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e Biology unfolds as trajectories. Patient cohorts are often only
snapshots.

e Rather than inferring a trajectory from data alone, can we test a
hypothesised graph of biological transitions and determine which
transitions are supported, how they occur, and what drives them?
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[ Recovery of Known Branching and Merging Transitions]

Input: 100 samples in 64-D with known ground-truth branching and
merging transitions.
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[ What are the inputs? ]

e A dataset(a:z-,s@-)ﬁil, with features z; ¢ Iﬁf‘”and state labels
si €{1,..,K}.

e Adirected transition graph G = {(S,,T;)}{,, each edge is a
hypothesised transition from stateSto T

[ What is learned? ]

A latent representation and unbalanced Optimal Transport
(UOT) couplings that make admissible transitions minimum-
cost, learned contrastively against implausible transitions.
Transition energy for edge (S, T):
. _ 1 . .-
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Training objective (with contrastive loss L -y ):

min £(0) = Y. wer [EST(e) + 7[:1(\15(5@(9)} +Q(0)
(S,T)eG

[ What is obtained? ]

e Atransport plan P coupling each source sample to its targets in
the next state.

e A latent mapping din which admissible transitions are
minimum-cost.

 Drift vectors summarising each sample's transition, which
back-project to feature space to reveal transition drivers.

* Transition energies F ¢, scoring the cost of each hypothesised
transition.

e GOTFlow can reconstruct directed population transitions from
cross-sectional data, guided by a hypothesised transition graph
rather than an assumed linear trajectory.

e Quantifies feature-level changes and transition energies,

revealing both the transition drivers and support for each
proposed transition.
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Findings: GOTFlow recovers the correct directional structure
(mean cosine similarity 0.720 = 0.152 between inferred and true
drift; chance = 0).

[Molecular Changes Over Time and Miscarriage-Associated Factors ]

Input: A panel of endometrial marker genes with menstrual timing
state for each sample (n = 664)

Objective: How does gene expression change across luteal-phase
timing, and how does that progression relate to miscarriage?
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Findings: Miscarriage samples show reduced inferred forward drift
across luteal timing states, consistent with impaired decidualisation.

Inferring Molecular Changes Across Breast Cancer Risk States

Input: Patient-level expression profiles of prognostic genes
(n=1061), with each patient assigned to a known survival-risk state
(low = high).

Objective: How does gene expression change across increasing
survival-risk states, and which genes drive that shift?
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Findings: Coherent low-to-high-risk flow, with risk-driving genes
rising (TCP1, GARS1) and protective ones falling (SUSD3, NXNL2).




