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ABSTRACT

Phylogenetic inference remains computationally challenging due to the exponen-
tially growing tree topology search space, and current methods rely heavily on
multiple sequence alignments (MSAs) which are expensive and error-prone. We
propose AncestorGFN, a novel approach leveraging Generative Flow Networks
(GFlowNets) for simultaneous sequence generation and phylogenetic inference
without requiring MSAs. Our method learns to generate sequences matching a
target distribution while the flow trajectories implicitly encode evolutionary re-
lationships. We demonstrate that greedy traceback on maximum-flow trajectories
recovers shared ancestral states, and evaluate on the let-7 microRNA family where
the learned flow structure captures phylogenetic branching patterns. Furthermore,
beam search at inference time discovers novel sequences clustering near known
targets, suggesting applications in de novo sequence design. This work establishes
a foundation for MSA-free phylogenetic inference using generative models.

1 INTRODUCTION

Phylogenetic inference, which reconstructs evolutionary relationships from molecular sequences,
remains computationally challenging The number of possible tree topologies grows exponentially
with the number of taxa: there are (2n—>5)!! unique unrooted bifurcating tree topologies on n species
(Zhou et al., [2024). Standard methods including parsimony, maximum-likelihood, and Bayesian
approaches have been developed to explore this vast space (Haber & Velascol 2024]), but these rely
on multiple sequence alignments (MSAs), which are computationally expensive and can introduce
errors that propagate to the inferred trees.

Generative Flow Networks (GFlowNets) offer a promising alternative for exploring large discrete
spaces (Bengio et al., 2021} 2023)). GFlowNets learn to sample objects with probability P(z) o
R(x), where R(x) is a reward function, with theoretical connections to variational inference (Malkin
et al.|2023)) and demonstrated effectiveness in discrete optimization (Zhang et al.,2023}; |Pan et al.,
2022). Structurally, GFlowNets can be viewed as directed acyclic graphs (DAGs) where nodes
represent states, edges denote transitions, and flow corresponds to trajectory probabilities (Figure I}

Generative models have been applied to both sequence generation and phylogenetic inference. Jain
et al.[ (2022) demonstrated GFlowNets for de novo protein and DNA sequence generation. Phy-
1oGFN (Zhou et al.,|2024) applies GFlowNets to tree topology generation, while PhyloGAN (Smith
& Hahn, 2023)) uses GANs for generating tree topologies and branch lengths. Phylo-Diffusion
(Khurana et al.l |2024) conditions diffusion models with phylogenetic knowledge for species im-
age generation. However, using generative models to simultaneously generate sequences and infer
phylogenetic relationships from the generation trajectories remains unexplored.

Here, we propose AncestorGFN, which leverages GFlowNets for both sequence generation and
phylogenetic inference without requiring MSAs. We demonstrate that the learned flow structure
implicitly captures evolutionary relationships, and that beam search at inference time can discover
novel sequences near known targets—suggesting applications in de novo sequence design.
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Figure 1: Schematic overview of a GFlowNet trained with the Trajectory Balance (TB) objective.
Target sequences (red) represent the desired distribution; black nodes are off-target candidates. Tra-
jectories show sampled paths through the flow network, with the inferred maximum-flow phylogeny
highlighted in red.

2  METHOD

AncestorGFN adapts GFlowNets to both sequence generation and phylogenetic inference. We gen-
erate RNA sequences matching a target distribution and infer phylogenetic relationships from the
learned flow network.

2.1 GFLOWNET TRAINING OBJECTIVES

We compare three GFlowNet training objectives: Trajectory Balance (TB) (Malkin et al.l 2022),
Detailed Balance (DB) (Bengio et al., 2023, and Forward-Looking Detailed Balance (FL-DB) (Pan
et al.| [2023). Our implementation primarily uses FL-DB, which addresses challenges of long trajec-
tories and sparse rewards by incorporating intermediate reward signals (see Appendix [A]for TB and
DB formulations).

State and Action Space: Each state represents a partial sequence, with the initial state being an
empty sequence e and terminal states being complete sequences. Actions include insertions, sub-
stitutions, and deletions of nucleotides (A, U, G, C). We implement several intermediate reward
strategies based on sequence similarity to targets (Appendix [C).

Forward-Looking Detailed Balance (FL-DB): The key insight of FL-DB is to reparameterize the
flow function to incorporate intermediate energies. Given an energy function E(s) defined on all

states, we define the forward-looking flow F'(s) 2 eF(5) F'(ss), which factors out the energy already
accrued at state s. The FL-DB constraint becomes:

F(s)Pr(s'| 5) = F(s')P(s | s")e 7 ()

where E(s — s') = E(s') — E(s) is the transition energy. In our implementation, we define E(s)
using sequence similarity to targets, enabling partial reward signals at each step for more efficient
credit assignment.

2.2 FLOW TRACEBACK FOR PHYLOGENY INFERENCE

To infer phylogeny from the trained GFlowNet, we leverage the flow structure of the DAG. We first
compute edge flows by forward-propagating from the source: for each edge (s — s'), the flow is
defined as:

f(s = ') =F(s)- Pp(s' | s) 2)

where F'(s) is the cumulative flow at node s.
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Figure 2: Traditional phylogenetic reconstruction: UPGMA tree of 43 generated let-7 sequences,
clustered by Hamming distance. Labels show the sequence and representative species abbreviation.
While the tree captures terminal sequence relationships, it does not reveal the generative process or
ancestral intermediates.

We then apply greedy backtracking to reconstruct evolutionary trajectories: starting from each
target terminal state x, we iteratively select the parent node with maximum incoming flow:
s;_y=arg max f(s— st) 3)
s:(s—s¢)EE
This process continues until reaching the root (empty sequence). The intersection points of these
trajectories correspond to inferred common ancestors in our model.

3 EXPERIMENTS

We first validate AncestorGFN on short 4bp RNA sequences, where FL-DB with partial rewards
significantly outperforms TB and DB in both convergence speed and target hit rate (54.2% vs 7.4%
and 6.0%; see Appendix [B] for details). The learned flow networks reveal phylogenetic structure,
with greedy traceback recovering shared ancestral states across different training objectives. We
now focus on biologically relevant 10bp sequences from the let-7 microRNA family.

Let-7 MicroRNA Family (10bp). The state space for 10bp sequences grows to 4! = 1,048, 576
possible sequences—over 4,000 x larger than the 4bp case. On random 10bp targets, FL-DB dis-
covers 5x more unique targets than TB (10/100 vs 2/100), demonstrating that partial reward signals
become increasingly critical as search space grows.

Dataset and Setup. We evaluate on the let-7 microRNA family, one of the most conserved miRNA
families across species (Roush & Slackl [2008). We extract 58 unique 10bp target sequences from
612 sequences across 107 species, selecting positions 10—19 (a variable region with highest entropy;
see Appendix [E] for details). We use ConservationWeightedHammingReward (Appendix [C.4) and
ProgressiveHammingReward (Appendix [C.5)) to weight rewards by evolutionary conservation and
provide intermediate feedback. FL-DB achieves coverage of 43/58 (74.1%) unique let-7 sequences,
with sampling frequency positively correlated with species conservation (Spearman p = 0.509,
p < 0.001; see Appendix [E).

Phylogenetic Structure Comparison. To evaluate whether GFlowNet captures evolutionary rela-
tionships, we compare traditional phylogenetic reconstruction with our flow-based approach. Fig-
ure 2] shows a UPGMA tree constructed from the 43 generated sequences using Hamming dis-
tance—a standard approach in molecular phylogenetics. The clustering groups sequences by simi-
larity, with closely related variants sharing evolutionary branches.

In contrast, Figure [3] visualizes the state-space DAG constructed from trajectories collected during
training, where node size indicates visit frequency and edge width represents flow magnitude. Un-
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Figure 3: GFlowNet-based evolutionary inference: State-space DAG of generation trajectories
for let-7 sequences. Node size indicates visit frequency during sampling; edge width represents
flow magnitude. Unlike traditional trees, the DAG reveals shared intermediate states (ancestral se-
quences) learned by the model, providing a generative view of evolutionary relationships.

like traditional trees that only capture terminal relationships, the DAG reveals shared intermediate
states among related sequences—corresponding to inferred common ancestral paths. This demon-
strates that even without explicit phylogenetic supervision, the GFlowNet’s learned flow structure
implicitly captures evolutionary relationships, providing richer information than pairwise distance-
based methods.

Novel Sequence Design. While Figure [3] shows trajectories from training-time stochastic sam-
pling, we can also extract sequences deterministically at inference time. We apply beam search
with &£ = 20 to the trained model to find the top-k most likely sequences. Figure [d] shows the re-
sulting trajectory DAG, revealing that 5/20 top sequences are known let-7 targets while 15/20 are
novel sequences not present in the training set. Notably, these novel sequences cluster near known
targets (typically 1-2 Hamming distance), suggesting the model has learned meaningful sequence
neighborhoods rather than arbitrary patterns. The shared intermediate states in the beam search DAG
provide an alternative view of ancestral relationships: sequences sharing early trajectory prefixes are
inferred to have common evolutionary origins. This demonstrates potential for de novo sequence de-
sign, where trained GFlowNets can propose novel candidates similar to known functional sequences
at inference time.

4 DISCUSSION

Our experiments reveal two key insights. First, partial reward signals become increasingly critical as
sequence length grows: FL-DB achieves 5 x better target coverage than TB on 10bp sequences, sug-
gesting intermediate credit assignment is essential in sparse reward landscapes. Second, GFlowNets
implicitly learn evolutionary relationships through their flow structure without explicit phylogenetic
supervision, with shared intermediate states corresponding to inferred common ancestors. Beam
search at inference time discovers novel sequences near known targets, demonstrating potential for
de novo sequence design.
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Figure 4: Post-training beam search trajectory DAG for let-7 sequences. Top-20 most likely se-
quences are extracted via beam search at inference time, with trajectories traced from the root (empty
sequence) to terminal states. Red nodes indicate target sequences (5/20), green nodes represent novel
sequences (15/20), and gray nodes show shared intermediate states. Novel sequences cluster near
known targets (typically 1-2 Hamming distance), suggesting the model learns meaningful sequence
neighborhoods.

Limitations and Future Work. Current limitations include: scaling to full-length miRNAs
(22bp+), lack of quantitative comparison with ground-truth phylogenies (e.g., Robinson-Foulds dis-
tance), and no direct comparison with tools like RAXML or MrBayes. Future directions include
hierarchical GFlowNets for longer sequences, incorporating phylogenetic likelihood models as re-
wards, and extending to protein sequences.

REPRODUCIBILITY STATEMENT

Code for AncestorGFN will be made available upon publication. All the data from the experiments
is provided, ensuring reproducibility. The miRNA LET-7 family sequences used in this study were
obtained from MirGeneDB (https://mirgenedb.org/browse/ALL?family=LET-7&
seed=).
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where Zjp is a learnable partition function estimate. TB only receives reward at terminal states,
leading to poor credit assignment on longer trajectories.

Detailed Balance (DB) (Bengio et al., [2023): For each transition s — s’

F(s)Pr(s' | s) = F(s')Pp(s | s') ©)

where F'(s) is the learned state flow function, with boundary condition F'(x) = R(z) at terminal
states. DB converges faster than TB by learning per-state flow estimates.

Forward-Looking Detailed Balance (FL-DB) (Pan et al.| 2023) is detailed in the main text. FL-
DB is recommended when meaningful intermediate rewards are available, achieving significantly
higher target hit rates.

B SHORT RNA SEQUENCE EXPERIMENTS (4BP)

We validate AncestorGFN on short RNA sequences using an alphabet of four nucleotides
{A,U, G, C} with maximum sequence length of 4 and 5 discrete time steps. We define 13 target
RNA motifs including AUUC, AUCC, CACC, CUA, CCUA, CCCA, GGGQG, and others.

Training Objective Comparison. For TB and DB, we use a sparse reward signal (1.0 for exact
matches, 0.1 otherwise). For FL-DB, we employ AlignmentReward (Appendix [C.I)) which provides
partial credit. All models are trained for 20,000 episodes with learning rate 3 x 10~ 3.

A B

Training Loss Comparison: T8 vs DB vs FL-DB Convergence Dynamics (normalized)

ce o0 e 00-0cee ce=-
1§ 1§18 §3iyigE mim

Figure 5: Training comparison of GFlowNet objectives on short RNA sequences. (A) Training loss
curves for TB, DB, and FL-DB objectives. (B) Normalized partition function estimates showing
convergence dynamics. (C) Flow network visualization for DB (left) and FL-DB (right) models,
with target sequences highlighted in red and maximum-flow trajectories shown.

Figure [5JA shows training loss comparison: TB suffers from poor credit assignment, while DB and
FL-DB converge faster with localized gradient signals. Figure 5B shows convergence dynamics,
and Figure 5|C displays flow network visualizations.

Flow Network and Phylogeny Inference. Applying greedy traceback, we find that some sequences
share common ancestors across different training objectives. For example, both CCCA and GGGG
pass through a shared ancestral state, while AAGA and AGGA both trace back to the ancestral
sequence AGA. These branching patterns demonstrate that the GFlowNet naturally captures evolu-
tionary relationships.
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C REWARD FUNCTION DESIGNS

We implement several reward functions for sequence generation, each addressing different chal-
lenges in training GFlowNets.

C.1 ALIGNMENT REWARD

The AlignmentReward uses Needleman-Wunsch global alignment to provide partial credit:

NW(z,y)
Rajign () = — 6
ain(2) = X 5. 9) ©
where NW(+, -) is the alignment score (match = +1, mismatch = —1, gap = —1). This is useful

when the action space includes insertions and deletions.

A B
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Figure 6: Standard vs. progressive Hamming reward. Progressive normalization by current length
provides stronger gradient signals for partial sequences.
C.2 ENTROPY-WEIGHTED HAMMING REWARD

The EntropyWeightedHammingReward addresses mode collapse on repetitive sequences by
boosting complex (high-entropy) targets:

Rentropy (2) = Rhamming (2, y”) - (1 + - Hyorm (y)) @)
where Hyom(y) = — Y. pelog pe/log|.A| is the normalized Shannon entropy.
C.3 ADAPTIVE HAMMING REWARD
The AdaptiveHammingReward dynamically decays rewards for frequently hit targets:

Rudupine () = Framning(, ") . ®

1+ Blog(1+ny-)

where 7+ is the cumulative hit count for target y*, encouraging exploration of under-sampled tar-
gets.
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C.4 CONSERVATION-WEIGHTED HAMMING REWARD
The ConservationWeightedHammingReward weights sequences by evolutionary conservation:

Rconservation(x) = Rhamming(xa y*) * Weons (y*) ©)]

where the conservation weight uses log-scaling:

108;(1 + Tspecies (y) )

= 1— :
Weons (y) = a + ( a) log(1 + maxy’ Nspecies "))

(10)

Here nspecies(y) is the number of species containing sequence ¥, and « ensures rare sequences still
receive some reward. We use o = 0.1, giving conserved sequences (found in ~80 species) higher
reward than singletons.

C.5 PROGRESSIVE HAMMING REWARD

The ProgressiveHammingReward improves intermediate reward signals for FL-DB training. Stan-
dard Hamming normalization by target length gives weak gradients for partial sequences:

matches(z, y*[: t])

R = 11
standa.rd(mt) len(y*) (11
Instead, we normalize by current sequence length for intermediate rewards:
matches(x:, y*[: t
Rprogressive(xt) = ( LY [ ]) (12)

t

For example, generating towards a 10bp target: at ¢t = 1, standard reward gives 1/10 = 0.1 (weak),
while progressive reward gives 1/1 = 1.0 (strong). Terminal rewards still use target length normal-
ization. Figure[f]illustrates this difference.

Top 20 Species by miRNA Count Top 15 Sequences by Species Count
Dre 2 AGGUUGUAUA
Gmo 20
Mal 2 AGGUUGUAUG
Tni 19 AGAUUGUAUA
Xa v AGGUUGUGUG
Mun = AGUUUGUGCU
Aca 1
Ami 14 AGGUUGCAUA
Cpi 14 AGUUUGUACA
Gja 1
Lch u AAGUUGUAUU
Loc 14 AGAUUGAAUA
Oan i UGGUUGUAUG
Pby 1
e u UGUUUGUACA
Bta 12 UGGUUGUAUA
Cfa 2 AGUUUGUAUA
Cja 12
cpo 12 AAGUUGUGUU
Eca 12 AGUUUGUGUA

0 5 10 15 20 0 20 40 60 80
Number of MmiRNAS Number of Species

Figure 7: Let-7 dataset statistics. Left: Top 20 species by miRNA count. Right: Top 15 sequences
ranked by conservation (species count).

D TRAINING OBJECTIVE COMPARISON

Table T]compares the three GFlowNet training objectives on the 4bp RNA sequence generation task
(Case Study 1).

DB converges faster than TB for simple problems through local flow constraint. FL-DB is rec-
ommended when meaningful intermediate rewards are available (e.g., partial sequence similarity),
achieving significantly higher target hit rates.
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Table 1: Comparison of GFlowNet training objectives on 4bp sequences.

TB/DB use Target-

MatchReward (exact match), FL-DB uses AlignmentReward (partial credit).

Aspect TB DB FL-DB
Credit Assignment Global Local Local + Rewards
Intermediate Rewards No No Yes

Mean Reward 0.166  0.154 0.563
Target Hit Rate 74%  6.0% 54.2%

LET-7 10bp FL-DB Training
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Learned Z (log partition)
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Figure 8: FL-DB training dynamics on let-7 sequences. Top: Loss and log Z convergence. Bottom:
Target hit rate and cumulative coverage reaching 43/58 (74.1%).

E LET-7 MICRORNA RESULTS

E.1 DATASET

The let-7 dataset comprises 612 miRNA sequences from 107 species. After extracting positions
10-19 (a 10bp variable region with highest entropy), we obtain 58 unique target sequences with
conservation ranging from 1 to 83 species per sequence. Figure[7]shows the distribution of miRNA
counts across species (left) and the top conserved sequences ranked by species count (right).

E.2 TRAINING CONFIGURATION

* Objective: FL-DB with ConservationWeightedHammingReward + ProgressiveHammin-

gReward

* Action space: Insertion-only for efficiency

* Training: 500 iterations, batch size 1024, learning rate 3 x 10-3

e Network: MLP with hidden layers [32, 16, 8]

Figure @ shows the training dynamics, including loss convergence, log Z estimation, target hit rate

progression, and cumulative coverage reaching 43/58 (74.1%).
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E.3 CONSERVATION CORRELATION

The model preferentially samples conserved sequences (Spearman p = 0.509, p < 0.001), demon-
strating that conservation-weighted rewards successfully guide sampling toward evolutionarily im-
portant sequences. Figure[dvisualizes this positive correlation between species count and GFlowNet
sampling frequency.
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Figure 9: Correlation between species count and GFlowNet sampling frequency.
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