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Abstract

The pairwise sequentially Markovian coalescent (PSMC) infers the history of effective population size from
a single diploid genome and is one of the most widely used methods of population genomics. Its reference
implementation, the C program psmc, runs on one thread, which makes bootstraps and large cohorts slow. We
present psmc-1s, a reimplementation of PSMC in Rust that fits the same model as C psmc. On 40 simulated
and 55 real genomes, the two programs’ estimates of population size differed by at most 0.15% over the
time range each genome informs. On the simulated genomes, their histories were at least 1,500 times closer
to each other than either was to the true history. On a simulated genome of 30 chromosomes of 100 Mb,
psme-rs was 14.1 times as fast as C psmc on one thread and 386 times as fast on 30 threads, and it used
at most 148 MB of memory, against C psmc’s 1,062 MB. Its results were byte-identical on any number of
threads. Fitting all 2,504 unrelated high-coverage genomes of the 1000 Genomes Project took psmc-rs 257
core-hours, where C psmc would have needed about 3,700. psmc-rs also reads VCF and multihetsep files,
accounts for partly callable bins, and runs PSMC’s block bootstrap in parallel. It is open source under the
MIT license, and the pipeline behind every result, with the inputs and fits of the 2,504 genomes, is openly
available.

Introduction

The pairwise sequentially Markovian coalescent (PSMC; Li and Durbin, 2011) infers how the effective size
(N,) of a population changed over time from the two genome copies of a single diploid individual. Along the
genome, the time to the most recent common ancestor (TMRCA) of the two copies changes at recombination
events. PSMC treats this time as the hidden state of a hidden Markov model whose observations are short bins
of sequence, each heterozygous or homozygous, and fits a piecewise-constant history of N, by expectation—
maximization (EM). Because it needs only one unphased genome, PSMC has been applied to modern and
archaic humans (Li and Durbin, 2011; Priifer et al., 2014; Mallick et al., 2016) and to a wide range of other
species (Nadachowska-Brzyska et al., 2016; Hilgers et al., 2025), and it remains the baseline for newer coalescent
hidden Markov models (Schiffels and Durbin, 2014; Terhorst et al., 2017; Cousins et al., 2025; Terhorst, 2025).

PSMC’s reference implementation, the C program psmc (Li, 2025), runs on one thread. Twenty-five EM
iterations on a 3 Gb genome take more than an hour, a bootstrap multiplies that time by its number of replicates,
and population resources such as the high-coverage 1000 Genomes data (Byrska-Bishop et al., 2022) now hold
thousands of genomes. Other programs port PSMC to other languages and toolkits (Paradis and Li, 2023;
Lomakin, 2024; Korfmann, 2026) or extend its model (Schiffels and Wang, 2020; Liu et al., 2022; Cousins
et al., 2024, 2025), and methods that combine many genomes or fit a richer model answer other questions. To
replace C psmc, a faster program must keep its estimator and reproduce its results, so that new curves remain

comparable with the many PSMC curves already published. The native PSMC of smckit has been checked
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against C psmc on one chromosome (Korfmann, 2026); we are not aware of a program shown to reproduce C
psmc’s fits of whole genomes on the same inputs while running substantially faster than C psmc.

Here we present psmc-ts, a reimplementation of PSMC in Rust. We show that it reproduces C psmc’s fits of
simulated and real genomes. It is an order of magnitude faster than C psmc on one thread and, on genomes of
many sequences, two orders of magnitude faster on many threads; it needs a fraction of the memory and gives
results that do not depend on the number of threads. We then fit all 2,504 unrelated high-coverage genomes of

the 1000 Genomes Project, and release their inputs and fits.

Results

psmc-rs fits the PSMC model as C psmc does

psmc-rs fits the PSMC model of Li and Durbin (2011) as C psmc 0.6.5 implements it: the same discretization of
time, the same transition and emission probabilities, the same parameter patterns and starting point, and EM on
the same objective (Methods). It reads C psmc’s input format, psmcfa; VCF files, either all-sites consensus calls
or variant calls with a mask of callable sites; and the multihetsep files of MSMC (Schiffels and Durbin, 2014).
It writes the fitted model as JSON and as an HTML report and, on request, in C psmc’s . psmc format, which
C psmc’s psmc_plot.pl draws. With the settings of C psmc’s documentation, this command fits a human

genome for 25 EM iterations on eight threads:

psmc-rs NA12878.psmcfa.gz NA12878.json 25 --pattern "4+25*2+4+6" --t-max 15 \
--tr-ratio 5 --mu 1.25e-8 --gen-years 29 --threads 8 --psmc-out NA12878.psmc

psmc-rs differs from C psmc in four ways (Methods). First, it processes the sequences of a genome (its chro-
mosomes or scaffolds) in parallel, each on one thread. Second, its maximization step (M-step) runs L-BFGS to
convergence, within bounds on the parameters, where C psmc runs a Hooke—Jeeves search. Third, its expected
emission counts include the last bin of each sequence, as both programs’ log-likelihoods do; C psmc leaves that
bin out of its counts. Fourth, when the input records how many of a bin’s bases are callable, that is, could be

genotyped, it weights the bin by that number.

psmc-rs reproduces C psmc

We fitted both programs, with the same inputs and settings, to 40 simulated genomes of 500 Mb, 10 under each
of four demographic models, and to 55 real genomes: three turtles and 52 human genomes of the 1000 Genomes
Project, two per population, which we call the comparison subset (experiments E1, E2 and E7; Methods). We
compared the fits over each genome’s informative window, the times between the 1% and 99% quantiles of the
pairwise coalescence time; outside it, the data say little about N,. As the difference between two fits we use
A, the root-mean-square error (RMSE) of one fit’s log,, N, against the other’s, interval by interval over this
window (Methods). On every genome, A was at most 2.8 x 10™# (Table 1, Fig. 1). Across all 4,620 intervals in
the windows of these 95 genomes, the two programs’ N, differed by a median of 5.5 x 10~ in log 10 Ne and by
at most 6.6 x 1074, that is, by at most 0.15%.

This difference is far smaller than the error of the method itself. On the simulated genomes, A ranged from
3.7 x 107° to 2.0 x 10~* and was at least 1,500 times smaller than either program’s error relative to the true
history; the median A was 7,000 times smaller than psmc-rs’s median error (Fig. 1e). The two programs’ errors
were equal to three decimals, from a mean RMSE of 0.048 for the constant-size model to 0.291 for the bottleneck
model (Table S1). The difference is also about three times C psmc’s own numerical noise. On the simulated

genomes, the median A was 2.5 x 107, against a median of 8.5 x 107® between C psmc’s own fits on two
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Figure 1. psmec-rs reproduces C psmec. (a—d) Histories fitted by both programs to the same genome, C psmc’s (wide, pale
orange) under psmc-rs’s (thin, blue), over the genome’s informative window (1% to 99% of its pairwise coalescence times).
Below each, psmc-1s’s log, , N, minus C psmc’s, interval by interval, in units of 10~%; A, the RMSE of this difference
over the window (Methods). (a, b) The first simulated genome of the bottleneck (a) and zigzag (b) models, with the true
history (dashed); p = 2.5 x 1078 per bp per generation, g = 25 years. (c, d) The human genome NA12878 and the turtle
Pelusios castaneus, the genome of the largest A, with, in pale blue where it is wider than the curves, the pointwise 95%
band of psmec-rs’s bootstrap (100 replicates in blocks of 50 Mb, Methods; for the turtle, its 1,220 whole scaffolds). Both
are scaled as in Methods; panel d and its strip have their own scales. The turtle’s recent peak is an artefact of the pattern’s
single free A for the four most recent intervals (Hilgers et al., 2025). (e) A for every genome both programs fitted: the 52
human genomes of the 1000 Genomes comparison subset (NA12878 among them), the three turtles and the 40 simulated
genomes; rings, the genomes of a—d. The row “C psmc on two platforms” gives, for comparison, A between C psmc’s own
fits of the simulated genomes on two platforms (gcc without floating-point contraction on x86-64, Apple clang with fused
multiply-adds on arm64; Methods). Below, each program’s RMSE against the true history of the simulated genomes. Bars,
medians of rows of at least ten genomes; the arrow joins the simulated genomes’ median A to the median of psmc-rs’s
error on them: A is 7,000 times smaller.

Table 1. Agreement between psmc-rs and C psmc on every genome both programs fitted, with the same input and
settings. NA12878 is in both the E2 and the E7 rows. A, the RMSE (range over genomes), and largest absolute difference
|dy| of log,, N, interval by interval over the informative window (Methods); largest relative differences of the scaled
mutation rate 6, the scaled recombination rate p and the maximum coalescence time t,,,,, of the log-likelihood at the last
iteration both programs report, and of the log-likelihood of the first expectation step (E-step), at the shared starting point,
where the two agree at about the rounding of the six decimals C psmc prints.

log,, N, in the window largest relative difference
Genomes n A largest|d,| 0, p,tn. log-likelihood first E-step
Simulated (E1) 40 3.7x107°t02.0x 104 6.6x10™* 5.5x 104 1.3x10% 7.0x 10713
Turtles and NA12878 (E2) 4 9.7x107°t02.8x 107* 4.5x10™% 1.0x 1073 23x1077 6.9x 10714
1000 Genomes (E7) 52 57x10%t02.1x107> 58x107> 55x107 28x107 1.1x10°13

100



platforms (gcc without floating-point contraction on x86-64, Apple clang with fused multiply-adds on arm64;
Fig. le, row ‘C psmc on two platforms’; Methods). Finally, it is far smaller than the sampling uncertainty of a
fit: on the turtles and NA12878, the median width of psmc-rs’s bootstrap 95% band was at least 260 times A
(Fig. 1c, d).

The two programs compute the same likelihood; their small differences arise during the EM iterations. From
the shared starting point, their first expectation steps (E-steps) gave log-likelihoods that agreed at about the
rounding of the six decimals C psmc prints (a relative 7.0 x 10713). In both programs the log-likelihood never
decreased from one iteration to the next, and the two programs’ log-likelihoods differed by at most 0.065 units
after any iteration (Fig. S1). A diagnostic on the simulated genomes (Methods) traced the differences mostly
to the last bin of each sequence, not to the M-step’s optimizer. Leaving that bin out of psmc-rs’s expected
emission counts, as C psmc does, lowered the median A from 2.5 x 1075 t0 6.2 x 107°, below C psmc’s own
noise. It brought the curves closer to C psmc’s in 37 of the 40 genomes; the other three were already within that
noise. Replacing L-BFGS with C psmc’s Hooke-Jeeves search barely changed the median (2.6 x 103). Each
sequence has one last bin, so the difference should grow with the number of sequences: among the turtles and
NA12878, A was smallest for NA12878, with 22 sequences, and largest for the turtle Pelusios castaneus, with
1,220 (Fig. 1c—e). It also depends on the history: the simulated genomes, of ten sequences each, reached up to
2.0x 1074,

Both programs share PSMC’s weakness at the most recent times, about which one genome says little. With
the pattern used here, a single parameter, the first free 1 (a size relative to N; Methods), sets N, in the four most
recent time intervals. In one of the 40 simulated genomes, this parameter ran away in both programs, outside
the informative window: to psmc-rs’s upper bound of 10* and, in C psmc, which has no bound, to 1.1 x 10°.
The turtles’ curves show recent peaks of N, (one shown in Fig. 1d), artefacts of this grouping that Hilgers et al.
(2025) found in many published PSMC curves. Giving the four most recent intervals two or four free As instead

of one removed the peaks in all six fits and raised the log-likelihood by 49 to 586 units.

psmc-rs is fast and deterministic

To measure speed, we timed both programs on simulated constant-size genomes of 1, 3, 10 and 30 chromosomes
of 100 Mb, each run alone on an exclusive node, with five repeats on four nodes (experiment E3; Fig. 2a, b,
Table 2, Methods). On one thread, 25 EM iterations on the 3,000 Mb genome took psmc-rs 317 s (5.28 minutes)
and C psmc 4,456 s (74.3 minutes): psmc-rs was 14.1 times as fast (Fig. 2a), and 13.9 to 14.2 times as fast at
every size (Table 2). With the sequences in parallel, it was 101, 198 and 386 times as fast as C psmc on 8, 16
and 30 threads (Fig. 2a, Table 2), and fitted the 3,000 Mb genome in 11.5 s. Its parallel efficiency, its speed-up
over its own one-thread time divided by the number of threads, was 0.88 to 0.97 on 2 to 30 threads (Fig. 2a, grey
line).

Because each sequence runs on one thread, a genome’s longest sequence bounds the speed-up. One 100 Mb
chromosome took 10.46 to 10.97 s on 1, 8 and 30 threads alike (Fig. 2a, dotted line); the 30-thread speed-up
holds because this genome has 30 chromosomes of equal length. A human genome’s speed-up on many threads
is bounded in the same way, by its chromosome 1 (249 Mb).

psmc-rs also needed far less memory than C psmc: 36 MB on one thread and 148 MB on 30, against
1,062 MB (Fig. 2b). C psmc keeps the forward and backward vectors of every bin of a sequence, and its E-
step takes time quadratic in the number of states. psmc-rs keeps the forward vectors only at checkpoints and
recomputes the rest, and for models of up to 256 states its E-step takes time linear in the number of states
(Methods; Harris et al., 2014).

psmc-rs’s results do not depend on the number of threads. For each genome size, all its fitted models, from
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Figure 2. psmc-rs is faster than C psmc and needs less memory. (a, b) A simulated constant-size genome of 30
chromosomes of 100 Mb (E3), fitted for 25 EM iterations, each run alone on an exclusive AMD EPYC 7702 node; points
are medians of five repeats on four nodes, whose wall times spread by at most 4.4% of their median. C psmc runs on one
thread only: its square, at one thread, is drawn flat across the thread counts. (a) Wall time; arrows, the speed-up over C
psmc on 1 and on 30 threads; grey line, perfect scaling of psmc-rs’s one-thread time (the points’ parallel efficiency is 0.88
to 0.97); dotted line, psmc-rs’s time on one 100 Mb chromosome alone (10.46 to 10.97 s on 1, 8 and 30 threads). psmc-rs
fits each sequence on one thread, so a genome’s longest sequence bounds its run time, and the 30-thread speed-up needs at
least 30 sequences of similar length (Table 2). (b) Peak memory (MB of 220 bytes), the larger of the program’s ru_maxrss
and the sampled peak of its process tree. (c) The 1000 Genomes cohort (E7), each genome fitted on one thread of a node
shared with other fits: wall time per genome of C psmc on the 52 genomes of the comparison subset (two per population)
and of psmc-rs on all 2,504; bars, medians; arrow, the ratio of the medians (on the 52 genomes both programs fitted, the
median per-genome ratio was 13.8). Both programs’ fits ran in one job on one node, so their ratio is like for like, but these
times are not comparable with those of a.

Table 2. Run time and memory of C psmc and psme-rs (E3). Median wall time of 25 EM iterations over five repeats on
exclusive AMD EPYC 7702 nodes, for simulated constant-size genomes of 100 Mb chromosomes; speed-up over C psmc
(a ratio of unrounded medians) and peak memory (median, MB of 22° bytes) on 3,000 Mb. — marks a setup not timed.

Wall time, median (s) 3,000 Mb
Tool Threads 100Mb 300Mb 1,000 Mb 3,000 Mb Speed-up Memory (MB)
C psmc 1 152.5 449.4 1,478.3 4,455.9 1 1,062
psme-1s 1 11.0 31.8 103.9 317.0 14.1 36
psmc-rs 2 - - - 163.3 27.3 39
psmc-rs 4 - - - 87.3 51.0 47
psmc-1s 8 10.5 11.0 21.5 439 101 59
psme-1s 16 - - - 225 198 88
psmc-rs 30 10.5 11.0 11.5 11.5 386 148

every thread count, repeat and node, were byte-identical (75 fits in all), as were C psmc’s (20 fits). The bootstrap
runs of the turtles and NA12878, on 50 threads, refitted each genome’s one-thread fit exactly. NA12878’s
bootstrap, run with the same seed on 50 and on 32 threads, wrote 103 of its 103 files byte for byte the same.
Across platforms, results differ only slightly. We refitted the 40 simulated genomes with a build from the same
source code on a laptop with another processor architecture, operating system and math library. No parameter
differed from the cluster’s fits by more than a relative 2.1x 107>, The laptop’s curves were withina A of 2.4x107¢

of the cluster’s, a median of 124 times closer than C psmc’s own fits on the same two platforms (Methods).

Partly callable bins, bootstrap and decoding

C psmc’s input is made by fq2psmcfa, which marks a 100 bp bin missing only when more than 90% of its
bases are uncallable. A bin with fewer uncallable bases is fitted as if all its bases had been observed, which
biases PSMC'’s estimates (Lipson et al., 2015; Nadachowska-Brzyska et al., 2016). When the input records how



many of a bin’s bases are callable, as a VCF with its callable mask does, psmc-rs weights the bin by that number
(Methods), as recent coalescent hidden Markov models do (Cousins et al., 2024, 2025). Inputs that record no
callable counts, such as psmcfa files, are fitted with C psmc’s model unchanged.

We tested the weighting on simulated genomes with 10% or 30% of positions uncallable, either in short runs,
which leave many bins partly callable, or in long runs, which empty whole bins (experiment E4). With short
runs, taking every called (non-missing) bin as full, as fq2psmcfa does, underestimated the scaled mutation rate
0, and with it every size and time, by 11.9% or 34.9%. The weighted fit underestimated it by only 0.7% or 1.8%
(Fig. S2). Multihetsep files record how many sites are callable between two segregating sites, but not which, so
psmc-rs takes their called bins as full by default. With 30% of positions uncallable, their fits underestimated 8
by 31.9% with short runs and 9.1% with long ones; a VCF read without its mask, by 35.5% and 56.8%.

psmc-rs runs PSMC’s block bootstrap in parallel, each replicate drawing from its own random stream, so
that a seed gives the same replicates on any number of threads. In a calibration study of one bottleneck model
(experiment ES), the bootstrap’s 95% bands held the mean of independent fits at, on average, 83% of the times
in the informative window with blocks of 50 Mb and 92% with blocks of 5 Mb, but the true history at only 37%
and 43% (Fig. S3). The bands measure the sampling variation of an estimate, not PSMC'’s bias.

Read from a VCF with no uncallable positions, a genome gives the same bins as its psmcfa and the same
fit, bit for bit (experiment E6); with a callable mask, its partly callable bins are weighted, as above. From a
multihetsep file, which ends at each sequence’s last heterozygous site and places uncallable sites approximately,
the fits differed from the psmcfa fits by a A of at most 6.7 x 1073 psmc-rs also decodes the posterior distribution
of the TMRCA in every bin: in a simulated genome, the central 95% of this distribution held the true TMRCA
in 95.6% of its bins (we did not compare this decoding with C psmc’s). Before fitting, it checks every input

(psmc-rs qc).

2,504 human genomes

We fitted psmc-rs to all 2,504 unrelated individuals of the high-coverage 1000 Genomes data (Byrska-Bishop
et al., 2022): 26 populations of 61 to 113 individuals, sequenced to a median depth of 36.2x (experiment E7;
Fig. 3). From the joint-called VCFs we made one psmcfa file per genome, with the strict accessibility mask
(The 1000 Genomes Project Consortium, 2015a) and with every position whose record failed the callset’s filters
set missing (Methods). For NA12878, the heterozygous single-nucleotide variants from which this input was
made matched Genome in a Bottle’s benchmark (Zook et al., 2019; Wagner et al., 2022) with a precision of
0.9992 and a recall of 0.9966.

Fitting one genome per thread on a shared node, psmc-rs took a median of 6.22 minutes per genome (Fig. 2¢)
and 257 core-hours for the cohort. C psmc, run the same way in the same job on the 52 genomes of the com-
parison subset, took a median of 88.0 minutes per genome, which would make about 3,700 core-hours for the
cohort. On these 52 genomes, A between the two programs was 5.7 x 1076 to 2.1 x 1073 (Table 1).

The histories have the features of published single-genome PSMC analyses of human genomes (Fig. 3a; Li
and Durbin, 2011; Priifer et al., 2014; Mallick et al., 2016). The median curves of the four superpopulations
outside Africa fell to minima of 1,961 to 2,902 between 43 and 52 thousand years ago, whereas the African
median fell only to 9,422. From 247 thousand years ago to the end of the window, 4.6 million years ago, the
five superpopulations’ medians were within 20% of one another.

Within each superpopulation, the population medians differed most over the span of the first free 1 (drawn
pale in Fig. 3), which one genome constrains poorly. There, the largest difference between two populations was
0.24 to 0.99 in log,, N, depending on the superpopulation. When we split the first free A into four, in one

genome per population, the four values spanned a median of 1.1 in log,, N,: the single A1 averages over sizes
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Figure 3. Population size histories of all 2,504 unrelated individuals in the high-coverage 1000 Genomes data, each
genome fitted by psmc-rs (E7). (a) The median over each superpopulation’s genomes. (b—f) One superpopulation each: its
genomes (faint lines, which merge into a soft band where they agree), the median over each of its populations’ genomes (61
to 113 genomes per population; 1000 Genomes population codes; *, admixed) and, in grey, the other four superpopulations’
medians from a. Medians are pointwise, at each time of a common grid, and span the cohort’s informative window, from
10.6 thousand to 4.6 million years ago: the medians over genomes of each genome’s 1% and 99% quantiles of the pairwise
coalescence time. Pale: PSMC’s first free A, a single parameter for the four most recent intervals, which one genome
constrains poorly. Each median is pale until nine in ten of its genomes have passed the span of their first free 1; each
genome starts where its own first free 4 ends, and each grey median where it turns full in a. The fits are of the psmcfa
inputs, which take every called bin as full; weighting bins by their callable bases raised the curves of the comparison subset
almost uniformly, by a median of 0.044 in log,, N, (Results). p = 1.25 x 10~8 per bp per generation, g = 29 years.

that, fitted separately, differ more than tenfold, though each of the four is itself poorly constrained. After the
first free A, the population medians stayed close (Fig. 3b—f). From its end to 150 thousand years ago, through
the bottleneck and the rise after it, the highest and the lowest differed by a median over time of 0.015 to 0.084 in
log; N, depending on the superpopulation, and by at most 0.19 to 0.24 at any time. At older times, this median
was at most 0.015 (largest single value, 0.11). In East Asia, Europe and South Asia, the larger differences were
brief: they fell where the populations’ steps fell at slightly different times. Individual genomes were close too:
after the first free A, the middle 80% of a superpopulation’s genomes spanned a median of 0.035 to 0.040 in
log, N, outside the admixed Americas (Fig. 3b-1).

Fitting the 52 genomes of the comparison subset from their VCFs, with each bin weighted by its callable
bases, raised the scaled mutation rate by a median of 8.5% over their psmcfa fits. This is close to the 8.2%
expected if 6 scales with the callable bases: a median of 7.6% of the bases in called bins were uncallable. The
VCF fits lay almost uniformly above the psmcfa fits: interval by interval, by a median of 0.044 in log , N,, with
a median SD of 0.008 around that shift (Methods).

The Project’s own PSMC release holds only the output of fits made from the low-coverage (mean 7.4x),
imputed genotypes of the same individuals, and from high-coverage genomes of only 26 individuals (The 1000
Genomes Project Consortium, 2015a,b). Here, every genome was fitted from its high-coverage sequence, and

the psmcfa inputs and the fits of all 2,504 genomes are released as a resource, with the provenance of every fit



(Data availability).

Discussion

psmc-rs reproduces C psmc’s fits. On the same inputs, its histories differ from C psmc’s by far less than the
method’s own error and than the sampling uncertainty of a fit. Most of the remaining difference comes from
one bookkeeping choice, the last bin of each sequence: with that bin left out, as C psmc leaves it out, the two
programs differ about as little as C psmc’s own fits on two platforms. Analyses of inputs like these can therefore
move to psmc-ts, and published PSMC analyses can be repeated or extended with it, without their conclusions
changing because of the program. A VCF read with its callable mask is the exception: by default psmc-rs
weights its partly callable bins, which C psmc’s model does not, and --bin-callable ignore fits it as C
psmc’s input would be fitted. We tested one pattern of parameters and 25 EM iterations, which do not reach
convergence (Fig. S1), on genomes of up to 1,220 sequences. In Tasmanian devils, PSMC curves changed little
with assembly quality (Patton et al., 2019). Among the four genomes of E2, however, the difference between the
two programs grew with the number of sequences, so fits of highly fragmented assemblies are worth comparing
with C psmc’s.

psmc-rs is an order of magnitude faster than C psmc on one thread and, on genomes of many sequences, two
orders of magnitude faster on many threads. It needs a small fraction of C psmc’s memory and gives the same
results on any number of threads. For one genome, threads cut the wait. For a cohort or a bootstrap, which run
many fits side by side, the speed per core and the smaller memory count: the 2,504 genomes took 257 core-hours,
where C psmc would have needed about 3,700.

Because it keeps PSMC’s model, psmc-rs also keeps PSMC’s limits. One genome says little about the
last few thousand generations, where the first free A can run away; psmc-rs bounds it and warns when it does.
Ancestral population structure can produce changes in a single-genome curve that are not changes in size (Mazet
et al., 2016; Cousins et al., 2025), and methods that combine many genomes, such as MSMC?2 (Schiffels and
Wang, 2020), SMC++ (Terhorst et al., 2017) or PHLASH (Terhorst, 2025), resolve recent times better. The
bootstrap measures sampling variation, not these biases (Fig. S3). Finally, because psmc-rs parallelizes across
sequences, a genome assembled into a few long sequences gains less from many threads than one assembled
into many.

For single genomes, psmc-rs makes the reference method fast without changing its results. Its machinery, a
checkpointed E-step run in parallel across sequences with results that do not depend on the number of threads,
could also serve MSMC?2 (Schiffels and Wang, 2020), whose composite likelihood sums PSMC-like hidden
Markov models over pairs of haplotypes within and between populations.

Methods

Model

psmc-rs fits the model of Li and Durbin (2011) with the conventions of C psmc 0.6.5-r74 (Li, 2025). Time
is measured in units of 2N, generations and divided into n + 1 intervals [#;,#;,), with t, = a(e?* — 1) for
k=0,...,n—=1, 8 =In(1 + t./a)/n, a = 0.1, t, = t,,,, and ¢, a large value standing for infinity (1,000,
as in C psmc). The population size in interval k is 1;Ny. The free parameters are the scaled mutation rate
0 and recombination rate p per bin, #,,,., and the free is, each spanning consecutive intervals according to
a pattern: 4+25*2+4+6 has 64 intervals and 28 free As, the first spanning the four most recent intervals. The

initial distribution, the transition probabilities and the expected coalescence time 7;, in each interval are computed



exactly as C psmc computes them (psmc-rs’s code is a line-by-line port of its psmc_update_hmm). A bin of s

bases is missing (N) if more than 90% of its bases are uncallable, as in fq2psmcfa; otherwise it is heterozygous

(K) if any of its callable sites is heterozygous, and homozygous (T) if none is. The emission probabilities are

er(k) = e Ok, ex(k) =1—er(k)and ey (k) = 1. Sizes and times are scaled with a mutation rate u per bp per

generation, the bin size s and a generation time g: No = 0/(4us), N, = 1Ny, and a time ¢ is 2Nytg years.
When the input records how many of a bin’s s bases are callable, ¢, psmc-rs uses

P(T | k,c) = eg(k)</s = e~ 0kc/s, P(K |k,c)=1-P(T | k,c), (1)

the probability that ¢ callable bases hold no heterozygous site under the Poisson bin likelihood of PSMC+ and
cobraa (Cousins et al., 2024, 2025), restricted to PSMC’s binary observations (——bin-callable auto, the
default). Full bins, and inputs without counts, are fitted with C psmc’s model. A VCF read with a callable
mask gives ¢ as s minus the bin’s positions outside the mask, inside a negative mask, at records that failed the
callset’s filters, with a missing or partial genotype, or in the reference span of a heterozygous variant that is not
a single-nucleotide variant. A multihetsep file gives only the number of callable sites between two of its rows;
psmc-rs places the uncallable ones at the start of each such stretch, and --bin-callable auto takes the bins

that result as full.

Inference

E-step. The forward—backward algorithm runs in double precision on each sequence, with the forward vector
normalized at every bin; the log-likelihood is the sum of the logarithms of the normalizers. To bound memory,
the forward vector is kept every 128 bins and the vectors between these checkpoints are recomputed, to the same
bits, during the backward pass. For models of up to 256 states the forward and backward passes take time linear
in the number of states, from the rank-one structure of PSMC'’s transition matrix (Harris et al., 2014). So do the
expected transition counts, for models of any size: below and above the diagonal, a transition probability is the
product of a factor of its row and a factor of its column, so C psmc’s objective needs the counts only summed
over the rows and columns of each triangle and over the diagonal, and the E-step adds these up from prefix and
suffix sums at every bin. C psmc’s . psmc output also reports the objective less its largest value over all models
(its QD line), which needs every count; psmc-rs’s leaves that line out. The expected emission counts include
the last bin of every sequence, which C psmc leaves out of them. On x86-64 processors with AVX2 and FMA,
psmc-rs chooses kernels compiled for them when it starts, and portable kernels otherwise; on aarch64 it uses
NEON kernels. The JSON output and the HTML report record which kernels ran.

M-step. psmc-rs maximizes C psmc’s objective, the expected complete-data log-likelihood of the transitions
and emissions, over all free parameters with L-BFGS (Liu and Nocedal, 1989). It uses a memory of 20, an
Armijo line search and gradients from a hand-written adjoint, on logits within the bounds 6, p € [10712,10]
per bin, ¢, € [1,200] and 1 € [107°, 10*]. It stops when, in each of two consecutive iterations, the objective
improved by at most a relative 10~!3 and the next quasi-Newton step predicts no larger improvement, or when
its line search finds no improvement; before stopping, it restarts from fresh estimates of the curvature, up to
three times, if they predict a larger improvement. It also stops after 1,000 iterations. C psmc instead uses a
Hooke-Jeeves direct search (Hooke and Jeeves, 1961) on unbounded parameters. EM starts, as C psmc’s does,
from 6y = —In(1 — K /L), with K the heterozygous and L the non-missing bins (with callable counts, the root
of Y .(1 - e~ 90¢i/s) = K), po = 0o/r (——tr-ratio, 4 by default), 1,,, (-—t-max, 15) and every 1 = 1.



Parallelism and determinism. The E-step and the log-likelihood run in parallel over work items, contiguous
groups of whole sequences whose grouping depends only on the number of sequences; partial sums are merged
in the order of the items, so they do not depend on which thread finished first. The M-step is serial. The block
bootstrap (Kiinsch, 1989) follows C psmc’s: it cuts each sequence into blocks of 500,000 bins as splitfa does,
a remainder shorter than 1.5 blocks staying in the last block, and each replicate draws blocks with replacement
as C psmc’s psmc_resamp does, starting afresh from its own 6. Replicates run in parallel, each drawing from
its own ChaChaS8 stream seeded from the bootstrap seed and its index. Posterior decoding (--tmrca-out) gives,
for every bin, the posterior mean TMRCA, the most probable state and the states at which the posterior reaches
2.5% and 97.5%.

Experiments

All results come from one pipeline (experiment/pipeline) that simulates the genomes, runs both pro-
grams with matched settings, records how every output was made and draws every figure from its tables;
experiment/REPRODUCIBILITY.md in the repository describes how to reproduce them. We name the experi-
ments E1-E7, as their directories in the repository are named. C psmc ran the command of its documentation,
psmc -N25 -t15 -r5 -p "4+25*2+4+6": 25 EM iterations, with the pattern and maximum time that Li
and Durbin (2011) used for human genomes. psmc-rs 0.2.0 ran the same settings with its own options. Both
used 100 bp bins and one thread unless stated otherwise. Every seed was fixed in advance, from the SHA-256

of a string naming the experiment, model, replicate and stage.

Comparisons. The fits of the two programs to the same input have the same intervals, whose boundaries differ
in years only through 6 and ¢,,,,, and are compared interval by interval. For each interval k of C psmc’s fit that
overlaps the window [a, b], d;, = log,y(N;® /NkC), where N;® and N,S are the two fits’ V, in interval k, weighted
by wy = In(min(ey, b)/ max (s, a)) for an interval from s to e;; their RMSE, A, is (3., wyd?/ ¥, wi)1/2. The
window spans the 1% to 99% quantiles of the pairwise coalescence time under the true model (simulations) or
under the fitted one (C psmc’s where the programs are compared, psmc-rs’s otherwise). A cohort’s window
spans the medians, over its genomes, of these quantiles: for the 1000 Genomes cohort, 10.6 thousand to 4.6
million years ago. Fits of different inputs, whose 8, and so whose time scales, differ, are compared at the
same times (E4), except the VCF and psmcfa fits of a 1000 Genomes genome. These are compared interval
by interval, as above, with d;, = log, O(N,YCF /N ,fsmea) on the psmcfa fit’s intervals and window: the weighted
meand = Y, widy/ Y, wy is the shift between the two fits, and the weighted SD, (Y, wy (dx —d)?/ Y, wi) /2,
the change of shape. A fit is compared with the truth by the RMSE of log,, N, over 200 log-spaced times in the

window.

Simulated genomes (E1; Fig. 1, Table S1, Fig. S1). Four models, in diploid sizes and generations: constant
size 10,000; a bottleneck (20,000 for 0-800 generations, 1,000 to 1,200, 10,000 to 4,000, 5,000 to 40,000, then
10,000); an expansion (10,000 for 0400 generations, 1,000 to 2,400, 10,000 to 8,000, 5,000 to 40,000, 10,000
to 80,000, then 20,000); and the zigzag model of Schiffels and Durbin (2014) from stdpopsim 0.3.0 (Adrion
et al., 2020). Each of 10 replicates per model was 10 unlinked chromosomes of 50 Mb, simulated for one
diploid individual with msprime 1.4.4 (Kelleher et al., 2016; Baumdicker et al., 2022) under the coalescent with

recombination, with gz = 2.5 x 1078 and r = 10~8 per bp per generation, and scaled with g = 25 years.

The residual difference (E1). We traced the residual difference from C psmc on E1’s 40 genomes with builds

of psmc-rs modified for this purpose, which are not part of the release (experiment/c_equivalence). Each
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change described in Results was made alone: the last bin of each sequence was left out of the expected emission
counts, as C psmc leaves it out, or the M-step was replaced by a port of C psmc’s Hooke—Jeeves search. psmc-
rs’s default fits were within a A of 2.5 x 107® (median 1.0 x 10~7) of fits whose M-steps ran to the limit of
precision. The port of C psmc’s search, run with the last bin also left out, was traced on an Apple M1 Pro laptop
against C psmc’s own search in the first M-step on the repository’s test input: it evaluated the same parameters,
bit for bit, until the two searches ranked differently two points whose objectives differed by less than the two

programs’ rounding.

Real genomes (E2; Fig. 1c—e). NA12878’s psmcfa file is the one made for E7 (below). The three turtles
are side-necked turtles (Pleurodira): Emydura subglobosa, Hydromedusa tectifera and Pelusios castaneus. The
turtle psmcfa files are those of Hilgers et al. (2025). The turtles were scaled with u = 4.6 x 107, the mean
of nine trios of the painted turtle (Bergeron et al., 2023), and g = 15 years, close to the generation times that
Sozzoni et al. (2025) used for two of the species; NA12878 with u = 1.25 x 10°8 (Scally and Durbin, 2012)
and g = 29 years (Fenner, 2005). Each genome was checked with psmc-rs qc and bootstrapped with 100
replicates on 50 threads, in blocks of 50 Mb as splitfa cuts them (a sequence’s last block keeps a remainder
shorter than 1.5 blocks), which made every block of P. castaneus a whole scaffold. The turtles were also refitted
with the pattern’s first free A split into two (2+2+25*2+4+6) or four (1+1+1+1+25%2+4+6).

Performance (E3; Fig. 2, Table 2). Genomes of 1, 3, 10 and 30 chromosomes of 100 Mb were simulated
under constant size. C psmc ran on one thread and psmc-rs on 1, 8 and 30 threads, and also on 2, 4 and 16
threads on 3,000 Mb: 19 setups of five repeats, each repeat on an exclusive AMD EPYC 7702 node (four nodes
in all). Before each run the node had to be quiet, with at most one core and 10% of cores busy over 2 s; during
the run, other processes could use at most 0.5 core and 5% of cores, or the run was repeated later. Peak memory,
in MB of 229 bytes, is the larger of the program’s ru_maxrss and its process tree’s resident memory sampled
every 0.5 s. Outputs (C psmc’s . psmc, psmc-rs’s JSON) were compared byte for byte with the same program’s

output on the fewest threads in the first repeat.

Partly callable bins, bootstrap and decoding (E4-E6; Figs S2 and S3). E4 masked five bottleneck genomes
of E1’s size with uncallable runs of mean 20 kb (clustered) or 20 bp (dispersed) covering 10% or 30% of positions.
It compared psmc-rs on the VCF with its mask, with and without weighting; a consensus sequence converted
by fq2psmcfa, which gave the unweighted fit exactly; multihetsep converted from the VCF and its mask; and
the VCF without its mask, each against the fit of the same genome without missing data. E5 simulated 50
bottleneck genomes of 6x50 Mb, fitted each, and bootstrapped 10 of them with 50 replicates, with blocks of 50
and 5 Mb. E6 read E1’s first replicate of each model as psmcfa, as VCF and as multihetsep, and decoded E1’s
first bottleneck replicate with its fitted model (-—tmrca-out on 4 threads) against its true TMRCA, re-simulated

from the recorded seeds.

1000 Genomes (E7; Fig. 3). The inputs were the joint-called VCFs of the 3,202 high-coverage samples
(Byrska-Bishop et al., 2022) for chromosomes 1-22 (123,574,606 records), of which we used the 2,504 un-
related individuals; the GRCh38 strict accessibility mask (The 1000 Genomes Project Consortium, 2015a); and,
as a negative mask shared by all samples, the position of every record whose FILTER was neither PASS nor
) (11,256,876 records). Each chromosome was downloaded and checked against its published size and MD5
checksum, read in chunks of 15 Mb with bcftools 1.24 (Danecek et al., 2021) and split into one VCF per sam-

ple of its heterozygous or missing genotypes; psmc-rs convert --vcf-mode mask then wrote each sample’s

11



psmcfa. For NA18507, NA19239 and NA12878, chromosome 21 converted directly from the joint VCF gave
files byte-identical to those made through the per-sample VCFs. Every genome was fitted from its psmcfa. The
comparison subset, NA18507, NA19239, NA12878 and others drawn by seed to make two genomes per popu-
lation (52 in all), was also fitted by C psmc, and from its VCFs with the masks and --bin-callable auto.
In each population, the first genome of the subset (NA18507 in YRI, NA12878 in CEU, elsewhere the first
drawn) was also fitted with four free As in the four most recent intervals (1+1+1+1+25*2+4+6), and NA18507,
NA19239 and NA12878 were bootstrapped (100 replicates on 32 threads). Core-hours are the summed wall
times of fits that ran on one thread each; C psmc’s for the cohort are its median wall time per genome times
2,504. Population and superpopulation curves are the medians of N, across individuals, at each time of a com-
mon grid over the cohort’s window. At each time, the populations’ spread in a superpopulation is log,, of the
highest over the lowest of its population medians, and its genomes’ spread is log,, of the 90% over the 10%
quantile of its genomes. We give the largest value of the populations’ spread until the first free 4 has ended in
each of the superpopulation’s populations (at the median over the population’s genomes). After that, we give
medians over the grid times: of the populations’ spread up to 150 thousand years ago and at older times, and
of the genomes’ spread at all times. For the comparison with Genome in a Bottle, NA12878’s PASS records
with a heterozygous genotype of single-base alleles were matched by position and alleles with the heterozygous
single-nucleotide variants of HG001’s GRCh38 v4.2.1 benchmark (Wagner et al., 2022) inside both the strict
mask and the benchmark’s regions (2,109 Mb).

Software and computing. The simulations and analyses used Python 3.13.13 with msprime 1.4.4, tskit
1.0.3, stdpopsim 0.3.0, NumPy 2.5.3, SciPy 1.18.1, pandas 3.0.6 and Matplotlib 3.11.2, and htslib and bcftools
1.24. psmc-rs 0.2.0 was built with rustc 1.99.0 and the release profile, without build flags; every psmc-rs
fit on the cluster used the AVX2 and FMA kernels. To compare platforms, both programs refitted E1’s
genomes from byte-identical inputs on an Apple M1 Pro laptop (arm64, macOS): psmc-rs built from the same
source code by rustc 1.97.1, with its NEON kernels, and C psmc built by Apple clang with —01, which fuses
multiply-adds (experiment/crossplatform). C psmc was lh3/psmc 0.6.5-1r74, from sources identical to its
commit 82fa2ad, with fq2psmcfa from the same sources, built with gcc 11.4.1 and -03 -march=x86-64-v3
-ffp-contract=off, whose output was byte-identical to that of the Makefile’s -02 build; generate_
multihetsep.py came from msmc-tools (Schiffels, 2023). The fits ran on a computing cluster, on AMD
EPYC 7702 nodes of 128 cores, and the figures were drawn from the tables on an Apple M1 Pro laptop. Every
output has a provenance record of its command, settings, seeds, the checksums of its inputs and outputs, the

identities of the tools and how the job ran.

Data availability

The 1000 Genomes high-coverage VCFs are available from the International Genome Sample Resource
(https://www.internationalgenome.org), the strict accessibility mask from the 1000 Genomes Project,
and Genome in a Bottle’s HG001 v4.2.1 benchmark from NIST. The inputs of the 1000 Genomes analy-
sis, the psmcfa files of the 2,504 genomes, the comparison subset’s VCFs and the masks, are available on
Zenodo (https://doi.org/10.5281/zenodo.23764975); the manifest of their sources, commands and
checksums, every fit, bootstrap and table, and the turtle and NA12878 psmcfa files of E2 are in the repository
(experiment/runs, experiment/real_data). The turtle psmcfa files come from Hilgers et al. (2025).
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Code availability

psmc-rs is available at https://github.com/larryivan/psmc-rs under the MIT license; the release
used here, psmc-rs 0.2.0, is archived on Zenodo (https://doi.org/10.5281/zenodo.23762893). The
experiment pipeline, its configuration, the committed results of every experiment and the code that draws
every figure are in the same repository (experiment/); experiment/REPRODUCIBILITY.md describes
how to reproduce them. The numbers quoted in this article are generated from the committed results by

manuscript/make_numbers.py.
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Supplementary information

Figure S1 and Table S1 (experiment E1), Figure S2 (E4) and Figure S3 (E5). As in the main text, every result
in the legends is generated from the committed results.
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Figure S1. C psmc and psmec-rs climb the same likelihood at every EM iteration (E1). One column per simulated
model, 10 genomes each. Above: the log-likelihood gained in iteration 7, LL(i) — LL(i — 1), one line per genome and
program (C psmc wide and pale underneath, psmc-rs thin and blue on top). All 1,920 gains were positive: the log-likelihood
never decreased in either program, and in iteration 24 it still rose by 0.43 to 5.9 units. Below: psmc-rs’s log-likelihood
after iteration 7/ minus C psmc’s, one line per genome. From the same starting model (i = 0) the two agreed within the
rounding of the six decimals C psmc prints (at most 4.9 x 10~7). After that they differed by at most 0.065; in each panel and
iteration, the largest difference was at least 84 times smaller than the smallest gain. After iteration 24, psmc-rs’s was the
higher in 23 of the 40 genomes. Over all iterations, 6 and p of the two programs differed by at most a relative 3.9 x 10~#
and 3.6 x 104, C psmc prints no log-likelihood after its last iteration, so the panels end at i = 24.

Table S1. Accuracy of both programs, and their agreement, on simulated genomes (E1). For each model, 10 genomes
of 500 Mb. Window: the informative window of the true model, 1% to 99% of its pairwise coalescence times. RMSE vs
truth: each program’s RMSE of log, , N, against the true history over the window (mean + SD over the genomes). psmc-rs
vs C psmc: A, the RMSE of log, , N, between the two programs’ fits, interval by interval over the window (median over
the genomes), and the largest absolute difference |d;| in any interval of any genome (Methods).

Window (years) RMSE vs truth psmc-rs vs C psmc

Model from to C psmc psmc-rs A (median) max |d|

Constant 5,025 2,302,585 0.048 + 0.023 0.048 + 0.023 7.8x10°% 9.2x107>
Bottleneck 10,050 1,322,585 0.291 + 0.021  0.291 + 0.021  39x 107> 6.6x 107
Expansion 5,025 1,052,585 0.240 + 0.043 0240 + 0.043  3.0x 107> 4.8x 1074
Zigzag 7,141 2,167,766 0.138 +0.013  0.138 + 0.013  1.9x1075 6.6 x 107
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Figure S2. Taking partly callable bins as full biases PSMC; weighting each bin by its callable bases removes most of
the bias (E4). We read five simulated bottleneck genomes of 500 Mb without missing data, or from a VCF whose callable
mask leaves 10% or 30% of positions uncallable in dispersed (mean run 20 bp) or clustered (mean run 20 kb) runs. Blue:
psmc-rs’s default, each called bin weighted by its callable bases (-—bin-callable auto). Orange: C psmc’s input, the
bins fq2psmcfa makes from the consensus sequence, every called bin taken as full (fitted by psmc-rs with C psmc’s model;
Fig. 1). (a) One genome with the 30% dispersed mask, the one whose weighted fit has the median RMSE against its fit
without missing data, and that fit (wide grey), over the model’s informative window; the arrow is the factor by which taking
bins as full scales 8, and with it every size and time. (b) 6 relative to the fit of the same genome without missing data;
large circles, medians, joined by lines and offset sideways so that both routes show where they agree (in the clustered facet
the orange line, which would lie under the blue, is left out); small dots, replicates; numbers, the dispersed medians with
30% missing. Dispersed runs leave many called bins with only part of their bases: about half (48%) with 10% missing and
nearly all (92%) with 30%. Taken as full, they made 6 11.9% and 34.9% low, against 0.7% and 1.8% weighted. Clustered
runs empty whole bins, which both models drop. Not drawn: multihetsep input, whose bins are taken as full, made 6
31.9% low with 30% dispersed and 9.1% with 30% clustered missing data; the VCF read without its mask, 35.5% and
56.8%. Simulations: u = 2.5 x 1078 per bp per generation, g = 25 years.
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Figure S3. The bootstrap measures the sampling variation of a PSMC fit, not PSMC’s bias (ES). The fits of 50 inde-
pendent bottleneck genomes of 6x50 Mb give the true sampling distribution of the estimate; 10 of them were bootstrapped
(50 replicates) in 60 blocks of 5 Mb (blue) or 6 of 50 Mb (light blue); 60 blocks is about what the default 50 Mb blocks
give a 3 Gb genome. (a) One bootstrapped genome (60 blocks): its fit and bootstrap 95% band, the truth (dashed) and, in
grey, the 95% range of the independent fits, over the model’s informative window. (b) Bootstrap SD of log,, N, (median
over the bootstrapped genomes) against the true SD, the SD over the independent fits, one dot per distinct pair of values
over the window’s times; grey line, identity; grey band, where a bootstrap SD equal to the true SD would fall, given the y?
95% interval of an SD estimated from 50 fits; numbers, each block count’s median ratio of the two SDs. (c) At each time,
the share of the 10 bootstrapped genomes whose band (60 blocks) holds the fits’ mean, their geometric mean (blue), or the
truth (dashed). (d) The share of the window’s times at which each genome’s band holds the fits’ mean or the truth; dots,
genomes; bars, means. Grey lines in ¢ and d, the nominal 95%. The bands are nearly as wide as the fits’ spread (bootstrap
SD 0.93 and 0.84 times the true one, median over the window) but centred on a biased fit: PSMC smooths sudden changes
in size, and the fits’ median absolute bias, 0.061 in log, , N,, was about twice their median SD, 0.028, so about as large as
the half-width of a 95% band. One demographic model was studied. Simulations: pu = 2.5 x 10~8 per bp per generation,
g = 25 years.
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