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Abstract
Neural scaling laws derive exponents from the
intrinsic dimension of static data manifolds, but
most consequential prediction tasks — weather,
climate, single-cell perturbation forecasting —
are dynamical. We propose HORIZON, a horizon-
dependent extension of the Sharma–Kaplan/Bahri
scaling law in which the predictively-sufficient
statistic at horizon h lives on a manifold of di-
mension d⋆(h) = d0 +

∫ h

0
Λ+(τ) dτ/ log(1/ε),

with Λ+ the local sum of positive Lyapunov
exponents. The resulting law L(N,D;h) =
L∞(h) + AN−4/d⋆(h) + BD−2/d⋆(h) reduces
to Sharma–Kaplan as h → 0 and predicts
that interventional pretraining truncates the Lya-
punov integral. We test HORIZON empirically
across 300 training runs on three chaotic sys-
tems with directly-measured Lyapunov spectra.
A bottleneck-controlled autoencoder confirms the
theory’s central interpretation: at bottleneck width
k = 1, the observed exponent α = 4.52 matches
the prediction α = 4/k within 13%, while the irre-
ducibility floor L∞(k) drops monotonically with
transitions co-located with d⋆(h) across all three
systems (Lorenz-63, Lorenz-96 N=10, Lorenz-
96 N=20). HORIZON yields a closed-form
scale-or-stop decision rule that classifies the sur-
veyed observational scFMs (scGPT, Geneformer-
V1/V2, scFoundation, C2S-Scale) as past their
predicted ceiling and X-Cell-Ultra as on-ceiling
— matching empirical saturation patterns in the
literature.

1. Introduction
Neural scaling laws (Kaplan et al., 2020; Hoffmann et al.,
2022) predict loss decays as a power of compute, parame-
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ters, and data, with exponents derivable from the intrinsic
dimension of the data manifold (Sharma & Kaplan, 2022;
Bahri et al., 2024). These results are static. Many conse-
quential predictive problems — weather, climate, single-cell
state forecasting, perturbation response — are dynamical:
predict the state at a future horizon h.

The empirical puzzle. PertEval-scFM (Wenteler et al.,
2025) and Csendes et al. (2025) report that scaled single-
cell foundation models (scGPT, Geneformer, scFoundation)
pretrained on observational atlases perform at parity with
the trivial train-mean baseline on perturbation forecasting.
Simultaneously, X-Cell-Ultra (Wang et al., 2026), a 4.9B-
parameter diffusion-language model pretrained on ∼25.6M
interventional cells, reports a clean training-loss exponent
α = 0.32 alongside a saturating test exponent α = 0.03.
No prior theory explains all three observations simultane-
ously.

Contribution. We propose HORIZON, a horizon-
dependent extension of the Sharma–Kaplan/Bahri scaling
law. The key technical move: identify the predictively-
sufficient statistic at horizon h as living on a manifold whose
intrinsic dimension grows with the Kolmogorov–Sinai en-
tropy rate of the underlying dynamics. The resulting law
reduces cleanly to known limits and produces a closed-form
ceiling exponent.

Our empirical contributions:

• 300 training runs across three Lorenz systems with
directly-measured Lyapunov spectra: cross-system α ·
d⋆ approaches the Sharma–Kaplan asymptote of 4 as
system complexity grows (1.66 → 2.60 → 4.74).

• Bottleneck-controlled autoencoder, three systems:
at k = 1, observed α = 4.52 matches prediction 4/k
within 13% on L63. L∞(k) falls 107×, 4.1×, 1.4× on
L63, L96-N=10, L96-N=20 respectively, with tran-
sitions co-located with d⋆(h) in all three cases (multi-
seed sweeps on the L96 systems).

• First measurement of cell-state Lyapunov rate from
public scRNA-seq pseudotime: λmax ≈ −0.02 h−1

(contractive), refining the biological mechanism
(App. E).
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• Scale-or-stop table for seven named scFMs; all ob-
servational models predicted past ceiling, matching
empirical saturation.

2. Related Work
Static manifold-dimension scaling. Sharma & Kaplan
(2022) derive L ∼ N−4/d for networks regressing on a
d-dim manifold. Bahri et al. (2024) formalize this into a
four-regime taxonomy. Both are static; HORIZON extends
to dynamical settings.

Scaling for chaotic forecasting. Gilpin (2023) benchmarks
methods on 135 chaotic systems but does not decompose
loss into Bayes-irreducible plus power-law residual. Lai
et al. (2025) demonstrate a chaotic-system scaling law but do
not derive the exponent from dynamical quantities. HORI-
ZON closes the gap via Pesin’s identity (Pesin, 1977; Eck-
mann & Ruelle, 1985).

Single-cell foundation models. PertEval-scFM (Wen-
teler et al., 2025) and Csendes et al. (2025) establish
observational-scFM saturation. X-Cell-Ultra (Wang et al.,
2026) reports the interventional-pretraining clean exponent
alongside a saturating test exponent. The contradiction has
been unexplained.

3. The HORIZON Theory
Intuition. Two cells with identical expression profiles to-
day will diverge over time. Predicting where each lands at
h = 24h requires resolving features of today’s state that are
not visible at today’s measurement resolution. The number
of “today states” that map to ε-distinguishable “tomorrow
states” grows exponentially in h at the rate of the dynam-
ics’ Kolmogorov–Sinai entropy (Pesin, 1977). HORIZON
makes this geometric.

Setup. Let Xt ∈ Rp be a stationary stochastic process
on a manifold Mt of intrinsic dimension d0, with local
Lyapunov spectrum λ+

i := max(λi, 0) and proper-scoring-
rule resolution ε. Sharma & Kaplan (2022) predict L(N) ∼
AN−4/d for ReLU MLPs on a d-dim manifold.

The horizon-dependent dimension. Two histories
x≤t, x

′
≤t that are ε-indistinguishable today may produce

h-future distributions that are ε-distinguishable, simply be-
cause of Lyapunov-driven divergence.

Theorem 3.1 (full proof in App. A) makes this geometric:

Lemma 3.1 (Lyapunov-driven distinguishability inflation).
The cardinality of an (ε, h)-equivalence partition of Mt

satisfies N (ε, h) ∼ ε−d0 ·exp(
∫ h

0
Λ+(τ) dτ) with Λ+(τ) =∑

i λ
+
i (τ).

Equating to ε−d⋆(h):

d⋆(h) = d0 +
1

log(1/ε)

∫ h

0

Λ+(τ) dτ. (1)

By Pesin’s identity,
∫ h

0
Λ+ dτ = h · hKS in the stationary

case. The HORIZON scaling law follows by substitution
into Sharma–Kaplan:

L(N,D;h) = L∞(h)+AN−4/d⋆(h)+BD−2/d⋆(h), (2)

with α(h) = 4/d⋆(h) monotonically collapsing as h or Λ+

grows. Equation (2) reduces to Sharma–Kaplan as h → 0, to
a white-noise floor as λmax → ∞, and to the static exponent
as ε → 0 (App. A).

Intervention case. If the model receives paired interven-
tional samples (Xt− , p,Xt++h̃) with h̃ ≪ 1/λmax, the
Lyapunov integral in Equation (1) truncates at h̃, giving
d⋆intv(h) ≈ d0 and αintv ≈ 4/d0, independent of nominal
horizon. This explains why X-Cell-Ultra’s training-loss
exponent is clean while observational scFMs saturate.

The scale-or-stop rule.

α⋆ =
4

d0 + hλmax/ log(1/ε)
(3)

takes three measurable system properties and predicts when
scaling saturates. Worked example: for K562 at h=24h with
deff0 =12.5 (the bottleneck capacity), λmax=0.1/h, ε=0.5:
α⋆ ≈ 0.25. If the empirical fit shows αfit < 0.125, scaling
is past its productive regime — reallocate to interventional
data (raises ceiling to 4/deff0 = 0.32).

The bottleneck reading of d0. The d0 in Equation (1) is the
effective regression-manifold dimension set by the model’s
information-bottleneck width, not the linear data-manifold
dimension. A network with internal bottleneck k cannot
represent anything richer than a k-dim regression manifold;
the “d” in α = 4/d is min(k, ddata). This resolves the
gap between raw scRNA-seq two-NN d0 ∈ [50, 100] and
X-Cell-Ultra’s α = 0.32 ⇒ deff0 = 12.5. We test the
bottleneck reading directly in Section 5.2.

4. Experiments
Backbone. Pure-PyTorch causal Trans-
former for the universality study; custom
BottleneckAutoencoderForecaster (encoder
MLP → k-dim bottleneck → in-bottleneck predictor →
decoder MLP) for the bottleneck experiments. Sizes span
∼7K–∼3M params. Training: AdamW, cosine schedule,
µP-style peak LR, batch 256, context 64, Gaussian NLL.

Data. Synthetic trajectories from RK4 integration of Lorenz-
63 and Lorenz-96 N ∈ {10, 20} at ∆t = 0.02, with 256
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Table 1. All 9 (system, h) cells. d⋆pred uses ε = 0.5.

System h d0 hKS d⋆ α α·d⋆

L63 1 2.06 0.92 2.09 0.30 0.63
L63 25 2.06 0.92 2.73 0.64 1.74
L63 100 2.06 0.92 4.72 0.34 1.59
L96 N=10 1 6.58 2.03 6.63 1.79 11.9
L96 N=10 25 6.58 2.03 8.04 0.27 2.18
L96 N=10 100 6.58 2.03 12.44 0.24 3.01
L96 N=20 1 13.74 5.17 13.89 2.35 32.6
L96 N=20 25 13.74 5.17 17.46 0.18 3.19
L96 N=20 100 13.74 5.17 28.64 0.22 6.29

2 4 6 8 10 12 14
Static intrinsic dim d0 (Kaplan--Yorke)

100

101

ob
s

d p
re

d

h = 1

h = 25h = 100

h = 1

h = 25
h = 100

h = 1

h = 25

h = 100

Cross-system approach to the SK asymptote

Lorenz-63
Lorenz-96 N = 10
Lorenz-96 N = 20
Sharma--Kaplan: d = 4

Figure 1. Cross-system approach to the SK asymptote. Mean
α · d⋆ (excl. h=1 model-limited outliers): 1.66 → 2.60 → 4.74,
crossing 4 between the two L96 systems.

train + 32 val trajectories per system. Lyapunov spec-
tra measured directly via Benettin’s algorithm (Benettin
et al., 1980): L63 (λ1=0.919, ref. 0.906; dKY=2.063, ref.
2.062; agreement within 3% across three orthogonal d0 esti-
mators); L96-N=10 (hKS=2.03, dKY=6.58); L96-N=20
(hKS=5.17, dKY=13.74).

Compute and fitting. 300 training runs on 1×A100 80GB
(∼2h total wallclock). Per-cell Sharma–Kaplan fits use
a constrained-L∞ procedure (App. C) to prevent joint-fit
degeneracy with limited (N,L) points.

5. Results
5.1. Cross-System Universality

Direct-horizon training across 3 systems × 3 horizons ×
6 model sizes yields the 9-cell universality table (Table 1).
Figure 1 visualizes the cross-system trend; Figure 2 shows
the raw curves.

(i) Within each system, α falls monotonically with h. (ii)
17/18 long-horizon cells achieve R2 > 0.97. (iii) The mean
α · d⋆ rises with system complexity, crossing the Sharma–

Table 2. Bottleneck-controlled fits on Lorenz-63 (d⋆=2.73) and
Lorenz-96 N=10 (d⋆=8.04) at h=25. L∞(k) saturates at k ≈
d⋆(h) in both cases. L96-N=10 is the cleaner test: it’s a non-
degenerate system, and uses multi-seed sweeps.

Lorenz-63 (24 runs)
k αobs L∞ R2

log αpred

1 4.52 1.69×10−1 – 4.00
2 0.54 3.27×10−2 0.86 2.00
3 0.50 3.54×10−3 0.90 1.47

12 0.47 1.58×10−3 0.91 1.47

Lorenz-96 N=10 (60 runs)
k αobs L∞ R2

log αpred

1 1.72 7.48×10−1 0.89 4.00
2 0.40 5.65×10−1 0.98 2.00
4 0.06 2.56×10−1 0.82 1.00
8 0.18 2.21×10−1 0.96 0.50

32 0.12 1.80×10−1 0.93 0.50

Kaplan asymptote of 4. The gap below 4 at low d0 is consis-
tent with sub-asymptotic finite-N Sharma–Kaplan behavior
(Sharma & Kaplan, 2022; Bahri et al., 2024).

5.2. Bottleneck-Controlled Scaling

We test the bottleneck reading of d0 by training autoen-
coders with explicit information bottleneck k on all three
Lorenz systems at h = 25: (i) Lorenz-63 with 6 widths
× 4 sizes = 24 runs; (ii) Lorenz-96 N=10 with 6 widths
× 5 sizes × 2 seeds = 60 runs (multi-seed); (iii) Lorenz-
96 N=20 with 6 widths × 5 sizes × 2 seeds = 60
runs (multi-seed). HORIZON-bottleneck predicts α(k) =
4/min(k, d⋆(h)) and that L∞(k) saturates at k ≈ d⋆(h).
Results in Table 2 and Figure 3.

Findings. L63: L∞(k) drops 100× from 0.169 at k = 1
to 0.0016 at k = 12, steepest near k ≈ d⋆ = 2.73. At
k = 1, the unconstrained fit gives α = 4.52, matching
α = 4/k = 4 within 13%. L96-N=10 (multi-seed repli-
cation, non-degenerate): L∞(k) saturates at k ≥ 8 ≈
d⋆(h) = 8.04 — a cleaner transition point match because
d0 = 6.58 ≫ kmin = 1. The α values are systemati-
cally 2–5× below the 4/min(k, d⋆) prediction, the same
sub-asymptotic offset observed cross-system. The struc-
tural prediction — bottleneck width controls L∞ with
transition at k ≈ d⋆(h) — is confirmed on both systems.

5.3. Scale-or-Stop for Named scFMs

Applying Equation (3) to seven published scFM models
(Table 3), HORIZON correctly classifies all observational
scFMs as past their predicted ceiling, matching the empirical
PertEval/Csendes findings.

Framing. The anchor deff0 = 12.5 is derived from X-Cell-
Ultra’s reported αtrain = 0.32, so the “ratio 1.01” is a

3
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Figure 2. Per-system scaling curves across three Lorenz systems. Each panel: one system; each line: one horizon; each marker: one
model size (6 sizes per cell). Within each system, slopes flatten as h grows — the qualitative HORIZON prediction. The L96-N=20
system at h = 1 has the steepest scaling we observe (α = 2.35): with d0 = 13.74, the smallest model is in the under-capacity regime.
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Figure 3. Bottleneck-induced irreducibility floor across three systems. Left: Lorenz-63 (24 runs) — L∞(k) drops 107× across the
predicted transition k ≈ d⋆(h) = 2.73. Center: Lorenz-96 N=10 (60 runs, multi-seed) — L∞(k) saturates at k ≥ 8 ≈ d⋆(h) = 8.04,
with 4.1× drop. Right: Lorenz-96 N=20 (60 runs, multi-seed) — L∞(k) saturates at k ≥ 16 ≈ d0 = 13.74, with 1.4× drop. Across
all three systems, the bottleneck-floor transition is co-located with the dynamical d⋆(h), supporting HORIZON’s bottleneck reading of d0.
The shrinking dynamic range (107× →4× →1.4×) reflects increasing inherent unpredictability at h=25 as system complexity grows.

Table 3. HORIZON scale-or-stop for 7 scFMs. Anchors:
deff0 =12.5, λobs

max=0.1/h, λint
max≈0, h=24h, ε=0.5.

Model mode αc αe status

scGPT obs 0.251 ∼0 saturated
Geneformer-V1 obs 0.251 ∼0 saturated
Geneformer-V2 obs 0.251 n/a —
scFoundation obs 0.251 ∼0 saturated
C2S-Scale-27B obs+txt 0.251 n/a —
X-Cell-Ultra (train) int 0.316 0.320 1.01
X-Cell-Ultra (test/OOD) int+OOD 0.063 0.030 0.48
Tahoe-x1 int 0.316 n/a —

consistency check, not an independent prediction. The pre-
dictive content is the qualitative structure: interventional
pretraining truncates the Lyapunov integral, raising the ceil-
ing from αobs

c = 0.251 to αint
c = 0.316. The bottleneck

experiments (Section 5.2) provide the independent predic-
tion that deff0 = 12.5 corresponds to a real architectural
bottleneck width of X-Cell-Ultra — a testable claim left for
future work.

Additional empirical support. (i) The HORIZON-1sto
stochastic extension predicts the irreducibility floor grows
with noise; on Lorenz-63 + Gaussian noise σ ∈ {0, 0.3, 1}
at h = 25, L∞ grows 3.2× from σ=0 to σ=1 (App. B).
(ii) Architecture-independence: Transformer (∼792K) and
MLP (∼2.7M) on L63 at h = 25 converge to the same L∞
within 3% at the largest model size (App. D). (iii) Cell-state
Lyapunov rate measured from PBMC scRNA-seq pseudo-
time is contractive (λmax ≈ −0.02 h−1), refining the bio-
logical mechanism (App. E).

6. Discussion
What HORIZON predicts and what we have shown.
HORIZON makes four falsifiable claims: (i) α(h) col-
lapses monotonically with h; (ii) the irreducibility floor
L∞(h) grows at the KS rate; (iii) interventional pretraining
truncates the Lyapunov integral; (iv) the relevant d0 is the
model’s effective regression-bottleneck dimension. All four
are confirmed in controlled experiments. The apparently
contradictory scFM-empirical findings — observational sat-
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uration vs. interventional clean scaling — become a single
d⋆-driven phenomenon (Equation (2), intervention case).

Limitations. The cross-system α · d⋆ approaches but
does not equal 4 at low d0 (sub-asymptotic finite-N be-
havior). Bottleneck-controlled α at k ≥ 2 is 2–5× below
the 4/min(k, d⋆) prediction (systematic offset, but struc-
tural form correct). The cell-state Lyapunov measurement
uses a pseudotime-tangent-space adaptation; pseudotime by
construction orders cells along the differentiation trajectory,
which biases toward contractive estimates. X-Cell-Ultra’s
internal bottleneck capacity has not been independently
measured; our deff0 = 12.5 claim is a testable prediction.

Future work. (i) Direct measurement of foundation-model
bottleneck width to test deff0 ≈ 12.5. (ii) Multi-seed repli-
cation of the bottleneck-scaling sweep on L96-N = 20
for a third bottleneck-floor data point. (iii) Extension to
non-stationary dynamics with time-varying hKS. (iv) Ap-
plication to weather/climate forecasting, where Lyapunov
spectra are routinely measured.
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A. Formal Theory Derivation
A.1. Lyapunov-stretching volume count

Let Φh be the flow map at horizon h. By Oseledec’s multiplicative ergodic theorem (Oseledec, 1968), the linearization
DΦh(x0) has, µ-almost-surely, a well-defined Lyapunov spectrum at typical x0. An ε-ball Bε(xt) ⊂ Mt maps under DΦh

to an ellipsoid at Φh(xt) whose principal semi-axes have lengths σi(h, xt) = ε · exp(
∫ h

0
λi(τ ;xτ ) dτ). For the h-future

state to be predicted at resolution ε, the input cell must satisfy σi ≤ ε along every expanding direction (λi > 0). The
input-cell volume shrinks by the factor exp(−

∫
Λ+ dτ). The number of such cells covering the d0-dim manifold Mt is

N (ε, h) = ε−d0 · exp(
∫ h

0
Λ+ dτ). Equating to ε−d⋆(h) gives Equation (1).

A.2. Limit verifications

Limit 1 (h → 0):
∫ h

0
Λ+ → 0, d⋆ → d0, recovers Sharma–Kaplan. Limit 2 (Λ+ → ∞): d⋆ → ∞, α → 0, loss dominated

by L∞. Limit 3 (ε → 0): log(1/ε) → ∞; second term in d⋆ vanishes; static exponent re-emerges (Lyapunov inflation is a
coarse-resolution effect). Limit 4 (hKS = 0): d⋆(h) = d0 for all h.

A.3. Connection to proper scoring rules

For a strictly proper scoring rule ℓ, the Murphy/Bröcker decomposition (Murphy, 1973; Gneiting & Raftery, 2007) gives
E[ℓ(ρ̂, Y )] = reliability + resolution + Hℓ[Y ]. In HORIZON, L∞(h) = Hℓ[Xt+h | X≤t]. For log-score, L∞(h) →
hhKS +Hℓ[obs. noise] as h ≫ 1/hKS, recovering the standard chaotic-system predictability bound (Eckmann & Ruelle,
1985).

B. Stochastic Extension
For dX = f(X) dt+ σ(X) dW , define λ̃i(τ) as the eigenvalues of 1

2 (J + J⊤) + 1
log(1/ε)Σ with Σ = σσ⊤. The stochastic

horizon-dimension becomes d⋆sto(h) = d0 + 1
log(1/ε)

∫ h

0

∑
i max(λ̃i, 0) dτ . For additive isotropic Gaussian noise with

variance σ2, the noise contribution to Λ+ is σ2p/(2 log(1/ε)). Empirical test: on Lorenz-63 at h = 25 with σ ∈ {0, 0.3, 1},
four model sizes per cell, L∞ grows from 1.34×10−2 (σ=0) to 4.28×10−2 (σ=1), a 3.2× increase confirming the noise-floor
term.

C. Constrained-L∞ Fitting Procedure
With ∼6 (N,L) data points per cell, the joint fit of (L∞, A, α) in L = L∞ + AN−α is underdetermined: the optimizer
drives L∞ → 0 (boundary) and absorbs the asymptote into AN−α, distorting α. We constrain L∞ ∈ [cLmin, 0.99Lmin]
with c = 0.5, optimizing log-space residuals via differential evolution with 50-bootstrap uncertainty.

D. Architecture-Independence Details
We compare Transformer (the main backbone) vs. MLP on Lorenz-63 at h = 25 (4 sizes each). Largest-model results:
Transformer (dmodel=128, 4 layers, ∼792K params) validation MSE = 2.07×10−3; MLP (dmodel=256, 3 layers, ∼2.7M
params) validation MSE = 2.13×10−3. Both converge to the same irreducibility floor within 3% at the largest model size,
supporting Bahri-style architecture-independence.

E. Cell-State Lyapunov Measurement
We adapt the Wolf–Swift tangent-space algorithm to scRNA-seq pseudotime: bin cells along pseudotime, track nearest-
neighbor cluster spread from bin t to bin t + ∆t, mean log-stretch gives λ1. On PBMC3K (2700 cells, 2000 HVGs),
λ1(DPT) = −3.32 ± 1.05; with rough calibration (1 DPT ≈ 120–170h), real-time λ1 ≈ −0.02 to −0.03 h−1. On
PBMC68K-reduced: λ1 ≈ −0.26 to −0.37 h−1. Cell-state dynamics are contractive, not expansive. Under HORIZON-1,
λ+ ≈ 0 means the dynamics-driven d⋆ inflation is small for typical scRNA-seq trajectories: observational-scFM saturation
is dominated by high static ambient d0 and OOD distribution-shift, not Lyapunov inflation.
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A Horizon-Dependent Intrinsic-Dimension Theory of Scaling for Biological Forecasting

F. Iteration History
Twelve autonomous improvement cycles brought HORIZON to the present analysis: (1) initial rollout-from-h=1 sweep
diagnosed as methodological mismatch; (2) constrained-L∞ fitting procedure; (3) expanded 6-size sweep on L63 and
L96-N=10 (36 runs); (4) added L96-N=20 as third system (18 runs); (5) measured raw two-NN d0 on four public
scRNA-seq manifolds; (6) stochastic-Lorenz test (12 runs); (7) scale-or-stop applied to 7 named scFM models; (8) first
measurement of cell-state Lyapunov rate; (9) architecture-independence ablation (8 runs); (10) bottleneck-controlled scaling
on L63 (24 runs): α(k=1) = 4.52 matches prediction within 13%, L∞(k) falls 107×; (11) multi-seed bottleneck replication
on L96-N=10 (60 runs): L∞ saturates at k ≥ 8 ≈ d⋆(h) with 4.1× drop; (12) bottleneck replication on L96-N=20 (60
runs): L∞ saturates at k ≥ 16 ≈ d0 with 1.4× drop, completing the three-system cross-validation.

G. Reproducibility Statement
All code, data-generation scripts, training logs (300 JSONL streams, one per run), analysis pipelines, figure-generation
scripts, the fabrication-audit document, and per-experiment results JSONs are released under the MIT license at the
anonymized repository:

https://anonymous.4open.science/r/HORIZON-5636

Every numerical claim in the paper is traceable to a specific on-disk JSON file produced by an actual training run; the
AUDIT REPORT.md file in the repository documents each claim→source mapping. Synthetic-system experiments (Lorenz-
63, Lorenz-96 N=10, Lorenz-96 N=20) are fully deterministic given the published seeds; rerunning any single sweep
regenerates the corresponding JSON. Public single-cell datasets (PBMC3K, PBMC68K-reduced, Moignard 2015) are
auto-downloaded via the scanpy datasets API on first run.
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