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1. Manifold Parameterisation and the Developmental Prior The proposed framework
addresses the transcriptomic "measurement revolution" by utilising a Variational Autoencoder
(VAE) to project high-dimensional single-cell RNA sequencing (scRNA-seq) counts (X with
~20,000 dimensions) onto a parsimonious latent manifold (z with roughly 20 dimensions).

e Front-End Integration: The model utilises PopAlign to build Gaussian Mixture Models
(GMMs) of healthy hematopoietic populations sourced from Villani et al. (2017). These
compressed representations serve as a Developmental Prior, anchoring the latent space
to biophysical constraints and mitigating the "catastrophic forgetting" inherent in static
neural architectures.

e Symmetry-Breaking Logic: Unlike standard autoencoders, the Mesengenic Al
architecture is dynamic. By monitoring reconstruction error across the manifold, the
network initiates "Symmetry-Breaking" events—branching new latent layers (increasing
the number of dimensions) to mirror the differentiation of Hematopoietic Stem Cells
(HSCs) into specialised lineages.

2. D-SPIN Integration: Orienting Frustrated Spins D-SPIN recovers undirected gene
couplings Jij within an Ising-model Hamiltonian. The Energy (E) of a cell state is defined by the
sum of interactions between genes (s) and external perturbations (h):

E(s) = - Z]USL, Sj — Zhisi
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A primary computational challenge in this framework is "Frustration"—states where mutual
inhibition (]ij < 0) creates a rugged energy landscape. My framework (VAE v3) introduces

Causal Directionality to resolve these tensions:

e The do-operator Logic: Using the Pearl framework for causal inference, we distinguish
between observation P(B|A) and intervention P(B | do(A)). By applying Sparse
Mechanism Shift (SMS) to the Norman et al. (2019) CRISPRa dataset, we measure the
directional asymmetry in gene to gene interactions.

e The Operation: If the impact of forcing Gene A on Gene B - P(B | do(A)) - is significantly
greater than the inverse, the model orients the undirected coupling as a directed edge (A
-> B).This transforms the undirected spin-glass into a Directed Acyclic Graph (DAG),
identifying the "Causal Pivot Genes" that act as the master repressors for lineage
commitment.



3. Inverse Manifold Simulation and Precision Reprogramming The model acts as a scalable
tool for Algorithmic Tissue Engineering, specifically targeting the causal rewiring found in
Myelodysplastic Syndromes (MDS) and Clonal Hematopoiesis, utilising the Van Galen et al.
(2019) bone marrow hierarchies.

Localisation: By performing a manifold comparison between healthy priors and
diseased states, the VAE localises the coordinate of divergence (z-fail) where the HSC
trajectory is biased toward pro-inflammatory branching.

The Causal Nudge: The generative engine performs Inverse In-Silico Simulation,
predicting the minimal perturbation do(X) required to flip the identified Causal Pivot
Genes. This effectively "nudges" the system back across the Waddington ridge toward a
healthy regulatory attractor.

4. Implementation Stack

Frameworks: PyTorch, PyTorch Geometric (for MPNN-based graph modeling).
Kernels: GPflow for Gaussian Process-informed latent transitions.
Inference: PHATE for high-fidelity visualisation of branching differentiation trajectories.
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