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Figure 1. An example of phylogenetic tree.

A phylogenetic tree is described by a bifurcating tree topology 7 and the associated non-negative
branch lengths q.

Our interest is the following problem arising from the practice of phylogenetics:

Given a collection of tree topologies T = { (7%, w*)}}%,, how can we
find a low-dimensional representation for each tree topology 77
= Distilling crucial information from phylogenetic trees

= Clustering/visualization the diverse evolutionary solutions

= Diagnosing multiple phylogenetic inference analyses

= etc ...

PhyloVAE: An Overview

Our training set is a collection of trees T = {(7*, w")},, where

= 7' is a tree topology, coming from scientific findings, phylogenetic analysis results, etc.
= w' is the weight for the tree topology 7 and S w' = 1.

Our PhyloVAE comprises of:

= A generative model pg(7|z), modeling the probability of generating 7 given a latent variable z. We
assume Gaussian prior p(z) = N(z; 04, I,7).

= A inference model g4(z|7) that approximates the posterior pg(z|7).
Our training objective is the multi-sample lower bound
K

1 pg(T, Zi)
By LK (750, @) = By (1) By (1)) 108 (K %(z@m) < Epyar) l0g po(7), (1)
1=1

which can be efficiently optimized using the reparametrization trick.

A Tree Encoding Mechanism

To model the generative model pg(7|z), we aim to build an encoding map for each tree:
8(7') T = 8 = (83,84,...,8]\[_1)

where s records the position indexes of the newly added edges when growing the tree topologies
[(XZ23].

PhyloVAE: Unsupervised Learning of Phylogenetic Trees via Variational Autoencoders

= remove the pendant edges fs, f5, f1 (@ssociated with the leaf nodes F, E, and D) sequentially;
= record the corresponding edge decisions es, ey, €3.

Reconstruction Loop From the lower right, we

= add back fy, f5, f¢ and index these nodes (except for the root) sequentially;
= record the indexes (3,7,5) associated with es, ey, es.

Theorem Given a tree topology 7 with N leaf nodes, the time complexity of computing its encoding
vector s(7) is O(N).

Generative Model and Inference Model in PhyloVAE

Generative Model Similar to the diagonal Gaussian distribution used in standard VAEs, we assume the
elements in s(7) are conditionally independent given z, i.e.,

polr12) = po(s(7)12) = [ posnl2) 2

The probability components are parametrized using MLPs.

Inference Model \We use a diagonal normal distribution for the conditional distribution of the latent
variable z whose mean and standard deviation are defined based on f;, as follows

4o(2|T) = N (z; s, diag(o7)) , pr = MLP,(f;), log o7 = MLP,(f), (3)

where MLP,, and MLP, are two multi-layer perceptrons, and f- is the outputs of a GNN that takes =
as input.

Representation The mean of the inference model, pu, € RY is a deterministic low-dimensional
representation of 7.

Representation Learning Task
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Figure 4. Performances of PhyloVAE and MDS plot [HY13] for representing clusters of different gene trees and different
phylogenetic inference analyses.

Generative Modeling Task

Table 1. KL divergences to the ground truth of different methods across eight benchmark data sets. “PhyloVAE (d)” means
PhyloVAE with latent dimension d. The “# Training set” and “# Ground truth” columns show the number of unique tree
topologies in the training sets and ground truth respectively.

KL divergence to ground truth
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Figure 3. Performance of PhyloVAE for structural representation on small simulated data sets.
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