mapping
(30-70% of the examined datasets [86, 87]).

Our goal is to provide effective in-memory acceleration
of the entire genome analysis pipeline while minimizing data
movement and useless computation. To this end, we propose
GenPIP, a fast and energy-efficient in-memory acceleration sys-
tem for the Genome analysis PIPeline, which we envision to be
best implemented inside the sequencing machine. The key idea
of GenPIP is to tightly integrate the two key steps of genome
analysis (i.e., basecalling and read mapping) inside main mem-
ory to (1) minimize data movement by eliminating the need to
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store intermediate results and (2) minimize useless computation
in the genome analysis pipeline that leads to unused outputs by
providing timely feedback from read quality control and read
mapping steps to the basecalling step. To realize our key idea,
we design an in-memory processing architecture for GenPIP,
equipped with two key techniques: (1) a chunk-based pipeline
that provides fine-grained collaboration of basecalling and read
mapping steps by processing reads at chunk granularity (i.e., a
subsequence of a read, e.g., 300 bases) and (2) an early-rejection
technique that predicts which reads will not be useful down-
stream by analyzing multiple chunks of the read, and then stops
the execution of basecalling and read mapping for such reads.

We compare GenPIP with (1) the state-of-the-art software
genome analysis tools on CPUs and GPUs and (2) a combi-
nation of state-of-the-art in-memory basecalling [63] and read
mapping [88] accelerators. Our experimental results show that
GenPIP provides 41.6× (8.4×) speedup and 32.8× (20.8×) en-
ergy savings with negligible accuracy loss, over the state-of-the-
art software tools executed on a state-of-the-art CPU (GPU).
Compared to the combination of prior in-memory accelerators,
GenPIP delivers 1.39× speedup and 1.37× energy savings.

We make the following contributions:
• We observe that the combined acceleration of multiple steps
of the genome analysis pipeline is critical due to (1) large data
movement between multiple genome analysis steps and (2)
significant unnecessary computation due to low-quality and
unmapped reads.
• We propose GenPIP as the first in-memory accelerator for the
genome analysis pipeline, including basecalling, read quality
control, and read mapping steps.
• We introduce two key mechanisms that GenPIP employs: (1)
fine-grained collaboration of two critical steps (i.e., basecall-
ing and read mapping) using a chunk-based pipeline, and (2)
timely prediction of low-quality and unmapped reads to stop
the execution of basecalling and read mapping for such reads.
• We evaluate GenPIP and demonstrate that it provides signifi-
cant performance and energy benefits over the state-of-the-art
software and in-memory acceleration approaches.

2. Background and Motivation
In this section, we first introduce the current genome analysis

pipeline and its conventional execution environment. Second,
we elaborate on the shortcomings of current accelerator designs
by studying the performance and energy bottlenecks in the
genome analysis pipeline. Third, based on our analysis, we
describe our key goal in this work.

2.1. Nanopore Genome Analysis Pipeline
Oxford Nanopore Technology (ONT) [4] is a widely-used se-

quencing technology as it provides portable sequencing devices
and offers much higher sequencing speed than prior sequenc-
ing technologies [1, 31–33, 50]. An ONT device generates
long subsequences of DNA (called long reads) by detecting
the changes in electrical current signals when a DNA sequence
passes through the device’s nanopore [33] (called the data ac-
quisition and sequencing step in genome sequencing). The

genome analysis pipeline executes after genome sequencing to
identify and analyze genomic features. Figure 1 shows an exam-
ple of the ONT-based (i.e., nanopore) genome sequencing and
analysis pipeline. The pipeline includes two key steps, basecall-
ing ( 1 ) and read mapping ( 3 ), and a highly-recommended
but optional step, read quality control [50] ( 2 ).

The first key step, basecalling, receives the measured electri-
cal current signals from an ONT device and then translates these
signals into nucleotide bases (i.e., A, C, G, T). State-of-the-art
basecallers (e.g., Bonito [51]) use deep neural networks (DNNs)
that provide high accuracy for translating electrical signals into
bases [4, 51, 52, 63, 89–91]. Basecallers report a read quality
score (i.e., the accuracy of the translation) for each base along
with the translated base. The basecaller first splits a long read in
electrical-signal format (e.g., millions of signals) into multiple
smaller chunks (e.g., thousands of signals per chunk) and then
basecalls these chunks. After basecalling all the chunks, the
basecaller reassembles them back into a long read.

The second key step, read mapping, maps the basecalled
read to a reference genome (i.e., a high-quality representative
genome sequence of a species). Minimap2 [92] is a state-of-
the-art read mapping tool that performs read mapping mainly
in four phases. The first is a preprocessing step called indexing
( a , shown at the bottom right of Figure 1), which enables effi-
cient queries to quickly find matches between the subsequences
of a reference genome and reads. Indexing is performed offline
and only once for each reference genome. In the indexing step,
Minimap2 generates minimizers [93, 94] (i.e., representative
subsequences) from the reference genome, and inserts them
into a key-value hash table, where minimizers are the keys and
their locations in the reference genome are the values. Second,
Minimap2 performs seeding ( b ) to generate minimizers from a
basecalled read and query the generated minimizers in the hash
table to quickly find matching regions between the reference
genome and the read sequence [55]. Third, Minimap2 executes
chaining ( c ) [92] to identify the candidate regions in the refer-
ence genome that have a high similarity with the read based on
the matching minimizers and distances between the read and the
reference genome. Chaining is a dynamic programming (DP)
approach [95, 96] that assigns a chaining score for a chain of
matching minimizers based on the distances (i.e., gaps) between
these minimizers. As the chaining score increases, the similarity
between the corresponding region in the reference genome and
read sequence increases. Fourth, Minimap2 performs sequence
alignment ( d ) to quantitatively identify the similarity between
the read and each candidate region in the reference genome.
Sequence alignment calculates an alignment score to quanti-
tatively represent the difference between the two sequences.
To calculate the alignment score, sequence alignment uses a
computationally-expensive DP algorithm [50, 58] that performs
approximate string matching between two sequences.

Read quality control (RQC) is a highly-recommended [50]
but optional step that takes place after basecalling but before
read mapping. RQC filters out low-quality reads generated
by the basecaller to (1) improve the overall accuracy of the
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Figure 1: The genome sequencing and analysis pipeline. The basecalling step (➊) and the read mapping step (➌) are the two most
time-consuming steps in the genome analysis pipeline. The read quality control step (➋) is a highly-recommended but optional step to
reduce the workload of read mapping by eliminating unnecessary computation. Dataset sizes and processing times are from [85].

entire genome analysis pipeline, and (2) reduce the computation
and memory overheads associated with processing such low-
quality reads in later steps (e.g., read mapping). First, RQC
calculates the average quality score of a read by summing the
quality scores of each of the read’s bases and then dividing this
sum by the number of bases. Second, RQC uses a threshold to
categorize the reads into low-quality and high-quality groups,
and filters out the low-quality reads before performing read
mapping. For example, several prior works consider a read with
an average quality score of less than 7 as a low-quality read that
is not useful in further analysis steps [97, 98].

In the genome analysis pipeline, basecalling and read map-
ping steps are usually executed on different machines [99]. The
computer used for basecalling is usually located in the wet lab
with the sequencing device [53]. Later analysis steps are exe-
cuted on completely separate (and usually physically distant)
machines located in the dry lab. In the entire pipeline, base-
calling and read mapping are two of the most time-consuming
computational steps [5, 6, 100]. In the real system study shown
in [85] and pictorially demonstrated in Figure 1 (middle), the
basecalling step takes ∼ 3100 CPU hours and the read mapping
step takes ∼ 500 CPU hours. This motivates system design-
ers to accelerate two key computational steps, basecalling and
read mapping. Next, we describe the shortcomings of prior
accelerator designs in the context of the entire genome analysis
pipeline.

2.2. State-of-the-art Solutions
Several works propose hardware accelerators for basecall-

ing [63,77,78] or read mapping [54,56–58,62,65–68,71,79–83].
Among these accelerators, non-volatile memory (NVM)-based
processing in memory (PIM) accelerators offer high perfor-
mance and efficiency since NVM-based PIM provides in-situ
and highly-parallel computation support for matrix-vector mul-

tiplications (MVM) [101–111] and string matching opera-
tions [112–131], two major operations used in the genome
analysis pipeline. MVM is the main operation in DNN-based
basecallers [51, 52] and string matching is the main operation
in read mapping [92].

NVM-based PIM Array for MVM Operations. Helix [63]
is the state-of-the-art basecalling accelerator that exploits an
NVM-based PIM array designed for efficiently performing
MVM operations. Figure 2 shows the basic structure of an
NVM-based PIM array designed for the MVM operation [132].
The NVM-based PIM array performs in-situ MVM operation
by applying 1) voltages (V represents the input vector) on the
wordlines of the array that stores the matrix (M) and 2) sensing
the output vector (O) on the bitlines. In the MVM operation
(O = V ×M), the PIM array uses the resistance (R) of each
NVM cell to represent the corresponding element of matrix M
(Mi,j = 1/Ri,j). Based on Kirchhoff’s Law, the currents sensed
on the bitlines represent O. Using the PIM array, an MVM
operation can be performed inside the NVM array in nearly a
single NVM read cycle if the matrix fits in the PIM array.

1Peripheral Circuit
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Figure 2: The basic structure of an NVM-based PIM array de-
signed for computing an MVM operation.
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NVM-based PIM Array for String Matching Operations.
Content addressable memory (CAM) is often leveraged for
accelerating string matching operations. PARC [88] is the state-
of-the-art work that accelerates the computationally-expensive
chaining step in read mapping using an NVM-based CAM.
Figure 3 shows an example NVM-based CAM used for string
matching. The CAM array consists of m×n CAM cells that
house m reference strings, each of which is n-bit long. Each
CAM cell stores one bit and has two programmable resistors (Rl
and Rr ) and two transistors (Ml and Mr ) (Figure 3 1 ). To store
1 (or 0) in a CAM cell, Rl and Rr are programmed to high and
low (or low and high) resistance, respectively (Figure 3 a b ).

The NVM-based CAM array is able to query the existence
of an n-bit string in parallel across all m rows. First, the CAM
array precharges the matchline signals to high voltage ( 2 ).
Second, each bit in the input string and its complement drive
the gate voltages of Ml and Mr transistors of the CAM cells in
the corresponding column, respectively ( 3 ). Third, each CAM
cell compares its stored bit to the corresponding bit in the input
string. If these two bits are different, the pull down network
in the CAM cell is turned on and the matchline becomes "0".
Otherwise, the matchline keeps its precharged high voltage. We
elaborate on this operation using an example. Assume that the
bit stored in a CAM cell is "1", which means Rl and Rr are
high and low resistance ( a ), respectively. Having "1" in the
corresponding bit of the input string implies that transistors
Ml and Mr are on and off, respectively. Hence, none of the
pull down circuits are active in this CAM cell since 1) the left
circuit cannot drain current due to the high resistance value of
Rl , and 2) the right circuit cannot also, due to the off transistor
Mr . As a result, matchline keeps its high voltage indicating
that it is a match in this CAM cell. However, having "0" in the
corresponding bit of the input string turns on the right pull down
circuit and discharges the matchline signal (Rr is low resistance
and Mr is on). Fourth, if all bits of the input string match with
all corresponding CAM cells in a row, the matchline will remain
high, indicating an exact match between the input string and the
reference string stored in the CAM array ( 4 ).
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Figure 3: An example NVM-based CAM array for string matching.

2.3. Limitations of the State-of-the-art Accelerators
Although state-of-the-art works accelerate the basecalling

and read mapping steps separately, no prior system is designed
to support multiple key steps of the genome analysis pipeline

in a single accelerator design. This leads to two important
limitations: (1) Different steps in the genome analysis pipeline
are separated from each other and executed in different devices,
which results in in a large amount of data movement between
the steps. (2) A considerable portion of computation done in
the genome analysis pipeline is likely to be useless due to low-
quality or unmapped reads. Next, we describe each of these
limitations in more detail.

First, executing the genome analysis steps separately from
each other generates a large amount of data movement between
the machine that performs basecalling, and the machines per-
form read quality control and read mapping, as shown in the
example in Figure 1. Such data movement introduces two main
issues: 1) A large amount of intermediate data (e.g., 3913 GB
raw signal dataset and 546 GB basecalled reads, based on real
datasets analyzed in [85]) needs to be stored in large memory
or storage structures. 2) Transferring data between different ma-
chines that execute the different steps is both time-consuming
and energy hungry, and it significantly bottlenecks both the per-
formance and energy efficiency of the entire genome analysis
pipeline. When machines use state-of-the-art accelerators (Sec-
tion 2.2), data movement between different machines becomes
an even larger bottleneck as computation time reduces with fast
yet separate accelerators.

Second, a considerable amount of useless data that flows
through the genome analysis pipeline wastes computation and
memory resources. Even though read quality control (Section
2.1) filters out the low-quality reads, these reads have already
been processed by the expensive basecalling step (because base-
calling happens earlier in a separate machine). To quantitatively
show the amount of low-quality reads, we perform a descriptive
statistical analysis on the Escherichia coli (i.e., E. coli) genome
dataset [87]. We make a key observation that a large number of
reads (20.5% in [87]) are basecalled but eventually discarded,
including very long reads. Besides the low-quality reads, some
high-quality reads cannot be mapped (called unmapped reads)
to the reference genome due to high dissimilarity [92]. To
quantitatively show the amount of unmapped reads, we map
E. coli reads [87] to the reference genome and find that 10%
of all reads are unmapped. Thus, a total of 30.5% of all reads
in the E. coli dataset are useless. Such a large amount of use-
less reads motivates us to reject such reads as soon as possible
(ideally even before they go through basecalling) to reduce the
computation and memory overheads caused by them.

2.4. Potential Benefits
We would like to quantitatively demonstrate the potential

benefits of overcoming the two limitations we identify in prior
works [54, 56–58, 62, 63, 65–68, 71, 77–83, 88]. To this end, we
devise a study to compare performance of the following four
systems using the E. coli dataset we describe in Section 2.3:1

System A. Current practice. This system separately executes
the state-of-the-art open-source basecalling and read mapping
software, Bonito [51] and Minimap2 [92]. Each software
is executed on a separate machine, a state-of-the-art GPU

1We provide our methodology in Section 5
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machine [133] for Bonito [51] and a state-of-the-art CPU
server [134] for Minimap2 [92]. Reads whose average quality
score is less than 7 are discarded after basecalling but before
read mapping.
System B. State-of-the-art accelerators. The basecalling and
read mapping steps are executed in separate NVM-based PIM
accelerators, Helix [63] and PARC [88]. The read quality con-
trol step is executed in a state-of-the-art CPU [134].
System C. Accelerators with no data movement overhead.
This system is an idealized version of System B where we ide-
ally eliminate all data movement between separate NVM-based
accelerators and the CPU. We demonstrate this ideal system
to show the potential benefit of eliminating data movement be-
tween separate accelerators and CPUs executing different parts
of the genome analysis pipeline. We assume there is no data
movement between these NVM-based PIM accelerators and the
CPU by removing the latency of data movement in our analysis.
System D. No data movement and no useless reads. This
system is an even more ideal version of System C. Here, we
ideally eliminate useless and unmapped reads even before they
are basecalled. As such, useless and unmapped reads do not
have any overhead in the pipeline.

Figure 4 shows the speedup of using Systems B, C, and D
normalized to the performance of System A. We make two
observations. First, both System A and System B are bottle-
necked by data movement and useless reads. System C and
System D provide 2.23× and 3.28× speedup over System B,
respectively, by eliminating these bottlenecks. Second, there
is a significant potential (as System C and System D show) to
accelerate the current practice (System A) by tightly integrating
the basecalling and read mapping accelerators to reduce both
data movement and useless computation due to useless reads.
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5

10
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Figure 4: Performance comparison between four different systems.

2.5. Our Goal
We aim to 1) reduce the data movement in the genome analy-

sis pipeline effectively and 2) avoid processing useless reads as
early as possible in the genome analysis pipeline. To this end,
we tightly integrate the computation of basecalling, read quality
control, and read mapping steps inside the memory. Doing so
provides two major opportunities for optimizing the genome
analysis pipeline holistically: (1) Consuming intermediate data
items as soon as they are generated. This eliminates the need
for both storing intermediate data items in main memory and
storage and transferring them via slow and energy-hungry in-
terconnects. (2) Providing timely feedback from read quality
control and read mapping steps to terminate basecalling as soon
as possible when the read is determined to be useless (i.e., low-
quality or unmapped).

3. GenPIP: Overview
In this section, we present GenPIP, a fast and energy-efficient

in-memory system for holistically accelerating the genome anal-
ysis pipeline. We envision GenPIP to be best implemented
inside the sequencing machine. The key idea of GenPIP is to
tightly integrate the two key steps of genome analysis (basecall-
ing and read mapping) inside main memory to (1) minimize data
movement by eliminating the need to store intermediate results
and (2) minimize useless computation in the basecalling step
that leads to unused outputs by providing timely feedback from
read quality control and read mapping steps to the basecalling
step. GenPIP is equipped with two key techniques: (1) chunk-
based pipeline (CP) and (2) early rejection technique (ER). CP
is a chunk-based pipeline that provides fine-grained collabora-
tion of basecalling, read quality control, and read mapping steps
by processing reads at chunk granularity (i.e., a subsequence
of a read, e.g., 300 bases). GenPIP applies ER on top of CP to
predict reads that will not be useful downstream by sampling
the quality of a number of chunks in each read and stop the
execution of CP for low-quality or unmapped reads. ER in-
cludes two sub-techniques: (1) rejection based on quality score,
which executes after basecalling but before read mapping, and
(2) rejection based on chaining score, which executes during
read mapping. The rest of this section explains GenPIP’s two
key mechanisms (CP and ER)

3.1. Chunk-based Pipeline (CP)
CP processes reads at the granularity of a chunk (i.e., a sub-

sequence of a read, e.g., 300 bases, instead of the complete
read sequence, e.g., 90k bases) to increase parallelism and the
utilization of computation resources by overlapping the execu-
tion of different steps in the genome analysis pipeline. Figure 5
compares CP to the conventional pipeline. In the conventional
pipeline (Figure 5(a)), basecalling is executed at the granular-
ity of a chunk, while subsequent read quality control and read
mapping steps are executed at the granularity of a read (i.e.,
assembled by basecalling of tens to hundreds of chunks). We
observe that most of the computations performed in the read
quality control and read mapping steps do not require the infor-
mation of an entire basecalled read. For example, once a chunk
is basecalled, we can calculate its average quality score, per-
form seeding (query the minimizers of this chunk), and perform
chaining with the possible locations in this chunk. While this
chunk is going through quality control and read mapping, the
next chunk is basecalled. In other words, a significant part of
read quality control and read mapping steps can be performed
concurrently with basecalling. After the last chunk goes through
read quality control and read mapping, CP merges the results
of all chunks in a read and outputs the read as the input to the
sequence alignment step.

We illustrate the CP mechanism using an example, assuming
a read of length 2c has two chunks, each of which has a length
of c. We explain the independent and concurrent execution of
read quality control and basecalling in detail. The conventional
pipeline calculates the average read quality score (AQSread) by
calculating the average value of the quality scores of all bases
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Figure 5: Conventional pipeline (a) vs. the chunk-based pipeline
(CP) of GenPIP (b).

in the read (i.e., q1,q2, ..., q2c) after the entire read is basecalled
(Equation 1), yet the SQS of a chunk (i.e., sum of the quality
scores of its bases) (SQSfirst) can be calculated as soon as that
particular chunk is basecalled (Equation 2). After basecalling
the next chunk, CP calculates the SQS of this chunk and merges
it with the result of the previous one (Equation 3) to calculate
the AQSread of the entire read.

AQSread = (q1 +q2 + ... +qc +qc+1 +qc+2 + ... +q2c)/2c (1)
SQSfirst = q1 +q2 + ... +qc (2)

AQSread = (SQSfirst +qc+1 +qc+2 + ... +q2c)/2c (3)

Similarly, we use our example to explain the independent and
concurrent execution of the seeding and chaining steps. As
soon as the seeding step obtains a set of minimizer hits in the
first chunk, the chaining step can work on the output of seeding
step while the seeding step can obtain a set of minimizer hits in
the second chunk. In the end, the chaining step combines the
results from the two chunks.

As we described above, by tightly integrating the basecalling,
read quality control, and read mapping steps inside the sequenc-
ing machine, we can pipeline the execution of these steps at
the granularity of a chunk. Based on this insight, we propose a
chunk-based pipeline, called CP, that executes the partial com-
putations of read quality control, seeding, and chaining once
a chunk is basecalled. Figure 5(b) shows our CP design. As
the figure shows, chunk-based basecalling, read quality con-
trol, and a part of read mapping (seeding and chaining) are
pipelined. The chunk-based execution flow not only saves time
via pipelined execution (by overlapping the execution of several
steps), but also reduces the need for storing intermediate data
as each pipeline step can quickly consume the small amount of
output that is produced by the previous step.

3.2. Early Rejection Based on Chunks (ER)
The goal of ER is to predict and eliminate low-quality and

unmapped reads from both basecalling and read mapping steps.
Doing so can significantly lower the execution time of the entire
genome analysis pipeline. To achieve this goal, the key idea of
ER is to use information about several basecalled chunks in a
read to predict the quality and usefulness of the read. GenPIP
applies the ER technique on top of CP. Figure 6 shows the
overview of ER. Instead of basecalling all Ntotal (e.g., tens to
hundreds) chunks in a read and then checking the average qual-
ity score of the entire read (as done in conventional systems),
ER first checks the average quality score of only a small number

of (i.e., Nqs) chunks basecalled by CP (Figure 6 1 2 ). If the
read fails this chunk-based quality score check, then ER stops
basecalling the remaining chunks in the read and discards the
read ( 3 a ). Otherwise, CP basecalls some more chunks (i.e.,
Ncm) in the read ( 3 b ) and then maps the basecalled chunks
so far (i.e., Nqs +Ncm chunks) ( 4 ). ER checks the chaining
score of the Nqs +Ncm basecalled chunks ( 5 ) (i.e., it predicts
the likelihood of mapping the read to the reference genome).
If the read fails the chunk-based chaining score check, ER
stops basecalling the remaining chunks and discards the read
( 6 a ). Otherwise, CP basecalls the remaining chunks (i.e.,
Ntotal – (Nqs +Ncm) chunks) in the read ( 6 b ) and executes the
remaining computation in read mapping ( 7 ).

As such, ER involves two filtering steps: (1) rejection based
on the quality score of Nqs chunks ( 2 ) and (2) rejection based
on the chaining score of Nqs +Ncm chunks ( 5 ). We describe
these two filtering steps in detail.
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Figure 6: Overview of the early rejection (ER) technique in the
genome analysis pipeline (the green boxes ➋➎ are the two early-
rejection steps we introduce).

3.2.1. Early Rejection Based on Chunk Quality Scores. The
early rejection technique based on the quality score of chunks
relies on how accurately it can estimate the quality of the entire
read by checking the quality of a small number of (i.e., Nqs)
sampled chunks. We first investigate whether or not it is possible
to accurately estimate the quality of the entire read using a small
number of chunks. To this end, we study chunk quality scores
from both low-quality reads and high-quality reads in the E.
coli [87] dataset (Section 2.3) using a chunk size of 300 bases.
As a representative example, Figure 7 shows the chunk quality
scores in a low-quality read (Figure 7(a)) and a high-quality
read (Figure 7(b)).
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Figure 7: The quality scores of the chunks in two representative
reads: (a) a low-quality read and (b) a high-quality read.

We make three key observations: (1) The range of quality
scores for the chunks extracted from high-quality reads (e.g.,
ranging from 11 to 18 in Figure 7(b)) is greatly higher than
that from low-quality reads (e.g., ranging from 4 to 10 in Fig-
ure 7(a)). (2) A single chunk’s quality score is not enough to
predict the read quality score because there are many chunks
whose quality scores are larger than 7 (which is a common
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threshold used to distinguish between low-quality and high-
quality reads, as shown in [97, 98]) in a low-quality read. (3)
Consecutive chunks’ quality scores are usually close to each
other, indicating that sampling consecutive chunks may not be
representative enough to estimate the quality of an entire read.
We conclude that early rejection based on the quality score
of chunks should sample a small number of non-consecutive
chunks to accurately guess whether or not a read is low-quality.

Leveraging our key conclusion, we propose an early rejection
technique based on the quality score of chunks, called Quality-
Score-based Rejection (QSR). QSR 1) calculates the average
quality score of a set of non-consecutively sampled chunks (i.e.,
Nqs chunks) in a read, and 2) predicts the entire read as either
low quality or high quality, by comparing the calculated average
score of the Nqs chunks to the quality score threshold (θqs).

Algorithm 1 illustrates the procedure of the QSR technique.
QSR 1) samples Nqs chunks that are evenly distributed in a read,
2) calculates the sum of the quality scores of these sampled
chunks (lines 1-3), and 3) uses the average quality score of these
sampled chunks (line 4) to predict whether or not the quality
score of the read is higher than the quality score threshold, θqs
(lines 5-9).

We determine the number of sampled chunks (Nqs) by a one-
time preprocessing of the chunk quality scores of the reads
of a species (see Section 6.3 for more detail). For example,
we experimentally observe that sampling only two chunks is
enough for accurate read quality prediction in E. coli [87].

Algorithm 1: Quality-Score-based Rejection (QSR)
Input: the original read: readoriginal ;
length of the original read: N ;
chunk size: C
number of chunks needed for QSR: Nqs;
quality score threshold: θqs;
Output: rejection

1 for i=0;i< Nqs;i++ do
2 sum_sample_score += quality score of the chunk located at

⌊i/(Nqs –1)⌋×⌊N /C⌋ in readoriginal //sum the quality scores of
evenly-sampled chunks in the read

3 end
4 average_score = sum_sample_score/Nqs;
5 if average_score < θqs then
6 return rejection = TRUE;
7 else
8 return rejection = FALSE;
9 end

3.2.2. Early Rejection Based on Chunk Mapping. The key
idea of the chunk-mapping-based early rejection technique is
that a read probably cannot be mapped to the reference genome
if enough consecutive chunks in this read cannot be mapped to
the reference genome (i.e., the chaining score of the minimizers
in these chunks is lower than a threshold). Unfortunately, map-
ping short chunks provides too large a list of possible mapping
locations. To predict whether or not a read can be mapped to
the reference genome, our technique needs larger chunk sizes.

We propose a chunk-mapping-based early rejection mecha-
nism, CMR, that is based on three key steps: (1) CMR basecalls
a number of (Ncm) continuous chunks. (2) CMR combines the
Ncm continuous chunks into a larger chunk (e.g., by combining

five continuous 300-base chunks to create a larger 1500-base
chunk). (3) CMR maps the large chunk to the reference genome
and checks the chaining score. If the chaining score is lower
than a threshold θcm (indicating that this chunk is significantly
different from the reference genome), CMR rejects the read
and stops basecalling it. We determine the value of Ncm via a
one-time preprocessing of the reads of a species. For example,
we experimentally find that combining five consecutive 300-
base chunks can effectively predicts the mapping behavior of
the reads in the E. coli dataset [87] (see Section 6.3 for more
detail).

4. GenPIP: Architecture & Implementation
In this section, we describe the architecture and implemen-

tation of GenPIP. Figure 8 shows the overview of the Gen-
PIP architecture. GenPIP architecture has three modules: the
basecalling module (Figure 8 a ), the read mapping module
( b ), and the GenPIP controller ( c ). The basecalling module
( a ) has two main units: 1) a PIM basecaller similar to prior
work [63] ( 1 ) and 2) a new PIM accelerator for chunk quality
score calculation (PIM-CQS 2 ). The read mapping module
( b ) has three main units: 1) a new PIM accelerator for the
seeding step ( 3 ), 2) the read mapping controller ( 4 ), and 3)
dynamic programming units for chaining and alignment steps
similar to prior work [88]. The GenPIP controller ( c ) aims
to 1) control the execution of CP and 2) issue early rejection
commands using ER. In this section, we first explain how the
GenPIP architecture implements CP and CP + ER by providing
a detailed walkthrough over GenPIP components (Section 4.1).
We then explain the details of GenPIP’s new components in
Sections 4.2-4.4.

4.1. Detailed Walkthrough
Chunk-Based Pipeline (CP) in the GenPIP Architecture.
We first describe the operation of CP without ER. First, the
GenPIP controller ( c ) receives raw electrical signals from the
sequencing machine and stores these signals in the read queue.
Second, the GenPIP controller sends the raw signals to the PIM
basecaller ( 1 ) in the basecalling module ( a ) chunk by chunk.
Third, the PIM basecaller translates each chunk into nucleotide
bases using a deep neural network. For the PIM basecaller,
GenPIP uses a similar architecture as Helix [63], the state-of-
the-art NVM-based PIM accelerator for basecalling. The PIM
basecaller performs the inference of basecaller’s neural network
via an NVM-based PIM array for matrix-vector computation
(as described in Section 2.2) and calculates the quality score
for each base after the inference. The PIM basecaller stores the
basecalled chunks in a global buffer. Fourth, after a chunk is
basecalled, PIM-CQS calculates the chunk quality score (CQS)
by summing the quality scores of the chunk’s bases. Fifth, the
basecalling module sends the basecalled chunk together with
its CQS to the GenPIP controller.

Sixth, the GenPIP controller stores the basecalled chunk
inside the chunk buffer, and forwards the chunk to the read
mapping module ( b ). Seventh, the read mapping module first
performs the seeding operation on each basecalled chunk to
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Figure 8: Architecture overview of GenPIP. a The basecalling
module. b The read mapping module. c The GenPIP controller.

identify the possible match locations in the reference genome.
For the seeding step, we design a new PIM-based accelerator,
the in-memory seeding component ( 3 ), to enable fast and en-
ergy efficient seeding (see Section 4.4). The seeding component
sends a list of the possible match locations to the read mapping
controller ( 4 ). Eighth, the read mapping controller sends the
chunk and its possible match locations to the DP units to per-
form chaining ( 5 ). For chaining, GenPIP uses a similar design
as PARC [88], the state-of-the-art NVM-based PIM accelerator
for chaining. PARC customizes an NVM-based CAM array
to implement a DP algorithm used for chaining and alignment.
Ninth, the read mapping controller stores the chaining results
in its buffer. After finishing the chaining step for all chunks in a
read, the read mapping controller compares the chaining score
of the entire read with a threshold (θcm). If the chaining score
is lower than this threshold, the read mapping controller stops
the read mapping for this read. Otherwise, the read mapping
controller assembles the entire basecalled read and sends the
read to DP units to execute the sequence alignment step. For
sequence alignment, GenPIP uses the same hardware units used
for chaining while modifying its penalty score calculation, sim-
ilar to PARC [88]. Tenth, the read mapping controller sends the
mapping result to the storage after sequence alignment.

CP Working in Tandem with ER in the GenPIP Architec-
ture. We describe how ER is integrated with CP. As discussed
in Section 3.2, ER includes two sub-techniques, ER-QSR and
ER-CMR. GenPIP supports ER-QSR using the PIM-CQS unit
in the basecalling module ( a 2 ) and the GenPIP controller
( c ). The PIM-CQS unit (1) receives the first Nqs basecalled
chunks (depending on the dataset; see Section 6.3), (2) calcu-
lates the quality score of the basecalled chunks, and (3) sends
the chunk quality scores to the GenPIP controller ( c ). The
GenPIP controller (1) calculates the average quality score of the
Nqs chunks by using the average quality score calculator unit
and (2) compares the average quality score with the threshold
(θqs) by using the ER-QSR controller unit. If the quality score
is lower than the threshold (i.e., if the read is predicted to be
low-quality), the GenPIP controller sends the ER–QSR signal to
the basecalling module to terminate basecalling on the current
read, and starts processing the next read. To support ER-CMR,
the read mapping controller ( 4 ) (1) combines Ncm chunks
(depending on the dataset; see Section 6.3) to create a larger

chunk, (2) sends the large chunk for chaining, and (3) sends
the chaining score of the large chunk to the ER-CMR controller
inside the GenPIP controller. ER-CMR controller compares the
chaining score with the threshold (θcm). If the chaining score
is lower than the threshold (i.e., if the read is predicted to be
unmapped), the GenPIP controller sends the ER-CMR signal to
the basecalling module and read mapping module to terminate
CP processing for the current read.

4.2. The GenPIP Controller

The GenPIP controller ( c ) (1) communicates with the base-
calling module ( a ) and the read mapping module ( b ) to con-
trol the chunk-based execution of the genome analysis pipeline,
(2) issues early-rejection signals to basecalling and read map-
ping modules, and (3) merges the quality scores of basecalled
chunks. The GenPIP controller has five key units: read queue,
chunk buffer, average quality score calculator, ER-QSR con-
troller, and ER-CMR controller. We explain each unit in more
detail.
Read Queue. The GenPIP controller uses the read queue to
store raw electrical signals. The sequencing machine enqueues
raw electrical signals to this queue, and the controller dequeues
them for the basecalling process. GenPIP sizes this buffer as
large as needed to store the longest signal (which is around 6
MB [1, 50]). GenPIP can use different memory technologies
to build the read queue. However, the memory technology
should provide high write endurance, low read/write energy
consumption, low read/write latency, and high density. We
find that eDRAM [135] is an example memory technology
that provides a good tradeoff across these optimization goals.
Related work [63, 136] also uses eDRAM-based buffers for the
same reason.
Chunk Buffer. The GenPIP controller uses the chunk buffer
to store the basecalled chunks. The chunk buffer keeps the
basecalled chunks until the end of sequence alignment process
for an entire read, unless ER terminates the process of the
read. In GenPIP, the chunk buffer is able to house 2.3 million
bases, which is the longest read length based on state-of-the-art
nanopore sequencing technology [1]. GenPIP uses the eDRAM
technology for the chunk buffer, for the same reasons as it does
for the read queue.
Average Quality Score (AQS) Calculator. The GenPIP con-
troller uses the AQS calculator unit to calculate the average
quality score of either an entire read or Nqs chunks for ER-QSR.
The AQS calculator unit has a buffer that keeps the sum of the
quality scores of the chunks it has received so far. Once the AQS
unit receives all basecalled chunks for the read, it divides the
final calculated sum by the total number of chunks to calculate
the average quality score for the entire read.
ER-QSR Controller. This unit receives the average quality
score of Nqs chunks from the AQS calculator unit and compares
it with the threshold (θqs) to predict whether or not the read
is low-quality. If so, the GenPIP controller issues ER-QSR
signal to the basecalling module to stop CP processing for the
predicted low-quality read.
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ER-CMR Controller. This unit receives the chaining score
of a large chunk (assembled with Ncm chunks) from the read
mapping module and compares it with the threshold (θcm) to
predict whether or not the read is unmapped. If so, the GenPIP
controller issues the ER-CMR signal to stop CP processing for
the predicted-unmapped read.

4.3. Timely Early Rejection

This section explains how we implement the ER technique
in GenPIP to predict low-quality and unmapped reads in a
timely fashion, and stop the execution of the genome analysis
pipeline on such reads. We describe the implementation of
early rejection based on chunk quality scores (ER-QSR) and
early rejection based on chunk mapping (ER-CMR) in Sections
4.3.1 and 4.3.2, respectively.

4.3.1. ER-QSR Implementation. As described in Section 3.2.1,
the goal of QSR is to calculate the quality score of a small num-
ber of sampled basecalled chunks (Nqs chunks) and compare the
result with the threshold of QSR (θqs). GenPIP implements this
technique partly in the basecalling module ( a ) and partly in
the GenPIP controller ( c ). Inside the basecalling module, we
add a new unit, PIM-CQS ( 2 ), to calculate a chunk’s quality
score by summing the quality scores of its bases. PIM-CQS is
an NVM-based PIM array that performs the MVM operation
(as described in Section 2.2). We use the PIM-CQS unit to
perform the summation of the quality scores of the bases in a
chunk by (1) storing the quality scores of bases in a column and
(2) inputting an all-1 vector so that a dot product becomes a
simple addition. The basecalling module sends the results (i.e.,
chunk quality scores) to the GenPIP controller. The GenPIP
controller calculates the average quality score of the sampled
chunks and compares it with the threshold (θqs). The GenPIP
controller sends the ER-QSR signal to the basecalling module
to terminate basecalling on the current read if the calculated
average quality score is lower than θqs.

4.3.2. ER-CMR Implementation. As described in Sec-
tion 3.2.2, the goal of CMR is to check the chaining score of a
larger chunk, which is assembled by combining a small number
of consecutive chunks Ncm chunks, to estimate whether or not
the entire read is unmapped. We implement CMR partly inside
the read mapping module ( b ) and partly inside the GenPIP
controller ( c ). Inside the read mapping module, the read map-
ping controller ( 4 ) enqueues the basecalled chunks in its buffer
after the seeding step. Once the controller has Ncm chunks in
the buffer, it assembles a larger chunk and sends the large chunk
to the chaining step. The read mapping controller sends the
chaining score to the ER-CMR controller inside the GenPIP con-
troller. The ER-CMR compares the chaining score of the large
chunk with the θcm threshold. If the chaining score is lower than
the threshold, the GenPIP controller sends the ER-CMR signal
to the basecalling module and the read mapping module to ter-
minate the execution of CP on the current predicted-unmapped
read.

4.4. In-Memory Seeding
As described in Section 2.1, the seeding component aims

to generate query strings (e.g., minimizers) from a basecalled
chunk and queries them in the hash table to quickly find match-
ing regions between the reference genome and the chunk. To
this end, we design a new in-memory seeding accelerator (Fig-
ure 8 3 to speed up the process of seeding so that it can keep up
with other components of GenPIP. Figure 9 shows the compo-
nents of the in-memory seeding accelerator. There are four main
components: an eDRAM buffer (Figure 9 1 ), the query string
generator ( 2 ), ReRAM-based CAM ( 3 ) and RAM arrays
( 4 ). First, the GenPIP controller writes a basecalled chunk
into the seeding unit’s eDRAM buffer ( 1 ). Second, the seeding
unit moves a substring from the chunk to the query string gener-
ator ( 2 ). Third, the query string generator uses each substring
to generate multiple query strings by shifting the substring one
base at a time. Fourth, the seeding module queries each query
string using the ReRAM-based CAM and RAM arrays. Gen-
PIP stores multiple reference strings inside the CAM array (as
the keys, 3 ), and the locations of the reference strings in the
reference genome inside the ReRAM-based RAM array (as the
values, 4 ). The implementation of ReRAM-based CAM array
is similar to what we explain in Section 2.2. If the query string
matches one reference string in the ReRAM-based CAM, the
ReRAM-based CAM outputs the address (Addr .) to access the
corresponding values (i.e., the possible match locations) stored
inside the ReRAM-based RAM. The seeding unit then reads
out the list of possible match locations in the reference genome
for that particular reference string and stores the possible lo-
cations in the eDRAM buffer. Fifth, the seeding unit outputs
the possible match locations of the chunk to the read mapping
controller unit.
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Figure 9: Microarchitecture of the in-memory seeding accelerator.

5. Evaluation Methodology
Performance, Power, and Area Analysis. We implement an
in-house simulator to evaluate the performance, energy con-
sumption, and handware area overhead of GenPIP. Since Gen-
PIP includes several components, we embed the latency, power,
and area values for each GenPIP component in our simulator.
To calculate these values, we use different tools depending on
the technology of the component. We use Verilog HDL to im-
plement the logic components in GenPIP. To estimate the area
and power consumption of logic components, we synthesize
our HDL implementation using the Synopsys Design Com-
piler [137] with a 32nm process technology node at 1.6 GHz
clock frequency. To model the performance, energy, and area
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of our ReRAM-based RAM and CAM arrays, we use the state-
of-the-art models for non-volatile memories, NVSim [138] and
NVSim-CAM [114], respectively. We use CACTI 6.5 [139]
to model the performance, energy, and area of the embedded
DRAM (eDRAM). For Helix and PARC accelerators, we use
the performance, power and area results reported in the original
works [63, 88].
Comparison points. Our goal is to 1) compare GenPIP with the
state-of-the-art CPU/GPU implementations of software genome
analysis tools and state-of-the-art PIM accelerators, and 2) show
the benefits of integrating the key mechanisms of GenPIP (CP
and ER) to these CPU/GPU implementations and accelerators.
To this end, we evaluate the following systems:
• CPU: We use the CPU-based state-of-the-art basecaller,
Bonito [51], and the CPU-based read mapper, minimap2 [92]
executed on an Intel® Xeon® Gold 5118 CPU [134] at 2.3
GHz, with 192 GB DDR4 memory.
• CPU-CP: CPU integrated with CP (the chunk-based pipeline
technique we describe in Section 3.1).
• CPU-GP: CPU integrated with both CP and ER (GP stands for
GenPIP).
• GPU: We use the GPU implementation of Bonito [51] as the
basecaller executed on an NVIDIA GeForce RTX 2080 Ti GPU
and the CPU implementation of minimap2 as the read mapper.
• GPU-CP: GPU integrated with CP.
• GPU-GP: GPU integrated with both CP and ER.
• PIM: To compare to a single PIM-based accelerator that
executes both basecalling and read mapping steps, we connect
two state-of-the-art PIM-based accelerators for 1) basecalling,
Helix [63], and 2) read mapping, PARC [88]. We optimistically
make the following three assumptions. (1) There is no latency
and energy overhead for data movement between the basecalling
and read mapping steps when connecting these accelerators. (2)
There are processing elements executing the read quality control
step without any performance overhead. (3) There is enough
memory to store the intermediate data.
• GenPIP-CP: Our GenPIP design only equipped with CP.
• GenPIP-CP-QSR: Our GenPIP design with both CP and only
QSR in ER.
• GenPIP: The full GenPIP design using both CP and ER (i.e.,
both QSR and CMR).
Datasets. Table 1 shows the details of the datasets we use
in our evaluations. For all of our experiments, we evaluate
GenPIP using the datasets that are representatives of small and
large genomes to cover the commonly used genome sizes in
genome analysis. As a small genome, we use a publicly avail-
able dataset of the Escherichia coli (E. coli) genome.2 As a
large genome, we use a human genome dataset of the NA12878
sample. The human dataset can be accessed through ENA [140]
or NCBI [141] with accession PRJEB30620. Both E. coli and
human genomes are sequenced using Oxford Nanopore Tech-
nologies (ONT) with R9-based chemistry [47]. This chemistry
provides sequencing data with around 80-85% sequencing ac-
curacy [142], which is slightly lower than the most recent chem-

2The E. coli dataset is available at: http://lab.loman.net/2016/07/30/
nanopore-r9-data-release/

istry (R10.4) that provides around 95-99% accuracy [143]. We
include these less accurate datasets in our experiments to show
the robustness and effectiveness of GenPIP in the presence of
considerable sequencing inaccuracy.

Table 1: Details of datasets used in the evaluation.
Dataset Details E. coli [144] Human [145]
Mean read length 9,005.90 5,738.30
Mean read quality 7.9 11.3
Median read length 8,652 6,124
Median read quality 9.3 12.1
Number of reads 58,221 449,212
Total bases 524,330,535 2,577,692,011

6. Results
In this section, we present the experimental results of Gen-

PIP, including 1) the performance of GenPIP compared to the
baseline systems (Section 6.1), 2) the energy consumption of
GenPIP compared to the baseline systems (Section 6.2), 3) the
sensitivity analysis of GenPIP (Section 6.3), and 4) the area and
power analysis of the GenPIP architecture (Section 6.4).

6.1. Performance Analysis
To study the effect of GenPIP on accelerating the genome

analysis pipeline, we measure the performance of GenPIP and
the baseline systems. Figure 10 shows the performance of
GenPIP compared to the CPU, GPU, and PIM-based systems
that we explain in Section 5 (results are normalized to the
performance of the CPU system). We use chunk sizes of 300,
400, and 500 bases in the evaluation of two datasets, E. coli
and human (300 is the suggested chunk size by state-of-the-art
basecallers [6, 51]).
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Figure 10: Speedups of various systems normalized to CPU (300,
400, and 500 in the x-axis represent the three chunk sizes used in
the evaluation).

We make four key observations. First, GenPIP provides
41.6×, 8.4×, and 1.39× speedup compared to the CPU, GPU, and
PIM systems, respectively. GenPIP achieves such speedups as it
1) efficiently enables the fine-grained collaboration of the base-
calling and the read mapping steps via the CP technique and
2) reduces useless computation via the ER technique. Second,
we observe that the GenPIP-CP, GenPIP-CP-QSR, and GenPIP
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systems provide 1.16×, 1.32×, and 1.39× speedup compared
to the idealized PIM-based accelerator (PIM) that integrates
the state-of-the-art basecalling and read mapping accelerators
with optimistic assumptions. These speedups identify the main
benefits of the key mechanisms of GenPIP that tightly inte-
grate the basecalling and read mapping steps rather than simply
connecting two PIM-based accelerators that perform basecall-
ing and read mapping separately (even with idealized assump-
tions, as we did for PIM). Third, 1) CPU-CP and CPU-GP provide
1.20× and 1.42× speedup compared to CPU, and 2) GPU-CP and
GPU-GP provide 1.32× and 1.46× speedup compared to GPU.
Implementing the CP and ER techniques significantly improves
performance in CPUs and GPUs as these techniques are effec-
tive at reducing data movement and useless computation in any
system. Fourth, GenPIP’s performance benefits do not change
significantly with chunk size. We conclude that 1) CP and
ER techniques significantly improve the overall performance
of genome analysis over the state-of-the-art CPU- and GPU-
based approaches, and 2) GenPIP outperforms the optimistic
integration of the state-of-the-art PIM-based read mapping and
basecalling accelerators.

6.2. Energy Efficiency Analysis
To study the energy efficiency of GenPIP, we measure the

energy consumption of GenPIP and the baseline systems. Fig-
ure 11 shows the energy savings of each evaluated system nor-
malized to the energy consumption of the CPU system. We make
three key observations. First, GenPIP provides 32.8×, 20.8×,
and 1.37× energy reduction, compared to CPU, GPU, and PIM
systems, respectively. These energy savings are in line with the
performance improvements that GenPIP provides by reducing
1) the data movement between the basecalling and read map-
ping steps and 2) the useless computation due to the low-quality
reads and unmapped reads. Second, GenPIP reduces energy by
1.07× and 1.37× than GenPIP-CP-QSR and GenPIP-CP, which
shows that filtering based on both read quality score and chunk
mapping is important to improve the overall energy savings of
GenPIP. Third, similar to the performance results, the energy
consumption of the evaluated systems is robust to chunk sizes.
We conclude that GenPIP is very effective at reducing energy
compared to state-of-the-art CPU, GPU, and PIM systems.

6.3. Sensitivity Analysis
In this section, we study the sensitivity of the number of

sampled chunks on the effectiveness of ER-QSR (Section 6.3.1)
and ER-CMR (Section 6.3.2). To this end, we calculate two
metrics: rejection ratio and false negative ratio. Rejection ratio
is ratio of rejected reads (via ER-QSR or ER-CMR) over all
reads. False negative ratio is the ratio of incorrectly rejected
reads over all rejected reads.

6.3.1. Effect of the Number of Sampled Chunks on ER-QSR.
To study the effect of the number of sampled chunks on the ef-
fectiveness of ER-QSR, we calculate the rejection ratio and false
negative ratio metrics while varying the number of sampled
chunks from 2 to 6. We identify a rejection as false negative
(FN) if ER-QSR rejects the read while the average read quality
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Figure 11: Energy reduction of various systems normalized to CPU

(300, 400, and 500 in the x-axis represent the three chunk sizes
used in the evaluation).

score of the entire read is above the read quality score threshold.
Figure 12(a-b) shows the rejection ratio and the false negative
ratio for ER-QSR using the E. coli and human datasets, respec-
tively. We make three key observations. First, the rejection
ratio slightly decreases as the number of sampled chunks in-
creases for both the E. coli and the human datasets. This is
because there are many short reads in both datasets that consist
of only a few chunks (e.g., 3 chunks); increasing the number
of sampled chunks reduces the likelihood of early rejection of
such short reads. Second, increasing the number of sampled
chunks decreases the false negative ratio for the human dataset
but increases the false negative ratio for the E. coli dataset. For
the human dataset, increasing the number of sampled chunks
provides better read quality prediction accuracy, which leads
to a lower false negative ratio. For the E. coli dataset, there
are many regions with low-quality chunks although the average
quality of reads is high. Using more sampled chunks leads
to using more of these low-quality chunks in the read quality
prediction, which is the main cause of the false negative pre-
dictions in this dataset. Third, the false negative ratio of the
human dataset is slightly larger than that of the E. coli dataset.
Such large FN ratios are still acceptable since the average align-
ment score of these incorrectly-rejected reads (14.4) is closer
to the average alignment score of low-quality reads (3.9) than
the average alignment score of all reads (52.5). Thus, these
incorrectly-rejected reads are unlikely to provide high-quality
mapping in the read mapping step [92].

Based on our sensitivity analysis, we use two and five sam-
pled chunks for the E. coli and human datasets, respectively,
which provides a good balance between achieving a high rejec-
tion ratio and achieving a low false negative ratio.

6.3.2. Effect of the Number of Sampled Chunks on
ER-CMR. To study the effect of the number of sampled chunks
on the effectiveness of ER-CMR, we calculate the rejection ratio
and false negative ratio metrics while varying the number of
sampled chunks from 1 to 5. We identify a rejection as FN
if the read rejected by ER-CMR (predicted as unmapped) can
be mapped to the reference genome. Figure 13(a-b) shows the
rejection ratio and the false negative ratio for ER-CMR using
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Figure 12: Effect of the number of sampled chunks on ER-QSR’s
(a) rejection ratio and (b) false negative ratio.

the E.coli and human datasets, respectively. We make two key
observations. First, the rejection ratio decreases as the number
of sampled chunks increases for both the E. coli and the human
datasets. This is due to two main reasons. 1) There are many
short reads in both datasets that consist of a few chunks (e.g., 3
chunks). Increasing the number of sampled chunks reduces the
likelihood of early rejection of such short reads. 2) Increasing
the number of sampled chunks increases the accuracy of ER-
CMR, which leads to the rejection of fewer reads. Second, the
false negative ratio decreases as the number of sampled chunks
increases for both the E. coli and the human datasets. This is
because using a larger number of sampled chunks results in a
larger assembled chunk that is likely more representative of the
entire read.

Based on our sensitivity analysis, we use five and three sam-
ples for the E. coli and human datasets, respectively, because
the false negative ratios they provide are close to zero while the
rejection ratios are reasonable (i.e., 6.3% and 5.5%, respectively).
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Figure 13: Effect of the number of sampled chunks on ER-CMR’s
(a) rejection ratio and (b) false negative ratio.

6.4. Area and Power Analysis
To study the area and power overheads of GenPIP, we 1) mea-

sure the area and power of the new components designed for
GenPIP (Figure 8 2 3 4 c ) and 2) use the area and power
data of other components as reported in previous works ( 1 [63],
5 [88]). Table 2 shows the area and power breakdown of Gen-

PIP’s components in three modules, the basecalling module

( a ), the read mapping module ( b ), and the GenPIP controller
( c ). GenPIP occupies 163.8 mm2 chip area and consumes
147.2W power at the 32nm technology node. Our analysis
shows that the read mapping module is the most expensive mod-
ule in terms of area and power consumption, as it accounts for
56.9% of the GenPIP total area and 77.8% of the GenPIP total
power consumption.

Table 2: Area and power breakdown of GenPIP.
Component Specification Power W Area mm2

PIM Basecaller ➊
168 Tiles 27.1 49.24MB eDRAM

PIM-CQS ➋
SOT-MRAM PIM 0.307 0.0256Array size: 16x1024

Basecalling Module a⃝ Total 27.4 49.2

Seeding ➌

4096 seeding units

28.2 76.68

ReRAM-based CAM-RAM
8 32×128 CAMs per unit

1 QSG per CAM
8 16KB RAMs per unit
1 4KB eDRAM per unit

RMC ➍ 4 MB eDRAM 1.346 5.472
DP ➎ 1024 units 85 10.9
Read Mapping Module b⃝ Total 114.5 93.1

Module c⃝

12 MB eDRAM

5.3 21.5
AQS calculator

ER-QSR controller
ER-CMR controller

GenPIP Controller Module c⃝ Total
GenPIP Total 147.2 163.8

7. Related Work
To our knowledge, GenPIP is the first processing-in-memory

(PIM) accelerator for the genome analysis pipeline that tightly
integrates the two key steps of genome analysis (basecalling
and read mapping) to minimize 1) the data movement by elim-
inating the need to store intermediate results and 2) useless
computation due to low-quality and unmapped reads. We have
already compared GenPIP extensively to the state-of-the-art
CPU-based, GPU-based, and PIM-based systems in Section 6.
In this section, we describe other related works in four cate-
gories: (1) PIM acceleration of genome analysis, (2) non-PIM
acceleration of basecalling, (3) non-PIM acceleration of read
mapping, and (4) basecalling-free genome analysis.
PIM Acceleration of Genome Analysis. Previous PIM works
focus on the acceleration of either basecalling [63, 77] or
read mapping [54, 66, 70, 79, 82–84, 88, 146–158]. For base-
calling, previous PIM accelerators [63, 77] accelerate the
neural networks of basecallers using non-volatile memory.
These accelerators can significantly reduce the performance
and energy overheads associated with frequently moving the
data for neural networks by implementing these neural net-
works in-memory [136]. For read mapping, PIM acceler-
ators [54, 66, 70, 79, 82–84, 88, 146–158] accelerate several
computationally-costly steps in read mapping (e.g., chaining
and sequence alignment). Many of these works provide large-
scale in-memory parallelism while reducing the data movement
overheads of mapping reads to a reference genome.
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These works suffer from two main issues. First, none of
these PIM accelerators are designed to accelerate both base-
calling and read mapping, which requires storing and moving
a large amount of data (long reads) after the basecalling step
instead of streaming these reads directly to the read mapping
step in a pipelined manner that maximizes concurrency. Sec-
ond, even though read quality control filters out the low-quality
reads, these reads have already been processed by the expensive
basecalling step (because basecalling happens earlier in a sepa-
rate PIM accelerator). Compared to these existing approaches,
GenPIP effectively and efficiently orchestrates basecalling and
read mapping steps to 1) reduce the data movement overhead
between the basecalling and read mapping steps and enable
fine-grained overlapping between these two steps, and 2) elimi-
nate the redundant computations in both basecalling and read
mapping by quickly rejecting low-quality reads and unmapped
reads.
Non-PIM Acceleration of Basecalling. SquiggleFilter [159]
accelerates the basecalling step by filtering raw electrical signals
before basecalling based on their similarity to a certain genome
(e.g., a viral DNA). SquiggleFilter [159] targets a metagenomics
use case, where there are large numbers of reads from different
species. Many prior works accelerate the basecalling step by
implementing the basecaller using GPUs (e.g., [51, 52, 160–
167]) and FPGAs (e.g., [168–171]).
Non-PIM Acceleration of Read Mapping. There are several
works that focus on accelerating different steps of read mapping,
such as pre-alignment filtering (e.g., [62, 67, 72–74, 172–174]),
chaining (e.g., [175,176]), and sequence alignment (e.g., [57,61,
65, 68, 71, 177–216]). GenPIP is different from these works as
none of the prior read mapping accelerators tightly integrate the
basecalling and read mapping steps to reduce the data movement
and useless computations in the genome analysis pipeline.
Basecalling-free Genome Analysis. Several works avoid the
computationally-costly basecalling step from the genome anal-
ysis pipeline by directly mapping raw electrical signals to ge-
nomic sequences such as reference genomes (e.g., [159, 217–
224]. These works change the representation of the genomic
sequence from the base (i.e., DNA character) space into the elec-
trical signal space and perform analysis fully in the signal space.
As such, they can accelerate the genome analysis pipeline by
reducing or eliminating the need for basecalling for certain use
cases (e.g., targeted sequencing [217]). GenPIP is different
from these works as it uses the basecalling step and performs
genome analysis in the base space, which can be integrated into
any genome analysis use case.

8. Conclusion
Nanopore genome analysis pipeline has two main

computationally-costly processing steps, basecalling and read
mapping, which are executed separately on different machines
in conventional systems. We observe that the separate execu-
tion of these two critical steps results in (1) significant data
movement and (2) useless computations on the low-quality and
unmapped reads, slowing down the genome analysis pipeline

and wasting significant energy. To effectively overcome these
two limitations, we propose GenPIP, an in-memory genome
analysis accelerator that tightly integrates basecalling and read
mapping. GenPIP uses two key mechanisms: (1) a chunk-based
pipeline, CP, to collaboratively execute the major genome analy-
sis steps in parallel, and (2) a new early-rejection technique, ER,
to timely terminate the analysis on low-quality and unmapped
reads. Our experimental results show that GenPIP achieves
significant performance improvement and energy savings com-
pared to prior genome analysis accelerators. We envision Gen-
PIP to be best implemented inside the sequencing machine to
maximize the efficiency of genome sequence analysis. We hope
that our work inspires further rethinking of the construction
and acceleration of the genome analysis pipeline in a holistic
manner.
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