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Abstract

Bayesian methods are now widely used in reconstructing both species and cell-lineage phylogenies,
but they remain heavily reliant on computationally intensive Markov chain Monte Carlo sampling. Phy-
logenetic variational inference (VI) circumvents this dependency but so far has been limited in speed
and scalability. Here we introduce Variational Inference with Node Embeddings (VINE), a computa-
tional method that combines an embedding of taxa in a high-dimensional space and a distance-based
“decoder” with several algorithmic innovations to dramatically improve phylogenetic VI. VINE supports
both standard DNA substitution models and CRISPR barcode-mutation models for inference of cell-
lineage trees and tissue-migration histories. In extensive simulation experiments, we show that VINE is
comparable in accuracy to the best available Bayesian methods with speeds orders of magnitude faster.
We then apply VINE to ∼1,000 complete SARS-CoV-2 genomes and ∼900 lung-cancer cell barcodes,
showing reductions in compute time from days to hours or minutes.

Introduction

Phylogenetic trees are now ubiquitous across the life sciences, with applications ranging from large-scale
comparative and population genomics [1,2] to charting and combating the spread of infectious diseases [3].
A particularly exciting new frontier for phylogenetics is the reconstruction of cell-lineage trees from CRISPR-
based lineage-tracing data [4–7], which can shed important light on tumor evolution [8, 9], developmental
biology [10–12], and neurobiology [13, 14]. Datasets for species and cell-lineage trees alike are rapidly
growing in size and now often include thousands of taxa, leading to steadily increasing demand for fast and
accurate phylogenetic methods.

For many applications, Bayesian inference has become the preferred approach for phylogenetic recon-
struction. Bayesian methods naturally quantify the uncertainty about the phylogenetic tree given the data,
by inferring a full posterior distribution for the tree topology, the branch lengths, and the parameters gov-
erning the substitution process. Since their introduction in the mid 1990s [15–17], these methods have
steadily improved, and mature implementations such as MrBayes [18, 19], BEAST/BEAST 2 [20–22],
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and RevBayes [23] are now extraordinarily widely used. Bayesian approaches are particularly valuable
in CRISPR-based lineage tracing, where current datasets often contain limited phylogenetic information,
leading to considerable uncertainty in tree reconstruction [12, 24–27].

Despite many recent advances [28], however, Bayesian phylogeny inference methods still lag consid-
erably behind the leading maximum-likelihood tools [29–31] in speed and scalability. They are primarily
limited by a reliance on Markov chain Monte Carlo (MCMC) sampling, which explores the full space of tree
topologies through a series of discrete rearrangement operations, and inevitably stalls as the number of taxa
becomes large. In addition, MCMC-based methods often require tuning of proposal distributions and careful
monitoring of convergence, sometimes making them challenging to use for non-experts. Bayesian methods
for cell-lineage reconstruction also depend on MCMC [24–27] and therefore face the same bottleneck.

Recognizing the limitations of MCMC, investigators have recently explored a variety of alternative
methods for characterizing phylogenetic posterior distributions. Most of these efforts have made use of
some form of variational inference (VI), which has been widely employed for approximate inference in
other fields [32, 33]. The core idea of VI is, instead of sampling from a high-dimensional posterior distri-
bution, to compel a flexible alternative distribution to approximate the true posterior by minimizing the
divergence between distributions (reviewed in [34]). In phylogenetics, the first method of this kind—
Variational Bayesian Phylogenetic Inference (VBPI)—was proposed seven years ago by Zhang and Mat-
sen [35] (see also [36, 37]) and subsequently extended to make use of normalizing flows and graph neural
networks [38–41], among other features. VBPI has now been followed by several other phylogenetic VI
methods including VaiPhy [42], VBPI-Mixtures [43], GeoPhy [44], and Dodonaphy [45] (see also [46–48]).
In general, however, research in this area is still at the exploratory stage, and the available methods have yet
to achieve the scalability and accuracy needed for applied phylogenetics. To our knowledge, VI has yet to
be used in any published phylogenetic analysis beyond benchmarking for methods development.

In this article, we revisit the problem of VI for phylogenetics, with an eye toward applications to both
DNA alignments and CRISPR-based lineage-tracing data. We begin with a recently proposed idea [44,45] to
embed taxa in a continuous space, decode phylogenies by standard distance-based reconstruction methods,
and optimize model parameters by stochastic gradient ascent (SGA). We redesign this method from the
ground up, introducing numerous simplifications, extensions, and algorithmic innovations that both improve
its accuracy and boost its speed by several orders of magnitude. Our methods are implemented in a freely
available computer program, called VINE (Variational Inference with Node Embeddings), that supports a
variety of nucleotide substitution models, a recently developed model for CRISPR-barcode editing, and an
extension to tissue migration-graph inference, among other features. We show that VINE is competitive in
accuracy with the best available Bayesian phylogenetic methods for both species and cell-lineage phylogeny
inference, but it is considerably faster. For the first time, we demonstrate that variational phylogenetic
inference can out-perform mature MCMC-based implementations such as BEAST 2 and MrBayes, enabling
Bayesian phylogenetic inference for datasets beyond the reach of current methods.

2

.CC-BY-NC-ND 4.0 International licenseavailable under a
(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 

The copyright holder for this preprintthis version posted March 23, 2026. ; https://doi.org/10.64898/2025.12.24.696405doi: bioRxiv preprint 

https://doi.org/10.64898/2025.12.24.696405
http://creativecommons.org/licenses/by-nc-nd/4.0/


Results

Variational inference using continuous embeddings

The central problem in phylogenic VI is to approximate the Bayesian posterior distribution of phylogenetic
trees given a set of observed genotypes X using a flexible variational distribution q(τ,b;θ), where τ de-
notes the topology of a phylogenetic tree, b is a corresponding vector of branch lengths, and θ denotes the
free parameters of the variational distribution. Our particular starting point is a method recently introduced
by Mimori and Hamada [44] (see also [45]) that has three essential components. First, the tips of the tree
(corresponding to the observed data) are represented by an embedding x in a d-dimensional continuous
space, with an induced matrix of pairwise distances D. A simple, flexible multivariate Gaussian sampling
distribution, q(x) = MVN(x;µ,Σ), is assumed for the embedded taxa. Second, classical distance-based
methods for tree reconstruction, such as the neighbor-joining method [49], are leveraged to convert the
distance matrix D to a tree with branch lengths (τ,b). In this way, sampled embeddings x can be deter-
ministically converted to fully defined phylogenies, permitting calculation of the likelihood of the data by
standard methods. Third, the free parameters (µ,Σ) of the variational distribution q are optimized by min-
imizing the Kullback-Leibler (KL) divergence from the true posterior by stochastic gradient ascent (SGA).
As the authors noted, the resulting model can be thought of as a variational autoencoder [50, 51], where the
decoder takes the form of the deterministic mapping from embedded taxa to trees.

Despite several appealing properties of this general modeling strategy, initial implementations have not
been competitive with well-established MCMC-based methods for Bayesian phylogenetics. We therefore
sought to devise new algorithms that would substantially improve performance while maintaining the core
ideas of a continuous embedding and distance-based phylogeny decoder. Briefly, our new computational
method, VINE, encodes tree topologies and branch lengths together, in one unified continuous embedding,
rather than separately; operates in substantially higher-dimensional spaces (d = 5 or higher) than previous
methods (typically d = 2 or d = 3); makes use of a new algorithm for efficient backpropagation of gradi-
ents through distance-based phylogeny reconstruction algorithms; and permits calculation of the objective
function for VI using a fast Taylor approximation instead of the original Monte Carlo approach (Fig. 1;
full details in Methods). We also introduce optional normalizing flows to accommodate nonlinearities in
the approximate posterior distribution as well as richer parameterizations of the variational covariance ma-
trix. With these innovations, we obtain large improvements in efficiency without compromising accuracy
in Bayesian phylogenetic inference, allowing applications to datasets with 1,000 taxa or more. Finally, we
extend VINE to support not only a variety of richly parameterized DNA substitution models but also mu-
tation models for CRISPR-based barcode editing, making it the first phylogenetic VI method to apply to
both species and cell-lineage phylogeny reconstruction problems. As we will show, an additional extension
allows VINE to be used for inference of tissue-migration graphs based on CRISPR-barcode data (see [27]).
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VINE is comparable to MCMC in model fit and offers substantially improved speed

We first evaluated VINE’s performance against simulated DNA sequence data, where the true evolutionary
history is known and model misspecification can be controlled. We simulated phylogenies under a birth-
death model, followed by subsampling and rescaling, to achieve branching patterns and overall tree scales
roughly similar to those of real phylogenies for mammals, and then simulated DNA alignments by allowing
nucleotides to evolve along these trees under the HKY substitution model [52] (see Methods). We gener-
erated trees for n = 10 to n = 1000 taxa, with ten replicates each, and we produced both short alignments
of L = 300 bp and longer ones of L = 10, 000 bp, with the shorter alignments designed to permit faster
phylogenetic reconstruction but with more statistical uncertainty.

In our benchmarking experiments, we compared VINE to three recently developed VI methods—Vai-
Phy [42], GeoPhy [44] and Dodonaphy [45]—as well as to two of the leading MCMC-based Bayesian phy-
logenetic inference packages, MrBayes [19] and BEAST 2 [21, 22]. Notably, GeoPhy and Dodonaphy are
the two previous methods to use a similar embedding scheme to the one we adopted, although unlike VINE,
both rely heavily on hyperbolic geometries (see Discussion). We also tried to include VBPI-GNN [39] in
our experiments but found that it was not sufficiently fast for practical consideration. Because the previ-
ously published VI methods all assume the simple Jukes-Cantor (JC) substitution model [53], we started
by assuming that model for inference with all methods. As a baseline, we also reconstructed trees using a
straightforward neighbor-joining implementation with no further optimization.

Across all simulated datasets, we found that VINE was able to obtain reconstructed phylogenetic models
that fit the data well. As would be expected for a likelihood-based method, its maximized log likelihoods
were reliably higher than the log likelihoods of the true (generating) models at all dataset sizes (Fig. 2A).
Inspection of individual trees showed that the reconstructions were generally close to the ground truth, with
occasional errors that tended to correspond to difficult-to-resolve features of trees (Fig. 2C&D). VINE’s
performance by these measures was very close to that of MrBayes and BEAST 2 (Fig. 2A). The previous
VI methods had slightly lower log likelihoods, with GeoPhy and VaiPhy obtaining values close to those of
the true models, and Dodonaphy showing somewhat poorer performance (Fig. 2A).

Because the main goal of VI is speed, we also kept track of the CPU time required for each experi-
ment. Comparisons of running times are complicated, however, by questions of how long to sample with
MCMC-based methods as well as differences in multithreading schemes and GPU utilization. To keep our
comparisons as straightforward as possible, we ran all methods using a single CPU core and we used mea-
sures based on split chains and effective sample sizes to calibrate the number of MCMC iterations in a
dataset-dependent manner (see Methods). Nevertheless, we found quite stark differences in running times
across methods. The previous VI methods, in particular, were highly compute-intensive, requiring from
many minutes to several hours for even small alignments. The fastest of these methods, VaiPhy, took more
than five minutes per replicate for our smallest (10-taxon, 300-site) simulated alignments, and seventeen
minutes per replicate for similar alignments with 20-taxa. By contrast, in all cases with n ≤ 20 taxa and 300
sites, VINE obtained good-quality phylogenies in less than two seconds per replicate, showing speedups of
roughly 500-fold relative to VaiPhy and as much as ∼20,000-fold relative to Dodonaphy.
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The MCMC-based methods were much faster than the experimental VI methods but not as fast as VINE.
MrBayes required between about 20 seconds per replicate for the 10-taxon trees and 27 seconds per replicate
for the 20-taxon trees. In these experiments, BEAST 2 was slower than MrBayes by about an order of
magnitude, largely owing to slower convergence by our criteria (see Methods). Even relative to MrBayes,
however, VINE was able to obtain comparable reconstructions with speeds 15–30 times greater. Because
running times began to reach many hours per replicate for some of the VI methods, we did not extend these
experiments beyond 20 taxa.

To consider datasets of more realistic size, we ran VINE and the two MCMC-based methods on the
simulated alignments with up to 1000 taxa. In this case, we assumed the more realistic HKY model for in-
ference, and we evaluated the quality of all reconstructed phylogenies by both likelihood-based measures of
model fit and measures of discordance from the true (simulated) trees. We found, again, that the maximized
log likelihoods were similar across methods and generally better than those of the true model (Fig. 2E,
Supplementary Fig. S1A). To control for overfitting in model estimation, we also evaluated the average log
likelihoods of sampled trees on held-out sequence alignments generated by the same models, and found—
again as expected—that both VINE and the MCMC-based methods performed only slightly worse than the
true models, with deviations of ∼1% (Fig. 2F, Supplementary Fig. S1B). By the Robinson-Foulds measure
of topological discordance [54], VINE and the MCMC-based methods also performed fairly similarly, al-
though VINE did show some increased discordance from the true trees at larger values of n (Supplementary
Fig. S2). This difference appears to be a consequence of its reduced posterior variance, as discussed further
below; VINE tends to converge on a small set of tree topologies and therefore is less effective at “hedging
its bets” relative to the truth in measures of topological discordance.

The trend with running times remained similar to what we observed with smaller alignments, with
VINE showing speedups of about 30–80 times relative to MrBayes, which, in turn, improved on BEAST 2
by about another 3–8 times (Fig. 2G, Supplementary Fig. S3). VINE was again able to obtain trees for
10 taxa in less than a second per replicate, on average, increasing to about 7 seconds for 50 taxa and 19
seconds for 100 taxa. It required about 15 minutes per replicate for 500 taxa and 70 minutes for 1000
taxa. By comparison, MrBayes exhibited running times of 20 seconds for 10 taxa up to 9.6 hours for
1000 taxa (Fig. 2G). With longer alignments, interestingly, the difference between MrBayes and BEAST 2
was less pronounced, but VINE still clearly improved on both of them (Supplementary Fig. S3). Overall,
these experiments demonstrate that VINE is the first variational phylogenetic inference method to offer both
comparable model-fitting performance to MCMC-based methods and significant improvements in speed
(see Discussion).

Performance improves with the dimensionality of the embedding space

We noticed that model fit seemed to be quite sensitive to the dimensionality d of the embedding space, more
than to the use of a hyperbolic geometry rather than a Euclidean one. We therefore carried out a series of
experiments where we evaluated the impact of the dimensionality d on both goodness of fit and running
time, again using simulated data. We focused on datasets with n = 25 and n = 50 taxa and considered
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values of d between 2 and 8 under both the Euclidean and hyperbolic embedding schemes.

We found, under the Euclidean embedding, that the maximized log likelihood was poor with d = 2 and
d = 3 (e.g., ∼200 units lower than the value reported by BEAST for n = 25 and ∼800 units lower for
n = 50 taxa; see Fig. 3A, Supplementary Fig. S4). As d increased, however, the log likelihood rapidly
improved from d = 2 to d = 3, tapering off at about d = 4. We expected that this improvement in model
fit would come with a time penalty, since the number of free parameters in the model is roughly equal to nd

(see Methods). Interestingly, however, we found that the running time slightly decreased with d rather than
increasing, owing to more efficient convergence of the optimization algorithm. For example, with n = 25

taxa, the average time to convergence decreased from about 1.7 seconds for d = 2 to about 1.2 seconds at
d = 4 and then reached a minimum of 1.0 seconds by d = 6. Similarly, with n = 50 taxa, the time to
convergence was cut nearly in half from d = 2 to d = 6.

Under the hyperbolic embedding scheme, the log likelihood was similarly sensitive to the embedding
dimension, but the running time behaved in a less predictable manner (Supplementary Fig. S4). In addi-
tion, the running time was generally greater, and with higher variance across replicates, owing to delays in
convergence of the optimizer.

Overall we found that, once SGA is suitably tuned (see Methods), it is capable of optimizing hundreds
of parameters in a highly efficient manner, and there seems to be little cost, and substantial benefit, to
operating at values of d = 8 or higher. At the same time, we found no reason to prefer the more complex
hyperbolic geometry over a simple Euclidean scheme for embedding. At least in our hands, any advantages
in flexibility from the hyperbolic geometry are offset by difficulties in fitting the model (see Discussion).

Capturing the full posterior variance remains challenging

We observed in our experiments with simulated data that, while VINE achieved high likelihoods, the variance
of its approximate posterior distributions tended to collapse during optimization. For example, under our
initial version of the model (CONST), which assumed a simple diagonal covariance structure with a single
free parameter (with Σ = eηI), the η parameter was driven toward strongly negative values and approached
the floor we had set for it (such that eη = 1× 10−3; see Supplementary Fig. S5).

We therefore experimented with various alternative parameterizations of the covariance matrix, with the
goal of capturing more of the structure of the true posterior. We introduced a fully parameterized diago-
nal covariance matrix (DIAG), a covariance matrix proportional to a double-centered version of the initial
distance matrix (DIST), and a general low-rank parameterization of the covariance matrix (LOWR) (see
Methods for details). We found even under these richer parameterizations, however, that the covariance still
tended to collapse. This behavior is known to occur in VI when the approximate posterior distribution has
insufficient flexibility to capture the structure of the true posterior (see Discussion).

To counter this problem, we introduced two additional extensions to our model. First, we regularized
the variance in a manner dependent on the choice of parameterization. For example, in the CONST and
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DIST parameterizations, we applied an ℓ2 penalty to the free parameter η, pushing it toward zero (see
Supplementary Fig. S5); and in the DIAG parameterization, we applied a similar ℓ2 penalty to all free
log-variance terms (see Methods). Second, as outlined above, we introduced optional normalizing flows
to accommodate nonlinearities between the MVN-distributed points x and the embedding y = fNF(x)

from which the distance matrix D is computed. We allowed for two types of normalizing flows: a radial
flow, which allows for radial contraction or expansion of points around a designated center (itself a free
parameter estimated from the data); and a planar flow, which moves points based on their location relative
to a hyperplane that is estimated from the data (see Methods for complete details). Together with our
four parameterizations, these two strategies gave us a variety of means for tuning the representation of the
approximate posterior to better reflect the true distribution.

We evaluated the effectiveness of these strategies by carrying out experiments with simulated DNA
alignments of various sizes, across a grid of combinations of our four parameterizations, strengths of reg-
ularization penalties, the two normalizing flows, and with the Euclidean vs. the hyperbolic geometries. In
each case, we allowed VINE and BEAST 2 to estimate approximate posterior distributions from the same
ten simulated alignments, and we considered not only the quality of the model fit, but also the variance of
the posterior. In assessing these posterior distributions, we focused on two measures: (1) the fraction of
95% credible intervals (CIs) for all

(
n
2

)
pairwise distances between taxa along the reconstructed trees that

contained the true value used in simulation; and (2) the topological entropy of the posterior distribution,
defined as the Shannon entropy of the distinct tree topologies sampled (see Methods).

We found, indeed, that the posterior variance was poorly characterized with our simplest models (CONST
parameterization, no regularization, no normalizing flows, and Euclidean geometry). In this case, while the
likelihoods were excellent (as shown in Fig. 2), the 95% CIs were quite narrow and fewer than 20% of true
values were contained within them (Fig. 3B). By contrast, BEAST 2 performed exceptionally well by this
measure, with 92–97% inclusion of true values across all values of n. Accordingly, the topological entropy
was considerably lower (sometimes by 50% or more) under VINE’s approximate posterior distribution than
under the MCMC-based distribution from BEAM 2 (Fig. 3C). The extensions of our baseline model did
substantially improve VINE’s ability to capture the posterior variance by both measures. The best model
used the DIST parameterization, a moderate variance regularization, both normalizing flows, and the Eu-
clidean geometry. In this case, the 95% CI inclusion reached about 35–55% and the topological entropy was
on the order of that observed with BEAST 2, although in some cases it appeared to be somewhat too high
(Fig. 3B&C). Thus, it appears to be possible to adapt our VI methods to capture more of the true posterior
variance but even our best models still fall short of MCMC-based methods in this respect (see Discussion).

VINE shows top performance in cell-lineage phylogeny inference

As noted, a major area of interest in phylogeny inference today is the reconstruction of cell lineage trees from
CRISPR-based barcoding data. This problem is closely related to standard phylogeny inference, but certain
unusual features of the CRISPR-based editing process—which tends to produce insertions and deletions
(indels) rather than point mutations, and which can be “silenced” in a site-specific manner if target sites
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are disrupted—have led to the development of customized mutation models [24, 31, 55–57]. It has been
shown that incorporation of these models into likelihood-based phylogenetic inference methods can lead to
substantial improvements in reconstructed trees [31].

We therefore extended VINE to support the mutation model recently used in the LAML (Lineage Analy-
sis via Maximum Likelihood) program [31] (see also [24])—a continuous-time Markov model that captures
the irreversibility of CRISPR-mediated indels, site-specific mutation rates, barcode silencing, and miss-
ing data (available via the -i CRISPR option in VINE; see Methods). We ensured that VINE produces
time-resolved ultrametric trees (with all tips equidistant from the root) similar to those inferred by LAML,
by using the UPGMA (Unweighted Pair Group Method with Arithmetic Mean) algorithm [58] in place of
neighbor-joining in CRISPR mode (see Methods). We then benchmarked VINE against LAML on simu-
lated CRISPR barcode mutation matrices. We also evaluated our recently developed MCMC-based method
BEAM (Bayesian Evolutionary Analysis of Metastasis), which is primarily designed for inference of tissue
migration graphs in metastasis but can also be used for cell lineage-tree reconstruction [27]. Several other
tree-reconstruction programs are available for this problem, including Cassiopeia [55], TiDeTree [24], and
Startle [59], but LAML and BEAM appear to be the best-performing methods at present [27, 31], so we
focused on them for our comparisons.

As with our DNA alignments, we began by simulating trees and CRISPR barcode mutation matrices, tak-
ing advantage of the barcode-editing simulation tools in the Cassiopeia package and approximately matching
mutation patterns observed in real data (see Methods). We assumed a barcode cassette with ten arrays of
three target sites for a total of 30 editing sites per cell, and we generated 10 simulation replicates for trees
with 10, 25, 50, 100, 250, 500, and 1000 taxa. We then applied VINE, LAML, and BEAM to each simulated
alignment and recorded measures of model fit and tree discordance. Before comparing the reported likeli-
hoods, we verified that the three programs returned exactly the same values (up to numerical precision) for
the same mutation matrices and trees.

We found that VINE was able to obtain trees of similar log likelihood to those reported by LAML and
BEAM across all simulated datasets (Fig. 4A and Supplementary Fig. S6). The maximized log likelihoods
differed by less than 1% on average at small n and were nearly identical (within ∼0.1%) at n = 1000. These
average differences were small relative to the standard deviation across replicates and were not statistically
significant. The topological distances of the inferred trees from the true ones were also similar under all
three methods, although, as noted for the DNA simulations, VINE did show slightly elevated Robinson-
Foulds distances at large n, possibly owing to its reduced posterior variance (Supplementary Fig. S7).

As with the DNA models, VINE was able to achieve these high levels of accuracy at considerably greater
speed than the other methods (Fig. 4B). Running times per replicate ranged from a fraction of a second for
n = 10 to about 14 minutes for n = 1000. VINE was roughly 50–100 times faster than LAML for n ≤ 250

taxa (Fig. 4C). As the number of taxa increased, this speed advantage declined somewhat but VINE was still
more than 35 times faster than LAML for n ≥ 500. Interestingly, the MCMC-based BEAM method was
also considerably faster than LAML in these benchmarks, particularly for smaller numbers of taxa (e.g., by
15x for n = 25 and 9x for n = 50). Nevertheless, VINE still improved on BEAM by roughly an order
of magnitude or more across benchmarks. Notably, the other likelihood-based methods available for this
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problem, such as TiDeTree [24], are considerably slower than LAML, so to our knowledge, VINE is now
the fastest such method available. Overall, VINE is able to fit CRISPR barcoding data at least as well as
competing methods, at considerably greater speed, and (like BEAM) it does so by approximating a full
posterior distribution rather than a single point estimate—a feature that can be particularly important in cell-
lineage reconstruction, where there is often a great deal of uncertainty in tree inference (see Discussion).

Applications to real DNA data

To demonstrate the applicability of VINE to real DNA data, we first applied it to a collection of eight align-
ments originally assembled by Lakner et al. [60], which contain various types of nucleic-acid sequence data
(DNA, rRNA, rDNA, and mtDNA) for between 27 and 59 taxa (median 42) and range in length from 378
to 2520 (median 1736) sites (Supplementary Table S1). These alignments are typical of modest-sized
datasets frequently analyzed in applied phylogenetics and have been widely used in recent benchmarking
studies (e.g., [44, 45, 61]). We again compared VINE with BEAST 2 and MrBayes using the HKY sub-
stitution model, omitting the other VI methods owing to their long running times. As expected from our
simulation experiments, all methods were comparable in model fit, with VINE achieving maximized log
likelihoods within 0.4% of those of BEAST 2 and MrBayes on average (Supplementary Fig. S8A). On vi-
sual inspection, the reconstructed trees were generally similar under all reconstruction methods, with some
minor differences at difficult-to-resolve branchings (Supplementary Fig. S9). As with the simulated data,
however, the running times for VINE were substantially reduced, by average factors of 5.5 relative to Mr-
Bayes and 10.3 relative to BEAST 2 (Supplementary Fig. S8B). Running times for VINE ranged from 8–60
seconds, in comparison to 1–4 minutes for MrBayes and 2–7 minutes for BEAST 2.

We then examined a larger data set more representative of modern applications in Bayesian phylogenet-
ics. Inspired by recent widespread interest in the use of phylogenetic methods to study the SARS-CoV-2
pandemic [3], we obtained the latest SARS-CoV-2 whole genome sequences from Nextstrain [62], consist-
ing of ∼74,000 genomes after data-quality filtering, and extracted two subsets by stratified random sampling:
a large subset of 1060 genomes and a smaller subset of 364 genomes, each comprising ∼30k nucleotide sites
(see Methods). We first ran VINE and BEAST 2 on the 364-taxon subset using the general time reversible
(GTR) DNA substitution model and the discrete gamma model for rate variation among sites. The two meth-
ods produced broadly similar trees (Fig. 5A) in which SARS-CoV-2 genomes clearly grouped by collection
time, reflecting their evolution as the pandemic progressed. These two trees exhibited highly correlated
pairwise distances (Fig. 5B) and only minor differences in overall branching patterns (Fig. 5C). Notably,
however, BEAST 2 required over 22 hours for this data set, whereas VINE finished in about 30 minutes
(in this case, both programs were permitted eight threads on our server). We did observe somewhat higher
posterior variance from BEAST 2 than from VINE (Fig. 5A), consistent with our findings from simulated
data.

Next we applied both methods to the larger 1030-taxon data set. VINE was able to complete this analysis
in about five hours, producing a tree with a similar overall structure to the smaller one but with about three
times as many tips (Fig. 5D). We inspected the high-dimensional embedding learned by VINE and found,
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interestingly, that the overall correlation structure of these SARS-CoV-2 genomes was directly apparent from
its first two principal components (Fig. 5E). By contrast, BEAST 2 struggled to converge on this larger data
set, and we terminated the run after about three days of processing. Overall, this example demonstrates that
VINE is capable of carrying out state-of-the-art Bayesian phylogenetic analyses of large modern datasets,
with similar results to MCMC-based methods but with considerably better scaling properties.

Applications to real CRISPR data

To demonstrate applicability to real data for cell-lineage tree reconstruction, we focused on a dataset based
on a lung-cancer xenograft mouse model that contains 83 clonal populations (CPs) ranging in size from
>11,000 to ∼30 cells [63]. Larger datasets now exist, but this one includes particularly rich mutational data
for a broad range of CPs and it has been widely analyzed. For our purposes, we excluded CPs 1–3, which
are prohibitively large (>5000 cells), leaving 80 CPs that ranged in size (after removing duplicates) from 26
to 899 cells (median 63 cells). As above, we compared VINE with LAML on these data, assuming a uniform
prior distribution for mutation rates and allowing for a free silencing-rate parameter (see Methods).

On this dataset, VINE obtained somewhat higher log likelihood values than LAML on average (by
21.2%), with some variability across clonal populations (Supplementary Fig. S10A). As with the simulated
data, VINE and LAML behaved similarly for the smaller trees but VINE often significantly outperformed
LAML on the larger ones. Nevertheless, VINE was faster than LAML by orders of magnitude, with an
average speed-up of 406-fold (Supplementary Fig. S10B). The average running time for these CPs was
under two minutes for VINE in comparison to 12.7 hours for LAML. The largest clone took over five days
with LAML and only 28 minutes with VINE.

Beyond inference of cell-lineage trees, phylogenetic methods have recently been adapted to reconstruct
the spread of cancer cells across tissues [64–67] to reveal the rates, routes, and molecular changes associated
with metastasis [63,68–70]. Our recent method BEAM [27] is the first to simultaneously reconstruct both a
cell-lineage phylogeny and a tissue-migration graph in a fully Bayesian manner. BEAM models the barcode
mutation and tissue migration processes using conditionally independent continuous-time Markov chains,
and samples from the joint posterior distribution of lineage trees and tissue labels. The method shows ex-
cellent performance in migration-graph reconstruction but requires MCMC for inference (using BEAST 2),
and is limited in scalability to a few hundred cells. To address these limits in scalability, we extended VINE

to accept tissue labels for cells and support BEAM’s tissue-migration model during inference. This exten-
sion required only changes to the likelihood and gradient calculations, as well as support for estimation of
migration rates as nuisance parameters in SGA (see Methods).

To validate this approach, we benchmarked VINE in migration mode against BEAM, Metient [66], and
MACH2 [67], using our recently described simulation framework [27]. We found, indeed, that VINE’s
migration model produced reconstructions of simulated migration graphs more accurate than those from
Metient and MACH2, and nearly as accurate as those from BEAM (Fig. 6A, Supplementary Fig. S11A),
but with speeds orders of magnitude faster (Fig. 6B, Supplementary Fig. S11B). The decrease in accuracy
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relative to BEAM appears to be at least partly driven by over-fitting of migration rates, which might be
improved by regularization (see Discussion).

We then applied VINE in migration mode to the lung-cancer xenograft data from ref. [63], and found
that it was able to reconstruct tissue-labeled trees similar to those from BEAM and generally better than
those from other methods. Like BEAM, VINE tends to produce cell-lineage trees that group together cells
having the same tissue label, resulting in more parsimonious migration histories than Cassiopeia-Greedy
[55] or LAML [31], which do not have access to tissue labels (Fig. 6C). These improvements are evident
in the numbers of both mutations and migrations required to explain the observed data, as well as the tissue
homogeneity index, a measure of clustering by tissue label (Fig. 6C, Supplementary Figs. S12&S13; see
Methods). Interestingly, in comparison to BEAM, VINE sometimes appears to trade additional mutations
for fewer migrations, possibly owing to its more aggressive optimization of migration rates. Nevertheless,
most differences between VINE and BEAM trees appear in the detailed branching patterns within single-
tissue clades, for which the signal in the data is weak.

The improved efficiency of VINE allowed us to analyze some of the largest CPs from ref. [63], including
ones prohibitively large for BEAM or LAML. For example, VINE took only about 25 minutes to produce a
tissue-labeled tree and migration graph for CP 4, which comprises 904 distinct barcode/tissue combinations
(Fig. 6D&E), whereas the LAML tree inference step alone for this CP (not including migration inference)
required several days. For comparison with VINE, we followed ref. [66] in building a cell-lineage tree for
this clone using the heuristic Cassiopeia-Greedy method, and then reconstructing migration graphs using
MACH2 and Metient (which took 44 min and ∼9 hrs, respectively, with multithreading). We found that
VINE obtained considerably simpler tissue-migration graphs than the other methods, requiring ∼40% fewer
migrations to explain the observed data (Fig. 6E–G, Supplementary Fig. S14). The number of inferred
migrations from mediastinum 1 (M1) to mediastinum 2 (M2) was particularly diminished. In other respects,
the tissue-migration graphs were broadly similar. Together, these analyses indicate that VINE’s variational
strategy for migration inference maintains many of the strengths of the fully Bayesian BEAM method,
including the ability to characterize the joint posterior distribution of lineage trees and migration graphs, but
with considerably improved scalability.

Discussion

Bayesian methods are now widely used in phylogenetic inference, but as datasets steadily grow in size and
complexity, the computational cost of MCMC sampling becomes increasingly burdensome. In this article,
we have introduced a new computational method, called VINE, that demonstrates for the first time that vari-
ational phylogenetic inference can be competitive with state-of-the-art MCMC methods in terms of model
fit while offering substantially shorter running times. In addition to several common DNA substitution mod-
els, VINE also supports inference of cell-lineage phylogenies based on CRISPR barcode-editing mutation
matrices. On this task, VINE fits the data as well as the recently published LAML [31] and BEAM [27]
methods, but is significantly faster across a broad range of simulated and real datasets.
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We additionally extended VINE to implement the tissue-migration model in BEAM and found, again,
that it offered similar performance at much greater speeds. We did observe some reduction in accuracy
on this problem in comparison to BEAM, which might be related VINE’s heuristic approach of estimating
migration rates as nuisance variables, rather than treating them in a fully Bayesian manner. (Many of these
rates were driven to zero in VINE.) We plan to experiment with regularization strategies to improve this
behavior. Nevertheless, the generally strong performance of VINE on this task suggests that it might be worth
extending the model to address other inference tasks associated with phylogeny inference. One possibility
would be to replace our model of discrete tissue labels with a more general model for latent cell states
(e.g., [71]). Other possibilities are to adapt VINE to address the problems of phylogeographic reconstruction
of the movements of ancestral species [72] or ancestral recombination graph (ARG) inference [2].

Development of VI for Bayesian phylogenetic inference has been an active area of recent methodological
development in phylogenetics, with numerous innovative new programs appearing over the last few years
[35, 38–45]. In our design of VINE, we drew heavily from this emerging literature, focusing in particular
on the use of a continous embedding of taxa, distance-based phylogenetic reconstruction, and stochastic
gradient ascent for optimization of the evidence lower bound (ELBO) [44, 45]. This approach has several
important advantages over earlier attempts at phylogenetic VI, by avoiding the need to enumerate discrete
topological features [35] and aligning naturally with powerful tools for stochastic optimization. It effectively
leverages the long history of distance-based methods for phylogenetic reconstruction (e.g., [49, 58]), but
marries them with classical likelihood-based strategies within the framework of variational inference. In
our experiments, however, we found that previously published phylogenetic VI methods are not yet viable
alternatives to MCMC for applied phylogenetics, and typically require orders of magnitude longer run times
on datasets of even modest size. By introducing several new algorithmic innovations and optimizing our
code, we were able to improve speeds by factors of hundreds to thousands, making it practical for the first
time to use VI in large-scale phylogenetics.

One key difference of VINE from similar VI programs such as GeoPhy [44] and Dodonaphy [45] is that,
by default, it makes use of a higher dimensional embedding space, typically with d ≥ 5 rather than d = 2

or d = 3. To our surprise, we found that stochastic optimization was more, rather than less, effective at
these higher dimensions, despite the larger number of free parameters. In this way, our approach is less
like conventional phylogenetics and more like modern strategies for training deep neural networks, where
investigators typically rely on the remarkable effectivess of SGA to optimize models that are intentionally
overparameterized. Notably, however, the use of a hyperbolic embedding geometry offered no advantage in
our hands, even after considerable effort in tuning the dimensionality, curvature, and scale of the space—
despite the potential value of non-Euclidean embeddings in phylogenetics [44, 45, 48, 61].

Another key innovation in VINE is its strategy for differentiation through the neighbor-joining or UP-
GMA algorithms. Because gradients are approximate anyway in the setting of SGA, we chose not to work
with formally differentiable relaxations of these algorithms (see [45]) and instead derived our own recursive
procedure for propagating derivatives through the standard algorithms conditional on a choice of nearest
neighbors (see Methods). Notably, once the neighbors are fixed, both algorithms can be shown to perform
linear transformations on a vector of pairwise distances. This strategy allowed us to keep the procedures
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for backpropagation lightweight and simple, and avoid the heavy computational machinery of automatic
differentiation. Our approach effectively factors out the tree topology from gradient calculations, but as we
show, the fundamental stochasticity of the optimization algorithm is nonetheless sufficient to ensure that the
space of topologies is explored.

In our benchmarking experiments for DNA alignments, we compared the running times of VINE with
those of two of the most widely used packages for MCMC-based Bayesian phylogenetics, BEAST 2 and
MrBayes. There are many challenges in ensuring that such a comparison is fair, however, including the
perennial issue of how to assess convergence of the Markov chain (e.g., [73]), as well as more technical
concerns such as whether or not to run multiple coupled chains, how to tune proposal distributions, and how
to manage parallelization. (Both BEAST 2 and MrBayes have the option of using the BEAGLE library for
parallelization [74], but it was not included in our simulation experiments.) We sought to place the MCMC
and VI methods on an even field by using rigorous convergence criteria and standard models with default
proposals, and running all programs on a single CPU core, but these criteria are inevitably somewhat subjec-
tive. Still, even if alternative benchmarking strategies were to diminish the speed advantages of VINE, the VI
paradigm has the advantage of requiring less tuning of sampling strategies and monitoring of convergence.
In addition, once the variational model has been fitted to the data, any number of independent samples can
be drawn from the approximate posterior at low computational cost.

At the same time, we observed a persistent tendency in VINE to underestimate the variance of the
posterior distribution—a known problem in VI when the approximating distribution does not have sufficient
flexibility to accommodate the structure of the true posterior [34,75]. We attempted to address this problem
with several modeling extensions, including richer parameterizations of the covariance matrix, regularization
of covariance parameters, and the use of radial and planar normalizing flows to accommodate nonlinearities
in the relationship between the multivariate normal sampling distribution and the space of phylogenetic
trees. These extensions improved the posterior variance somewhat, but it remained underdispersed. By
contrast, current MCMC-based methods appear to explore the posterior distribution effectively, at least at
the scales we considered. At present, they should be preferred to VI in applications that require a complete
representation of posterior uncertainty. It might be possible to improve the quality of VINE’s approximate
posterior further by using techniques such as mixture models (e.g., [43]).

In our comparisons of DNA alignments, we chose to focus on Bayesian methods to the exclusion
of methods based on maximum likelihood (ML). It bears mentioning, however, that programs such as
RAxML [29, 76] and IQ-TREE [30, 77] have recently made it possible to perform ML phylogenetic in-
ference at scale with astonishing speeds. These programs remain substantially faster than both VINE and
MCMC-based methods and for the foreseeable future will remain better choices for trees with many thou-
sands of taxa. Still, these ML methods generally report a single tree with branch lengths—a point estimate
of the phylogeny—rather than attempting to characterize the full posterior distribution, and in many applica-
tions it will be worthwhile to expend additional CPU cycles to characterize the uncertainty of the phylogeny.

The full scaling potential of phylogenetic VI based on continuous embeddings of taxa remains unclear.
Our current implementation supports multithreading of likelihood calculations, which considerably accel-
erates model fitting, and GPU acceleration (perhaps via BEAGLE) could potentially also be added. At the
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same time, the use of an explicit distance matrix for taxa and distance-based phylogeny reconstruction on
each iteration of the algorithm imposes a fundamental lower bound of O(n2) on its computational complex-
ity. We speculate that, with aggressive optimizations to the current design, VINE could perhaps be scaled
up one to two orders of magnitude more, allowing practical application to alignments with >10,000 taxa.
To scale the method further would likely require more heuristic approximations, such as divide-and-conquer
approaches. In any case, the work presented here points a path forward to increasing the range of datasets
to which approximate Bayesian methods can be applied.

Methods

The core variational inference problem

The core problem is to approximate the posterior distribution of phylogenetic trees given a set of observed
genotypes using an approximate variational distribution q(τ,b), where τ is a rooted binary tree with n

tips and b ∈ R2n−2 is a corresponding vector of nonnegative branch lengths. We denote the data by an
n×L matrix X, which may be either a standard multiple alignment of DNA sequences or a mutation matrix
representing CRISPR-edited barcodes (with L observed sites in either case).

In the standard manner for variational inference (reviewed in [34]), we fit the model by minimizing the
Kullback-Leibler (KL) divergence between q(τ,b) and the true posterior distribution, p(τ,b |X). The KL
divergence can be expressed as,

KL(q(τ,b) ∥ p(τ,b |X)) = Eq

[
log

q(τ,b)

p(τ,b |X)

]
= Eq

[
log

q(τ,b)

p(X | τ,b) p(τ,b)
+ log p(X)

]
(Bayes’ rule)

= Eq [log q(τ,b)− log p(X | τ,b)− log p(τ,b)] + log p(X)

= −Eq [log p(X | τ,b)] + KL(q(τ,b) ∥ p(τ,b)) + log p(X)

= log p(X)−Lq, (1)

where the expectations are evaluated with respect to q(τ,b) and the evidence lower bound (ELBO) Lq is
defined as,

Lq = Eq [log p(X | τ,b)]−KL(q(τ,b) ∥ p(τ,b))
= Eq [ℓ(τ,b;X)]−KL(q(τ,b) ∥ p(τ,b)). (2)

Here we introduce the notation ℓ(τ,b;X) = log p(X | τ,b) for the standard phylogenetic log likelihood,
that is, the log probability of the genotype data given the tree. Notice that, because the KL divergence must
be nonnegative, the ELBO Lq is a strict lower bound on the marginal log likelihood, log p(X). The essential
idea of variational inference, therefore, is to choose the free parameters of q to maximize Lq, forcing the KL
divergence to shrink toward zero and making q(τ,b) approximate the true posterior distribution as closely
as possible given its functional form.
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Continuous embeddings and differentiable transformations

Our general strategy (Fig. 1) is to sample embeddings x ∈ Rnd of n taxa in d-dimensional space from a
multivariate normal (MVN) distribution q = MVN(µ,Σ), with µ ∈ Rnd and Σ ∈ Rnd×nd; to optionally
convert x to y using normalizing flows; to compute an induced distance matrix D ∈ Rn×n from y; to obtain
a rooted phylogenetic tree τ with branch lengths b ∈ R2n−2 from D using a deterministic, distance-based
tree reconstruction algorithm; to compute the phylogenetic log likelihood ℓ(τ,b;X) based on that tree and
the specified mutation model; and, finally, to estimate the ELBO using an expectation of the phylogenetic
log likelihood. We then compute the gradient of the ELBO with respect to the free parameters (µ,Σ) by
backpropagation through all steps of this transformation, and optimize the parameters by SGA. Notably, all
nd components of µ are maintained as free parameters in the optimization problem, but various reduced
parameterizations can be assumed for Σ (see below).

To allow for pathwise differentiation with respect to µ and Σ, we use the standard technique of repa-
rameterizing the MVN variational distribution (the “reparameterization trick”). We introduce a standard
multivariate normal random variate z ∈ Rnd, with z ∼ MVN(0, I), and redefine x as,

x = fMVN(z;µ,Σ) = µ+ Lz,

where L is a (lower-triangular) Cholesky factor such that Σ = LL⊤. In this way, the expressiveness of the
MVN is maintained but the randomness in samples from q now derives from a parameter-free density, and
all subsequent transformations are deterministic and differentiable.

Following this linear map, x = fMVN(z), a series of differentiable normalizing flows can optionally be
applied to accommodate nonlinear distortions to the MVN without altering the dimensionality of x (detailed
in the Supplementary Material). We can summarize the cumulative effect of these normalizing flows as,

y = fNF(x; θNF) ∈ Rnd,

where θNF denotes a set of relevant free parameters. (If the normalizing flows are omitted, fNF can simply
be assumed to be the identity function, so that y = x.)

A third transformation produces a symmetric matrix of pairwise distances D ∈ Rn×n from y:

D = fD(y),

where fD is such that Dij = d(yi,yj) where d is a suitable distance function between points in the embed-
ding space (detailed below).

Finally, a fourth transformation produces a tree with branch lengths, (τ,b), from D using a deterministic
distance-based phylogeny reconstruction algorithm:

(τ,b) = fphy(D),

where τ is a rooted binary tree on n leaves and b ∈ R2n−2 contains the corresponding branch lengths. In the
case of DNA substitution models, we use the neighbor-joining algorithm [49], and in the case of CRISPR
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barcode editing models, where an ultrametric tree is customary, we use the UPGMA (Unweighted Pair
Group Method with Arithmetic Mean) algorithm [58]. In order to allow informative priors to be applied,
we impose a rooting on neighbor-joining trees using the midpoint method (root at midpoint of longest span
between taxa). In the CRISPR case, we introduce an additional free parameter for a leading branch to the
root of the tree, as is typical in this literature.

Taking advantage of the reparameterization trick, let g represent the full transformation from z to (τ,b):

(τ,b) = g(z;µ,Σ, θNF) =
(
fphy ◦ fD ◦ fNF ◦ fMVN

)
(z;µ,Σ, θNF).

Notice that g depends only on µ and Σ, as well as any free parameters θNF of the normalizing flows, because
fphy and fD are parameter-free. For simplicity, we henceforth ignore θNF and focus on µ and Σ.

The ELBO Lq can therefore be re-expressed explicitly in terms of µ and Σ as,

Lq = Eq(τ,b) [ℓ(τ,b;X)]−KL (q(τ,b) ∥ p(τ,b))
= Eq(z)[ℓ(g(z;µ,Σ);X)]−KL (q(τ,b) ∥ p(τ,b)) , (3)

where we take care to specify the distribution used for each expectation. Here, q(z) denotes the standard
MVN for z and q(τ,b) denotes the induced distribution over phylogenetic trees.

To proceed further, we must specify the prior distribution, p(τ,b). We consider two cases. In case (1),
the default in VINE, we allow the prior to be defined implicitly by assuming that the MVN random variate
x ∼ MVN(0, I), as is often done with variational autoencoders. In case (2), discussed below, we allow for
a general prior distribution over phylogenetic trees. Details on phylogenetic priors supported by VINE are
provided in the Supplementary Materials.

In case (1), the variational distribution is defined entirely with respect to x; the tree (τ,b) is simply
a deterministic function of this random variable that enables us to evaluate the phylogenetic likelihood.
Therefore, we can write,

Lq = Eq(z)[ℓ(g(z;µ,Σ);X)]−KL (q(x) ∥ p(x))

= Eq(z)[ℓ(g(z;µ,Σ);X)]− 1

2

[
tr(Σ) + µ⊤µ− nd− log detΣ

]
, (4)

where the last term represents the KLD for q(x) = MVN(µ,Σ) with respect to p(x) = MVN(0, I).

The first term of equation 4 is simply the expectation of the standard phylogenetic log likelihood under
the variational distribution. Because of the complex nonlinear nature of the transformation g, there is no
straightforward way to calculate this quantity exactly, but it can easily be estimated by Monte Carlo sampling
(an alternative estimation method based on a Taylor approximation is described below). As a result, the
approximate ELBO becomes,

Lq ≈
1

M

M∑
i=1

[ℓ(g(zi;µ,Σ);X)]− 1

2

[
tr(Σ) + µ⊤µ− nd− log detΣ

]
, (5)

where zi is the ith sample drawn from q and M is the number of samples.
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In case (2), allowing for a general phylogenetic prior, p(τ,b), the KLD is no longer available in closed
form, so we re-express the ELBO in a form more typical for standard VI. Making the transformation g

explicit, we have,

Lq = Eq(z)[ℓ(g(z;µ,Σ);X) + log p(g(z;µ,Σ))] + H (q(x))

= Eq(z)[ℓ(g(z;µ,Σ);X) + log p(g(z;µ,Σ))] +
1

2
[nd(1 + log 2π) + log detΣ] (6)

where H(q(x)) denotes the entropy of q(x), which is also available in closed form. The expectation in
equation 6 now represents the expected complete-data log likelihood, including both the prior p(τ,b) and
the conditional likelihood, p(X; τ,b). These terms can be evaluated together by Monte Carlo sampling, in
an analogous manner to case 1,

Lq ≈
1

M

M∑
i=1

[ℓ(g(zi;µ,Σ);X) + log p(g(zi;µ,Σ))] +
1

2
[nd(1 + log 2π) + log detΣ] . (7)

Notice that, for each sample zi and induced tree (τi,bi) = g(zi), the log likelihood can be evaluated
efficiently in the standard manner, using Felsenstein’s pruning algorithm and either an appropriate DNA
substitution model or a mutation model for CRISPR barcodes. Thus, the calculation of the ELBO reduces
to elementary operations and well-known algorithms for phylogenetics (neighbor joining/UPGMA and the
pruning algorithm).

Chain rule for gradients

The gradient of the Monte-Carlo approximated ELBO (equation 5) with respect to the free parameters of µ
and Σ can easily be re-expressed in terms of gradients of the phylogenetic log likelihoods for the sampled
points. In case (1) above (equation 5),

∂

∂µ
Lq ≈

1

M

M∑
i=1

[
∂

∂µ
ℓ(g(zi;µ,Σ);X)

]
− 1

2

[
∂

∂µ
µ⊤µ)

]

=
1

M

M∑
i=1

[
∂

∂µ
ℓ(g(zi;µ,Σ);X)

]
− µ (8)

and
∂

∂Σ
Lq ≈

1

M

M∑
i=1

[
∂

∂Σ
ℓ(g(zi;µ,Σ);X)

]
− 1

2

∂

∂Σ
[tr(Σ)− log detΣ] . (9)

Similarly, in case (2) (equation 7),

∂

∂µ
Lq ≈

1

M

M∑
i=1

[
∂

∂µ
ℓ(g(zi;µ,Σ);X) +

∂

∂µ
log p(g(zi;µ,Σ))

]
, (10)

because the entropy of q(x) does not depend on µ, and,

∂

∂Σ
Lq ≈

1

M

M∑
i=1

[
∂

∂Σ
ℓ(g(zi;µ,Σ);X) +

∂

∂Σ
log p(g(zi;µ,Σ))

]
+

1

2

∂

∂Σ
log detΣ. (11)
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The last terms in equations 9 and 11 can be computed in closed-form in a manner that depends on the
choice of parameterization for Σ, as shown later. The key challenge is therefore to compute gradients for
the phylogenetic log likelihood, ℓ(g(zi;µ,Σ);X), and optionally, the corresponding log prior term. We
will focus on the log likelihood here; the prior follows by analogy.

We start by observing that, in principle, we can propagate derivatives forward along the sequence of
component functions fMVN, fNF, fD, and fphy by computing the corresponding Jacobian matrices. In partic-
ular, for a vector of free parameters ϕ ∈ {µ,Σ} of dimension k, we can write,

JMVN ∈ Rnd×k =
∂x

∂ϕ
=

∂

∂ϕ
fMVN(zi)

JNF ∈ Rnd×nd =
∂y

∂x
=

∂

∂x
fNF(x)

JD ∈ R(
n
2)×nd =

∂D

∂y
=

∂

∂y
fD(y)

Jphy ∈ R2n−2×(n2) =
∂b

∂D
=

∂

∂D
fphy(D),

where in the last step we consider the branch lengths b only and ignore the tree topology τ , as explained in
the Supplementary Material. To complete the process, we must also consider the gradient of the phyloge-
netic log likelihood with respect to the 2n− 2 branch lengths:

∇bℓ(τ,b;X).

This is a familiar quantity in phylogenetic analysis, which can be efficiently calculated using an inside-
outside algorithm on the tree (see Supplementary Material).

Assuming for the moment that these objects can all be obtained, the gradient of interest can be computed
by a straightforward application of the chain rule:

∇ϕℓ(g(zi;µ,Σ);X) = J⊤MVN J⊤NF J⊤D J⊤phy ∇bℓ(τ,b;X).

The product of four Jacobian matrices thus converts the standard (2n − 2)-dimensional branch-length gra-
dient to a k-dimensional parameter gradient, as required. In this way, ∇bℓ(τ,b;X) can be propagated
backwards from the branch lengths through the distance matrix, flows, and embedded points, to the MVN
parameters µ and Σ.

In practice, we avoid instantiating the full Jacobian matrices and instead implicitly propagate gradients
through them using an efficient reverse-mode algorithm. Moreover, the first three Jacobians reflect elemen-
tary differentiable functions and can be accommodated analytically. The main difficulty lies with the fourth
Jacobian, Jphy, which reflects the entire tranformation of a distance matrix D to a phylogenetic tree with
branch lengths. An algorithm for efficiently computing this Jacobian implicitly and additional details are
provided in the Supplementary Material.
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Implementations of Neighbor-Joining and UPGMA

VINE uses custom implementations in C of the NJ and UPGMA algorithms that take a distance matrix
as input and return a tree with branch lengths. In the case of NJ, the sequence of merged neighbors and
associated meta-data are recorded for later use in backpropagation (see Supplementary Material).

Because these tree-building routines are rate-limiting for variational inference, we adapted the standard
algorithms to use a min-heap for efficient identification of the pair of nodes to join on each step (e.g., the
minimum entry of Q in NJ). This approach reduces the asymptotic running time from O(n3) for naive
implementations to O(n2 log n) (see, e.g., [78], who use further optimizations to achieve O(n2) for NJ).

Taylor approximation of the ELBO

Estimating the ELBO by Monte Carlo sampling (equations 5 & 7) is effective for optimization but com-
putationally expensive. We found that the efficiency of the algorithm can be substantially improved by
making use of a Taylor approximation for the ELBO. In particular, we approximate the expectation of the
log likelihood (see equation 4) using a second-order Taylor approximation around the mean (corresponding
to z = 0),

Eq(z)[ℓ(g(z;µ,Σ);X)] ≈ ℓ(g(z = 0;µ,Σ);X) +∇µ,Σ ℓ(g(z = 0;µ,Σ);X)⊤0+
1

2
tr (HΣ)

= ℓ(g(z = 0;µ);X) +
1

2
tr (HΣ) , (12)

where H is the Hessian matrix for the entire transformation, ℓ(g(z = 0;µ,Σ);X), as evaluated at z = 0.
(Here we focus on case (1) for the prior, x ∼ MVN(0, I); case (2) follows by analogy; see equation 6.)

If we ignore the dependency of H on µ, which we expect to be weak, then the gradient of the approx-
imate ELBO with respect to µ depends only on the first term of equation 12 and the gradient with respect
to the covariance Σ depends only on the second term. Thus, this formulation allows approximate decom-
position of the ELBO into mean- and variance-related components. In practice, we find that mean-related
component is strongly dominant when the model is fitted to data.

On its face, the second term in equation 12 still poses a problem, because the nd × nd Hessian matrix
is impractical to instantiate explicitly. It is possible to estimate this term efficiently by way of matrix-vector
products, without realizing the Hessian, using Hutchinson’s method [79]. In practice, however, we find that
we obtain a better approximation in comparable time by periodically estimating the LHS of equation 12 by
our standard Monte Carlo method and then estimating the second term on the RHS by the difference,

1

2
tr (HΣ) ≈ Eq(z)[ℓ(g(z;µ,Σ);X)]− ℓ(g(z = 0;µ,Σ);X). (13)

Because this quantity is not highly sensitive to µ, it need not be updated on every iteration of SGA. We
delay computing it during a “warmup” period (50 iterations), and then update it only every 30 iterations,
using an exponential moving average for both the trace quantity and its gradient. This strategy requires less
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than one additional evaluation per iteration of the full O(n2 log n) transformation g, decreasing the overall
cost of SGA by nearly a factor of M in comparison to full Monte Carlo sampling.

Parameterizations of the covariance matrix Σ

VINE supports four parameterizations of the MVN covariance matrix Σ, which are labeled CONST, DIAG,
DIST, and LOWR in order of increasing complexity (accessible via the --covar option). The CONST
parameterization simply assumes Σ = λI and ensures nonnegativity of λ by defining it as λ = eη, with η

as a free parameter. The DIAG parameterization allows for a general diagonal covariance matrix, with free
variance along each of the nd dimensions but no covariance between them: Σ = diag{λ1, . . . , λnd}, with
each λi = eηi for nd free parameters.

The DIST and LOWR parameterizations attempt to capture more of the covariance structure across taxa
while keeping the parameterization as sparse as possible. In these cases, the same covariance structure is
assumed for each of the d dimensions in the embedding space, with no covariance across these dimensions.
The full covariance matrix can therefore be described as Σ = Id ⊗Σ0, where Id is a d× d identity matrix,
⊗ is the Kronecker product, and Σ0 is the n × n covariance matrix shared for each embedding dimension.
In these cases, VINE gains further efficiency by performing all MVN-related calculations on d independent
n-dimensional MVNs with a shared covariance structure, rather than on one nd-dimensional MVN.

The DIST parameterization further assumes Σ0 = λS and λ = eη, resulting in a single free variance
parameter η for all taxa. In this case, S is kept fixed at a double-centered version of the initial distance
matrix D0,

S = −1
2HD0H, H = I− 1

n
11⊤, (14)

where 1 indicates an n-dimensional vector of all 1s and 11⊤ is therefore an n × n matrix of all 1s. This
matrix S captures the expected covariance structure of a random variable evolving by Brownian motion
along the branches of an unrooted tree, and therefore, the DIST parameterization is a simple way to consider
the distances between taxa without restricting the tree topology.

The most flexible parameterization, LOWR, allows for a general low-rank representation of Σ0, with
Σ0 = RR⊤ for a general matrix R of dimension n×w (with nw free parameters). By default, w = 3 (see
--rank). In this case, the full covariance of the embedding is Σ = (RR⊤) ⊗ Id, which has rank at most
wd. Consequently, VINE can reparameterize sampling from MVN(µ,Σ) using only wd latent dimensions,
instead of the full nd dimensions required by an unrestricted covariance matrix.

All of these parameterizations permit closed-form expressions for the gradient of the KLD (equation 9)
or entropy (equation 11) and for the Jacobian JMVN (see Supplementary Material).
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Euclidean and hyperbolic geometries

By default, VINE embeds taxa in a d-dimensional Euclidean space, where d can be selected by the user
via the --dimensionality option. (A general-purpose default is determined as a linear function of log n,
where n is the number of taxa.) Let yi ∈ Rd denote the embedded point for taxon i (after normalizing flows
are applied). The Euclidean pairwise distance is given by,

Dij =
∥yi − yj∥

s
, 1 ≤ i < j ≤ n,

where s > 1 is a global scale factor that allows the embedding space to be expanded relative to the distance
matrix D.

The initial mean µ of the MVN variational distribution is estimated by classical multidimensional scal-
ing (MDS) applied to the starting distance matrix D0. Let D2

0 be the (symmetric) matrix of squared dis-
tances, double-centered to obtain a Gram matrix G. An eigendecomposition G = VΛV⊤ is computed,
and the initial embedding is given by the top d scaled principal components, µi = s(

√
λ1vi1, . . . ,

√
λdvid),

where s is the scale factor.

In the hyperbolic setting, VINE follows the general approach outlined by Macaulay et al. [61] and
embeds points on the upper sheet of the (d+1)-dimensional hyperboloid model with negative curvature −κ

(set by --negcurvature, default −κ = 1). Each taxon is represented by a spatial coordinate yi ∈ Rd,
which is lifted to a point on the hyperboloid via,

x0,i =
√
1 + ∥yi∥2, ỹi = (x0,i,yi) ∈ Rd+1.

The hyperbolic distance between taxa i and j is,

Dij =
α

s
arcosh

(
−⟨ỹi, ỹj⟩L

)
, 1 ≤ i < j ≤ n,

where α = 1/
√
−κ is the curvature radius and ⟨ỹi, ỹj⟩L is the Lorentz inner product,

⟨ỹi, ỹj⟩L = −x0,ix0,j + y⊤
i yj .

For hyperbolic embeddings, the MVN mean is initialized using a spectral variant of the hydra algo-
rithm [80]. Given an initial distance matrix D(0), we form a symmetric matrix A such that,

Aij =

1, i = j,

cosh
(√

−κD
(0)
ij s

)
, i ̸= j,

diagonalize A = VΛV⊤, and set the initial spatial coordinates from the leading d eigenmodes, followed
by the same global scaling by s.

The scale factor s is chosen so that the median pairwise distance between points is 25 in the Euclidean
case and 4 in the hyperbolic case. The Jacobians of these mappings from embedded points to pairwise
distances (JD) are provided in the Supplementary Material.
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Stochastic gradient ascent

For stochastic gradient ascent (SGA), VINE uses a customized implementation in C of the Adam algo-
rithm [81]. In the Monte-Carlo case, the algorithm draws a minibatch of M sets of embedded points on each
iteration, x1, . . . ,xM (transformed from z1, . . . , zM ), and uses them to obtain estimates of the ELBO and
its gradient. For each minibatch, it precomputes KL(q(x) ∥ p(x)) and its gradient, which do not depend on
the sampled points. It then updates all parameters based on the gradient in the standard manner. Command-
line options allow the user to control the minibatch size (--batchsize; default 10) and the learning rate α

(--learnrate; default 0.05), as well as convergence criteria for the algorithm (e.g., minimum number of
iterations, --miniter, default 200, and number of iterations over which to average when assessing conver-
gence, --niterconv, default 50). In the case of the Taylor approximation, the procedure is similar but no
minibatch sampling is required; the ELBO is estimated directly from the value of the log likelihood at the
current mean µ and the estimate of the trace term (equation 12). In both cases, the Adam parameters β1 and
β2 are both fixed at 0.9. A simple scheduler is employed to manage subsampling of sites in the alignment in
early iterations of the algorithm, adaptive clipping of unusually large gradients, and gradual increases of the
learning rate to its target value. The algorithm also allows for a separate set of “nuisance parameters” (in-
cluding parameters for substitution rates, tree priors, and the normalizing flows), which are also optimized
by SGA but are not encoded in the continuous embedding.

The SGA algorithm was carefully tuned to optimize the speed and accuracy of convergence over datasets
of various sizes. During this process, we found that it was quite sensitive to the scale of the embedding
space, sometimes struggling to converge when distances between points grew close to zero. Therefore, we
introduced the scaling factor s that allows for a difference in scale between the embedding space and the
distances used for tree reconstruction (as detailed above). In particular, VINE rescales the MVN distribution
for embedded points so that median distances between points are 25 and 4, respectively, for the Euclidean
and hyperbolic geometries.

Mutation models

VINE includes implementations of the Jukes-Cantor (JC) [53], HKY [52], and general time reversible
(GTR) [82] DNA substitution models, as well as the CRISPR-barcode mutation model developed by Seidel
et al. [24] and extended by Chu et al. [31]. It also supports the discrete gamma model for rate variation
among sites [83] with DNA substitution models. For the DNA models, the substitution rate matrix Q is
normalized in the standard manner, such that

∑
i̸=j πiqij = 1, where πi is the equilibrium frequency of

nucleotide i under the model, so that branch lengths can be interpreted as having units of expected substi-
tutions per site. For the HKY and GTR models, equilibrium frequencies for the four nucleotides are simply
estimated using the relative frequencies in the alignment, whereas under the JC model they are assumed to
be uniform. As a result, the JC model has no free substitution rate parameters, the HKY model has a single
free parameter—the transition/transversion rate ratio κ—and the GTR model has five free parameters (after
accounting for rescaling). These are considered as “nuisance” parameters that are optimized in SGA but
not considered for full variational Bayes characterization. The CRISPR model has a single free parame-
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ter, corresponding to the silencing rate for barcodes, which is also treated as a nuisance parameter. VINE

supports two parameterizations for the barcode-editing rate matrix: a single rate matrix shared by all sites
(as in TiDeTree [24]; --crispr-modtype GLOBAL) or a separate rate matrix per site (as in LAML [31];
--crispr-modtype SITEWISE). It also allows for either a uniform distribution for all mutation-rate pri-
ors (--crispr-mutprior UNIF) or a prior that reflects the relative frequencies of mutations in the input
matrix (--crispr-mutprior EMPIRICAL). The CRISPR mutation matrix is subjected to the same scaling
constraint as the DNA substitution matrix, so the estimated branch lengths can be interpreted in expected
mutations per site. For comparison, LAML trees must be scaled by the separately estimated mutation rate.

Simulations

For our simulations of DNA alignments, we used a script based on DendroPy [84] to simulate trees under a
birth–death process (birth rate 1.0, death rate 0.5), with three-fold oversampling of tips followed by pruning
and rescaling, to produce tree heights of 1 substitution per site and minimum branch lengths of 0.02. Branch-
specific rates were drawn independently under an uncorrelated log-normal relaxed clock with mean of 1 and
standard deviation of 0.6. Nucleotide alignments were then generated for each tree using base_evolve

from PHAST under an HKY model with κ = 4 and equilibrium frequencies of πA = πT = 0.3 and
πC = πG = 0.2. As noted in the text, we generated alignments of 300 bp and 10,000 bp, for various
numbers of taxa n between 10 and 1000. For held-out data, we ran base_evolve a second time on the same
simulated trees used to generate the training data.

For CRISPR lineage-tracing simulations, we used Cassiopeia’s [55] BirthDeathFitnessSimulator with
birth rate 0.075 and death rate 0.005, drawing branch waiting times from the absolute value of a normal
distribution (µ =1/rate, σ = µ/5) to obtain approximately balanced ultrametric trees, which were post-
scaled to a fixed height of 54 days to match the data set of ref. [63]. We then applied Cas9LineageTracing-
DataSimulator using a cassette of 3 CRISPR target sites repeated 10 times (30 total sites), a mutation rate of
0.01, a heritable silencing rate of 1× 10−4, and no stochastic silencing. Edit outcomes were restricted to a
predefined library of 100 possible states with fixed probabilities, ensuring reproducible mutation signatures
across simulations.

Convergence criteria for MCMC

For convergence monitoring of MrBayes and BEAST 2, we applied a uniform procedure across all analyses
for both simulated and real data. First, for each combination of taxa number, sequence length, substitution
model, and program (BEAST 2 or MrBayes), we ran three pilot MCMC replicates with two chains per
replicate and intentionally long chain lengths, recording all samples (no thinning). For each replicate, we
then retrospectively computed the rank-normalized split R̂ [85] and the effective sample size (ESS) for each
of several scalar summaries in each chain in intervals of at least 100,000 iterations. For BEAST 2, the
selected statistics were the log posterior, log likelihood, tree height, and tree length, and for MrBayes they
were the log likelihood and tree length. For each replicate, we then identified the earliest MCMC iteration
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calculation at which all parameters met ESS ≥ 400 and R̂ ≤ 1.01. (For the large alignments—with 10,000
columns—we had to relax the R̂ criterion in a few cases because not all pilot replicates converged.) ESS
calculations were based on the implementation in Tracer [86], reimplemented in our own scripts. Finally,
we averaged these convergence points across the three replicates to determine the target chain length. These
target chain lengths were then applied uniformly across all ten replicates for each simulated data set size,
model, and program. Notably, the chain lengths required for our convergence and sampling criteria were
generally substantially shorter for MrBayes than for BEAST 2, and this was the dominant factor in the
differences in running times we observed. Note also that we experimented with a more stringent requirement
of ESS ≥ 625 but found it to require excessively long chains in some cases, so we relaxed the threshold to
400, as recommended in ref. [73].

Evaluating posterior distributions

We evaluated posterior distributions from VINE and BEAST 2 using two complementary methods: 95%
credible-interval (CI) inclusion and topological entropy (Fig. 3). Both measures were computed from the
posterior samples of trees output by each program after running on simulated data. To assess 95% CI inclu-
sion, we extracted the empirical distribution of values induced by the posterior samples for each pairwise
distance between taxa, then excluded the top and bottom 2.5% of values to obtain an empirical 95% CI. We
then compared this range with the true value used in simulation. The reported values are the fractions of
true pairwise distances that fall within the corresponding 95% CI. For topological entropy, we calculated the
Shannon entropy of distinct topologies from the posterior samples,

Hτ = −
∑
τ∈T

p(τ) log p(τ),

where T is the set of distinct tree topologies (ignoring branch lengths) and p(τ) is the sampled frequency of
topology τ . Both of these calculations are supported by evalTrees, a utility distributed with VINE.

Models selected for analysis of simulated DNA

We selected models in BEAST 2 (v2.7.7) and MrBayes (3.2.7a) that were as close as possible to the ones
in VINE given choices available for each program, generally keeping the prior distributions diffuse so that
the log likelihood dominated in inference. In particular, in BEAST 2, we used a Yule prior for the phy-
logeny with a single free birth-rate parameter (uniform prior) and an uncorrelated log-normal relaxed clock
(exponential prior with mean 2 on ucldStdev, the standard deviation in log-space). For the κ parameter in
the HKY model, we used a log-normal prior with a log mean of 1.386 (corresponding to κ = 4, the value
used in our simulations) and a standard deviation of 0.1. Similarly in MrBayes, we used a uniform prior
over tree topologies and the default Gamma-Dirichlet prior for branch lengths. For the HKY model, we
used a Beta(4,1) prior distribution for the rate of transitions relative to the rate of all substitutions. In both
programs, we did not allow for variation across sites in rates, we used random starting trees, and we used
empirical frequencies for the four nucleotides.
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In VINE we used an implicit prior on trees corresponding to a standard multivariate normal distribution
for p(x) (the default, as discussed above). The HKY parameter κ was optimized as a nuisance parameter in
SGA (--hky85 option). Empirical nucleotide frequencies were used. Analyses that required sampled trees
(such as the comparison of Robinson-Foulds distances) were based on 1000 samples from the approximate
posterior following convergence of the ELBO (-s 1000). In most cases, default parameters were used for
the minimum number of iterations before convergence (--miniter 200) and the number of iterations over
which to average when assessing convergence (--niteconv 50), although for some larger trees we used
larger values for the minimum number of iterations.

The same choices of models and parameters for BEAST 2, MrBayes, and VINE were used in the bench-
marking analysis of real nucleic-acid data from ref. [60], as shown in Supplementary Figs. S8 & S9.

SARS-CoV-2 Analysis

We downloaded raw sequences (sequences.fasta.xz) and accompanying metadata (metadata.tsv.xz)
from https://data.nextstrain.org/ (in files/ncov/open/100k), as well as the associated alignment (aligned.
fasta.xz). All source data was downloaded on February 25, 2026. We used augur to exclude sequences
less than 29,000 bp in length (--min-length 29000) or lacking complete date information (--exclude-
ambiguous-dates-by any). We then performed stratified subsampling by region and date (--group-by
region year month --sequences-per-group 3 --subsample-seed 1) to reduce the data set to 1030
aligned sequences. A more stringent stratified sampling step produced the smaller set of 364 sequences
(--group-by region year month --sequences-per-group 1 --subsample-seed 2). We analyzed the
resulting alignments using the same settings as for simulated data except that we used the GTR substitution
model (--gtr in VINE), the discrete gamma model for rate variation (--dgamma 4), and multithreading
(--parallel 8). Equivalent options were used in BEAST 2, with BEAGLE employed for multithreading
in this case. For this analysis, we simplified our MCMC convergence criteria for BEAST 2 to require only
ESS > 400, avoiding the use of pilot replicates and the R̂ criterion.

Migration mode in VINE

VINE was extended to support the joint model for mutation and migration implemented in BEAM [27]. This
version of the model is activated when tissue labels for cells are specified using the --migration option.
In migration mode, the phylogenetic log likelihood is redefined as a sum of the standard mutation-based
log likelihood and a log likelihood based on a general time reversible model for migration transitions, both
computed for the same tree and branch lengths. The migration rate parameters are treated as nuisance
parameters and estimated by SGA, and the calculation of gradients is modified accordingly. The embedding
strategy, conversion to trees by UPGMA, and distance-based initialization required no change. An option
(--primary, used here for both simulated and real data) allows a particular tissue label to be designated as
“primary” and enforced at the root of the tree. After convergence, the program produces samples of tissue-
labeled trees under the joint model, by first sampling trees from the approximate posterior and then sampling
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tissue-labels conditional on each tree using an inside-outside algorithm. Output can be tissue-labeled trees
in nexus format (--labeled-trees) and/or collapsed migration graphs in dot format (--sample-graphs).

To compare tissue-labeled trees across inference methods (Fig. 6C), we calculated four phylogenetic
statistics: the minimum numbers of (1) mutations and (2) migration events required to explain the data at
the tips of the tree according to Fitch-Hartigan parsimony [87, 88]; (3) the cophenetic correlation, defined
as Pearson’s correlation (r) between the Hamming distances between barcodes and patristic distances along
the branches of the tree; and (4) a tissue homogeneity index, defined as the mean fraction of same-tissue
neighbors within each clade, normalized by the expected frequency under random tip shuffling. The cophe-
netic correlation is a measure of how well the tree reflects the raw mutation data, approaching a value of 1
for a perfect correlation [89]. The tissue homogeneity index is a measure of clustering by tissue type similar
to measures of cluster purity [90] or phylogenetic trait clustering [91].

Running BEAM

BEAM was run in two modes: tree-only inference using the sitewise model with uniform fixed edit rates,
and joint tree-migration inference that additionally incorporated a GTR migration rate matrix. In both
modes, the starting tree was a Cassiopeia-Greedy tree uniformly rescaled to match the appropriate origin
time. Markov Chain Monte Carlo (MCMC) was used to sample from the posterior distribution of the tree
and other phylogenetic parameters using MCMC proposals that included Wilson-Balding subtree prune and
regraft [92] and nearest-neighbor interchange tree moves, internal-node and total-tree-height rescaling, and
standard continuous scaling operators on all other continuous parameters. Bactrian proposal moves [93–95]
were used where possible, and the frequency and scale of different proposals were tuned adaptively as is
standard in BEAST 2 adaptive Metropolis-Hastings MCMC. Priors were shared across both modes where
applicable. As in ref. [27], the tree prior was a birth-death process. Other priors included exponential priors
(mean 0.1) on the strict clock and silencing rates, an exponential prior (mean 1.0) on the birth-death rate
difference, and a Uniform(0,1) prior on the relative death rate. For joint tree-migration inference, migration
rates additionally had exponential priors (mean 1.0) and the migration clock rate had an exponential prior
(mean 0.1). Parameter initializations were based on test runs for birth/death and clock rates to ensure a
stable starting state with sufficient prior density, while migration rates were initialized uniformly. MCMC
was run until parameter ESS values exceeded 400 and traces were visually stationary.

Running other VI programs and LAML

Details on how all other programs were run are provided in the Supplementary Material.
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Software implementation

VINE is written in C (C99) and available from github (https://github.com/CshlSiepelLab/vine) under a stan-
dard BSD 3-Clause License. It requires a recent installation of PHAST (https://github.com/CshlSiepelLab/
phast) [96], from which it borrows DNA substitution models and alignment-handling routines. VINE is
easily installable via bioconda (use conda install -c conda-forge -c bioconda vine-phylo) and
homebrew (use brew tap CshlSiepelLab/tools and brew install vine). In both cases, PHAST will
be installed as a dependency if needed.
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Figure 1: (A) Flow of information in VINE from high-dimensional embedding of taxa to Evidence Lower
Bound (ELBO) for variational inference, followed by flow in the reverse direction via backpropagation.
Each of n taxa is represented as a point x in a d-dimensional space, which is sampled from a multivariate
normal distribution, MVN(µ,Σ). A distance matrix D is computed from x and then converted by neighbor-
joining (NJ) or UPGMA to a tree τ with branch lengths b, allowing calculation of a phylogenetic likelihood
from a genotype matrix X, which may be a DNA alignment or a CRISPR-barcode mutation matrix. Finally,
the ELBO is computed using either a Taylor approximation or Monte Carlo sampling. The gradient of the
ELBO with respect to (µ, Σ) is computed by backpropagation through the component transformations,
allowing for efficient optimization by stochastic gradient ascent (SGA). (B) Three applications of interest:
inference of species trees (left), cell-lineage trees (middle), or tissue-migration graphs (right). In each case,
samples from the approximate posterior distribution are obtained by sampling values of x from the optimized
MVN distribution and transforming them as in (A).
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Figure 2: Performance of VI and MCMC-based methods on simulated DNA datasets. (A) Maximized log
likelihood during model fitting, relative to the log likelihood of the true (generating) model (zero line), for
small numbers of taxa (n ≤ 20) under the Jukes-Cantor substitution model. (B) Compute time required
when running without parallelization or GPU acceleration on an HPE ProLiant DL380 Gen10 server (see
Methods), in seconds per replicate (note log scale). (C) Reconstruction of a simulated 10-taxon tree (left)
by VINE (center) and BEAST 2 (right). (D) A second example with a reconstruction error. Horizontal
branch lengths are drawn to scale in substitutions per site. For VINE and BEAST 2, samples from the pos-
terior distributions are summarized by maximum-clade-credibility (MCC) trees (using TreeAnnotator [22]).
(E) Maximized log likelihood relative to the true model for larger numbers of taxa (up to n = 1000) under
the HKY substitution model. (F) Average log likelihood across posterior samples for held-out data, also
relative to the true model. (G) Compute time required. Results shown are for 300 bp alignments, with ten
replicates per bar. Error bars represent one standard deviation. VINE (orange) was applied with a Euclidean
geometry, the Taylor approximation, and the CONST variance parameterization without normalizing flows
(see Methods). Dimensionality varied from d = 5 for n = 10 to d = 10 for n = 1000. See additional
results in Supplementary Figs. S1 & S3).
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Figure 3: (A) Performance improvement of VINE with increasing dimensionality d of the embedding space.
Shown are running times per replicate (green) and deviations of the maximized log likelihood from that of
the true model (orange). Results are for n = 25 taxa, alignments of 300 bp, and estimation under the HKY
model with the CONST variance parameterization, a Euclidean geometry, and the Taylor approximation
without normalizing flows (see also Supplementary Fig. S4). (B) Accuracy of posterior distributions, as
measured by the fraction of all pairwise distances between taxa that fall within the estimated 95% credible
interval (95% CI Inclusion). (C) Topological entropy of approximate posteriors, defined as the Shannon
entropy of distinct topologies (see Methods). In (B) and (C), results are shown for simulated trees of
n ∈ {10, 25, 50, 100, 250} taxa for the baseline version of VINE (VINE), the best version of VINE (VINE +
flows), and BEAST 2. Bars represent averages over ten replicates. The baseline version of VINE uses the
CONST variance parameterization, no variance regularization, and no normalizing flows. The best version
uses the DIST parameterization, a variance regularization multiplier of three (–var-reg 3), and both the
radial and planar flows. A Euclidean geometry and the Taylor approximation were used in both cases.
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Figure 4: Comparison of VINE with LAML [31] and BEAM [27] on simulated CRISPR-barcoding data,
for various numbers of taxa n. (A) Maximized log likelihood during model fitting. (B) Compute time per
replicate. (C) Speed increase of VINE relative to LAML and BEAM. Results are for 10 simulated datasets
for each value of n with 30 barcode sites and editing parameters based on real data [63] (see Methods).
Error bars represent one standard deviation.
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Figure 5: (A) Maximum-clade-credibility (MCC) trees inferred by VINE and BEAST 2 for 364 randomly
selected SARS-CoV-2 genomes from Nextstrain with tips colored by collection date. Clouds of trees in
gray represent posterior samples. (B) BEAST 2 vs. VINE posterior mean estimates of pairwise distances in
substitutions per site for all pairs of taxa in (A). (C) Aligned MCC subtrees for samples from 2024, showing
broad topological agreement with minor differences. (D) MCC tree and posterior cloud inferred by VINE for
a larger 1030-taxon SARS-CoV-2 data set. (E) First two principal components for the embedding learned
by VINE for the tree in (D).
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Figure 6: Results from running VINE in migration mode on CRISPR-based lineage-tracing data. (A) Preci-
sion vs. recall for individual edges of simulated tissue-migration graphs (as detailed in [27]) relative to Me-
tient [66], MACH2 [67], and BEAM [27]. Metient and MACH2 used input trees from LAML. (B) Compute
time per replicate on simulated data (log scale). Additional time to run LAML [31] is shown (green) for Me-
tient and MACH2. Some methods were omitted for n ≥ 500 owing to time constraints. (C) Comparison of
tissue-labeled tree inferred by VINE for CP70 from ref. [63] with trees inferred by Cassiopeia-Greedy [55],
LAML, and BEAM. Shown for each tree are the cophenetic correlation (gray), number of mutations by
parsimony (brown), tissue homogeneity (blue), and number of migrations by parsimony (violet) (see Meth-
ods and Supplementary Fig. S12). (D) Tissue-labeled MCC tree inferred by VINE for CP4 from ref. [63],
comprising 904 distinct barcode sequences across six tissues. (E–G) Tissue-migration graphs for CP4 in-
ferred by (E) VINE (at >0.9 posterior probability), (F) Metient (the best scoring of three solutions), and
(G) MACH2 (the first of three solutions). Shown for each graph are corresponding numbers of migrations
(gray), co-migrations (brown), and seeding sites (blue) (see Methods, Supplementary Figs. S13&S14).
Tissue colors match (D). LL, left lung; Liv, liver; M1, mediastinum 1; M2, mediastinum 2; RE, right lung
E; RW, right lung W (see [63]). 40
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