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ABSTRACT

We present a benchmark proposal and evaluation framework for the disease-state
generator task: intervention-conditioned generation of transcriptomic and epige-
nomic cell states, evaluated through mechanism-grounded acceptance criteria rather
than generic sample-quality scores. Targeting neurodegeneration (AD/PD) as a
biologically demanding test bed, we define (i) a formal task specification for
conditional generation under drugs, CRISPR perturbations, and regulatory edits;
(ii) an architecture blueprint—multimodal latent encoders coupled to conditional
diffusion with hierarchical regulatory priors (enhancer→TF→gene); and (iii) a
barrier-and-frontier evaluation suite testing hierarchy fidelity, perturbation predic-
tion, cross-context generalization, and uncertainty-calibrated intervention ranking.
The framework also serves as an evaluation surface for DNA foundation models,
measuring whether sequence-derived priors improve intervention-conditioned gen-
eration. We report proof-of-concept experiments on the Norman 2019 CRISPRa
dataset that validate the evaluation protocols, while identifying a key bottleneck—
gene-regulatory-network sparsity—that must be resolved before hierarchy-fidelity
testing is meaningful. This is a benchmark and evaluation contribution; the archi-
tecture is a proposed blueprint, not a fully validated system.

1 INTRODUCTION

Generative AI has transformed protein engineering, but the analogous goal in genomics—engineering
cellular and tissue states—is still emerging. Neurodegenerative disorders such as Alzheimer’s disease
(AD) and Parkinson’s disease (PD) are a natural proving ground because the objects of interest are
cell states and state transitions: microglia activation trajectories, reactive astrocyte programs, and
stress-linked neuronal subtypes. These programs are now observable at scale through single-nucleus
RNA sequencing and multi-omic assays.

However, two gaps limit biological impact: (1) Mechanism mismatch: generative models can fit
distributions but violate regulatory hierarchies that are core to genomics (e.g., enhancer→TF→target
relationships). (2) Evaluation mismatch: generic sample-quality scores do not answer whether a
model predicts perturbation outcomes or supports intervention selection.

This paper proposes a benchmark direction aligned with Gen2 workshop topics in single-cell omics
(trajectory simulation; perturbation effect modeling; virtual cell models), regulatory genomics
(sequence-to-function; regulatory element design), and evaluation (biologically grounded metrics).
Our contributions are:

• Task definition: a disease-state generator formalism—a disease-specific virtual cell model—for
intervention-conditioned generation of multi-omic cell states in AD/PD contexts.

• Architecture blueprint: conditional latent diffusion over multimodal latent states, constrained by
hierarchical regulatory priors and paired with uncertainty estimation.
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• Barrier-and-frontier evaluation: metrics that test regulatory hierarchy fidelity, perturbation
accuracy, cross-context generalization, and uncertainty-calibrated intervention ranking.

• Benchmark design: concrete dataset ingredients and train/test splits emphasizing held-out inter-
ventions and contexts relevant to translational neurogenomics.

A key differentiator from prior perturbation-response models is that hierarchy fidelity and calibrated
abstention are first-class evaluation targets, not post-hoc diagnostics. Where existing methods
ask “how accurately can we predict?”, our framework additionally asks “when should we trust a
prediction?”—a question motivated by the finding that even linear baselines remain competitive on
standard perturbation benchmarks (Ahlmann-Eltze et al., 2025), suggesting that raw accuracy alone
is an insufficient evaluation axis.

Scope and maturity. This paper is a benchmark proposal, not a completed empirical study. The
task formalization, evaluation suite, and benchmark design are fully specified; the architecture
blueprint (Section 4) is a concrete but proposed design, not a trained system. Preliminary validation
(Section 8) demonstrates that the evaluation protocols are implementable on real perturbation data,
while surfacing a GRN-sparsity bottleneck that limits hierarchy-fidelity testing in its current form.
We present this as a community resource for structuring future work on mechanism-aware generative
genomics.

2 BACKGROUND: WHY AD/PD IS A HARD BUT USEFUL TARGET

AD and PD involve coordinated programs across microglia, astrocytes, oligodendrocytes, vascular
cells, and vulnerable neuronal populations. Single-cell studies have identified disease-associated
microglia (DAM), neurotoxic reactive astrocytes, and PD-specific neuronal states with selective
dopaminergic vulnerability. Large human atlases reveal substantial disease-stage and donor-dependent
heterogeneity.

From a modeling perspective, AD/PD introduces three “stressors” for GenAI-in-genomics:

1. Context shifts: donor, brain region, sex, ancestry, and disease stage produce distribution shifts
that a generator should generalize across.

2. Compositional interventions: meaningful perturbations are multi-gene, pathway-level, and
dose/time dependent.

3. Hierarchical mechanisms: regulatory elements shape TF activity which shapes gene programs
and trajectories; models should respect this causal layering.

3 PROBLEM STATEMENT: THE DISEASE-STATE GENERATOR TASK

We formalize state engineering as intervention-conditioned generation in single-cell genomics.

Observed state and context. Let x ∈ RG be a gene-expression vector (counts or normalized), a
optional additional modalities (e.g., ATAC peaks, protein counts), and c context (cell type, brain
region, donor covariates, disease stage).

Interventions. Let u denote an intervention: a small molecule (identity, dose, time), a CRISPR
perturbation (CRISPRi/a targets), or a regulatory edit (sequence/element design).

Learning objective. Given paired or partially paired data with pre/post measurements, the target is
a conditional distribution

p(x′, a′ | x, a, c, u), (1)

where (x′, a′) is the post-intervention state (counterfactual in the causal sense; see Section 4.3 for
assumptions).

Design desiderata. A useful disease-state generator must support:
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Figure 1: Disease-state generator blueprint. A multimodal encoder maps observed measurements
to a latent state; a conditional generator produces counterfactual latent states under interventions;
hierarchical regulatory priors guide generation toward mechanistically consistent trajectories.

• Realism and identity preservation: samples should resemble real post-intervention cells without
collapsing cell identity.

• Mechanistic consistency: generated changes should be consistent with regulatory hierarchy
constraints (Section 4.3).

• Intervention generalization: accurately predict held-out interventions and multi-perturbation
compositions.

• Cross-context generalization: transfer across donors/regions/stages with calibrated uncertainty.

4 MODEL BLUEPRINT: CONDITIONAL LATENT DIFFUSION WITH
HIERARCHICAL PRIORS

4.1 MULTIMODAL LATENT REPRESENTATION

We use a multimodal encoder qϕ(z | x, a, c) and decoder pψ(x, a | z, c), building on established
single-cell VAEs (Lopez et al., 2018; Gayoso et al., 2021). Latent representations reduce dimension-
ality, denoise sparse counts, and provide a continuous space for generative sampling. Disentangled
latent factors—cell type, disease stage, intervention response—can be linked to known gene programs,
enabling post-hoc interrogation of what the generator has learned.

4.2 CONDITIONAL DIFFUSION IN LATENT SPACE

We generate intervention-conditioned latent states z′ via a conditional diffusion model pθ(z′ |
z, c, u) (Ho et al., 2020; Song et al., 2021). Latent diffusion avoids discrete count modeling, supports
rich conditioning, and enables stochastic sampling for uncertainty-aware generation.

Conditioning and compositionality. The intervention space U = Ugene × Uchem × Udose × Utime
reflects combinatorial biology. We encode interventions via an embedding e(u) supporting combi-
nations through set encoders or additive composition. The hierarchy prior (Section 4.3) constrains
compositional generalization by requiring predicted shifts to respect pathway structure rather than
unconstrained interpolation.

4.3 HIERARCHICAL REGULATORY PRIORS

We regularize generation using a directed, signed regulatory graph G with nodes for enhancers, TFs,
and genes, and edges for activation/repression.

Where does G come from? G can be inferred from multi-omics (enhancer–gene links, motif
evidence, TF activity) or from DNA foundation models—Enformer (Avsec et al., 2021), Nucleotide
Transformer (Dalla-Torre et al., 2025), DNABERT (Ji et al., 2021)—which provide sequence-derived

3



Accepted at the Gen2 Workshop at ICLR 2026

Genome /
regulatory sequence

(promoters, enhancers)

Sequence-to-function
priors

(TF binding,
accessibility)

Hierarchical GRN
enhancer→TF→gene
(signed, directed)

Cell state
x (RNA), a (ATAC)

+ trajectories

Mechanism hierarchy used for conditioning and evaluation

Context c
cell type, region,
donor, stage

Intervention u
CRISPR / drug /
regulatory edit

Disease-state generator
conditional diffusion

in latent space

Counterfactual state
x′, a′ + uncertainty

+ mechanisms (TF/module shifts)

Figure 2: Multi-scale hierarchy used for conditioning and evaluation. Sequence-to-function priors
inform enhancer/TF activity; a signed GRN provides mechanistic constraints; the generator produces
counterfactual states under intervention and context.

edge weights and enhancer-activity predictions. The disease-state generator thus serves as an
evaluation surface for these FMs: hierarchy fidelity and perturbation accuracy (Section 5) measure
whether FM-derived priors improve generation over motif-only baselines.

A simple hierarchy-consistency loss. Let ∆t̂i be a predicted TF-activity shift (from expression
and/or chromatin), and ∆x̂j the gene-expression shift for target gene j. For each signed edge (i→j)
with sign sij ∈{±1} and weight wij :

Lhier =
∑

(i→j)∈G
wij max

(
0,−sij ∆t̂i∆x̂j

)
. (2)

This penalizes “wrong-direction” target responses given TF shifts, turning mechanistic faithfulness
into a measurable barrier.

Causal framing and assumptions. We distinguish intervention-conditioned prediction from causal
identification. Under potential outcomes (Rubin, 1974), valid counterfactual inference requires con-
sistency (SUTVA), conditional exchangeability, and positivity; under structural causal models (Pearl,
2009), a correct DAG. These assumptions are not fully testable in observational atlases where batch
effects, latent confounders, and selection bias are pervasive. The hierarchy prior partially addresses
identifiability by restricting predictions to trajectories consistent with G, but this is a soft constraint,
not a causal guarantee. Outputs should be interpreted as mechanism-informed conditional predictions,
and uncertainty estimates should reflect this epistemic limitation.

4.4 UNCERTAINTY AND SPECIFICATION-GATED GENERATION

Wrong confident predictions are worse than abstention. We pair stochastic generation with uncertainty
estimation (ensembles; dropout; diffusion variance) and calibrate predictive intervals via conformal
prediction (Vovk et al., 2005). A specification-gated (spec-gated) function S(x′,G, u) ∈ {0, 1}
returns 1 iff the prediction x′ satisfies: (a) hierarchy-consistency above τh, (b) interval width below
τw, and (c) conformal coverage ≥ 1−α. Only predictions with S=1 are released; otherwise the
system abstains. This coverage–accuracy tradeoff is absent from GEARS (Roohani et al., 2024) and
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Figure 3: Barrier-and-frontier evaluation for disease-state generators. Barriers test biological con-
sistency and generalization. The frontier asks whether models support intervention planning under
uncertainty.

CPA (Lotfollahi et al., 2023), which lack formal acceptance criteria. We recommend reporting the
full coverage–abstention curve rather than a single operating point, tuning τh, τw, α on a held-out
calibration set.

5 MECHANISM-GROUNDED EVALUATION: BARRIERS AND FRONTIERS

A core workshop theme is evaluation aligned with biology rather than proxy scores. We propose
three barrier tests and one frontier test. Full experimental protocols are in the Appendix.

5.1 BARRIER 1: REGULATORY-HIERARCHY FIDELITY

Given G, evaluate whether generated shifts respect edge directions and signs. Metrics: (i) sign-
consistency rate across TF→target edges; (ii) rank correlation between predicted and observed
TF-activity changes; (iii) enhancer–gene coupling preservation in multimodal outputs.

Anti-circularity requirement: when G also informs training via Lhier, evaluation must use held-
out edges not seen during training, or an independently derived GRN (e.g., motif-only evaluation
against a multi-omic–trained model). Without this separation, high sign-consistency may reflect prior
memorization rather than genuine mechanistic faithfulness.

5.2 BARRIER 2: PERTURBATION PREDICTION (HELD-OUT u)

Hold out interventions and evaluate both distributional fidelity and effect-size accuracy on differen-
tially expressed genes. Recommended metrics: (i) mean absolute error on log-fold changes for top-K
DE genes (K∈{20, 50, 100}); (ii) module-level agreement (pathway enrichment overlap; regulon
activation correlation); and (iii) calibration (empirical coverage of predicted intervals vs. nominal
level).

Generic distributional metrics. For sanity checks, two-sample distances between generated and
real post-intervention cells (e.g., MMD (Gretton et al., 2012)) and sample-quality proxies (e.g., FID-
style embedding scores (Heusel et al., 2017)) should be computed in learned biological embedding
spaces rather than raw feature space.

5.3 BARRIER 3: CROSS-CONTEXT GENERALIZATION (HELD-OUT c)

Neurodegeneration requires transfer across donors, regions, stages, ancestry groups, and biological
sex. Risk alleles (APOE, TREM2) show population-level frequency variation; a generator trained on
one ancestry may miscalibrate for others. Evaluate on held-out contexts from atlas-scale datasets. A
practical metric is whether predicted intervention effects preserve ordering along disease trajectories
(pseudotime or severity gradients) without identity collapse.
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Ingredient Candidate sources What it enables

AD/PD state space SEA-AD (Gabitto et al., 2024); human
snRNA-seq atlases (Mathys et al., 2019;
Smajić et al., 2022)

Contextual trajectories; condition-
ing/evaluation targets

Perturbations u Norman 2019 (Norman et al., 2019); Re-
plogle 2022 (Replogle et al., 2022); sci-
Plex (Srivatsan et al., 2020)

Supervision for shifts; held-out u gener-
alization

Regulatory priors SCENIC+ (Bravo González-Blas et al.,
2023); CellOracle (Kamimoto et al.,
2023); Enformer (Avsec et al., 2021)

Hierarchy constraints; interpretability;
edits

Table 1: Minimal ingredients for a disease-state generator benchmark.

Ctrl Drug A Drug B

CRISPRi-TREM2

CRISPRi-APOE
Combo

Microglia

Astrocytes

Excit. neurons

Inhib. neurons

Oligodend.

Vascular

test train train train train test

train test train train train test

train train test train train test

train train train test train test

train train train train test test

test train train train train test

Benchmark split: hold-out interventions and combos across contexts

Figure 4: Schematic benchmark split (illustrative). The primary axis is held-out interventions
(including combinations) evaluated across multiple cellular contexts.

5.4 FRONTIER: INTERVENTION RANKING UNDER UNCERTAINTY

Given a desired target state (e.g., shift microglia from DAM-like to homeostatic programs), the
frontier question is: Can a model rank interventions u by expected improvement, with calibrated
uncertainty, and with mechanistically interpretable rationales? This aligns evaluation with actionable
biology: selecting perturbations for follow-up rather than merely generating plausible cells. A key
diagnostic for this frontier is ranking stability: whether intervention orderings change substantially
under (a) bootstrap resampling, (b) perturbation of GRN edge weights, or (c) removal of individual
hierarchy priors—identifying which ranking decisions are robust and which depend on fragile
assumptions.

6 BENCHMARK DESIGN: DATA INGREDIENTS AND SPLITS

We propose a benchmark that can be instantiated with any trio: (1) an AD/PD atlas (state space),
(2) perturbation screens with single-cell readouts (supervision for u), and (3) regulatory priors
(mechanistic constraints).

6.1 SPLITS: HOLD OUT INTERVENTIONS AND CONTEXTS

Figure 4 illustrates a split strategy designed to stress both compositional intervention modeling and
cross-context generalization.

Recommended split families:
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Figure 5: Illustrative counterfactual planning output (toy schematic). A generator ranks interventions
by shifting the distribution of a microglia activation score toward a target, while tracking uncertainty
and mechanistic constraints.

• Intervention hold-out: train on a subset of interventions; test on unseen drugs/targets and unseen
combinations.

• Context hold-out: train on donors/regions/stages; test on held-out contexts.
• Joint hold-out: hold out both u and c to probe transportability and uncertainty calibration.

6.2 CONNECTING SEQUENCE AND STATE ENGINEERING

Topic (1) in the prompt emphasizes bridging regulatory sequence/perturbations to cellular states. In
the benchmark, this connection appears in two ways: (i) regulatory editing as an intervention u (e.g.,
enhancer design), and (ii) sequence-derived priors that help constrain and interpret state changes. This
integration of regulatory genomics with single-cell state modeling makes the disease-state generator
task naturally suited to the Gen2 workshop scope.

Spatial context. Spatial transcriptomics adds a critical dimension: microglial activation
and amyloid neighborhoods exhibit spatial organization that dissociated data cannot capture.
Cell2location (Kleshchevnikov et al., 2022) and Tangram (Biancalani et al., 2021) enable mapping
single-cell states onto tissue coordinates, providing spatially resolved contexts for future benchmark
extensions.

7 ILLUSTRATIVE CASE STUDY: MICROGLIA-STATE MODULATION PLANNING

As a concrete AD/PD translation target, consider planning perturbations that reduce microglial
activation while maintaining microglial identity. A disease-state generator can be used as follows:

1. Fit the generator on atlas + perturbation data; infer baseline microglia activation trajectories.
2. Propose candidate interventions u (single or combinatorial).
3. Sample counterfactuals p(x′, a′ | x, a, c, u); compute activation scores and mechanistic summaries

(TF/regulon shifts).
4. Rank interventions by expected movement toward a target state, penalizing uncertainty and

hierarchy violations.

Why this is useful even without perfect ground truth. Real biological interventions are expensive.
A benchmark that measures (i) held-out perturbation accuracy, (ii) hierarchy fidelity, and (iii) uncer-
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tainty calibration provides actionable triage: it identifies where a generator is trustworthy enough to
propose experiments, and where it should abstain.

8 PRELIMINARY VALIDATION

To test whether the evaluation framework is implementable on real data, we designed proof-of-
concept experiments on the Norman et al. 2019 CRISPRa dataset (Norman et al., 2019) (111,255
cells, 19,018 genes; 105 single and 2-gene CRISPRa perturbations in K562 cells) paired with a K562
gene regulatory network derived from TRRUST v2. While K562 is not an AD/PD system, it provides
a well-characterized testbed with real perturbation readouts, combinatorial interventions, and known
regulatory relationships—exactly the properties needed to stress-test Barriers 1–3 and the Frontier.
We designed four experiments aligned with Barriers 1–3 and the Frontier (E1: hierarchy fidelity,
E2: perturbation prediction, E3: cross-context, E4: intervention ranking); implementation status
is summarized in Table 2 (Appendix). The key finding is that the TRRUST-derived GRN yielded
only 10 TF→target edges after filtering—too sparse for powered hierarchy-fidelity analysis (E1
blocked; E2–E4 protocols ready). This reveals a central lesson: curated but generic GRN databases
are insufficient for hierarchy evaluation in specific cellular contexts; context-specific inference via
SCENIC+ (Bravo González-Blas et al., 2023) or CellOracle (Kamimoto et al., 2023) is the critical
next step. Full protocols and per-experiment status are in Appendix A.

9 LIMITATIONS AND OPEN PROBLEMS

As a benchmark proposal, this work identifies several open problems that must be addressed as the
framework is instantiated:

• Counterfactual identifiability: separating causal effects from confounding and batch effects
in observational atlases. Benchmark metrics should be accompanied by sensitivity analyses
quantifying how metric values change under simulated confounding or batch-effect perturbations.

• Mechanism uncertainty: GRNs are incomplete and context-dependent; hierarchy constraints must
be soft and uncertainty-aware.

• Evaluation alignment: designing scores that predict downstream experimental utility rather than
in-silico similarity alone.

• Evaluation circularity: when the same G informs both training and evaluation, high scores may
reflect prior memorization. We recommend three mitigations: (a) edge hold-out splits analogous
to intervention hold-outs; (b) evaluation with independently derived GRNs (e.g., motif-only vs.
multi-omic–derived); and (c) ablation studies removing Lhier to measure the marginal value of
hierarchy constraints.

10 CONCLUSION

We have presented a benchmark proposal for disease-state generators—a concrete instantiation of
“genomics as state engineering” for neurodegeneration. The central idea is to evaluate intervention-
conditioned multi-omic generation by mechanism- and task-aligned barriers: regulatory hierarchy
fidelity, perturbation prediction, cross-context generalization, and uncertainty-calibrated intervention
ranking. Preliminary experiments on the Norman 2019 CRISPRa dataset demonstrate that these
evaluation protocols are implementable, while surfacing GRN sparsity as a critical bottleneck requir-
ing context-specific regulatory inference. We expect this framing to clarify research priorities for
GenAI in genomics and to provide a practical bridge from generative modeling to actionable AD/PD
experimentation.

Software and data. Evaluation protocols, data-loading scripts, and baseline implementations for all
four experiments are available in the supplementary repository. The benchmark is designed to be
instantiated using open-source single-cell toolkits (scanpy, pertpy, scvi-tools) and publicly
available perturbation and atlas datasets; all data sources used in the proof-of-concept are freely
accessible (see Appendix A).
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A PROOF-OF-CONCEPT EXPERIMENT DETAILS

A.1 DATA AND PREPROCESSING

We used the Norman et al. 2019 CRISPRa combinatorial perturbation dataset (Norman et al., 2019),
obtained via the pertpy package. The dataset contains 111,255 cells with 19,018 genes, measuring
responses to single and combination CRISPRa perturbations in K562 leukemia cells. Preprocessing:
(i) gene filtering (retain genes expressed in ≥ 10 cells), (ii) cell filtering (retain cells with ≥ 200
detected genes), (iii) library size normalization to 104 counts per cell, (iv) log(1 + x) transformation.

Gene regulatory network edges were obtained from the TRRUST v2 database (Han et al., 2018),
filtered to TFs present in the perturbation data. After filtering, only 10 TF→target edges (from 4 source
TFs: GATA1, SPI1, CEBPB, NFKB1, STAT5A) remained—substantially fewer than anticipated.
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This sparsity is the primary bottleneck for the hierarchy fidelity experiment (E1) and motivates the
use of richer GRN sources in future work.

A.2 E1: HIERARCHY FIDELITY PROTOCOL

For each perturbation u with ≥ 20 cells, we compute:

• TF-activity shift: ∆ti = xtargets(i)|u − xtargets(i)|ctrl

• Gene-expression shift: ∆xj = log2(xj|u + 1)− log2(xj|ctrl + 1)

Sign-consistency for edge (i → j) with sign sij : I[sign(∆ti ·∆xj) = sij ]. Real GRN consistency is
compared to 100 shuffled GRNs (randomized target assignments) via one-sample t-test.

Execution result: With only 10 GRN edges, no perturbations passed the minimum-cell filter after
matching TF names to perturbation labels (0 perturbations evaluated; all metrics NaN). A GRN with
≥100 edges from SCENIC+ (Bravo González-Blas et al., 2023) or CellOracle (Kamimoto et al.,
2023) is required.

A.3 E2: PERTURBATION PREDICTION PROTOCOL

Perturbations split 80/20 (stratified by single vs. combination). Baselines:

• Mean shift: ∆̂x = 1
|Utrain|

∑
u∆xu

• Linear: Ridge regression (α = 1) per gene from one-hot perturbation encoding
• scGen: VAE-based latent arithmetic (Lotfollahi et al., 2019)

Metrics: Pearson R on top-K DE genes (K ∈ {20, 50, 100}), MSE on all genes.

A.4 E3: CROSS-CONTEXT PROTOCOL

Leiden clustering (resolution 0.5, 30 PCs) defines transcriptomic contexts. Train on Context A,
evaluate on both Context A (in-context) and Context B (cross-context). Paired t-test assesses
degradation.

A.5 E4: UNCERTAINTY-AWARE PLANNING PROTOCOL

For each candidate intervention, bootstrap 50 iterations (n = 50 cells with replacement), compute
cosine similarity to a target state, and derive 90% confidence intervals. Calibration assessed by
empirical coverage on held-out perturbations.

Barrier / Frontier Evaluation approach Status & next step

B1: Hierarchy fidelity Sign-consistency of Lhier on real
vs. shuffled GRN

GRN too sparse (10 edges); scale
via SCENIC+

B2: Perturbation pre-
diction

Held-out u; mean-shift, linear, sc-
Gen baselines

Protocol ready; awaiting GRN-
scaled run

B3: Cross-context Leiden-split train/test across cel-
lular contexts

Protocol ready; requires sufficient
per-context cells

Frontier: Planning Bootstrap-based uncertainty rank-
ing

Protocol ready; calibration analysis
pending

Table 2: Proof-of-concept experiments on Norman 2019 K562 data: evaluation approach and
implementation status. Results are preliminary; see text for GRN sparsity limitations.

A.6 CHALLENGES AND LESSONS LEARNED

1. GRN sparsity: TRRUST provides curated but incomplete interactions. After filtering to K562-
expressed genes, coverage drops dramatically. Context-specific GRN inference (SCENIC+,
CellOracle) is essential for hierarchy evaluation.
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2. Gene identifier harmonization: Perturbation labels in the Norman dataset use gene symbols that
do not always match TRRUST TF identifiers, requiring careful mapping.

3. Code bug: An initial implementation error (variable name mismatch in E1) was identified and
corrected during development.

A.7 REPRODUCIBILITY

• Data: Norman 2019 via pertpy (pip install pertpy); TRRUST v2 from https://
www.grnpedia.org/trrust/

• Software: Python 3.10+, scanpy 1.9+, numpy, scipy, scikit-learn
• Compute: All experiments designed to run on a single CPU node (<1 hour)
• Code: Available in the supplementary repository
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