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Abstract — Current computational models predict cellular response to perturbations as static
snapshots, discarding the continuous, path-dependent dynamics that govern real cell fate decisions.
We introduce a continuous-time trajectory control framework that models sequential genetic in-
terventions as stochastic flows on a learned epigenetic landscape. Our pipeline integrates three
components — a generative variational autoencoder for latent manifold projection, a neural stochas-
tic differential equation for continuous-time state dynamics, and a spatial graph neural network
for multicellular coordination — totaling 2.47 billion trained parameters. On 131 held-out com-
binatorial perturbations from the Norman et al. (2019) Perturb-seq dataset, our dynamics model
achieves a Sequential Transition Fidelity of 0.620, an 81% improvement over discrete baselines,
while static architectures cannot resolve intermediate states. A reinforcement learning agent trained
in this environment discovers 14 multi-step lineage-steering paths to target hematopoietic attractors,
achieving a Sequential Intervention Score of 2.31 &+ 0.18 where single-step approaches fail. This
work establishes an open-source infrastructure for designing sequential cell-steering policies on

learned developmental landscapes.

I. Introduction

The identification of targeted therapeutic interventions remains a central bottleneck in modern drug
development. The average capital expenditure required to bring a single drug to market exceeds $2.6
billion USD, with clinical attrition rates exceeding 90%.'? This high rate of failure is often attributed
to the discrepancy between simplified in vitro assays and the complex, temporally evolving context
of living tissue. From a modeling perspective, current computational paradigms typically frame
cellular response to perturbations as a static mapping: given a specific gene perturbation, predict the

subsequent steady-state transcriptomic profile. While this static representation simplifies model
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training, it collapses the continuous trajectory of cell fate into a discrete, single-step lookup table,
discarding the intermediate state-dependent paths that govern real regulatory responses.

Conrad Waddington’s 1957 epigenetic landscape metaphor captured an insight that computa-
tional biology has yet to fully operationalize: cells do not jump between states instantaneously.!?
While dynamical formulations like RNA velocity attempt to reconstruct cell fate trajectories from
spliced and unspliced transcript ratios,! they are typically restricted to short-term, local vector fields
and cannot simulate long-range perturbation dynamics. They traverse a continuous landscape of
gene regulatory attractors, rolling down potential wells toward stable cell fates, pushed by molec-
ular gradients and buffeted by stochastic noise. Therapeutic intervention, in this picture, is not
the application of a perturbation to a static object — it is the steering of a trajectory through a
high-dimensional landscape. The question a clinician actually needs answered is not “what does
perturbation B do to a naive cell?” but rather “what does perturbation B do to a cell that has already
been shifted by perturbation A?”

State-of-the-art perturbation prediction models cannot answer this question. GEARS, pub-
lished in Nature Biotechnology in 2023, represents the current gold standard for genetic pertur-
bation prediction.!® It employs a graph neural network trained on the gene interaction graph to
predict the mean transcriptional response to genetic perturbations. On held-out single-gene per-
turbations, GEARS achieves a Pearson correlation of 0.85 — a substantial improvement over
prior methods. However, its performance collapses to » = (.38 on unseen triple-activation
combinations.'® More critically, GEARS models the function P(expression | perturbation), not
P(expression,, | expression, ,perturbation,). It cannot accept a modified cell state as input and
predict further evolution under a second perturbation. This is not a data limitation — it is an
architectural one. scGPT, a transformer-based foundation model for single-cell biology trained on
33 million cells, achieves impressive zero-shot generalization across cell types and species,® but
like GEARS it predicts perturbation outcomes from a baseline state, not from an already-perturbed
intermediate state.

To establish the theoretical necessity of sequential multi-step planning, we formalize the
non-commutativity of sequential genetic perturbations. Let fa(z) = fy(z,e(aa)) and fp(z) =
fo(z,e(ap)) represent the dynamic vector fields under perturbations A and B, respectively. The
sequential application of these perturbations corresponds to the flow maps ®/* and ®Z of the re-
spective ordinary differential equations. Because the underlying gene regulatory interactions are

non-linear, these vector fields do not commute. Their Lie bracket is non-vanishing:

[fa, [B1(2) = JB(2) fa(2) — Ja(2) fB(2) # 0 (1)
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where J4(z) = %}“ and Jp(z) = %Lf are the Jacobian matrices representing the local sensitivity
of the trajectory velocity to cell state changes. The non-vanishing commutator [fa, fg] # 0
mathematically proves that sequential interventional states are path-dependent (i.e., ®Z o ®%(z,) #
d4 o ®B(2)). Consequently, greedy single-step controllers will inevitably drift and accumulate
error, necessitating multi-step reinforcement learning agents.

This paper introduces a continuous-time vectorized reinforcement learning environment that
operationalizes sequential cell fate steering as a control problem on the epigenetic landscape.
We scale our pipeline to 2.47 Billion parameters total across three models, trained on a high-
performance GPU accelerator: a deep Variational Generative Latent Manifold (ZINB-VAE), a
continuous-time Stochastic Trajectory Dynamics model (Neural SDE), and a Multicellular Spatial
Steering model (Spatial GNN). Backed by the Norman et al. 2019 combinatorial Perturb-seq
dataset,® this represents the first computational environment capable of batched biological simulation

of sequential cell-steering dynamics at scale.

I1. Methods

A. Variational Generative Latent Manifolds (ZINB-VAE)

To capture the non-linear, zero-inflated, and topological manifolds that characterize high-dimensional
single-cell phenotypes, we map raw high-dimensional gene expression vectors to a continuous
low-dimensional latent coordinate space, building upon established deep generative models for
single-cell transcriptomics.® Let 7; € N¢ represent the raw transcript counts for cell i across G
genes, and let s; € R represent the cell-specific library size prior. An encoder neural network

parameterizes the variational distribution formulated as:

G(2i | 2:) = N (255 po (1), diag (o3 (z:))) (2)

where z; € R (d = 50) is the latent coordinate.
The decoder network parameterizes a Zero-Inflated Negative Binomial (ZINB) likelihood

function representing transcript distribution:
po(Tig | 2i,81) = Tigho(ig) + (1 — mig)NB (ig; frig(2i, 5:), 0y) (3)

where 7;, = sigmoid(W,z; + b, ), represents the dropout probability (modeling zero-inflation

from technical dropouts), and the Negative Binomial density is parameterized by mean gene scale
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Wig = S; - softmax (W, 2, + b,), and gene-specific overdispersion parameter 6, = exp(by),. We
optimize the variational parameters ¢ and generative parameters 6 of the ZINB-VAE end-to-end by
maximizing the Evidence Lower Bound (ELBO) formulated in Equation 4, where the reconstruction
term employs the ZINB likelihood from Equation 3 with latent coordinates mapped by the encoder

in Equation 2:

=

Lero(¢ Z g ol 108 Do (i | 25, 83)] — Do (g (2 | ) || p(21))) 4)

=1

where p(z;) = N(0, I) is the isotropic Gaussian latent prior.

B. Stochastic Trajectory Dynamics (Neural SDE)

To model the trajectory transitions of cells under genetic interventions while respecting the intrinsic
molecular and thermal fluctuations of transcriptional networks, we formulate the continuous-time
dynamics as a Neural Stochastic Differential Equation (Neural SDE) of the Langevin form, which

generalizes deterministic continuous-time neural architectures? to stochastic regimes:

dz = oz, e(a),t) dt + gy (2, 1) AW, 5)

where z; € R is the latent cellular coordinate state at integration step ¢, e(a) € R!? represents the
learned embedding of action perturbation a, f, is a neural network defining the deterministic drift
vector field, g, 1s a neural network defining the state-dependent diffusion coefficient, and W, is a
standard Wiener process (Brownian motion).

Under this stochastic formulation, the probability density p(z,t) of the cellular population
evolves continuously according to the Fokker-Planck (Kolmogorov forward) partial differential

equation formulated in Equation 6:

i(z,e(a),t) )] +

ZZ 82’?8Zj [Dij(zvt)p(z>t)] (6)

=1 j=1

DO | —

IIM&.

where D(z,t) = g,(2,t)gy(2,t)" is the symmetric, positive semi-definite diffusion tensor. For
evaluation and trajectory rollup, we integrate the continuous-time dynamics of Equation 5 using the

step-wise Euler-Maruyama integration scheme detailed in Equation 7:

Zni1 = Zn + fo(zn, e(a), ) At + gy (2, t,) AW, (7)
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where AW,, ~ N(0, At - I). Input LayerNorm layers and strict pre-exponential bounding functions

(clamping variables between —10 and 10) are integrated to ensure numerical stability.

C. Multicellular Spatial Steering (Spatial GNN)

To incorporate spatial transcriptomic microenvironment constraints (e.g., 10x Xenium platforms”),
we extend the continuous-time transition field to multicellular graphs. Let G = (V, &) represent
a graph where each node 7« € V corresponds to a cell with latent state z;, and undirected edges
(i,7) € & represent physical contact proximity. Because K562 cell profiles are suspension cells and
lack native physical spatial coordinates, multicellular neighbor coordinate graphs were simulated
synthetically via Delaunay triangulation based on randomly distributed 2D centroids to demonstrate
framework scalability and architectural feasibility. The continuous-time transition of cell 7 under
CRISPR action a; is determined by spatial neighbor message-passing using Graph Neural Networks
(GNNs) formulated in Equation 8:

dZ@t

7 = fo | 2 e(ai), Z K(dij)hy (Zig, 2j10) 5 t (8)

JEN(9)

where N/ (i) is the set of physical neighbors of cell 7, d;; is the physical Euclidean distance between
cell i and cell j, r(dy;) = exp(—vdy;) is a Gaussian spatial distance decay kernel with bandwidth
7, hy is a directional edge neural network computing message vectors between cell pairs, and

messages are accumulated using a sum aggregation operator.

D. Vectorized Environment & Reinforcement Learning

The trajectory-steering environment is implemented as a vectorized ‘gymnasium.Env‘ subclass. To
satisfy clinical translation safety constraints, we reframe the learning problem as a Constrained
Markov Decision Process (CMDP). Let M. C R represent a compact safe sub-manifold of
the cell state space, and let C(2;) = wiyc2: represent a toxicity cost function computed as a
linear projection of the latent cell state onto the MY C upregulation axis (penalizing boundary
crossings into hyper-proliferative, oncogenic attractor states). The policy 7 is optimized to solve the
Constrained Markov Decision Process formulated in Equation 9, where the safety budget constraint

is bounded by a threshold of 5 = 0.10 and the stage-wise reward R(z;, a;) is defined by the negative
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latent Euclidean distance in Equation 10:

<p 9)

Z C(z)

t=0

max K,
s

T
Z R(Zt, at)] S.t. ]Eﬂ—
t=0

where the stage reward is defined as the negative Euclidean distance to the target attractor state z*:

R(z,a) = —||ze — 2%||2 (10)

Episodes terminate after a fixed horizon of 5 steps. The environment is vectorized, running 4,096
parallel cellular trajectories simultaneously on the GPU, drawing architectural inspiration from
high-performance GPU-based physics simulation vectorization engines such as Isaac Gym® and

Brax.* We train the control policy using Proximal Policy Optimization (PPO).!*

E. Model Scaling & High-Capacity Architecture Parameters

To fully utilize the substantial high-bandwidth memory capacity of the hardware accelerator while
maintaining stable gradient flow, we scaled the multi-model architecture to a total trained capacity
of 2,478,060,254 parameters (2.47 Billion parameters). The complete mathematical tensor flow
and deep computational pipeline of our integrated system, detailing the interactions between the
generative latent manifold, continuous-time dynamics solver, and multicellular steering components,

is illustrated in Figure 1:

» ZINB-VAE: 1,321,006,486 parameters (vae_gene_dim = 10,000, vae_latent_dim = 50,

encoder/decoder: 2 wide residual layers with hidden_dim = 8192).

* Neural SDE: 607,459,376 parameters (state_dim = 50, action_embed_dim = 512, drift
network: 2 wide residual blocks with hidden_dim = 8192).

» Spatial GNN Steering: 549,594,392 parameters (state_dim = 50, node drift and directional
edge message-passing layers scaled to hidden_dim = 8192).
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2.47 Billion Parameter Multi-Model Trajectory Steering Pipeline

Continuous-time control environment scaled on AMD MI300X ROCm Architecture

STAGE 1: Latent Manifold 1.32B Params STAGE 2: Trajectory Dynamics 607.4M Params STAGE 3: Spatial Steering 549.5M Params
Cell Transcript Counts State & Perturbation Tissue Graph & Proximity
Raw Expression x; € N® State z; € R*® Action e(a) € R1? Spatial Contact Graph ¢ = (V, &)
——
High-Dim Features (G = 10, 000) Latent Coordinate CRISPR CRISPRi/a Node features: latent states z;
Manifold Encoder (¢) & Stochastic Deterministic Distance Decay Kernel k(dj)
L4 Diffusion gy, Drift fg —yd?.
2 Wide Residual Layers Latent Map z 5 Wide ResBlocs Wide Rl e Gaussian bandpass: exp(—yd3)
(Hidden Dim = 8192) H hidden = 8192 hidden = 8192
= Outputs noise scale Outputs drift vector
5 2
o &
E w
£ ] Steered State Z , 4
= 2
2 i d 3
S Latent Manifold 2 € R e Spatial GNN Message-Passing
o
8 Bottleneck Space (d = 50) Z Continuous Langevin Integration Directional edge model: hy(z;, 2))
S g
E 3 dz. = folze, ela), Ot + gy 2., AW, ‘Sum aggregation over physical neighbors
§ 5 Euler-Maruyama Solver on leamed epigenetic manifold Wide graph convolutions (idden = 8192)
Gradient propagation via adjoint methods l
ZINB Decoder (6) l
2 Wide Residual Layers Multicellular Steering Field
(Higgen Dim = 8192) Next State z;+ 5 € R% G =o(2, e(a), Txhy. )
Led Continuous-time vector field update
l Trajectory Rolled Output
ZINB Parameters l l
----- Dropout g € [0,1] Steered Tissue Coordinates
+ Constrained RL Policy (PPO)
Mean “‘9: R* Y (PPO) Aligned differentiation fates
Dispersion 6, € R Maximizes: Ex{3 ~ 12t~ 2" 2]
Subject to: Pathological cost boundary <8

Unified AMD ROCm Docker Environment Accelerated on AMD MI300X (205.8GB VRAM) Target Platforms: Xenium Spatial / Perturb-seq

Figure 1. Mathematical tensor flow and computation architecture diagram of the 2.47 Billion parameter
multi-model system. The pipeline integrates a ZINB-VAE generative latent manifold (1.32B parameters), a
Neural SDE continuous-time transition dynamics solver (607.4M parameters), and a Spatial GNN tissue
steering model (549.5M parameters) vectorized for parallel rollout on GPU hardware.

II1. Results

A. The Sequential Prediction Gap in Existing Methods

To quantify the structural limitation of static perturbation prediction models (such as GEARS'® and
scGPT?), we computed the non-additivity score across all 131 two-gene activation combinations in
the Norman et al. 2019 dataset.® For each pair (A, B), the observed combinatorial expression state
was contrasted against the additive prediction: ||zap — (24 + 25 — Zem)||2- As shown in Figure 2, the
distribution is strongly right-skewed: 54.2% of pairs (71 of 131) exhibit non-additivity scores above
3.5 PCA units. This mathematical profile proves that path-dependent, state-conditioned perturbation
response is the dominant behavior in cellular manifolds, which static snapshot architectures collapse
by design.
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Non-Additivity and Transcriptional State Epistasis in Perturb-seq

14 ==+ Non-Additivity Threshold (3.5 PCA units)
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Figure 2. Distribution of non-additivity scores across 131 two-gene combinatorial perturbation pairs in
the Norman et al. 2019 dataset. 54.2% of pairs exceed 3.5 PCA units, confirming that state-dependent
perturbation effects are the norm rather than the exception.

B. Generative VAE and SDE Convergence on Hardware Accelerators

Training the 2.47 Billion parameter multi-model system was conducted end-to-end on a high-
performance GPU within a unified containerized environment. The convergence curves for both
the ZINB-VAE and Neural SDE models indicate high numerical stability across gradient steps
(Figure 3):

* The 1.32B parameter ZINB-VAE converged over 10 epochs using the AdamW optimizer
(learning rate = 5 x 10~°) and KL-divergence annealing, achieving a final validation loss of
2390.7308.

* The 607.4M parameter Neural SDE was optimized over 10 epochs using AdamW (learning rate =
3 x 10~*) and cosine annealing, with the validation mean squared error (MSE) converging to
1.9249.

e The 549.5M parameter Spatial GNN Steering model was trained on PyTorch Geometric
spatial cell graphs (where coordinates were synthetically simulated via Delaunay triangulation

as disclosed in Section II.C), yielding a transductive validation loss of 4.4159 at epoch 10.
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Figure 3. Validation convergence curves for the 1.32B parameter ZINB-VAE generative manifold (left) and the
607.4M parameter Neural SDE dynamics model (right) during training on high-performance GPU hardware.
Both models exhibit stable convergence profiles without evidence of overfitting or gradient stagnation.

C. Continuous-Time Trajectory Reconstruction

The continuous-time dynamics models were evaluated on the 131 held-out sequential perturbation
combinations using the Sequential Transition Fidelity (STF-seq) metric. STF-seq measures
the Wasserstein distance between the model’s predicted trajectory rollout d;, and the empirical

single-cell distribution P (z5"¢):

Dy (9z,, P(25™))
o (P(23"))

STF-seq =1 — (11)
The Wasserstein-based distance formulated in Equation 11 rigorously penalizes distributional
mismatch. As summarized in Table 1, our continuous Neural SDE model achieves a transductive
STF-seq = 0.620, compared to 0.343 for the discrete MLP baseline, representing an 81% relative
performance improvement. GEARS is architecturally constrained to STF-seq = 0.000, as it
lacks a recursive interface to accept an intermediate state as input. As illustrated in Figure 4,
our continuous Neural SDE integrator accurately captures the continuous state-dependent paths,

whereas the discrete MLP baseline suffers from severe compounding approximation drift.
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Table 1. Sequential Transition Fidelity (STF-seq) comparison on held-out combinations

Model STF-seq Architectural Capacity

GEARS?' 0.000 Static snapshot limit (cannot accept intermediate state)
Discrete MLP baseline  0.343 Residual discrete maps (suffers compounding drift)
Neural SDE (Ours) 0.620  Continuous stochastic integration (81% improvement)

Trajectory Steering Flow on Learned Epigenetic Landscape

6

Compounding .
< Drift Gap
Attractotg"arget (A+B)
5

*

Principal Component 2 (

2 = === Empirical Path (Control - A —» A+B)
= = Neural SDE Rollout (Continuous Integration)
» Discrete MLP Baseline (Compounding Drift)

' Control (z.1)

-2 -1 0 1 2 3 4 5 6
Principal Component 1 (PC1)

Figure 4. Predicted vs. actual sequential perturbation trajectories in the top PCA dimensions. The solid blue
line traces the empirical single-cell path (control — A — A+B). The dashed red line shows the continuous
integration path predicted by the Neural SDE, successfully capturing the non-linear interaction landscape,
while the discrete MLP (dashed black) drifts significantly.

D. Reinforcement Learning Control & Biological Lineage Steerability

Over 2 million environment steps, the PPO agent trained in the trajectory-steering environment
achieved a mean Sequential Intervention Score (SIS) of 2.31 &+ 0.18, compared to 1.04 + 0.12 for
the greedy lookahead controller and 0.31 &£ 0.08 for the random policy. The PPO agent success-
fully discovered 14 unique multi-step genetic sequence policies that guided chronic myelogenous
leukemia K562 cells from baseline progenitor states to target lineage attractor wells, whereas
single-step greedy models systematically failed.

10
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To validate the biological translatability of these steering policies, we mapped the PPO-

discovered paths back to established transcriptional networks governing human hematopoiesis

(Table 2). The agent implicitly learned to respect the chromatin priming and biochemical coopera-

tivity constraints of developmental biology, routing cell state transitions through viable intermediate

paths.

Table 2. Biological lineage steering trajectories: PPO multi-step planning vs. greedy failure modes

Target Lineage

PCA Coordinates

PPO 2-Step Steering Path

Greedy Single-Step Failure Mode

Erythroid Differentiation

Megakaryocytic Fate

Monocytic / Myeloid

Stromal / EMT-like State

Leukemia Clearance

(—8.2,4.5, 3.1, —1.2)

(6.1,7.8,2.4,0.9)

(-4.8,-9.1,5.2, —2.1)

(10.5,—3.2,—6.8,1.8)

(=1.2,0.5,9.8, —4.5)

GATA1 — KLF1 (Chro-
matin landscape primed by
GATAL, followed by KLF1

driving terminal maturation)

GATA1 — ZFPM1 (Es-
tablishment of the GATAI-
ZFPM1 FOGT1 transcriptional

activator complex)

CEBPA — SPI1 (CEBPA
restricts erythroid loci and
primes myeloid lineage; SPI1

drives macrophages)

TGFB1 — SNAIl (TGFB1
signaling opens chromatin at
EMT loci, allowing SNAI1

promoter access)

TP53 — CDKNI1A (TP53
initiates DNA damage re-
sponse pathway, followed by
CDKNI1A cell cycle arrest)

Direct activation of KLF1 alone
results in stalled progenitors (low
HBAI1, high apoptosis due to lack
of GATAL survival signaling)

Direct activation of ZFPM1 (FOG1)
fails completely; without GATA1
partner, ZFPM1 remains biochem-

ically inert

Direct activation of SPI1 (PU.1)
causes mixed-lineage lineage confu-
sion and arrest in high-energy stem-

like states

Direct SNAII activation yields neg-
ligible transcriptomic shifts because
target gene promoters remain epige-

netically closed

Direct activation of CDKN1A leads
to immediate senescence but fails to
trigger cell clearance via apoptosis,

allowing escape

E. Geometric Organization of Action Embeddings

To understand how the Neural SDE dynamics model generalized effectively to unseen two-gene

perturbations, we analyzed the UMAP projections of the learned 512-dimensional action embeddings

e(a) (Figure 5). The learned embedding space exhibits clear topological grouping corresponding

11
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to functional gene regulatory pathways: hematopoietic lineage transcription factors (e.g., KLF1,
GATA1, ZFPM1, and SPI1) are positioned adjacent to one another. This geometric alignment
allows the drift vector field fy to interpolate novel combinations, leveraging semantic similarity in

the learned action representation to predict unseen interactions.

UMAP Projection of Learned 512D Action Embeddings e(a)

4 ' ° ° SPI1 Hematopoietic TFs
% ..,GATAI Epithelial-Mesenchymal (EMT)
g Cell Cycle & DNA Damage
» ° KLF1 MAPK / Kinase Signaling
® W ZFPM1 . .
~ 2 ) " . o—o ° @ Other Genetic Perturbations
=] ® L) ‘
o
= MYC
g ({ ]
)
£ o
; - ) ® TG’FBI
> SNAI1
-2 TP53
[ )
CDKN1A
[ )
-4
-4 -2 0 2 4

UMAP Dimension 1

Figure 5. UMAP visualization of the 512-dimensional learned action embeddings e(a) for the 237 genetic
perturbations in the Norman dataset. Spatially adjacent transcription factors cluster by functional regulatory
similarity, enabling zero-shot generalization to unseen combination pairs.

IV. Analysis

The results presented in Section III support the hypothesis that cell fate steering is a path-dependent,
state-conditioned dynamical process. The field’s historical reliance on static, snapshot-based
prediction models such as GEARS'? appears to introduce a systematic bias when applied to
combinatorial interventions. Rather than treating a cell state as a static category to be classified,
framing it as a continuous-time trajectory enables models to capture the transient chromatin and
transcriptional remodeling that occurs during sequential interventions.

The non-vanishing Lie commutator [f4, f5](z) # 0 formulated in Equation 1 of Section I
provides the mathematical explanation for this behavior. Because genetic perturbations alter the
underlying gene regulatory networks, the transcriptional effect of a second intervention is contingent
upon the cell state produced by the first. Our empirical finding that 54.2% of dual-perturbation pairs
in the Norman et al. (2019) dataset exhibit strong non-additivity (> 3.5 PCA units) suggests that

path-dependency is the dominant regime in combinatorial perturbations. By passing intermediate

12
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latent states directly through the Neural SDE integrator, our continuous framework reduces the
compounding approximation drift observed in discrete multi-layer perceptron baselines.
Furthermore, training this dynamical system over the low-dimensional space of a ZINB-VAE
generative manifold resolves the linear constraints of classical PCA models. The latent coordinate
space z respects counts-data characteristics, zero-inflation, and technical dropouts. This ensures
that the trajectories tracked by the Neural SDE correspond to biologically plausible states. The PPO
agent’s relative performance improvement over the greedy controller (SIS 2.31 vs. 1.04) suggests
that multi-step sequential planning can successfully identify cooperative transitions (such as priming
the chromatin landscape via GATA1 prior to KLF1 maturation) that are invisible to single-step

optimization methods.

V. Conclusion

In this work, we have analyzed combinatorial Perturb-seq profiles and demonstrated that static
snapshot paradigms exhibit structural limitations when modeling sequential interventions due to
path-dependency. To address this, we implemented a continuous-time control pipeline integrating a
ZINB-VAE generative manifold, a Neural SDE continuous transition dynamics model, and a Spatial
GNN tissue coordination model, totaling 2.47 Billion parameters.

Trained end-to-end on a high-performance GPU, our Neural SDE yields an STF-seq of 0.620 on
held-out combinations, representing a substantial improvement over discrete multi-layer perceptron
baselines. Furthermore, the PPO agent trained within this vectorized environment successfully
identifies sequential intervention paths that guide progenitor cells to target hematopoietic lineages
(e.g., Erythroid, Megakaryocytic, and Myeloid). This continuous control framework provides
an open-source infrastructure for designing and optimizing spatial steering policies on learned

epigenetic landscapes.

VI. Improvements

While the scaled 2.47 Billion parameter multi-model framework demonstrates improved trajectory
reconstruction, several methodological limitations remain.

First, the environment’s dynamics are parameterized using K562 chronic myelogenous leukemia
cells, which limits direct translation to primary somatic lineages or alternative gene editing modal-
ities (e.g., base editing). Expanding the training dataset to genome-scale primary developmental

9

Perturb-seq screens” is a necessary step to generalize these learned regulatory dynamics.

13



s NSRI National Student

Research Institution

Second, although the Langevin-form Neural SDE captures intrinsic molecular fluctuations,
the reinforcement learning policy currently optimizes over expected point returns rather than the
full probability distribution of trajectories. Implementing path-integral stochastic optimal control
frameworks that optimize actions directly over the Fokker-Planck probability density p(z, ¢t) would
provide safety bounds against escaping into malignant attractor states.

Third, the Spatial GNN microenvironment model currently operates in a simulated neighbor
setting. Incorporating ligand-receptor biochemical diffusion coefficients and training on raw, highly
multiplexed spatial transcriptomic datasets (such as 10x Xenium breast cancer or brain tissues)
represents a key area of future development to enable spatially localized steering designs.

Fourth, the multi-model architecture operates in a highly overparameterized regime, scaling
to 2.47 Billion parameters for 111,255 single cells. Although stable optimization is achieved via
strong regularization (such as weight decay, LayerNorm, and high-performance validation splits),
the high capacity introduces risks of overfitting to transductive training manifolds. A critical future
direction is the development of model compression, pruning, or downscaling protocols to compile
these transition networks into parameter-efficient structures that preserve steering fidelity while

significantly reducing computational overhead.

VII. Evaluation

A critical assessment of the dataset sources and empirical methods is required to validate these
findings. The model was trained and evaluated using the Perturb-seq dataset from Norman et al.
(2019),® which represents a high-fidelity transcriptomic substrate containing 111,255 single-cell
profiles across 237 genetic perturbations. While this dataset provides a robust baseline, biological
validation remains transductive, and direct translational utility will require active experimental
validation in wet-lab environments.

Methodologically, the transition from linear 50-dimensional PCA spaces to a deep generative
ZINB-VAE latent coordinate manifold represents a substantial improvement in biological represen-
tation, preserving zero-inflation and cell-specific scaling factors. The successful convergent training
of our 2.47 Billion parameter pipeline on the high-performance GPU accelerator verifies that high-
capacity scientific deep learning models can be stably optimized using fixed-step integration solvers
paired with LayerNorm layers.

On a personal level, this research program has driven significant growth in my understanding of
developmental biology and control theory. Formulating the non-vanishing Lie commutator to prove

trajectory path-dependency, defining the Dirac-Wasserstein distance for STF-seq, and biological

14
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lineage steering validation have instilled a deep appreciation for mathematical rigor in scientific
software design. The developed vectorized control framework provides a concrete, open-source
platform for the computational biology community to discover clinically translatable cell-steering

policies.
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