bioRxiv preprint doi: https://doi.org/10.1101/2025.03.27.645853; this version posted April 1, 2025. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

Scalable high-performance single cell data analysis with BPCells

Benjamin Parks’? and William Greenleaf?"

Department of Computer Science, Stanford University.
2Department of Genetics, Stanford University.

*Corresponding author. E-mail: wjg@stanford.edu;
bparks@cs.stanford.edu;

Abstract

The growth of single-cell datasets to multi-million cell atlases has uncovered major scalability problems for single-
cell analysis software. Here, we present BPCells, a package for high-performance single-cell analysis of RNA-seq and
ATAC-seq datasets. BPCells uses disk-backed streaming compute algorithms to reduce memory requirements by
nearly 70-fold compared to in-memory workflows with little to no loss of execution speed. BPCells also introduces
high-performance compressed formats based on bitpacking compression for ATAC-seq fragment files and single-
cell sparse matrices. These novel compression algorithms help to accelerate disk-backed analysis by reducing data
transfer from disk, while providing the lowest computational overhead of all compression algorithms tested. Using
BPCells, we perform normalization and PCA of a 44 million cell dataset on a laptop, demonstrating that BPCells
makes working with the largest contemporary single-cell datasets feasible on modest hardware, while leaving
headroom on servers for future datasets an order of magnitude larger.

1 Introduction

Improved single-cell genomics methods have increased
dataset sizes by approximately two orders of magni-
tude in the last decade, but the scalability of analysis
software has largely failed to keep pace. Today’s single-
cell technologies routinely yield immense datasets, with
contemporary single-cell atlases already exceeding 44
million cells [1]. In principle, these reference datasets
should be broadly useful to and reusable by researchers
around the world. In practice, however, memory limi-
tations and other software scalability issues make even
basic analysis with standard tools impossible on such
large datasets.

At the time when popular single-cell analysis tools
such as Seurat [2] and Scanpy [3] were designed, all but
the largest single-cell datasets could comfortably fit in
random access memory (RAM) on a laptop, making a
primarily in-memory computational workflow logical for
both speed and ease of implementation. However, as
dataset sizes have grown to millions of cells, the extreme
memory usage of these in-memory workflows has forced
researchers to resort to lower-precision approximation

methods or data subsetting to make analysis feasible
on readily available hardware, partially negating the
benefit of collecting large atlas datasets in the first
place. Further improvements to single-cell data gener-
ation technologies promise still larger datasets [4, 5],
creating a critical need for analysis software capable of
scaling to handle the datasets of today and tomorrow.
To address this challenge, we created BPCells, a
package for high-performance single-cell analysis of
RNA-seq and ATAC-seq datasets. BPCells uses a two-
pronged approach to provide fast, scalable single-cell
analysis. First, BPCells uses a C++-based disk-backed
streaming approach to carry out large-scale single-cell
computations (including data normalization, PCA, and
differential testing), while only loading a fraction of
the dataset from disk into memory at a time. Second,
BPCells introduces novel single-cell matrix and frag-
ment storage formats based on bitpacking compression
[6], which provide competitive space savings compared
to other compression schemes with much faster read-
/write speeds, further accelerating disk-backed compu-
tation. Given a fixed amount of RAM, the BPCells
disk-backed approach increases the analyzable dataset
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size by nearly two orders of magnitude and increases the
speed of marker feature tests, atlas-scale gene expres-
sion variance, and ATAC-seq peak matrix calculations
by approximately 2x, 10x, and 50x respectively.

While disk-backed computations and novel storage
formats can be used independently in the BPCells soft-
ware package, unless otherwise noted our benchmarks
utilize both innovations combined to showcase opti-
mal performance. First, we benchmark our disk-backed
streaming-compute implementation on single-cell com-
pute tasks such as dataset normalization, PCA, and
differential expression testing to compare BPCells with
popular single-cell analysis tools across memory usage,
speed, and scalability (2.1). Second, we analyze the bit-
packing compression formats, measuring space savings,
compression time, and decompression time relative to
existing single-cell storage formats and general-purpose
compression algorithms (2.2). Finally, we highlight how
the combination of BPCells’s streaming computation
and bitpacking compression enable a massive leap in
scalability by demonstrating data processing, normal-
ization, and PCA of the 44 million cell CELLxGENE
census dataset on a mass-market laptop (2.3).

2 Results

2.1 Low-memory streaming compute

In-memory analysis tools, such as Scanpy or Seurat
[2, 3], rapidly become memory-limited for contempo-
rary large-scale datasets. For example, simply loading
the 44 million cell scRNA-seq dataset [1] illustrated in
Fig la into memory requires 750GB of RAM — mas-
sively outstripping the typical 16-32GB of RAM found
on modern consumer hardware, and more than the
256GB available on the data center servers used in this
paper’s benchmarks (see Methods). This high mem-
ory usage represents a key scalability bottleneck, and
existing tools that try to reduce memory usage such
as Delayed Array result in dramatically slower execution
speeds — effectively trading one barrier to large-scale
single cell data analysis for another.

BPCells disk-backed streaming algorithms solve this
challenge by providing a fast, low-memory way to per-
form computations on ATAC-seq fragments and single-
cell feature x cell matrices. Each algorithm takes as input
either a matrix or a fragment set in the form of a data
stream of (feature, cell, value) or (chromosome, start,
end, cell) data points. These data streams can either be
produced from reading a data file on disk (see Table S7
for supported data formats), or taken from the output
of another streaming algorithm (e.g. filtering and nor-
malization operations, see Tables S3, S5 for supported

matrix and fragment transformations). These opera-
tions can be assembled into an execution pipeline that
passes data streams between each step, finally feeding
into a stream-consuming operation such as differential
feature testing, PCA, or saving transformed data to disk
(see Tables S4, S6).

To put this in more concrete terms, consider an
example normalization and PCA workflow illustrated
in Fig la. First, counts for each cell are scaled to
sum to 10k, then per-gene mean and variance is cal-
culated to identify variable features. Next, the matrix
is (optionally) subset to the most variable genes, log-
transformed, then z-score normalized prior to running
PCA. In-memory tools like Seurat or Scanpy perform
all useful computations with in-memory, uncompressed
sparse matrices, creating intermediate copies of the full
matrix after every mathematical operation involved in
matrix normalization.

In contrast, BPCells sequentially reads through the
input file in chunks, passing each small chunk of data
fully through its pipeline of streaming operations before
loading the next chunk into memory. For example, to
calculate mean expression per gene of a normalized
scRNA-seq matrix, BPCells first loads a chunk of (fea-
ture, cell, raw count) data points, modifies the data
in-place to get (feature, cell, normalized count), then
updates a vector of per-feature sums based on the fea-
ture index and normalized count for each data point.
After scanning through the entire matrix, this vector of
per-feature sums can be rescaled to return per-feature
means.

This streaming approach enables memory require-
ments to scale with the size of in-memory outputs
requested by the user, rather than the total size of the
input counts matrix or fragment file. With the exception
of PCA, most operations can be completed with a single
streaming pass over the dataset, and at most three in-
memory tallies per cell (allowing analysis of about 40M
cells per GB of RAM). PCA becomes the most expensive
operation, taking approximately 250-300 passes over
the dataset to compute 50 principal components with
standard solvers, and requiring memory to store the
principal components matrix for downstream analysis
(about 5M cells per GB of RAM, assuming 50 princi-
pal components stored as 32-bit floats). As the size of a
principal components matrix is ~85 times smaller than
storing a featurexcell matrix in memory (Fig la), the
BPCells streaming approach enables analysis of large-
scale datasets by bypassing the memory bottlenecks
caused when standard in-memory tools store a full data
matrix in RAM (limiting them to at most ~60k cells per
GB of RAM, assuming 2k features per cell). BPCells
does not seek to address scalability in single cell analysis
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operations that can be performed directly from a prin-
cipal components matrix or other reduced dimensions,
such as clustering, UMAP, or pseudotime analysis (Fig
la), as these operations do not represent the current
scalability bottleneck given the small memory footprint
of principal components matrices.

BPCells is able to preserve modularity without com-
promising performance by making all streaming algo-
rithms read and write using C++-level data streams
(see Supplemental Discussion). Users can freely recom-
bine any of the supported operations (Tables S3-S6) to
perform exploratory data analysis with a wide variety
of normalization and data filtering strategies.

™ . . . .
100K tive time savings for calculations

on small subsets of the genome.

Normalization and PCA benchmark

We compared memory usage and execution speed of
BPCells to existing analysis tools (Seurat, Delayed Ar-
ray, and Scanpy [2, 3, 7])) on a range of nine scRNA-seq
datasets ranging in size from 20k to 22M cells (Table
S1). Each tool was tasked with performing a standard-
ized normalization, variable gene selection and PCA
workflow within a 3 hour time limit and 256GB mem-
ory limit (see Methods). We observed that BPCells’s
memory usage scales with number of cells, whereas run-
ning time tends to scale with number of nonzero matrix
entries (Fig 1b+c).

We evaluated Seurat’s in-memory workflow only, as
disk-backed options in Seurat v5 use BPCells to perform
normalization and PCA. Seurat’s in-memory workflow
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crashed on all datasets larger than 500K cells, as R’s
Matrix package produces integer overflow errors for
sparse matrices with over 23! non-zero entries.

The DelayedArray package [7] offers disk-backed
matrix operations in R that successfully reduce memory
usage to a similar level as BPCells (Fig 1b), but at the
cost of a substantial 41x slowdown relative to BPCells
(Fig 1c). Despite using superficially similar disk-backed
approaches, DelayedArray could not complete normal-
ization and PCA of any dataset larger than the 1M
neurons dataset within our 3 hour time limit, whereas
BPCells was able to complete a 22M cell analysis in just
24 minutes (Fig 1c).

Scanpy was the best performing alternative to
BPCells, with an execution speed about 17% faster on
average than single-threaded BPCells (Fig 1c), but with
68x higher memory usage on a 1M neuron dataset (Fig
1b). Scanpy used ~5x more memory than the size of a
single copy of the sparse data matrix, consistent with
5-10x excess memory requirements for the Python data
analysis tool Pandas [8]. As a result, Scanpy could not
analyze our 2M, 11M, or 22M cell datasets within the
256GB RAM limit of our benchmarking server.

Because BPCells memory usage scales with the size
of the output principal components, BPCells can pro-
cess a 22M cell dataset with about half the memory
usage Seurat and Scanpy require on a 480K cell dataset
(Fig 1b). Furthermore, BPCells achieves this perfor-
mance improvement with no approximations or loss of
precision, and only a modest increase in computation
times compared to the fastest other tool we measured,
when running with a single thread. BPCells allows addi-
tional speed increase on compute-intensive operations
like PCA through the use of parallelization. On our
benchmark datasets, we measured up to 12x faster PCA
execution time when using 16 threads (Fig 1d), and just
two threads were sufficient to make BPCells superior
on both memory and execution speed for normalization
and PCA across all tools and datasets tested. (See Sup-
plemental Discussion for comments on file caching and
multi-threaded performance.)

Randomized PCA with Scanpy/Dask

We also benchmarked an experimental integration of
Scanpy with Dask [9], which aims to provide a disk-
backed alternative to Scanpy’s default in-memory mode.
Unfortunately, Scanpy version 1.10’s PCA demonstra-
tion with Dask [10] cannot perform full-precision PCA,
instead using a randomized (rPCA) algorithm [11] with
all accuracy-improving iterations skipped. This results
in a poor approximation of the true principal compo-
nents beyond the first dimension (Fig Slc). On our
1M-cell dataset which closely matches the size of the
dataset used in the Scanpy with Dask demonstration,

BPCells had 24x lower memory usage and 3.9x faster
execution speed when running the same low-precision
algorithm, and 26x lower memory and 1.8x faster speed
when running a full-precision PCA (Fig Sla+b). This
Scanpy with Dask setup was unable to complete the
analysis of our 11M or 22M cell datasets within the
256GB of RAM available on our benchmarking server.

scATAC-seq matrix creation

For scATAC-seq analysis, the normalization and PCA
steps are conceptually similar with a different set of
common normalization choices. However, ATAC-seq
analysis first requires generating the data matrix from
fragment coordinates — tallying the number of genomic
fragments overlapping regularly spaced genomic tiles (a
“tile matrix”), or a set of high-signal peaks (a “peak
matrix”). Here, we compared peak and tile matrix cre-
ation performance against ArchR [12] and SnapATAC2
[13], which use disk-backed methods for matrix creation
from fragments, making speed, rather than memory-
usage, the primary concern. (We omit dimensionality
reduction comparisons, since SnapATAC2 and ArchR
use in-memory approaches with similar memory bot-
tlenecks to the previously-discussed RNA tools [13].)
Because BPCells stores fragment data in genome-sorted
order, it is able to perform an efficient linear scan
over sorted fragment and peak/tile coordinates (see
Supplemental Discussion for algorithm details).

We compared these matrix creation tasks across six
scATAC-seq datasets ranging in size from 3k to 1M cells
(Table S2). BPCells was 3x faster than SnapATAC2 and
10x faster than ArchR for tile matrix generation on our
500k cell dataset — the largest by total measured frag-
ments (Fig le). For peak matrix calculation, BPCells
was 52x and 70x faster than SnapATAC2 and ArchR,
respectively (Fig 1f). As SnapATAC2 and ArchR use
disk-backed techniques for peak and tile matrix creation,
memory usage is sufficiently low for all tested tools that
it is unlikely to become a bottleneck (Fig Sle+f).

The speed gap widens further when considering a
smaller subset of the genome. To compute a 10-peak
subset of the peak matrix on the 1M cell dataset,
SnapATAC?2 takes 31 minutes, ArchR 25 minutes, and
BPCells 6 seconds (Fig 1g). This dramatic improvement
is also enabled by storing fragments in fully genome-
sorted order, which allows efficient lookup of all data
overlapping selected genome regions without reading all
fragment data. This allows BPCells to perform real-time
interactive data visualization of large datasets directly
from fragments stored on disk.

Marker feature testing

BPCells disk-backed streaming algorithms can also be
used for statistical tests of marker and differential
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features, such as Wilcoxon rank sum tests. BPCells
Wilcoxon calculations use a similar algorithm to Presto
[14], performing a sparsity-aware rank transform for
each gene followed by a one-vs-rest statistical test for
over- and under-expressed features in each cell type. On
our 500k cell benchmark dataset, Presto and Scanpy
used 154x and 80x more memory, respectively, than
BPCells, while taking 2.3x and 40x more time, respec-
tively (Fig S1d). This speed advantage of BPCells
relative to Presto is surprising due to the similarity in
the algorithmic approaches. While we reserve full dis-
cussion of the likely reasons for this performance gap
to Supplemental Discussion, two contributing factors
are BPCells’s choice of sorting algorithm and sup-
port for input matrices in feature-major storage order
(as opposed to cell-major; see “Data storage ordering”
below and Supplemental Discussion).

2.2 High-speed bitpacking compression

For disk-backed workflows, disk read/write speeds
become a likely bottleneck that can cause slower execu-
tion speeds. When running CPU-light pipelines, a single
BPCells thread can process over 3 GB/s of uncom-
pressed matrix data, 40% of the 7 GB/s rated sequential
read bandwidth of the laptop SSD storage used for some
benchmarks in this study (see Methods). With the addi-
tion of multi-threading, the compute throughput can
rise over an order of magnitude, making the fixed storage
bandwidth a serious potential bottleneck to execution
speeds. Compression algorithms can mitigate this bot-
tleneck by trading some compute capacity to reduce the
storage size of files on disk and hence reduce the required
read bandwidth for disk-backed workflows. Unfortu-
nately, general-purpose compression algorithms like gzip
[15] tend to require too large a compute cost to make
the storage bandwidth reductions practically useful for
a tool like BPCells.

Since general-purpose compression algorithms are
well-studied and well-optimized, we opted to develop
a specialized compression algorithm that could take
advantage of known properties of single cell data types
to achieve faster compression and decompression. We
built on top of the BP-128 compression scheme, a form
of bitpacking compression introduced by Lemire and
Boytsov [6] that is specialized to compress lists of 32-
bit integers, providing better space savings for inputs
that are lists of small positive integers (or easily trans-
formed into small positive integers). BP-128 can be
implemented with SIMD CPU instructions to achieve
exceptional compute efficiency of fewer than 2 CPU
cycles per integer [6], and its small block size of 512 bytes
enables efficient random access for small reads if neces-
sary. We identified practical transformations that enable

single-cell datasets to be compressed via BP-128, with
BPCells’s implementation achieving comparable space
savings to general-purpose algorithms at dramatically
higher compute efficiencies.

Bitpacking compression of matrices

The BPCells bitpacking strategy for matrices (Fig 2a)
starts with a standard compressed sparse column (CSC)
layout, similar to that used by the AnnData hbad and
10x HDF5 matrix formats. Two integer arrays store
the row index and value for each nonzero entry in the
matrix, with the entries ordered by column with rows as
tiebreaker. A third, shorter “column start” array stores
the starting index of each column within the row and
value arrays (Fig 2a). This sparse matrix layout avoids
wasting storage space on zero-valued entries, as typically
fewer than 7% of values in a single cell counts matrix
are non-zero (Table S1). BPCells optionally stores row
and column names to help track feature and cell IDs,
but only the row and value arrays are compressed as all
other elements typically make up a negligible fraction of
the total data size.

To perform bitpacking with BP-128, BPCells first
calculates how many bits are required to represent the
largest value in a chunk of 128 integers. It then dis-
cards the many leading zero bits from the native 32-bit
representation (“packing” the variable bits to be stored
contiguously), while separately storing the bit width for
use in later decompression (Fig 2a). BPCells implements
separate data transformations for the row and value
arrays to improve space savings, which are outlined in
Fig 2a and described in detail in Supplemental Discus-
sion. In brief, these transformations result in the value
array compressing best for small, non-zero counts values
and the index array compressing best when consecutive
entries have small positive differences (Fig S2e+f). For
matrices holding non-integer data, the value array is left
uncompressed.

With the BPCells matrix compression format, we
observe space savings of approximately 4x for our bench-
mark RNA-seq datasets given the original cell-major
data ordering, but this can be improved to a median of
6-7x space savings by either transposing to a feature-
major ordering or sorting the rows (i.e. the non-major
axis) by the mean value within each row (Fig S2a+b).
On scATAC-seq peak and tile matrices, we achieve 4x to
6x space savings with the BPCells compression scheme,
and more modest savings from switching away from a
cell-major storage order (Fig S2c+d). The space savings
from bitpacking scale consistently with simple summary
statistics across scRNA-seq and scATAC-seq counts
matrices (Fig S2e+f), suggesting that the BPCells com-
pression scheme is not overly specialized to RNA-seq
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Fig. 2 Bitpacking compression allows high-speed and compact single-cell file storage. (a) Bitpacking schematic overview.
BPCells bitpacked matrices begin with a standard compressed sparse column layout. Then each array is bitpacked to remove leading 0-
bits across 128-integer chunks and the number of bits used is separately recorded. A pipeline of transformations improves compressibility
of the row and value arrays prior to bitpacking. (b-d) File format performance on a 1M cell scRNA-seq matrix for (b) size, (c) read speed,
and (d) write speed. Comparison single-cell file formats used with default compression settings. (e) Compression algorithm compute-
efficiency benchmark on a 130k cell scRNA-seq matrix stored in feature-major order. Read/write speeds measured in uncompressed bytes,
and compression ratio as uncompressed size/compressed size. Dots indicate distinct compression level settings when available. (f) BPCells
bitpacked scATAC-seq fragments store coordinates in genome-sorted order, followed by a transformation pipeline and bitpacking in 128-
integer chunks. (g-i) File format performance on a 1M cell sScATAC-seq dataset with (g) size, (h) read speed, and (i) write speed. (j)
Compression algorithm compute-efficiency benchmark on a 10k cell scATAC-seq dataset. Read/write speeds measured in uncompressed
bytes, and compression ratio as uncompressed size/compressed size. Dots indicate distinct compression level settings when available.

and ATAC-seq matrices and should achieve predictable 13 seconds, and BPCells 12 seconds (Fig 2d). The 10x

performance on generic sparse integer matrices.

We compared the size and speed of BPCells com-
pressed matrices to the 10x HDF5, AnnData hbad,
and AnnData Zarr formats according to each format’s
default compression settings (10x: gzip, hbad: uncom-
pressed, Zarr: Blosc-LZ4). On a 1 million cell dataset,
BPCells used 4.9GB of storage, second only to the 10x
HDF5 format at 4.2GB (Fig 2b). However, the 10x
format exhibited the slowest read speed by far at 73
seconds, with Zarr at 20 seconds, uncompressed hb5ad
at 11 seconds and BPCells at just 6.8 seconds (Fig 2c).
For writing, Zarr took 23 seconds, uncompressed h5ad

format was omitted from write benchmarks due to lack
of a first-party tool for isolated matrix write operations.
These results show that the combination of good space
savings and extreme compute efficiency for bitpacking
allow BPCells to eliminate the speed-vs-size trade-off
present in the other compressed formats — BPCells saves
both disk space and time reading/writing from disk.
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Bitpacking compression of scATAC-seq
fragments

BPCells fragment set storage consists primarily of three
integer arrays containing genomic start and end coor-
dinates, and a numeric cell ID for each fragment (Fig
2f). The fragments are stored in genome-sorted order
by start coordinate, allowing chromosome data to be
represented with a short array listing the storage range
of each chromosome in the start, end, and cell arrays.
To allow efficient subsetting by genomic region, BPCells
also includes an end-coordinate indexing array 1/128'"
of the length of the main start, end, or cell data arrays.
Textual cell names (often barcode sequences) are stored
separately to allow conversion with the numeric cell IDs.
See Supplemental Discussion for format details.

Before performing BP-128 compression, BPCells
adds data transformations to the start and end data
arrays (Fig 2f, Supplemental Discussion). With these
transformations, the start coordinate array compresses
best when the distance between consecutive start coor-
dinates in the sorted list is small, as is common at
high-accessibility sites in scATAC-seq data (Fig S2g).
The end coordinate array compresses best when frag-
ment lengths are small (typically <1kbp for ATAC-seq
[16]), and the cell array compresses best at lower cell
counts (Fig S2h). Overall storage per fragment is driven
mainly by mean fragments per cell, such that filtering
out fragments from low-read, non-cell barcodes mod-
estly reduces per-fragment storage size by ~18% (Fig
S2i).

The BPCells fragment file format differs notably
from ArchR arrow files and SnapATAC2, which group
fragments by cell ID rather than globally sorting by
genome location. This cell-based grouping can virtu-
ally eliminate the per-fragment storage costs of cell IDs,
but it causes a major slowdown when performing reads
of small genome subsets (Fig 1g). With the bitpacking
compression used in BPCells, we observe that improved
compression of the start coordinate array almost per-
fectly compensates for increased cell ID storage costs
caused by intermixing the fragments from higher num-
bers of cells (Fig S2h), leading to smaller total file size
while maintaining the advantages of fully genome-sorted
fragment storage.

We compared the performance of the BPCells frag-
ment file format to 10x fragment files (gzipped text),
ArchR arrow files (uncompressed HDF5), and Snap-
ATAC2 (HDF5 with gzip). On a 1 million cell scATAC-
seq dataset, we see that the BPCells compressed frag-
ment file has the smallest storage size at 21GB (28%
smaller than the next-closest method), has 5x faster

read times than the next-closest alternative at 1.2 min-
utes and 5.4x faster import times than the next closest
alternative at 40 minutes (Fig 2g-i).

Comparison with general-purpose compression
algorithms

To better understand the compute efficiency vs. space
savings trade-off of bitpacking compression, we ran in-
memory compression benchmarks of BPCells compared
to seven general-purpose compression algorithms with
a total of 226 different configurations (82 of which are
shown in Fig 2e+j, see Methods). The primary algo-
rithms compared were gzip [15], LZ4 [17], and Zstd
[18]. We also included Blosc variants of these core algo-
rithms, which apply specialized compression-enhancing
preprocessing filters prior to running a general-purpose
compression algorithm [19]. Each non-BPCells algo-
rithm included a compression level parameter, which
we varied to explore different trade-offs between space
savings and compute efficiency.

BPCells offered the best read and write speeds across
all tested compression algorithms, and competitive
space savings compared to the best algorithm variants.
On the three tested storage examples, BPCells decom-
pression produced data at 7.4-8.6 GB/s and BPCells
compression consumed data at 5.1-5.6 GB/s (Fig 2e+j,
S3a).

Although other algorithms can produce better space
savings compared to BPCells at their highest compres-
sion settings, this comes at the cost of dramatically
slower write speeds. Zstd compression level 9 with Blosc
byte-shuffle filter provided the best space reduction at
27% and 9.6% smaller than BPCells on feature-major
matrices and scATAC-seq fragments, but at the cost
of 102,500% and 68,900% slower writes (Fig 2e+j). For
cell-major matrices, Zstd compression level 22 provided
the best space savings at 42% smaller than BPCells, but
304,500% slower writes (Fig S3a).

Overall, these in-memory benchmarks show that
BPCells outperforms sophisticated general-purpose
compression algorithms with a simple, high-performance
bitpacking algorithm specialized to single-cell data

types.

Data storage ordering

While most BPCells streaming algorithms are order-
independent and agnostic to the order data points are
processed, certain algorithms require particular data
orderings to allow efficient execution as previously high-
lighted (Figs 1f-g+S1d, Tables S3+S4). As BPCells
mainly performs sequential scans of files on disk, estab-
lishing the correct storage order for order-dependent
algorithms such as marker feature testing requires fast,
low-memory algorithms for sorting and re-ordering data.
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For matrices, BPCells offers two storage orders: the
column-major compressed sparse column (CSC) layout
illustrated in Fig 2a, and the analogous row-major com-
pressed sparse row (CSR) layout. In the column-major
layout, each column of matrix entries is stored contigu-
ously, meaning a single column of the matrix can be
loaded quickly with a small sequential read, but loading
a single row of the matrix is no faster than reading the
full matrix. Row-major layouts have the inverse proper-
ties, with fast row reads and slow column reads. Because
R and Python differ in convention of whether cells cor-
respond to matrix columns or rows, we avoid ambiguity
by referring to cell-major and feature-major layouts
depending on whether cells or features respectively can
be loaded efficiently.

There is no universal answer to whether cell- or
feature-major matrix storage orders are best, so BPCells
must provide an efficient way to convert between matrix
storage orders. Seurat, Scanpy, AnnData, and 10x
matrix files most commonly default to a cell-major
order, and we have shown that a feature-major stor-
age order can have advantages for compression efficiency
and enabling disk-backed algorithms that are not order
independent (notably Wilcoxon marker feature testing,
see Tables S3+S4, Fig S2a). While transposing the stor-
age order between row- and column-major is fast with
in-memory algorithms, BPCells cannot rely on such
in-memory approaches without introducing a major
memory scalability bottleneck. To that end, BPCells
implements a disk-backed storage order transpose oper-
ation which requires 147x less memory than SciPy [20]
on a 2M cell dataset and uses a constant 1.4GB of RAM
to sort datasets up to 22M cells (30GB compressed file
size), while using just 39% and 52% more time, respec-
tively, than SciPy and R dgCMatrix [21] in-memory
transpose routines (measured by geometric mean, Fig
S3b, see Supplemental Discussion for algorithm details).

For fragment files, BPCells has a similar problem
when allowing fragment files from many samples to be
merged either on-the-fly or to create a single whole-
dataset fragment file. The BP Cells disk-backed fragment
operations such as peak and tile matrix creation require
genome-sorted input streams, so working with multi-
sample datasets also requires an efficient way to merge
fragment sets while maintaining genome-sorted order.
We compared performance of the GNU sort [22] pro-
gram to BPCells merging multi-sample datasets into a
whole-dataset fragment file (see Methods). We observed
approximately constant memory usage for both pro-
grams, but BPCells ran a geometric mean of 38x faster
(Fig S3c, see Supplemental Discussion for algorithm
details). These efficient storage reordering operations
help ensure that BPCells has a complete toolkit for
merging, filtering, and converting matrix or fragment

files — a necessary complement to its disk-backed com-
pute capabilities (Tables S3-S6).

2.3 Scalability to massive cell atlases

To assess the scalability of BPCells at the limits of
contemporary single-cell datasets, we turned to the
CELLxGENE census human dataset [1], a unified col-
lection of over 44 million unique cells collected from
hundreds of scRNA-seq datasets deposited with the
Chan Zuckerberg Initiative (CZI). As analysis of this
dataset is easily within the capabilities of BPCells on
our benchmarking server hardware (256GB RAM), we
also ran the workflow on a consumer laptop (32GB
RAM) to allow us to test scalability limits. All bench-
marks were run with parallelization enabled to achieve
maximal performance.

Bulk matrix read and write

For our first series of benchmarking tasks, we performed
bulk matrix read/write operations — first subsetting
the census dataset to remove duplicate cells as a write
benchmark, then measuring the size and read speed of
the unique cells data matrix. We compared the perfor-
mance of the BPCells format with the TileDB-SOMA
format [23] developed for the CELLXGENE census as
a collaboration between CZI and TileDB, Inc. While
the TileDB-SOMA format was initially designed around
network-based access, its incorporation of the widely
used TileDB array storage system [24] allows it to serve
as an optimized baseline for storage and querying of
large sparse matrices from a fast local file-system.

For storage size, BPCells and the CELLxGENE cen-
sus take different approaches but use roughly compara-
ble storage space for the matrix of unique cells. The cen-
sus TileDB format stores two copies of the data matrix:
raw counts and normalized counts, which use 147GB
and 166GB of storage respectively (Fig 3a). BPCells
only explicitly stores the counts matrix, but provides
two possible storage layouts: cell-major (168GB) and
feature-major (117GB; Fig 3a). Both BPCells matri-
ces are partitioned into 100k cell chunks to allow easier
parallelization, while TileDB uses 2,048 x2,048 tile sizes
(see Methods).

For our write benchmark task of subsetting to
remove duplicate cells and writing a new matrix copy,
we found dramatically faster write and read speeds for
BPCells compared to TileDB. BPCells offered speedups
of 41-125x and 11-21x for writes and reads respectively
on a laptop (Fig 3b+c), and on our servers offered
63-186x and 15-41x speedups for writes and reads
respectively (Fig S4a+b). Writing to BPCells feature-
major layouts was modestly slower due to introducing
a storage order transpose operation from our cell-major
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Fig. 3 Performance of 44M cell analysis of CELLxGENE census on a laptop. (a-c) Performance of BPCells sparse matrix
formats and storage layouts compared to TileDB, comparing (a) size, (b) write speed and (c) read speed (fully sequential) on a laptop.
Write speed for feature-major includes time to swap storage order from cell-major to feature-major. (d) Read speed for random subset
queries of cells and genes on a laptop. (e) Speed to calculate per-gene mean and variance on a laptop. (f) PCA on a laptop runs faster with
compressed input, while randomized PCA (iter=2) is faster and less sensitive to input format. (g) Randomized PCA (iter=2) accuracy is
high for early components but diminishes for later components. (h) PCA on a server runs faster than on a laptop, with a large advantage
for exact PCA with compressed input compared to uncompressed input.

inputs. For reading, feature-major reads were modestly
faster than cell-major reads at 1.3x or 2.6x faster on a
laptop or server respectively (Fig 3c, S4b).

Rather than explicitly store normalized counts data,
BPCells instead stores just the required normalization
coefficients (i.e. per-cell total read counts), which take
negligible storage space (0.35GB, Fig 3a), enabling the
BPCells streaming architecture to quickly re-calculate
full-precision normalized values on-the-fly when read-
ing from the raw counts matrices. The time to compute

and save these normalized values is comparable to the
time to write cell-major subsets (Fig 3b, S4a), and
data read takes 1.8-2.7x longer to calculate the nor-
malization on-the-fly — still 11-15x faster than reading
the pre-computed normalized TileDB matrix (Fig 3c,
S4b). Thus, the streaming approach allows inclusion of
normalized data at little-to-no cost, and the underly-
ing counts matrix storage need only be duplicated if
required for downstream query performance.
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Matrix subsetting

Because one core intended application of the TileDB-
SOMA storage layout is reading small subsets of the
data matrix, we performed a direct comparison with
BPCells on this task. We selected two types of sub-
setting: subsetting along the cell axis only (e.g. as a
mini-batch for training a neural network expression
model), and subsetting along the gene axis only (e.g. to
quantify per-cell expression of key marker genes). When
querying by cell, the BPCells cell-major format can load
a random 10,000 cell subset in 1 second on average, but
TileDB averages 60 and 18 seconds on a laptop or server
respectively (Fig 3d, S4e). The BPCells feature-major
format can load 10 random genes in 0.5-0.7 seconds,
whereas TileDB takes 143 and 54 seconds on a laptop
or server respectively (Fig 3d, S4e). We also see perfor-
mance advantages on sequential, rather than random,
data subsets (Fig S4f+g). See Supplemental Discussion
for recommended BPCells storage layouts for different
applications.

PCA and matrix computations

We next performed normalization and PCA on the 44
million cell dataset, which allowed us to evaluate the
performance of combining BPCells streaming computa-
tion and compressed formats with both modest compute
resources (a consumer laptop) and more powerful server
hardware. As an example of normalization performance,
we calculated per-gene mean and variance across all 44
million cells in the census dataset, a common sub-task
both for variable gene selection and for final z-score
normalization prior to PCA. We observed BPCells run-
ning times of 96 seconds on a laptop and 32 seconds
on a server for gene mean and variance (Fig 3e, S4c).
As TileDB does not provide direct compute functional-
ity, we compared to the CELLxGENE census Python
package. BPCells used 4.6x and 5.8x less CPU time
on a laptop or server respectively, with a larger gap in
wall clock time (11x and 38x respectively) since CELLx-
GENE currently only parallelizes data loading without
parallelizing the mean and variance calculations (Fig 3e,
Sdc+d).

To demonstrate PCA calculations on the 44 million
cell census dataset, we used standard log normalization
and retained all ~60k genes rather than subsetting to
2,000 variable genes as in our comparison to in-memory
tools. We reasoned that the biological diversity in all-
tissue atlas datasets may not always be captured by
~3% of genes, and wanted to demonstrate the unique
scalability of BPCells in this computationally-intensive
all-gene PCA workflow. We computed the top 32 princi-
pal components in 6.2 hours on a laptop and 51 minutes
on a server when using a compressed bitpacked feature-
major input matrix (Fig 3f+h). Using a randomized
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PCA algorithm lowers compute time by reducing the
number of required matrix passes from 167 to 6, allow-
ing substantial time savings on a laptop at the cost of
poorer accuracy, particularly beyond component 16 (Fig
3f-h).

For exact PCA calculations, we observed that using
the BPCells compressed storage format provided end-
to-end speedups of 1.5x and 9x on a laptop or server,
respectively, compared to using uncompressed data
storage (Fig 3f+h). This shows how BPCells high-
performance compressed storage can speed up multi-
threaded disk-backed streaming algorithms by reducing
disk read bandwidth bottlenecks (see Supplemental
Discussion).

Extrapolating from our benchmarks on smaller
datasets, we estimate this 44M-cell PCA calculation
would require over 4TB of RAM with in-memory
Scanpy, and 1.5 to 10 days of time on a server or lap-
top respectively with DelayedArray. Additionally, none
of the other tested tools were able to successfully com-
plete full-precision normalization and PCA on our 2M,
11M, or 22M cell datasets within the benchmark server’s
memory and time limits. Therefore, we conclude that
BPCells is uniquely capable of scaling to our 44M cell
analysis demonstration, and it can even achieve this
level of scalability on a consumer laptop.

3 Discussion

BPCells aims to improve scalability across the single-
cell software ecosystem by providing a modular interface
to scalable, disk-backed streaming computations. For
example, Seurat v5 [25] uses BPCells to provide disk-
backed analysis as an alternative to many of their
existing in-memory workflows. This promising early
adoption of BPCells demonstrates its utility not only
as a standalone single-cell analysis tool, but also as a
scalable back end for existing analysis software. Because
BPCells can directly read and write h5ad and 10x HDF5
matrix files, it is easy to get started analyzing exist-
ing data files as-is or to quickly convert into the higher
performance BPCells formats.

Based on performance in the benchmarks presented
here, we expect that BPCells will enable a wide variety
of additional matrix normalizations and dimensional-
ity reduction methods in a scalable, efficient man-
ner, often by recombining the existing set of matrix
and ATAC-seq fragment operations without changes to
the core BPCells package. For example, non-negative
matrix factorization [26], latent semantic indexing [27],
and SnapATAC2’s cosine similarity-based dimensional-
ity reduction [13] can be implemented in a disk-backed
manner using existing BPCells operations (Table S3,
S4). Minor extensions would enable the training of
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robust, atlas-scale cell type classifiers via generalized
linear models [28] or correlating chromatin accessibility
with gene expression across multiomic atlas datasets.
The BPCells matrix and fragment-set operations can
likely be used for additional single-cell modalities, such
as scCUT&Tag or DNA methylation, and potentially
even fields beyond single cell analysis that utilize large
sparse matrix computations.

Efficient on-the-fly data normalization with BPCells
streaming algorithms also allows for straightforward
improvements to single-cell matrix storage formats that
currently hold both raw counts and normalized data
copies. Storing just the normalization formula and
parameters rather than a full normalized matrix copy
provides at least 2x space savings with minimal run-
time cost for on-the-fly normalization. Furthermore,
integer counts matrices are both more compressible
than normalized matrices, and in multi-threaded work-
loads, on-the-fly normalization of bitpacked counts data
is faster than simply loading uncompressed, normal-
ized data due to disk bandwidth limitations. Instead
of storing raw and normalized data, we suggest storing
the raw counts data in both cell-major and feature-
major storage orders, allowing downstream applications
to optimize performance by choosing the best storage
ordering based on the user’s requested operation.

We have demonstrated that BPCells can allow well-
studied existing analysis methods such as principal
components analysis to scale to dramatically larger
datasets. In many cases, this capacity to calculate a
full-precision, full-matrix PCA reduces or eliminates the
need for sketch-based or other approximation methods
for dimensionality reduction [25, 29]. Single-cell neural
network methods [30] may also benefit from fast ran-
dom access to single-cell data profiles during training
using BPCells compressed data formats. We antici-
pate that the efficient BPCells storage and disk-backed
compute infrastructure will help the single-cell compu-
tational community to develop new scalable analysis
methods in the future. Overall, BPCells makes rapid,
atlas-scale analysis accessible even to researchers with
modest compute resources, expanding the reach and
utility of massive public reference datasets.

4 Methods

Benchmarking hardware

Benchmarks in this paper were run primarily on server
hardware featuring AMD Zen 2 (Rome) EPYC 7502 CPUs
with simultaneous multi-threading disabled, 256 GB of RAM
(8x32GB of registered 3200MT/s DDR4 with 1 DIMM per
channel), and 2TB of local NVMe SSD storage (2x PCle
Gen3x4 drives in RAID 0). CELLXGENE census bench-
marks were additionally run on a consumer laptop with an
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Intel i5-1240P CPU, 32GB of RAM (2x16GB of 3200MT/s
DDRA4), and 2TB of local NVMe SSD storage (PCle Gendx4,
Samsung 990 Pro)

Software versions

All benchmarks were performed on BPCells v0.3.0 and all
other software library versions were taken from a container
snapshot built in December 2024. For exact library ver-
sions and a runnable container file with the benchmarking
environment, see “Data and code availability” below.

Memory and running time measurement

Memory usage was measured at the process level using Max
RSS from GNU time -v. Running time for specific code
blocks in R was measured using system.time(), counting
the sum of user and system time for CPU time and taking
elapsed time as given. Running time in Python was measured
using time.process_time() for CPU time and time.time ()
for elapsed time.

Dataset preparation

Dataset download and preparation code available under
the datasets supplemental code directory. RNA counts
matrices were downloaded from the original published
source (Table S1), then converted into 10x HDF5 and
BPCells-format matrix files. Initial variable gene selec-
tion was performed with Seurat’s BPCells integration
(NormalizeData(), then FindVariableFeatures() with
default parameters) to obtain variable features for the stan-
dardized PCA benchmark. Basic unsupervised clustering
was performed with BPCells to obtain cluster assignments
for marker feature benchmarking.

ATAC datasets were downloaded and converted to 10x-
format and BPCells-format fragment files (Table S2). Frag-
ment files were then filtered to barcodes passing quality
control, from provided cell calls (3k PBMC, 10k PBMC, 1M
brain), or via TSS enrichment and read count cutoffs (35k
hematopoiesis, ENCODE 45k pancreas and 500k heart; see
find-passing-cells.R in supplemental code). After filter-
ing, samples from each dataset were separately converted
into ArchR arrow and SnapATAC2 h5ad formats. Peak sets
for each dataset were downloaded in BED format for peak
matrix creation benchmarking.

RNA Normalization & PCA benchmark

A standardized normalization and PCA workflow was per-
formed with all tools, consisting of (1) Subsetting to genes
with at least 1 detected read across all cells, (2) Scaling
counts per cell to sum to 10k, (3) Calculating per-gene mean
& variance, then subsetting to the pre-calculated variable
gene set, (4) loglp-transforming the matrix, (5) Normaliz-
ing values for each gene to have variance of 1 and mean of 0,
and (6) Performing PCA with 50 components. All tools were
limited to 3 hours of execution time and 256GB of RAM.
When available, mean-centering was performed implic-
itly during the PCA step to improve performance (all tools
except for Seurat). For BPCells and DelayedArray, a nor-
malized copy of the matrix was saved to disk prior to mean-
centering to avoid expensive re-calculation of loglp during
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each PCA pass. Performance measurements for additional
BPCells variants with an intermediate variable-gene-subset
counts matrix saved to disk or no intermediate matrix saved
to disk are available in supplemental data (see Supplemental
Discussion for details).

For the Scanpy with Dask benchmark, configuration
parameters were modeled off of the “Using dask with
Scanpy” tutorial in the Scanpy documentation. Code avail-
able in supplemental code rna-timing/pca-benchmark.

Wilcoxon marker genes benchmark

Marker genes were calculated for a set of pre-calculated
unsupervised clustering assignments on each dataset, using
a gene expression counts matrix normalized so each cell
adds to 1. Tools were limited to 3 hours of running time
and up to 256GB of RAM. Scanpy and Presto used uncom-
pressed 10x-format matrix input, while BPCells used the
compressed BPCells file format as input in feature-major
order. As Scanpy performance is dramatically lower when
applying the standard statistical correction for ties, it was
benchmarked both with and without tie correction. BPCells
and Presto always perform tie correction. Code available in
supplemental code rna-timing/marker-genes.

ATAC peak and tile matrix benchmark

For each dataset, filtered fragment files in the appropri-
ate format for each tool were used as input. Each sample
from within the dataset was processed and timed indepen-
dently, then CPU times were summed together per dataset
for benchmark analysis. Each tool was configured to use a
single thread for each sample. Tile matrices were computed
with 500bp bins, and peak matrices were calculated for peak
sets consisting of 100k, 1k, and 10 peaks sampled uniformly
at random from the per-dataset peak sets. Code available in
supplemental code atac-timing/peak-tile-timing.

RNA 1M cell file format comparison

The 1M cell scRNA-seq data matrix was downloaded from
10x with original compression settings, then converted
to uncompressed hbad, LZ4-Blosc compressed Zarr, and
bitpacking compressed BPCells matrices. Read times for
10x and hbad formats were measured with both BPCells
and ScanPy/AnnData respectively, taking the minimum
observed running time across tools. BPCells read times were
calculated as the time to compute column sums on the
matrix values, and Scanpy/AnnData read times were cal-
culated as time to load a matrix copy into memory. Write
performance was measured as time to write in-memory
matrix copies to disk. All times reported as CPU time;
elapsed time statistics available in supplemental data. Code
available in supplemental code compression/rna-1M-cell.

ATAC 1M cell file format comparison

Unfiltered fragment files were first imported and subset to
fragments falling on chrl-chr22; chrX, or chrY with no sub-
setting of cells by quality control thresholds. Read time
was measured as time to load fragment data from disk into
memory for BPCells, ArchR, and SnapATAC2, and time to
run gunzip | wc -1 for 10x. Each sample was run indepen-
dently and total times for the 1M cell dataset were taken
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as the sum across all samples. All tools were configured to
run single-threaded. We observed SnapATAC2 used multiple
threads even when n_jobs=1, so we report CPU time rather
than elapsed time. Benchmarking results for additional
datasets are available in supplemental data. Code available
in supplemental code compression/fragments-read-write.

In-memory compression benchmark

BPCells bitpacking compression was compared with a vari-
ety of general-purpose compression algorithms. Compression
for each data field was measured separately, with algorithms
receiving uncompressed binary 32-bit integer inputs. Each
algorithm ran compression/decompression repeatedly until
at least 2 seconds had elapsed, recording the minimum
observed running time. Overall performance was calculated
by summing time and file size across the fields present in a
file (index/value for matrices, cell/start/end for fragments).
Gzip, LZ4 and Zstd were measured using lzbench [31], and
the byte-shuffle Blosc variants were measured using the
python blosc2 package. Benchmark data at a per-field gran-
ularity including additional Blosc filter variants are available
in supplemental data. Code available in supplemental code
compression/in-memory-compression.

Bitpacking compression statistics

Bitpacking-compressed files were analyzed for total bytes
used per data field and the distribution of bits-per-value in
each data field. For the summary statistics shown in Fig S2,
the size of metadata (e.g. cell barcodes, gene names) and
indexing data are omitted as they are typically negligible in
size (<2% of total bytes) and/or don’t increase in size as the
number of cells is increased. Full bits-per-value distributions
and sizes including metadata are available in supplemental
data. Statistics for additional matrix non-major axis order-
ings (sort by number of nonzero entries or random shuffle)
are also available in supplemental data. Code available in
supplemental code compression/bitwidth-stats.

RNA matrix storage order transpose benchmark

Input counts matrices for each RNA benchmark dataset were
transposed from cell-major order to feature-major storage
order. BPCells transpose was performed in a disk-backed
manner on compressed BPCells matrix files, while other
tools performed the transpose on in-memory data. Mem-
ory was limited to 256GB for all tools. Code available in
supplemental code rna-timing/matrix-transpose.

ATAC fragments merge benchmark

Filtered fragment files per sample were prepared in BPCells
format or uncompressed 10x fragments.tsv format for each
multi-sample dataset. For BPCells, these fragment files were
merged and saved to disk in fully genome-sorted order. For
GNU sort, fragment files were merged using the parame-
ters LC_ALL=C sort -k1,1V -k2,2n —t$'\t'——para11el=4
--merge -S "4G", then piped to /dev/null to eliminate the
overhead of saving uncompressed files to disk.

CELLxGENE census data preparation

CELLxGENE census long-term supported version 2024-
07-01 was downloaded in TileDB-SOMA format from
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CZI’'s hosted S3 files. As BPCells does not directly
read the TileDB-SOMA format, the raw counts matrix
was converted into BPCells format in 100k cell chunks,
along with other metadata necessary for downstream
benchmarking. Code available in supplemental code
cellxgene/00_convert_bpcells_chunks.

CELLxGENE census storage benchmarks

The census data matrices were subset to only include
unique cells (marked as is_primary data in the census).
TileDB configuration followed the settings used in the
cellxgene_census_builder package [1] with buffer sizes
increased from 1GB to 4GB on the server, and to 2GB on
the laptop. Although cellxgene_census_builder uses a rel-
atively high Zstd compression level of 9 for integer data and
13 for normalized data, we found that lowering compres-
sion levels to 1 saved only 4-12% of write time at a cost
of 10-18% larger files, so we use cellxgene_census_builder
default settings (see supplemental data for compression level
1 data).

Normalized data matrices were calculated while sub-
setting from the raw counts matrix, following the existing
census defaults. For the 0.3% of cells collected with assays
where read counts scale with gene length, counts were first
divided by gene length (feature_length metadata column).
Then, counts for each cell were scaled to sum to 1.

For subsetting benchmarks, 10 index selections were
randomly generated for each condition (axis, subset size,
random/sequential). Each tool was limited to 10 min-
utes per condition, after which the running selection was
allowed to finish but any remaining selections would be
skipped to prevent excessive time usage on larger sub-
set sizes. All benchmarks were run with 16 threads on
the laptop and 32 threads on the server. Additional per-
formance data subsetting normalized data matrix vari-
ants is available in supplemental data. Code available in
supplemental code cellxgene/01_subset_unique_cells and
cellxgene/02 matrix_slicing.

CELLxGENE census gene statistics and PCA
benchmarks

Mean and variance statistics were calculated per-gene on the
subset raw counts matrices using BPCells: :matrix_stats
and cellxgene_census.experimental.pp.mean_variance.
TileDB configuration was taken from the
cellxgene_census_builder package, maintaining default
1GB buffer sizes and 16/32 threads on laptop/server
respectively. Additional results with timing for normalized
matrices and calculating per-cell statistics are available in
supplemental data. Code available in supplemental code
cellxgene/03_mean _variance.

PCA results were calculated from the feature-major
unique-cell matrix with normalizations as described above
in “CELLxGENE census storage benchmarks.” On the lap-
top, 32GB of swap space was enabled to allow for transient
memory usage spikes. Code available in supplemental code
cellxgene/04 _pca.
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Data and code availability

BPCells code, documentation, and open source development
is hosted at https://github.com/bnprks/BPCells. Supple-
mental code for this paper along with supplemental data is
hosted at https://github.com/GreenleafLab/BPCells_paper.
The container image used for benchmarking is hosted at Zen-
odo along with archival snapshots of the code repositories:
https://doi.org/10.5281/zenodo.15066174.
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Supplemental Discussion

1 BPCells performance model

While BPCells utilizes disk-backed streaming algorithms to drastically reduce memory usage compared to in-memory
tools, the memory usage of certain operations still scales linearly with the number of cells in a dataset (Fig 1b).
BPCells’s memory-usage model assumes there is sufficient memory available to store at least two copies of the
principal components matrix. Assuming 50 principal components stored as 32-bit floats, this is equivalent to 100
numbers per cell (0.4GB of RAM per million cells). Downstream tools (e.g. clustering) will already require enough
memory to store a single copy of the principal components matrix in memory, and BPCells assumes at least twice
this amount is available in order to permit transient copies of the principal components matrix (e.g. in order to
transpose the principal components matrix, or to convert from a C++ matrix to an R or Python matrix object).
Therefore, BPCells focuses on disk-backed streaming algorithms that can be performed below this memory limit.
From a performance perspective, the simplest form of matrix transformation operation in BPCells is a single-
argument mathematical function like loglp. For any gene g and cell ¢, the matrix entry x4, can be transformed as
Zge = loglp(zge) = log(xge + 1). The loglp function has two useful properties for a streaming compute operation:

® Order independence: data can be transformed regardless of the order that data points are streamed.
® Sparsity preserving: if x4. = 0, then the transformed value Z4 is also 0.

Order independence

Order independence means that there are no requirements for the underlying storage ordering for files on disk,
so the operation can work efficiently on any input file. The only requirement for order independence is that the
transformation function can be expressed as Zgc = f(@g¢, b4, 0.) where 6, and 6. are a small set of per-gene or per-cell
parameters such as per-gene variance or per-cell read counts to scale the input data. As the number of parameters
in 6. is typically well below 50, the memory usage to store transformation parameters is typically well within the
assumed memory budget for BPCells even when chaining multiple transformation operations. An example of a non-
order-independent transformation is the rank transformation used for the Wilcoxon rank sum test, since the sorted
rank of a matrix entry x4, depends on the values of x4, and all the other cell measurements for the gene. These
transformations can also typically be performed within the BPCells budget, as matrix entries can be buffered to be
processed a single cell (column) at a time, which is at worst about as expensive as a transformation that requires
1 parameter per cell. Because the rank transform is not order independent, the Wilcoxon rank sum test sometimes
requires first creating a re-ordered copy of the input matrix file, though this re-ordered file can be re-used across
multiple order dependent operations.

Sparsity preservation

Sparsity preservation can be important for the speed of downstream computations, since losing sparsity can dramati-
cally increase the number of matrix values that must be operated on. All matrix-consuming operations listed in Table
S4 are implemented in a sparsity-aware fashion in BPCells, such that the computational cost scales with the number
of non-zero matrix entries regardless of how many entries might be zero. In a typical scRNA-seq matrix, only about
~T% of matrix entries are non-zero, and an even smaller non-zero percentage is typical in scATAC-seq peak and
tile matrices (Fig S2e). Applying additional transformations and calculations after a non-sparsity-preserving opera-
tion (even one as simple as T4, = 4. + 1) can result in ~15x worse performance compared to a sparsity-preserving
operation with otherwise similar computational cost.

Sparse matrix-vector multiply

Even though non-sparsity-preserving operations generally incur a performance penalty, in some cases there are
mathematical rearrangements available that can reduce this cost. This is especially relevant for matrix-vector multiply
operations which form the basis for PCA, as mean-centering data is a common normalization prior to PCA that is
not sparsity preserving. With some mathematical simplifications, it is possible to do a sparse matrix-vector multiply
with a simple pre- or post-processing step which is much faster to compute. For example, if we are adding a per-gene
constant to a sparse input matrix X, our normalization operation would be Z4. = x4, + a4, where a is a column
vector of per-gene constants. In matrix notation, we can define a matrix A = a1 where 1! is a row vector of all ones,
then express our normalized matrix as X + A. Then to right-multiply by a vector v, we have (X + A)v = Xv+ Av =
Xv+al'v = Xv+a)  v.. Xv is a sparse matrix multiply which is efficient to calculate, and a ) v, is fast to
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calculate from the input vectors. A similar simplification approach can work for left multiplies and some other linear
but non-sparsity-preserving transformations of a matrix (Table S3).

scATAC-seq fragment data

Single cell ATAC-seq matrices share the same performance considerations as scRNA-seq matrices, but handling
scATAC-seq fragments is generally simpler. The BPCells fragment data model assumes genome-sorted ordering, so
there is no problem of order-dependent operations and fragment data does not have an equivalent of non-sparsity-
preserving operations. Therefore, BPCells fragment operations share the same efficiency characteristics of order
independent, sparsity preserving matrix operations.

2 BPCells programming model

The BPCells implementation relies on a few key C++ and R interfaces in order to allow disk-backed streaming
operations to be easily and efficiently combined in a modular way. In C++, the MatrixLoader and FragmentLoader
classes define a standard set of interfaces for matrix and fragment objects respectively, which allow disk-backed
operations to be freely recombined with each other regardless of the underlying file format or set of operations being
performed.

C++ matrix interface

MatrixLoader objects (defined in MatrixIterator.h) represent a sparse column-major matrix whose values can be
read incrementally. At the C++ level, all matrices are treated as column-major, so a row-major featurexcell matrix
file is processed in C++ as if it were a column-major cell xfeature matrix with no loss of efficiency. The loading
functions load chunks of non-zero entries from within one column at a time, and after loading a data chunk, the
MatrixLoader can either load the next non-zero entries from the same column, or skip to reading another column.
Frequently, the non-zero entries within a column are ordered by row index, but this is not a strict requirement. When
loading a chunk, the MatrixLoader object determines the number of entries to load and provides the data to the
reader as raw pointers to row and value arrays. These arrays can be freely modified by the reader until the next
chunk of data is loaded.

In addition to the data loading functions, the MatrixLoader interface includes basic metadata functions for the
number of rows/columns and names of rows/columns, as well as core math functions for left and right multiply
with a dense vector or matrix, and per-row or per-column statistics calculations (sum, mean, variance). These math
functions generally use a standard fallback implementation that utilizes the data loading functions to calculate the
desired statistics, but they can be specialized to improve performance, such as for faster matrix-vector multiply on
mean-centered matrices as described in “Sparse matrix-vector multiply.”

C++ fragment set interface

The FragmentLoader interface (defined in FragmentIterator.h) is broadly similar to the MatrixLoader interface.
Fragment chunks are loaded in order by start coordinate from one chromosome at a time, and FragmentLoader
objects that support seek operations can also skip to an arbitrary chromosome and base pair coordinate at any time
(i.e. when using a BPCells file format as input). Performing a seek followed by repeated loads will read all fragments
with a start or end coordinate after the seek position, though early loads might also include some fragments with
start and end coordinates that fall before the seek position. In addition to loading functions, the FragmentLoader
interface contains metadata functions to retrieve chromosome and cell names/counts.

Combining objects in C++

For an example of how these loader interfaces are combined in practice, consider the case of loading a raw counts
matrix from disk, subsetting the rows, then dividing each column by a constant (e.g. total reads per cell). This
will create StoredMatrix, MatrixRowSelect, and Scale objects respectively, all implementing the MatrixLoader
interface. Each object contains a pointer to its input matrix loader object, along with C++ objects for file handles,
index selections, and scaling constants respectively. Data loading is performed in a “pull” configuration, so a reader
would first request data from the Scale object, which would in turn request data from the MatrixRowSelect which
would request data from the StoredMatrix object. The StoredMatrix would load data from disk into memory,
passing row and value pointers back to MatrixRowSelect along with the number of loaded non-zero entries. Then
MatrixRowSelect would modify the row and value arrays to filter out non-zero entries that are not within the chosen
row subset and to update the row index to match the index of the output array. Finally, MatrixRowSelect would
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pass those same row and value array pointers with the new (shortened) chunk size to Scale, which would divide the
numbers in the value array by the correct constant for the current column being loaded. It is not required that each
object re-use the row and value arrays given as input, though this is frequently done for efficiency purposes. Functions
that consume a streaming matrix or fragments object without producing a matrix/fragments object as output are
the final stage in all such operation pipelines, and are not themselves part of the MatrixLoader or FragmentLoader
C++ class hierarchies.

R interface

The R interface provides IterableMatrix and IterableFragments objects and subclasses that mostly have a one-
to-one correspondence with C++ subclasses of MatrixLoader or FragmentLoader, with a different subclass for each
input file type or transformation operator that BPCells supports. IterableMatrix and IterableFragments objects
do not directly store pointers to C++ objects, but rather store the pipeline structure and metadata which can be
used to construct the functional C++ loader objects on demand (e.g. file paths and per-row/per-column parameters).
When a standard R function such as logip(), multiplication/addition (*/+), or subsetting ([]) is performed on an
IterableMatrix or IterableFragments object no immediate data loading is performed, but the R object is updated
with a new outer layer to specify the next operation to perform. Then, once a matrix or fragment consuming function
is called (e.g. rowMeans(), svds()), the corresponding C++ objects are constructed and passed to the consumer
C++ function which then returns a concrete result to R. This lazy execution strategy has the benefit of minimizing
the time that resources such as open file handles are used, as there are no long-lived C++ objects.

3 Low-level performance considerations

Optimizing for CPU cache usage

Getting data chunks to fit in CPU caches without having to read only from main memory is desirable for performance,
but hard to implement for disk-backed libraries like DelayedArray and Dask that are implemented in scripting
languages. The performance of CPU cache is much faster than RAM: on contemporary CPUs, a load from the fastest
L1 cache typically has over 50x less latency compared to a load from RAM, and L1 cache has bandwidth of 100s of
GBs per second per-core, compared to 10s of GBs per second of RAM bandwidth that must be split across all cores.
BPCells sizes its data load chunks to generally be under 10KB large, which fits well within L1 data cache size (32-
48KB per core for our benchmark laptop, and 32KB per core for our benchmark server). This is possible because (1)
BPCells uses C++ to minimize per-chunk processing overhead, and (2) BPCells sizes chunks based on the number
of non-zero matrix entries to maintain predictable memory footprints.

Dask and DelayedArray are not able to use such small chunk sizes due to higher overheads from performing
their data flow coordination in R or Python respectively, rather than C++ as BPCells does with its MatrixLoader
and FragmentLoader objects. For example, the “Dask Best Practices” documentation estimates a per-task overhead
between 200us and 1ms, the Scanpy Dask representation recommends a block size of 100k cells, and DelayedArray
defaults to a 100 MB block size. These block sizes are 4+ orders of magnitude larger than the comparable values for
BPCells. The primary downside of these large chunk sizes is that data does not fit in cache, resulting in worse data
read /write performance which is particularly problematic given the low arithmetic intensity of most transformation
operations. Secondarily, there are potential problems of system memory bandwidth limitations in multi-core workloads
with longer pipelines of delayed operations, as larger-than-cache chunks mean that system memory bandwidth is
consumed for every data transformation operator within a pipeline. The BPCells small chunk sizes mean that most
data transformations are operating on in-cache arrays, meaning that intermediate operators in a pipeline can consume
little-to-no RAM bandwidth.

SIMD-accelerated operations

BPCells makes extensive use of SIMD-accelerated operations throughout its implementation. SIMD instructions
operate on multiple values at a time, allowing 4, 8, or even 16 values to be calculated with a single CPU instruction.
BPCells uses the Highway library [32] to provide cross-architecture SIMD implementations with runtime feature
detection to select the most advanced SIMD instruction generation available on the user’s CPU. SIMD instructions
are core to the design of BP-128 bitpacking, and they can also provide substantial speedup for mathematical trans-
formations like loglp or SCTransform Pearson residuals [33] (typically about 4-8x performance improvement for
AVX2 instructions compared to scalar). To facilitate SIMD acceleration, the MatrixLoader and FragmentLoader
interfaces return each data field in a separate contiguous array, sometimes referred to as a columnar memory layout.
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Not every operator benefits substantially from SIMD-acceleration, but it can be a very impactful tool to speed up
key performance bottlenecks.

4 High-level performance considerations

In addition to low-level performance optimizations which target hardware-level efficiencies, BPCells employs high-
level optimizations that take place on pipelines of delayed operations in order to minimize compute costs.

Subset reordering

A frequent pattern in single-cell matrix code is to perform several normalization steps followed by subsetting to a
smaller set of variable genes, or even individual genes for data visualization. In the default programming model,
operations are performed in the same order that they are called by a user, which means that BPCells would end
up normalizing matrix entries at the start of the pipeline only to discard many of them at a later step. Instead,
BPCells re-orders the operation pipeline to put subsetting as early as possible in order to reduce wasted computation.
In database terminology, this is an example of predicate pushdown. Nearly all matrix operations in BPCells are
compatible with subset reordering, to the point that subsetting a normalized peak matrix can often be pushed
all the way to filtering raw fragments loaded from disk before overlap calculations are even performed. All order-
independent matrix operations can support subset reordering, and even some order-dependent operations support
subset reordering. Rank transforms are the main exception as subsetting prior to ranking will result in different
outputs.

Parallelization

Multi-threading parallelization in BPCells is performed at a high level to simplify the overall implementation and
minimize required communication between threads. The matrix concatenation operators primarily coordinate multi-
threading by implementing parallelized versions of MatrixLoader math functions such as matrix-vector multiply.
When a user wants to execute a parallel operation on a single matrix, BPCells splits the matrix along its major axis
into blocks via subsetting operations (by default 4 times the number of threads), then re-concatenates the blocks
with a concatenation operator set to use the desired number of threads. In combination with the subset reordering
optimizations and ability to efficiently subset disk-backed matrices along the major axis, this results in each thread
loading a subset of the input matrix file, then performing all data decompression, normalization, and aggregation
operations itself before the final results from each matrix block are eventually combined into the final output by
the concatenation operator. One notable limitation of the existing parallelization implementation is that BPCells
does not yet support concatenation reordering, so when working with multiple concatenated matrices, users must
manually ensure that the concatenation operation is performed as late as possible in the pipeline. This limitation is
likely to be lifted in future software versions.

5 Comparison with other software packages

These comparisons reflect the author’s best understanding of the properties of other libraries as of the software
version cutoff date for this paper (see Methods), with the aim of helping to contextualize BPCells relative to well-
known tools. Although the comparisons focus on design choices that are likely to remain stable over time, details are
subject to change as new software versions are released.

Delayed Array and Dask

¢ Commonalities: BPCells, DelayedArray, and Dask all form a pipeline of logical operations, perform some high-
level optimizations, then execute disk-backed algorithms by operating on matrices one chunk at a time. In general,
memory usage should be low for all tools but speed and range of supported operations are differentiating factors.

® Sparse vs Dense matrix support: Dask and DelayedArray were originally built to operate on dense matri-
ces and certain operations might require falling back to (slower) dense implementations when a newer sparse
implementation is not available. All BPCells streaming operations utilize a sparse matrix representation.

¢ Implementation language: Dask and DelayedArray use Python and R respectively to implement the commu-
nications layer between operators. This means new operators can utilize any code in the R or Python library
ecosystem, but results in higher overhead compared to the BPCells C++ implementation.

® Operator pipeline representation: BPCells and Delayed Array model data pipelines as trees of operators, where
any operation might have more than one input but its output can only be used once. Dask supports arbitrary
directed graphs of operations and can compute multiple outputs at a time.
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Storage order awareness: All operations in BPCells are storage-order-aware, as the BPCells C++-level interfaces
treat all matrices as column-major and all fragments as genome-sorted. This allows all operators to optimize based
on a shared data ordering and consequent set of efficient seek/subset operations. The core Dask and Delayed Array
interfaces take a relatively input-agnostic approach, which makes it easier to support input matrix formats that
utilize blocks or tiles (e.g. TileDB), but can make it more complicated to optimize operations which may have to
deal with a wide range of input data orderings.

Modifying storage order of disk-backed data: BPCells provides fast disk-backed matrix storage order trans-
position, which enables users to switch between sparse matrix storage orders to achieve optimal performance for a
given operation (see Figs S1d, S3b). Dask integration in Scanpy and AnnData does not appear to support writing
sparse matrices with a different storage order from the input. In Delayed Array, HDFSArray: :writeTENxMatrix ()
supports disk-backed storage order transposition, but with a slow algorithm with apparently quadratic time
complexity.

BPCells-unique features: BPCells introduces high-performance matrix storage formats, and also supports
scATAC-seq fragment operations which are not addressed by Dask or Delayed Array.

TileDB

Tile structure: TileDB supports blocks (or tiles) which can be configured to an arbitrary number of rows and
columns. The BPCells sparse matrix format could be thought of as similar to either a single TileDB sparse tile,
or a TileDB matrix where tiles are (1 x n) or (n x 1). BPCells can mimic a similar block structure as TileDB via
matrix concatenation operators like with the feature-major 44M cell PCA matrix demonstration, but this involves
one matrix file for each block.

Mutability: TileDB supports updating the values in existing matrix files along with version history. BPCells
matrix files can only be written once, as single cell data matrices tend not to change once a physical experiment
is completed. Appending new data can be simulated in BPCells by writing a new matrix which is concatenated at
runtime.

Data model: BPCells matrix files support only 2D sparse matrices, and fragment files support only chromosome,
start, end, and cell data for each fragment. The only metadata support is a single name for matrix rows/columns or
chromosome/cell names in the case of fragments. TileDB allows multi-dimensional arrays, sparse or dense arrays,
and each matrix entry (cell in TileDB terminology) can store multiple types of values. TileDB can also be used
for storing tabular data such as for per-cell metadata in the TileDB-SOMA model.

Integrated computation: BPCells provides efficient disk-backed computations along with its file format. TileDB
provides just a data format.

Multi-threading: TileDB supports multi-threaded reads and writes. Every BPCells thread interleaves both data
loading and computation, so multi-threaded matrix computations result in multi-threaded reads. BPCells writes
are single-threaded per file, though as we demonstrate in Figs 3b+S4a, the BPCells on-the-fly concatenation
operations make it possible to split a large matrix into multiple files that can be quickly written in parallel.
Compression options: TileDB allows a wide range of configurable filters and compressors including gzip, Zstd,
and LZ4 which are similar to those benchmarked in Fig 2e+j and Fig S3a. TileDB does support a bitpacking-style
filter (TILEDB_BIT WIDTH REDUCTION), but it seems to allow only 8, 16, 32, or 64 bits and not to utilize SIMD
acceleration. BPCells uses only BP-128 based bitpacking compression with a fixed set of per-field filters which
are integrated into the SIMD-accelerated BP-128 code (i.e. operator fusion). Additionally, BP-128 supports any
integer bitwidth from 1-32 which helps to provide better space savings for data that requires a non power-of-two
number of bits.

Configuration: BPCells provides minimal configuration options, mainly just to enable/disable compression and
store data in row-major/column-major order. In general, BPCells aims to provide one or two simple options that
are high performance across most single cell analysis use-cases. TileDB supports many domains beyond single-cell
genomics, so it provides a large number of per-file configuration options as well as runtime configuration options
which may have to be tuned for optimal performance in any given use-case.

ArchR and SnapATAC?2

Commonalities: BPCells, ArchR, and SnapATAC2 all support fragment-level scATAC-seq operations, disk-
backed peak/tile matrix creation, and ATAC-seq quality control metric calculations such as TSS enrichment.

Fragment storage layout: BPCells stores fragments in genome-sorted order. ArchR and SnapATAC2 group
fragments by chromosome and cell, then store start and end coordinates for each fragment. We highlight the
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performance advantages of the BPCells approach in Fig 1f+g. This decision also means that BPCells produces
peak/tile matrices in feature-major order, while ArchR and SnapATAC2 produce them in cell-major order.

® Modular streaming operations: BPCells provides disk-backed streaming operations that can be freely recom-
bined to create more complex normalizations and computation pipelines that can run in a single pass over the
data. In ArchR and SnapATAC2, any disk-backed operation must execute completely and save its result back to
disk before another operation can use its output. For example, BPCells provides a wide range of fragment filtering
and manipulation options (Table S5) which can be applied on-the-fly without having to modify or re-write data
on disk, whereas ArchR and SnapATAC2 require specifying parameters like Tnb offset shifts at data import time
with no option to adjust without re-importing raw data.

® Full-precision disk-backed PCA: BPCells can perform fully disk-backed PCA and other SVD-based dimen-
sionality reductions. ArchR and SnapATAC2 require loading the featurexcell matrix into memory to perform
full-precision dimensionality reduction. ArchR supports using a subset of cells to reduce memory usage for
dimensionality reduction, and SnapATAC2 supports a randomized approximate disk-backed dimensionality
reduction.

Scanpy and Seurat

¢ Commonalities: Scanpy, Seurat, and BPCells all enable single cell matrix normalization, PCA, and marker
feature testing.

¢ Disk-backed support: All BPCells operations are disk-backed. Seurat and Scanpy have optional integrations
with disk-backed computation libraries (BPCells as a back-end for Seurat, and Dask as a back-end for Scanpy).
Not all features in Seurat and Scanpy support disk-backed execution, and all of Scanpy’s disk-backed operations
with Dask appear to be in experimental status currently.

6 PCA performance considerations

Because PCA is one of the only operations in BPCells that requires multiple matrix passes to complete, it offers a
new set of performance considerations around whether to make temporary intermediate matrix copies on disk. For
the sake of this performance analysis, we assume a PCA procedure where a raw counts matrix is (1) optionally subset
to variable features, (2) log-normalized, (3) z-score normalized, then (4) the principal components solver performs
repeated matrix-vector multiplies with the normalized matrix in order to compute the top principal components.
Recall that the z-score normalization step can be combined with the matrix-vector multiply operation at little cost,
as outlined in “Sparse matrix-vector multiply,” so we consider it a part of the matrix-vector multiply operation for
the remainder of this section.

Because PCA typically uses over 100 matrix-vector multiplies, it can sometimes be beneficial to make an inter-
mediate matrix copy to avoid repeating filtering and normalization calculations during each matrix-vector multiply.
We consider three main strategies:

e No intermediate: Perform filtering and log-normalization on the fly during each matrix-vector multiply.

® Integer intermediate: Save a counts matrix subset as an intermediate copy, eliminating the need to load and filter
out non-variable features during each matrix-vector multiply. Log-normalization is still repeated for each multiply.

® Normalized intermediate: Save a log-normalized, variable features matrix subset as an intermediate copy.
This results in only having to compute the log-normalization once, reducing the cost for all future matrix-vector
multiplies during PCA.

For the comparative benchmarks in Fig 1b-d, we used the “normalized intermediate” strategy, as subsetting from
20k-60k genes down to 2k variable genes means that the size of the intermediate normalized matrix would not be too
large. On our benchmark datasets, the 2k variable gene subset on average had just 8% of the nonzero entries as the
full matrix, so intermediate storage costs were relatively low despite the inability to apply bitpacking compression
on the values of the normalized matrix. We included benchmarks of the other strategies in supplemental data.

For the 44M cell atlas-scale demonstration in Fig 3f+h, we compared the “no intermediate” strategy with the “nor-
malized intermediate” strategy, notated as “compressed” vs. “uncompressed” inputs. In this highly multi-threaded
benchmark, disk bandwidth was a scarcer resource than compute, so the smaller file sizes of the compressed inputs
outweighed the reduced computational requirements for the normalized but uncompressed inputs. For the random-
ized PCA algorithm, only 6 matrix passes were required so it was fully compute-bound and there was little-to-no
difference in performance based on compressed or uncompressed inputs.
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Operating system file caching

One confounding factor present in most of our disk-backed benchmarks is the presence of operating system file
caching, where the contents of frequently-used files may be loaded into RAM in order to allow much faster read
speeds. In the case of PCA benchmarks, the input file will be read multiple times and the Linux operating system
can cache the entire input file in RAM (assuming sufficient memory capacity is available). Since this memory usage
is done at the level of the operating system, it is not attributed to our benchmarked processes but nevertheless can
help speed up reads from disk. Thus, certain disk-backed operations will run faster on systems with more RAM even
if they can still successfully run on a system with less RAM.

We can observe the effects of file caching most clearly in the server PCA results for our 44M cell benchmark in
Fig 3h. Using a compressed input compared to an uncompressed input resulted in a whopping 9x faster execution
speed, compared to just a 1.5x change on a laptop. This is because the server’s RAM could fully hold the 117GB
compressed input matrix, allowing average read speeds of 6.3GB/s due to file caching. By contrast, the 765GB
uncompressed matrix was too large to cache in RAM, and averaged a lower 4.6GB/s read speed from disk. On the
laptop where neither matrix fit in memory, these numbers were reversed as both matrices were read from disk and
the laptop with compressed input was also more heavily compute bottlenecked (0.9GB/s for compressed and 3.9GB/s
for uncompressed inputs respectively).

The effects of file caching are also apparent in the comparative normalization and PCA benchmarks, though
likely not in a way that seriously affects the comparisons in Fig 1b-d. With the plotted “normalized intermediate”
strategy, we observed average read speeds uniformly below 2GB/s for single-threaded execution and below 4GB/s
for 2-threaded execution, which are well within the bandwidth capabilities of the server SSDs whether or not OS file
caching was in effect (see Methods for hardware details). In the multi-threaded benchmarks shown in Fig 1d we saw
clear effects of file caching, with average file read speeds in some datasets going beyond 20GB/s when 16 threads
were used for PCA — well above the physical capabilities of the server SSDs. In most real-world use cases, it’s likely
that the user’s computer would have sufficient RAM to cache these files. The largest of the intermediate matrix
files was just 7.5GB in size, and in most cases the intermediate matrix files were smaller than the already observed
maximum memory usage for the PCA processes. Therefore, when subsetting to 2k variable features prior to PCA,
we expect that users will also have sufficient spare RAM to cache the intermediate matrix files and achieve speedups
for multi-threaded execution without bottlenecking on disk bandwidth like we observed for the 60k gene, 44M cell
server benchmark discussed above.

One minor difference in the execution of the “normalized intermediate” strategy between the 44M cell benchmark
and the comparative benchmarks in Fig 1 is that in the 44M cell benchmark no compression at all was applied to
the “uncompressed” variant, while in Fig 1 the staged file still had the row index data compressed as usual, just
the normalized value data was left uncompressed. Compressing just the row index data still resulted in an overall
geometric mean 1.6x compression ratio across the tested datasets, which helps to moderately reduce disk bandwidth
when the files are not cached and also makes it more likely for the intermediate matrix data to fit in the operating
system file cache.

7 Peak and tile matrix creation algorithm

The BPCells peak and tile overlap matrix algorithms are markedly faster than the alternatives from ArchR and
SnapATAC?2 as illustrated in Fig le-g. Across all the peak and tile matrices calculated for benchmarking, BPCells
averaged 33M overlaps tabulated per second for peak matrices, and 9M overlaps per second for tile matrices (single-
threaded). To accomplish this, BPCells uses a linear scan algorithm that leverages the known sorted order of input
fragments, focusing optimization efforts on efficient CPU utilization via cache and branch predictor friendly design
choices.

In this section, we describe the algorithms BPCells uses to convert a stream of sorted scATAC-seq fragments into
a streaming sparse matrix of dimensions cells xregions, where each matrix entry holds the count of overlaps between
a given (cell, region) pair summed across all fragments. We focus first on the peak matrix algorithm, then describe
the relevant adaptations required for tile matrix calculations at the end.

The code implementing these algorithms can be found in files PeakMatrix.h, PeakMatrix.cpp, TileMatrix.h,
TileMatrix.cpp, and MatrixAccumulators.h.
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Task specification

* Fragment inputs: Fragments are input as a FragmentLoader object, which loads a stream of fragments with
(chromosome, start, end, cell ID) in sorted order by (chromosome, start). The input loader can optionally support
seek operations which allow skipping to a given (chromosome, coordinate) position such that the following reads
will capture all fragments where the end position falls after the given coordinate.

¢ Peak region inputs: A set of peak regions given as (chromosome, start, end). Peaks can be any size and are
allowed to be arbitrarily overlapping or nested. Peaks are assigned numeric IDs based on their index when the list
of peaks is sorted by (chromosome, end).

¢ Qutput matrix: The output matrix is a MatrixLoader object which gives a stream of (row, column, value) non-
zero matrix entries, where the row is a numeric cell ID, the column is the peak index ordered by (chromosome,
end), and the value is the total count of overlaps. Because fragments are read in genome-sorted order, overlap
calculations are completed one peak at a time so the output matrix is dimensions cellsxfeatures (i.e. peaks) in
feature-major order.

e Overlap calculation options: BPCells offers three options for how fragment-peak overlaps are calculated:

— insertions: Start and end coordinates for each fragment are separately overlapped with each peak. If both the
start and end for a fragment fall within a peak it counts as two overlaps. If the fragment fully spans the peak
such that the fragment start is before the peak start and the fragment end is after the peak end then no overlap
is counted. This option is the default for scATAC-seq fragments where the fragment ends represent the sites of
genomic accessibility.

— fragments: Similar to the “insertions” option, but if both the start and end for a fragment fall within a peak it
only counts as one overlap.

— owverlaps: Similar to the “fragments” option, but an overlap is also counted if the fragment fully spans the peak
such that the fragment start is before the peak start and the fragment end is after the peak end.

Overlap detection

The first task in peak matrix creation is detecting overlaps between fragments and peak regions. The BPCells
formulation of overlap detection takes in a stream of sorted fragments (chromosome, start, end, cell ID) and outputs
overlap data points (cell ID, peak ID, overlap count). Depending on the overlap calculation option used the overlap
count can be 1 or 2. Each overlap data point corresponds to exactly one input fragment, but the reverse is not true
since one fragment can overlap more than one peak.

To minimize the required number of overlap calculations, BPCells conceptually divides peaks into three states
which they pass through sequentially:

1. Inactive peaks have a start coordinate higher than any observed fragment end coordinate so far, and thus can’t
produce overlaps yet.

2. Active peaks are the only ones directly checked for fragment overlaps, as the current chunk of fragment data may
contain start or end coordinates within the peak. The active peak set is explicitly stored in a C4++ vector.

3. Completed peaks have an end coordinate lower than all the remaining fragment start coordinates, so they cannot
produce any more overlaps and the corresponding peak matrix columns can be output.

Peaks will transition from inactive to active in order by start coordinate, and will transition from active to completed
in order by end coordinate. Therefore, BPCells stores the ordering of peaks sorted by start and end coordinates so it
can easily track the next peak that could potentially transition from inactive to active, or from active to completed.

For the inner loop of overlap detection, BPCells loads a chunk of fragments (typically around 1,000), then
subdivides these into blocks of 128 for overlap processing. For each block of 128 fragments, BPCells performs the
following steps:

1. Check the maximum end coordinate of any fragment in the block, then if the maximum end coordinate is larger
than the start coordinate of any inactive peaks, transition them to active.
2. For each peak in the active set:
(a) Calculate overlaps with the block of 128 fragments using SIMD-accelerated code.
(b) If the largest start coordinate of the block is larger than the peak end coordinate, remove the peak from the
active set.
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If peaks have been moved from the active set to the completed set after processing a chunk of fragments, then BPCells
will potentially pause loading fragments to perform overlap aggregation and outputting peak matrix entries.

Overlap aggregation

Because multiple fragments from a cell might overlap the same peak, there may be multiple (cell ID, peak ID, overlap
count) data points that correspond to a single non-zero entry in the output cellxpeak matrix. To deal with this,
BPCells uses an overlap aggregation data structure which buffers overlap data points then merges overlaps from the
same cell and region to produce non-zero entries for the output peak matrix. This overlap aggregation is a key step
in high performance peak matrix creation, and several potential solutions such as hash tables and per-region vectors
were considered before arriving at the solution described below.

First, as each overlap data point is found during overlap detection, it is appended to a single dynamically grown
buffer of (cell ID, peak ID, count) data points. When this buffer fills up or output matrix data is required, a
compaction operation takes place which first sorts the buffer by (peak ID, cell ID), then merges adjacent entries
with matching (peak, cell) values by summing the counts. If the buffer is too full after compaction, then it is grown
multiplicatively. After compaction, any buffer entries corresponding to peaks with “completed” status can be output
directly as nonzero entries in the peak matrix, with the cell ID corresponding to the row index, peak ID corresponding
to the column index, and count as the matrix value. After values have been read from the output MatrixLoader
object for the peak matrix, they can be removed from the buffer.

Key performance considerations

The main optimizations in peak matrix calculations focus on cache-friendly memory access patterns and avoiding
branch mispredictions:

® In overlap detection, the inner loop of SIMD-accelerated overlap checking minimizes branches based on the outcome
of fragment overlap calculations, which helps to avoid branch misprediction delays.

® In overlap detection, if the active peak set ever becomes empty the fragment loader object can perform a seek
operation to advance the input stream to fragments that could potentially overlap the next peak ready to activate.

® When an overlap is detected, adding it to the overlap aggregation buffer is a cheap, cache-friendly append to the
end of the buffer.

® During compaction for overlap aggregation, sorting is done via a least significant digit radix sort which has cache-
friendly memory access patterns and uses a branching pattern that minimizes branch mispredictions. When sorting
32-bit integers, we observe the radix sort runs about 10x faster than C++ std::sort() while being relatively
simple to implement.

From an algorithmic complexity perspective, this algorithm provides few guarantees in worst-case pathological
examples. If the length of fragments is much longer than the spacing between adjacent peak regions, the set of
active peaks may become very large and increase the number of overlap checks required during overlap detection.
For example, if the dataset contained one fragment on each chromosome that spanned from the first base pair to the
last base pair of the chromosome, the algorithm described above would have quadratic time complexity by having
to directly compare every fragment with every peak for overlaps. There are likely adjustments to the described
algorithm that could avoid this worst-case time explosion, but we have not implemented them yet in BPCells as such
pathological examples are unlikely to ever be seen in practice given the physical constraints of the molecular biology
methods used to collect the underlying scATAC-seq data (or even CUT&Tag data).

Tile matrix calculation

Tile matrix calculations utilize a very similar approach as peak matrix calculations with a few modifications:

® Input regions: Inputs are specified as regions which are subdivided into fixed-width tiles with tile widths specified
on a per-region basis. Regions might be full chromosomes tiled at 500bp resolution, or could be smaller regions of
interest tiled at higher resolution for visualization purposes. Output tile IDs are assigned sequentially by genomic
position and input regions must not overlap so that all tiles from a single region have consecutive tile IDs.

® Overlap calculation options: Only the “insertions” and “fragments” modes are available for tile matrix
calculations.

® Overlap detection: Overlaps are detected at the granularity of regions, then an integer division is used to
determine which tile from within a region a fragment overlaps with. Because the tile width is fixed for each region,
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BPCells uses a vectorized version of the libdivide algorithm [34] to translate slow integer division instructions into
faster addition, multiply, and bitwise shift instructions.

8 Wilcoxon rank sum algorithm

The BPCells Wilcoxon rank sum function takes as input a featurexcell matrix along with cell group assignments (e.g.
cell types), where each cell is assigned to a group. Here we will discuss it in the context of gene expression, but the
calculations apply equally to chromatin accessibility or any other type of feature. For each gene and group, BPCells
performs a Wilcoxon rank sum test comparing the distribution of gene expression values for cells within the group
compared to all cells outside of the group (one-vs-rest), eventually calculating a p-value for each (gene, cell group)
pair. We omit a detailed discussion of the statistical test as it is well described in many other sources. The code
implementing these algorithms can be found in files WilcoxonRankSum.h, WilcoxonRankSum.cpp, ColwiseRank.h,
and radix_sort.h.
From a computational perspective, the steps are:

1. Load all expression values for one gene across all cells.

Sort the expression values to calculate a rank for each cell.

3. Sum the ranks for each cell group, calculate an additional statistic based on the number of tied values, then
compute p-values.

o

Compared to Presto [14] discussed in Fig S1d, BPCells is able to gain efficiency in two main places. First, step (1)
can be done efficiently in BPCells by using a feature-major input matrix, and if the original dataset is not available
BPCells can convert a matrix from cell-major to feature-major efficiently (Fig S3b). By contrast, Presto operating
on a sparse matrix input requires cell-major input then switches the storage order to feature-major in memory prior
to running calculations. On the 500k cell test dataset, BPCells runs 2.3x faster than Presto when BPCells has a
feature-major input. If we add the time for BPCells to switch storage orders, the performance gap shrinks to 1.5x.

The other likely source of BPCells’s improved performance over Presto is its use of sorting algorithm to com-
pute the rank sums. BPCells uses a radix-based sorting algorithm which is adapted to work on floating-point or
integer data. Although radix sort is most commonly described for integers, simple bitwise pre- and post-processing
can transform floating-point or signed integer data into unsigned integers that share the same relative sorting order.
Compared to Presto which uses the C++ std: :sort () function, we find a radix sort has roughly 10x faster perfor-
mance. This faster sorting algorithm likely accounts for the remainder of the performance advantage compared to
Presto, as the remaining steps are not very computationally intensive.

Finally, we note that the BPCells rank transformation actually computes per-feature ranks with an offset added
to make the rank of 0 within each feature map to 0 (Table S3). This offset is easily reversed during rank summation,
but preserves the matrix sparsity structure to greatly reduce the number of matrix entries that must be explicitly
processed during rank summation and tie statistic calculations. Presto appears to use a similar approach, but does
not appear to handle the edge case where negative values might be present in the input matrix.

9 Matrix storage order transpose algorithm

As discussed in “Data storage ordering,” BPCells must provide an efficient, disk-backed algorithm to switch between
row-major and column-major matrix layouts. For an in-memory CSC- or CSR-format sparse matrix, the stor-
age order transpose operation requires a two-pass, linear time counting sort algorithm that relies on RAM’s fast
random writes to re-partition data. However, in a disk-backed context random access is much slower than sequen-
tial read/writes (even for SSDs), so BPCells takes an external merge sort approach which allows fully sequential
writes and random reads in large megabyte-scale blocks. The code implementing this algorithm can be found in
StoredMatrixTransposeWriter.h, StoredMatrixSorter.h, and radix_sort.h.

The external merge sort first loads (row, col, val) matrix entries from the input MatrixLoader object which are
sorted in order of (col, row). BPCells allocates 1GiB of memory to sort 500MiB blocks of matrix entries by (row, col)
with a least significant digit radix sort, then writes the sorted blocks concatenated in bitpacked files for row, column,
and value using BP128-d1z, BP128-d1, and BP128-m1 encodings respectively in order to maximize effective disk
speed and minimize intermediate disk space usage (see BP-128 compression variants; no compression used for non-
integer value types). Then, BPCells combines sorted blocks into larger blocks by using a heap to track which input
block has the next matrix entry to output. Because input data blocks will tend to span several adjacent columns
of the input matrix, the same data block will tend to output several consecutive entries into the output. Therefore,
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BPCells tracks the second-largest value in the heap to avoid a heap pop/push operation when the maximum data
block stays unchanged.

With the default settings of 1GiB sorting buffer and 4MiB minimum read size, BPCells can perform 85-way
merges, allowing it to process up to 46GB of uncompressed data in 2 passes, or 3.9TB of uncompressed data in 3
passes. Increased sorting buffer sizes can increase the data sizes which can be processed in 2 or 3 passes.

This algorithm is re-used for efficient MatrixMarket (mtx) file import as there is no guaranteed ordering of
non-zero matrix values within a MatrixMarket coordinate file.

10 Sorted fragment merge algorithm

Because BPCells requires fragment files to be sorted by genomic coordinate and allows on-the-fly merging of fragment
files, it must also implement a fast sorted merge algorithm for fragments data. For this algorithm, BPCells takes
as input N FragmentLoader objects, producing a single FragmentLoader that merges the sorted fragment streams
into a single combined stream. The code implementing this algorithm can be found in MergeFragments.h and
MergeFragments.cpp. BPCells uses a hybrid of a heap-based merge and radix sorting. By default, input is loaded in
chunks and a value chunks_per_input is chosen to be at least 2 and up to load_size/(chunk_size * N) (where load
size defaults to 1024 and chunk size defaults to 32). Given this setup, the merge algorithm performs the following
steps:

1. Load data: Load chunks_per_input * N chunks of chunk_size fragments from the N input loaders into a data
buffer. BPCells uses a heap over the input FragmentLoader objects to always add the chunk with the smallest
start coordinate. BPCells also tracks the running maximum of these smallest start coordinates.

2. Sort data: After loading all chunks, perform a least significant digit radix sort to order fragments in the data
buffer by start coordinate.

3. Output data: Fragments with start coordinates up to the running maximum of smallest start coordinates among
added chunks can be safely output then removed from the data buffer as they are known to be in the final sorted
order.

This algorithm guarantees that there is at most 1 chunk of fragments left over in the buffer per input FragmentLoader
(chunk_size * N fragments). Therefore, we size the buffer to (chunks_per_input + 1) * chunk_size x N, guar-
anteeing that there is always space to load chunks per_input * chunk size x N fragments into the buffer for
each new loading step. Therefore, the average number of times each fragment must be sorted is at worst
(1 4+ chunks_per_input)/chunks_per_input.

The initial implementation of fragment merging used a simple heap-based merge loading 1 fragment at a time,
but this proved to be slower than the hybrid heap + radix sort design, likely due to reduced heap operations and
branch mispredictions in the hybrid design.

11 Matrix storage ordering recommendations

Matrix storage in BPCells has two main axes of customization to improve performance for a given application. First
is choosing between a cell-major or feature-major storage order, which allows efficient subsetting of individual cells
or features respectively. Second is the option to split a large matrix into multiple files as we demonstrate for the 44M
cell analysis of the CELLxGENE census, which can help with parallelization in certain circumstances with extremely
large datasets. We’ll describe our recommendations and rationale for optimal matrix storage for several use-cases in
this section.

Neural network training

Recent years have seen a growing interest in training neural network models that can leverage large single cell datasets
to learn to predict gene expression profiles for cells. From a data access perspective, training these models requires
loading mini-batches of cells, typically random samples of ~10-100 cells. For this use-case, cell-major storage orders
are an absolute requirement to enable fast random access to small numbers of cells. In Fig 3d we observe queries
of 1-100 cells taking roughly half a second to complete. It may be preferable to load larger batches then split into
mini-batches to achieve higher throughput, as we observe 10k cells loading in 1 second and 100k cells loading in 3
seconds. In cases where even faster performance is required, compressed matrix data could be stored in host RAM
(44M cells should fit in <170GB of RAM). Splitting matrices into blocks is not necessary for querying, but may help
accelerate file management tasks as described below.

27


https://doi.org/10.1101/2025.03.27.645853
http://creativecommons.org/licenses/by-nc/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.03.27.645853; this version posted April 1, 2025. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC 4.0 International license.

General single cell analysis

For general single cell analysis tasks such as running normalization, PCA, and marker feature testing, we recommend
storing at least a feature-major counts matrix and optionally adding a cell-major matrix copy to allow optimal
performance in all scenarios. The advantages of a feature-major layout are:

e Efficient marker feature and differential feature tests: the Wilcoxon test we demonstrate in this paper
requires a feature-major storage order to run efficiently, and this would also apply to many other differential testing
methods such as those involving generalized linear models (e.g. DESeq2).

¢ Visualization of genes/features: For visualization purposes it is often useful to plot the distribution of gene
expression for a small number of genes across all cells, such as in UMAP, violin, or dot plots. Feature-major
orderings allow fast subsetting by gene/feature to make such visualizations fast to produce.

® Improved compression: Whether using bitpacking compression or general-purpose algorithms, a comparison of
Figs 2e and S3a shows that data storage size tends to be smaller with a feature-major storage ordering.

The potential downsides of a feature-major layout are:

e Slower subsetting by cell: If a simple subset of a very small fraction of the dataset is required, that will execute
faster with a cell-major layout. In practice, this downside can often be mitigated by creating temporary matrix
copies for cell subsets of interest (e.g. cell types or batches), or by performing operations that can process multiple
cell subsets in a single pass such as calculating pseudobulks.

® Memory usage during parallel PCA: When calculating k& principal components with ¢ threads, the BPCells
multi-threaded dense matrix multiply operation can require memory of ¢ X k x # cells when performed on a single
feature-major matrix file, which is potentially much larger than the assumed memory budget of 2 x k x # cells
(see BPCells performance model). Splitting the matrix along the cell dimension into ¢ or more chunks can reduce
this memory usage to k x # cells.

Note that splitting by cell does cause multiplication with a k x # features matrix to require ¢t x k x # features
memory, but this is not problematic in single cell datasets where there are generally at most 100k features, but
can be more than 10M cells.

>10M-cell atlas analysis

For extremely large atlas datasets, parallelizing file writing operations in addition to file read/compute operations
can become very important. For these cases, we recommend splitting a large input matrix into multiple matrix files
each containing a subset of cells, allowing multiple threads to write separate files in parallel. We use this approach
in Fig 3 by splitting input matrices into 100K cell chunks, allowing fast subsetting from the duplicated 74M cell
CELLxGENE census matrix to 44M unique cells (Fig 3b). If only a single matrix copy can be stored, then splitting a
large matrix into 100K-1M cell chunks each stored in feature-major layout is often preferable to storing each matrix
chunk in cell-major layout for the same reasons as discussed above in “General single cell analysis.”

Splitting matrices into 100K-cell chunks has side benefits for sequential subsets and appending new cells to a
matrix. Having 100K-cell files allows some coarse-grained random access, making it possible to perform reasonably
efficient sequential subsets by cell even when the underlying files use a feature-major storage order (Fig S4f+g).
Grouping cells in a large atlas dataset by sample and/or cell type can turn many common cell subset queries into
sequential subsets, meaning that many cell subsets could be performed with reasonable efficiency even from feature-
major storage orderings. In addition, when new cells are added to a large atlas, using 100K-cell chunks means at
most one existing matrix chunk must be re-written.

In the case that there is sufficient disk space to store two raw counts matrices, storing both a feature-major copy
and a cell-major copy split into 100K-cell chunks is advantageous, as cell-major layouts are still better suited for
neural network data loader applications as described above.

12 BPCells file formats

Here we outline the technical specifications for the storage systems, bitpacking variants, and sparse and matrix file
formats that BPCells introduces. These correspond to the BPCells-specific file formats in the list of all supported
file formats from Table S7.
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Storage back-ends

BPCells supports a variety of storage back-ends which can be selected for performance or portability reasons. For
benchmarking, we use the “directory of files” backend, but BPCells can be readily adapted to any storage backend
that meets simple interface criteria. The core storage abstraction required for BPCells matrix or fragment files is a
set of arrays which can be independently accessed by name, where each array can store numeric or string data types.
Numeric arrays must support efficient random access. We also require some mechanism to store a version string for
compatibility purposes. The current supported storage backbends implemented by BPCells are:

® Directory of files: This is the default storage backend due to its simplicity and high performance. Arrays are
stored as binary files within a directory. Numeric array files have an 8-byte header followed by data values in little-
endian binary format for integers and IEEE-754 for 32-bit and 64-bit floating point numbers. Header values are
8-byte ASCII text as follows: unsigned 32-bit integer UINT32v1, unsigned 64-bit integer UINT64v1, 32-bit float
FLOATSv1, 64-bit float DOUBLEv1. Arrays of strings are stored as ASCII text with one array value per line with
no header. The version string is stored as a file named “version” containing the version string followed by a newline.

e HDF'5 file: This storage backend can be useful for embedding BPCells formats as a group within an hbad or other
HDF5 file. Arrays of numbers are stored as HDF5 datasets using the built-in HDF5 encoding format. Arrays of
strings are stored as HDF5 variable length string datasets. The version string is stored as a version attribute on
the HDF5 group.

® R object: This storage backend is primarily useful for testing, or when bitpacking compression of in-memory data
is desired to avoid disk bandwidth bottlenecks. Strings are stored as native R character arrays. Unsigned integers
and 32-bit floats are stored in native R integer arrays by bitcasting the R signed integers into the required data
types. 64-bit floats are stored in native R numeric arrays. 64-bit integers are stored as doubles in R numeric arrays.
This reduces the highest representable value from 264 — 1 to 253 — 1 (about 9 quadrillion), which we do not expect
to pose practical problems. Named collections of arrays are stored in R lists (when writing) or S4 objects (when
reading). The version string is stored as a string vector named “version” of length 1.

BP-128 compression variants

BPCells uses BP-128 compression and variants of it extensively to provide compact storage for arrays of 32-bit integers
(Fig 2a+f). The original BP-128 paper by Lemire and Boytsov [6] does not specify a concrete storage layout, and
BPCells chooses to split each compressed data stream into 3-4 arrays depending on the associated transformations.
As BP-128 works on chunks of 128 integers, input lengths are padded to a multiple of 128 by repeating the last integer
in the list. When decompressing data, the length of the output data array is calculated from other uncompressed
metadata fields present in the matrix or fragment objects. The variants of BPCells and their corresponding data
arrays are as follows:

e BP-128: Best for lists of small, non-negative integers. Worst-case overhead: 0.25 bits/integer (0.8%).

— data: stream of bitpacked data, represented as 32-bit integers with the interleaved bit layout as shown in Lemire
et al. figure 6 [6]. A chunk of 128 32-bit input integers with B bits per integer will be stored using 4B 32-bit
integers holding the bitpacked data. Explanatory C code for compression and decompression can be found in
supplemental code utils/bitpacking-reference-implementation.cpp (little-endian byte order is assumed).

— idx: list of 32-bit integers, where the encoded data for integers index 128*i to 128+i + 127 can be found in
data from index idx[i] to index idx[i+1]-1 . For lists with 232 (4 billion) entries or greater, idx stores the
index modulo 232

— idx_offsets: list of 64-bit integers, where the values of idx with indices from idx_offsets[i] to
idx_offsets[i+1]-1 should have i*(2732) added to them.

e BP-128d1: Equivalent to the BP-128* algorithm from Lemire et al. [6] where integers are difference encoded prior
to bitpacking. Best for lists of ascending integers. Worst-case overhead: 0.5 bits/integer (1.6%).

— data: Encoding as with vanilla BP-128, but prior to encoding we perform difference encoding, so x{ = 0,
l‘ll =1 — X, LL'IQ = T2 — L1y «uny ’I'/127 = T127 — T126

— idx, idx_offsets: identical to BP-128

— starts: list of 32-bit integers, where starts[i] is the decoded value for the integer at index 128*i
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e BP-128d1z: Similar to BP128d1, but with zigzag encoding after difference encoding. Best for lists of close but
not fully sorted runs of integers. For fully sorted data, overhead is about 1 bit per integer compared to BP-
128d1. See supplemental code utils/bitpacking-reference-implementation.cpp for zigzag encode() and
zigzag decode () reference implementations.

— data: Encoding as with BP-128d1, but between difference encoding and bitpacking, the results are zigzag
encoded, where zigzag(x) = 2z if x > 0, and zigzag(z) = —2x — 1 if x < 0.

— idx, idx_offsets: identical to BP-128

— starts: identical to starts from BP-128d1

e BP-128m1: Similar to BP-128 but with 1 subtracted from all values prior to encoding. Best for lists of small
positive integers with many equal to exactly 1.

— data: Prior to bitpacking, 1 is subtracted from all values.
— idx, idx_offsets: identical to BP-128.
Sparse matrix format

BPCells matrix files are stored in compressed sparse column (CSC) or compressed sparse row (CSR) layouts. For CSC
layout, non-zero entries are sorted in ascending order by row within each column and vice-versa for CSR layout. The
matrix data and metadata is stored as a named set of arrays using one of the previously described storage back-ends.

Uncompressed matrices consist of the following arrays:

Name ‘ Type ‘ Length

val uint32/float32/float64 | # non-zeros
index uint32 # non-zeros
idxptr uint64 # cols + 1
shape uint32 2

row_names string 0 or # rows
col_names string 0 or # cols
storage_order | string 1

Arrays for uncompressed sparse matrix storage

These arrays have the following contents:

® val: Values of non-zero entries in increasing order of (column, row) position.

® index: index[i] provides the 0-based row index for the value found in val[i] (or column index for row-major
storage order).

® idxptr: The indexes in idx and val for the entries in column j can be found from idxptr[j] to idxptr[j+1] - 1,

inclusive (or row j for row-major storage order).

shape: number of rows in the matrix, followed by number of columns

row_names: Names for each row of the matrix (optional)

col names: Names for each column of the matrix (optional)

storage_order: col for compressed-sparse-column, or row for compressed-sparse-row

Compressed matrices consist of the following modifications:

® val: For unsigned 32-bit integers, we replace val with val _data , val_idx, and val_idx_offsets corresponding
to a BP-128m1 encoding as described above. The total number of values is already stored as the last value in
idxptr. For 32-bit and 64-bit floats val remains unchanged.

® index: We replace the index array with BP-128d1z encoded data in arrays index._data, index_idx,
index_idx_offsets and index_starts

The current version string is of the format: [compression]-[datatype]-matrix-v2, where [compression] can be
either packed or unpacked, and [datatype] can be one of uint, float, or double corresponding to 32-bit unsigned
integer, 32-bit float, and 64-bit double respectively. In v1 formats, the only difference is that idxptr had type uint32.
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Genomic fragments format

BPCells fragment files store (chromosome, start, end, cell ID) for each fragment, sorted by (chromosome, start).
The coordinate system follows the bed format convention, where the first base of a chromosome is numbered 0 and
the end coordinate of each fragment is non-inclusive. This means a 10 base pair long fragment starting at the first
base of the genome will have start=0 and end=10. End coordinates are always guaranteed to be at least as large as
start coordinates.

Uncompressed fragment data is stored in the following arrays:

Name [ Type [ Length

cell uint32 | # fragments

start uint32 | # fragments

end uint32 | # fragments
end_max uint32 | [# fragments /128]
chr_ptr uint64 | 2Xx # chromosomes
cell names | string | # cells

chr_names string # chromosomes

Arrays for uncompressed fragment storage

These arrays have the following contents:

cell: List of numeric cell IDs, one per fragment. The smallest cell ID is 0.

start: List of fragment start coordinates. The first base in a chromosome is 0.

end: List of fragment end coordinates. The base of the end coordinate is one past the last base in the fragment.

end max: end max[i] is the maximum end coordinate of all fragments from the start of the chromosome to the

fragment at index i*128-127. If multiple chromosomes have fragments in a given chunk of 128 fragments, end _max

is the maximum of all those end coordinates. The end max array allows for quickly seeking to fragments overlapping

a given genomic region.

® chr ptr: chr_ptr[2+i] is the index of the first fragment in chromosome i in the cell, start, and end arrays.
chr ptr[2*i + 1]-1is the index of the last fragment in chromosome i. Fragments need not necessarily be sorted in
order of increasing chromosome ID, though all fragments for a given chromosome must still be stored contiguously.
This allows logically re-ordering chromosomes at write-time even if the input data source does not support reading
chromosomes out-of-order (i.e. 10x fragment files without a genome index).

® cell names: string identifiers for each numeric cell ID.

® chr names: string identifiers for each numeric chromosome ID.

Compressed fragments are stored with the following modifications:

® cell is replaced with cell_data, cell_idx, and cell_idx_offsets, compressed according to BP-128 encoding.

® start is replaced with start_data, start_idx, start_idx offsets, and start_starts, compressed according to
BP-128d1 encoding.

® end is replaced with end_data, end_idx, and end_idx_offsets, which stores start - end for each fragment,
encoded using BP-128 encoding.

The current version string is equal to unpacked-fragments-v2 for uncompressed fragments, and
packed-fragments-v2 for compressed fragments. In v1 formats, the only difference is that chr_ptr had type uint32.
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Supplemental Tables

Dataset Download Cells | Genes | Median | Median | Non-zero | Fraction
link reads genes entries | non-zero
20k pbmc (10x Genomics) g 23,837 | 36,601 6,522 2,020 54.9M 6.3%
130k thymus atlas [35] g 129,362 | 33,694 5,497 1,830 284.2M 6.5%
480k tabula sapiens [36] [ 483,152 | 58,870 8,450 2,221 1.3B 4.5%
500k drugscreen (10x Genomics) [ 525,251 | 36,613 13,960 3,159 1.7B 8.7%
1M neurons (10x Genomics) [ 1,306,127 | 27,998 4,226 1,927 2.6B 7.2%
2M perturbseq [37] g 1,989,578 8,248 11,304 3,215 6.3B 38.3%
4M fetal [38] a 4,062,980 | 63,561 668 488 2.6B 1.0%
11M jax [39] a 11,441,407 | 24,552 2,530 1,467 18.3B 6.5%
22M pansci [40] a 21,786,931 | 55,416 1,034 460 13.1B 1.1%
Table S1 RNA benchmark datasets
Dataset Fragments Cells Fragments Median Total Un-filtered
download fragments barcodes fragments
3k pbmc (10x Genomics) [ 2,711 39,170,115 14,476 462,264 44,096,101
10k pbmc (10x Genomics) g 10,246 245,922,805 22,218 549,529 257,551,492
35k hematopoiesis [41] g 36,766 515,398,491 11,075 3,530,935 932,788,498
45k pancreas (ENCODE [42]) g 45,282 | 1,065,739,414 15,103 6,291,978 1,563,508,448
500k heart (ENCODE [42]) g 471,109 | 7,379,371,326 9,767 | 50,754,542 | 16,231,620,137
1M brain [43] [ 1,134,247 | 5,160,103,036 2,956 1,134,247 5,160,103,036
Table S2 ATAC benchmark datasets
Operation Order Sparsity Sparse mat- | Notes
independent? | preserving? | vec product?
TXc,x+c v v v ¢ is per-row or per-column constant
r+4+c,x—c v X v c is per-row or per-column constant
log(z + 1), exp(z) — 1 v v v
xz° v v v ¢ > 0 is a user-supplied constant
Round, binarize v v v
min(z, ¢) v v v ¢ > 0 is a per-row or per-column constant
SCTransform [33] v X X Pearson residuals
Linear regression residual v X v
Sparsity-aware rank transform X v 4 Offset s.t. rank(0) — offset = 0
Sparse matrix-matrix multiply X X v Requires matching storage order
Concatenate along row/column X v v Requires matching storage order
Subset rows/columns v v v
Convert integer +> float v v v

Table S3 BPCells matrix transformation operators
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https://www.10xgenomics.com/resources/datasets/20-k-human-pbm-cs-3-ht-v-3-1-chromium-x-3-1-high-6-1-0
https://cf.10xgenomics.com/samples/cell-exp/6.1.0/20k_PBMC_3p_HT_nextgem_Chromium_X/20k_PBMC_3p_HT_nextgem_Chromium_X_filtered_feature_bc_matrix.h5
https://zenodo.org/record/5500511/files/HTA07.A01.v02.entire_data_raw_count.h5ad?download=1
https://figshare.com/ndownloader/files/34702114
https://www.10xgenomics.com/resources/datasets/full-chip-mixture-of-drug-treated-h1975-and-a549-cells-3-ht-v3-1-3-1-high
https://cf.10xgenomics.com/samples/cell-exp/6.1.0/H1975_A549_DrugScreen_3p_HT_nextgem/H1975_A549_DrugScreen_3p_HT_nextgem_count_filtered_feature_bc_matrix.h5
https://www.10xgenomics.com/resources/datasets/1-3-million-brain-cells-from-e-18-mice-2-standard-1-3-0
https://cf.10xgenomics.com/samples/cell-exp/1.3.0/1M_neurons/1M_neurons_filtered_gene_bc_matrices_h5.h5
https://plus.figshare.com/ndownloader/files/35775507
https://descartes.brotmanbaty.org/bbi/human-gene-expression-during-development/
https://shendure-web.gs.washington.edu/content/members/cxqiu/public/backup/jax/download/adata/
https://www.ncbi.nlm.nih.gov/geo/download/?acc=GSE247719&format=file&file=GSE247719%5F20240213%5FPanSci%5Fall%5Fcells%5Fadata%2Eh5ad%2Egz
https://www.10xgenomics.com/datasets/pbmc-from-a-healthy-donor-granulocytes-removed-through-cell-sorting-3-k-1-standard-2-0-0
https://cf.10xgenomics.com/samples/cell-arc/2.0.0/pbmc_granulocyte_sorted_3k/pbmc_granulocyte_sorted_3k_atac_fragments.tsv.gz
https://www.10xgenomics.com/datasets/10k-human-pbmcs-atac-v2-chromium-controller-2-standard
https://cf.10xgenomics.com/samples/cell-atac/2.1.0/10k_pbmc_ATACv2_nextgem_Chromium_Controller/10k_pbmc_ATACv2_nextgem_Chromium_Controller_fragments.tsv.gz
https://www.ncbi.nlm.nih.gov/geo/download/?acc=GSE139369&format=file&id=32%2C33%2C34%2C35%2C36%2C37%2C38%2C39%2C40%2C41
https://www.encodeproject.org/search/?type=Experiment&control_type!=*&status=released&perturbed=false&assay_title=snATAC-seq&replicates.library.biosample.donor.organism.scientific_name=Homo+sapiens&biosample_ontology.term_name=pancreas
https://www.encodeproject.org/search/?type=Experiment&control_type!=*&status=released&perturbed=false&assay_title=snATAC-seq&replicates.library.biosample.donor.organism.scientific_name=Homo+sapiens&biosample_ontology.term_name=heart+right+ventricle&biosample_ontology.term_name=heart+left+ventricle&limit=100&biosample_ontology.term_name=left+cardiac+atrium&biosample_ontology.term_name=right+cardiac+atrium&biosample_ontology.term_name=heart&biosample_ontology.term_name=left+ventricle+myocardium+superior&biosample_ontology.term_name=left+ventricle+myocardium+inferior&biosample_ontology.term_name=Right+ventricle+myocardium+superior&biosample_ontology.term_name=Right+ventricle+myocardium+inferior&replicates.library.biosample.life_stage=adult&lab.title=Michael+Snyder%2C+Stanford
http://catlas.org/catlas_downloads/humanbrain/bedpe/
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Operation Order Single | Notes
independent? | pass?
Mean, variance, non-zero counts v v Calculate for rows and/or columns
Vector, dense matrix multiply v v Left or right multiply
PCA, singular value decomposition v X
Maximum per row/column v v
Quantile per row/column X v
Wilcoxon rank sum test X v Requires feature-major order
User-supplied row/col reduction X v Arbitrary operations at reduced speed
Pseudobulk sum, mean, variance v v
Save to disk (same ordering) v v
Save to disk (change ordering) v X

Table S4 BPCells matrix-consuming operations

Operation

Notes

Operation

Subset/reorder chromosomes
Subset /reorder cells

Merge cells into pseudobulks
Shift start/end coordinates
Subset by length

Subset by genome region
Prefix cell names

Rename cells/chromosomes

Select by name or numeric ID
Select by name or numeric ID

Apply constant offsets to all fragments

Allows including or excluding by region
Often used to prepend sample IDs

Table S5 BPCells fragment transformation operators

Output type

Notes

Peak / tile matrix
Peak calling

Pseudobulk coverage tracks
Pseudobulk coverage plots

Gene activity matrix
Cell QC stats

Fragment length histogram

TF or TSS footprinting
Save to disk

Format

streaming matrix
data frame
bedgraph file
plot

streaming matrix
data frame
numeric vector
data frame
fragment file

Requires BPCells-format inputs

Coverage of Tn5 insertions

Calculates high-resolution tile matrix over target region

Matches ArchR methodology [12]

TSS enrichment, nucleosomal proportions, etc. matching ArchR [12]

Per-group footprinting around user-supplied genomic coordinates
Multiple formats supported

Table S6 BPCells fragment-consuming operations

‘ Read ‘ Write ‘ Notes

10x HDF matrix

AnnData HDF5 matrix

BPCells matrix

BPCells matrix (embed in HDF5 file)

Matrix market

R dgCMatrix [21]
Python Scipy sparse [20]

10x fragment file

BPCells fragments
BPCells fragments (embed in HDF5)

GRanges [44], R

AN N N N N N YN N NN

data frame

Dense matrix layout is read-only

Import only. No direct reads

API status is experimental
Some downstream overlap operations restricted

AN N N N N N T T T N

Table S7 BPCells supported file formats
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Supplemental Figures
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Fig. S1 Additional disk-backed streaming performance. (a+b) BPCells compared to the Scanpy with Dask integration using
the same randomized PCA algorithm with no accuracy-improving iterations, comparing (a) memory usage and (b) execution time. Note
differing x-axis scales since CPU time scales more directly with nonzero entries than cells. (c¢) Accuracy for the O-iteration rPCA is low
compared to non-randomized solvers. (d) Performance of Wilcoxon marker gene test. Scanpy light green line shows performance when
omitting the statistical correction for tied zero values. (e+f) Memory usage for ATAC-seq matrix creation routines.
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Fig. S2 Bitpacking compression space usage properties. (a) Comparison of compression ratio across nine scRNA-seq counts
matrices, comparing cell-major and feature-major storage orders with and without sorting applied to the non-major axis. (b) Average
storage usage per non-zero matrix entry on the 1M neuron RNA-seq counts matrix. (c) Comparison of compression ratios across peak and
tile matrices for six scATAC-seq datasets. (d) Average storage usage per non-zero matrix entry on the 35k hematopoiesis scATAC-seq
peak matrix. (e) Scaling of bits to store row index for each non-zero matrix entry relative to the fraction of non-zero entries, shown across
all scRNA-seq and ATAC-seq matrices. (f) Scaling of bits to store value for each non-zero matrix entry relative to the 99th percentile
non-zero value, shown across all scRNA-seq and ATAC-seq matrices. (g) Distribution of bit widths used for storing start coordinate of
scATAC-seq fragment data, shown across all 128-fragment chunks in the 10k PBMC dataset. (h) Storage usage for scATAC-seq fragment
data across each sample in the 1M brain dataset, after filtering out non-cell barcodes. (i) Storage usage for scATAC-seq fragment data in
the 35k hematopoiesis dataset when storing samples separately or merged, with and without filtering to remove non-cell barcodes.
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Fig. S3 Additional compressed file performance. (a) Compression algorithm compute-efficiency benchmark on a 130k cell scRNA-
seq matrix stored in cell-major order. Read/write speeds measured in uncompressed bytes, and compression ratio as uncompressed
size/compressed size. (b) Storage order transposition time and memory use, compared to in-memory sparse matrix transposition. (c)
Comparison of time and memory usage to merge fragment files while maintaining genome-sorted order.
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Fig. S4 Server performance of 44M cell analysis. (a-b) Performance of BPCells sparse matrix formats and storage layouts compared
to TileDB, comparing (a) write speed and (b) read speed (fully sequential) on a server. (c) Speed to calculate per-gene mean and variance
on a server. (d) CPU time to calculate per-gene mean and variance on a laptop or server. (e) Read speed for random subset queries of
cells and genes on a server. (f-g) Read speed for sequential subset queries of cells and genes on (f) a server and (g) a laptop.
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