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Abstract

Single-cell perturbation benchmarks use control cells as model inputs and as baselines for predicted
and observed responses. We show that reallocating these cells can reverse model rankings without
changing fitted parameters or the scoring metric. Across eight model families in two peripheral blood
mononuclear cell datasets, separating observation controls reversed 10 of 28 comparisons under both
training regimes at the largest tested reference depths. Under balanced, equal-depth assignments
scored before averaging, an exact squared-error relation links shared-to-disjoint ranking reversals
between state-output and fixed direct-effect predictions to their initial margin and reference separa-
tion. Balanced input reassignment changed predictions without changing mean scores under shared
scoring references. Reference-dependent selection changed secondary expression-program predictions,
while observation references reversed the selected models’ mean program-error ordering in 39 addi-
tional same-study donors. Refara separates input-dependent prediction changes from rescoring and
assesses comparison stability across evaluated allocations. Control assignment should therefore be
specified alongside models and metrics.

Single-cell perturbation models predict transcriptional responses to genetic or environmental
changes. Benchmarks guide which models and predicted responses are taken forward for biological
interpretation.[1-3] Predictions can also guide experiments: CellOracle used in silico perturbations to
identify regulators of zebrafish axial mesoderm development, followed by experimental validation.[4]

Some models predict expression changes directly; others predict treated states that require a control
baseline to define effects. For example, biolord generated infection-state counterfactuals for control hep-
atocytes and compared them with their observed expression to identify infection-associated genes and
pathways.[5] In a prospective test, the experimental response may be estimated from controls sampled
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separately from those available at inference. These samples can yield different baselines even when they
come from the same untreated population.

Systema shows that subtracting a common reference from fixed predicted and observed expression
leaves mean-squared error (MSE) unchanged.[6] Shared-reference correction addresses score distortion
in correlation-based evaluation, while evaluation taxonomies distinguish representation, metrics and
reporting choices.[7, 8] We treat model-input controls, prediction baselines and observation baselines as
separate design choices. This allows us to distinguish changes in predictions from changes caused by
rescoring them, and to ask when those choices reverse model comparisons with fitted parameters held
fixed.

We distinguish three control roles: the observation reference defines the measured response, the pre-
diction reference converts predicted states into effects, and the conditioning reference supplies model
inputs. We call their assignment the reference-cell design. Our primary observation-separated evalu-
ation shares model-input and prediction controls and uses a separate observation block. Under this
design, a direct-effect prediction and its equivalent input-conditioned state receive the same score. Fully
disjoint designs additionally separate the prediction baseline as a sensitivity test. Rescoring saved pre-
dictions measures scoring-reference sensitivity, whereas input audits require predictions generated from
the corresponding controls.

We derive an exact squared-error condition for ranking reversals between shared and fully disjoint
references, relating the initial model-performance margin to reference separation. The condition applies
to fixed direct-effect predictions and balanced, equal-depth assignments scored before averaging. We test
it across eight model families and two training regimes in each of two peripheral blood mononuclear
cell (PBMC) datasets, then examine how reference-dependent selection changes predicted expression
programs. We extend the analysis to unseen genetic combinations and ask how evaluation-unit and
test choices affect model comparisons. Refara implements these audits and identifies pairwise model
comparisons whose ordering persists across evaluated control allocations.

Results

Reference roles define the effect being evaluated

Control cells enter effect prediction as model inputs, as the baseline subtracted from predicted expression
and as the baseline defining the observed effect (Fig. 1a,b). A state prediction M (Chodel) is therefore
scored as M — Cpreq against Y — Copg; a direct-effect predictor supplies the effect directly.

Our primary observation-separated design (O) shares a control block between model input and pre-
diction centring, while a non-overlapping block defines the observed effect. A direct-effect prediction d
and its equivalent state Cpoqel + d therefore receive identical standardized squared-error scores for each
assignment:

|d = (Y = Cobs)||2 = [|[Crnodel + @ — Crnodet] — (Y = Cops)||2. (1)

This equality holds before averaging, so changing the output representation alone leaves the
comparison unchanged.

To compare reference designs, we formed three equally sized, non-overlapping control blocks and
reassigned them among roles. The shared design (S) used one block for all roles; the observation-separated
design used two. Utility was negative standardized MSE, so higher values indicated lower error. The
direction of a pairwise comparison is the sign of the difference in model utilities. We scored assignments
before averaging, giving each block equal weight in every role. Model parameters, treated profiles, gene
weights and predictions for each input block remained fixed (Methods).

The fully disjoint design (D) used a different block for each role (Fig. 1a). Under the balanced
assignments above, moving from S to D reduced the mean utility of every state-output model by exactly
V', whereas fixed direct-effect predictions retained the same mean utility. Here, V' > 0 is the mean
squared standardized separation between control-block profiles. Thus, the direct-effect-minus-state utility
margins satisfy

dp =ds+V, ds <0<dp <= -V <dg <0, (2)



A direct-effect model therefore overtakes a state-output model from S to D when its initial deficit
is smaller than V. Methods defines the allocation conditions and V; Supplementary Methods gives the
derivation.

Observation separation reverses comparisons across training regimes

We evaluated eight model families in paired mock and influenza-infected PBMCs (Influenza PBMC) and
a multi-cytokine PBMC screen (Parse) (Fig. 2).[9-15] Training used 8 or at most 48 cells per donor—cell-
type—condition stratum in Influenza PBMC, and 48 or at most 128 in Parse; the larger panels used all
eligible cells up to these caps (Methods). Configurations were selected using training data only, and each
regime was evaluated on the same eight held-out donors. At eight reference cells per role in Influenza
PBMC and 48 in Parse, separating the observation reference reversed 10 of 28 mean-utility comparisons
in each of the four dataset—training settings (Fig. 2b,c). These reversals paired each of the five direct-
effect families with scGen or CellOT. The reversed pair sets were unchanged between training regimes
at matched reference depths. For the focal PCA—scGen comparison, the ranking reversed in all eight
evaluation donors in every training group and at every tested depth.

Using shared rather than observation-separated validation changed two of 32 configuration choices:
scGen and CellOT in the 48-cell Parse training group. At the largest tested reference depths, both
selectors retained the same 10 of 28 reversals between shared and fully disjoint scoring in every train-
ing group, and the leading model under each shared, observation-separated or fully disjoint design
was unchanged. Both the 320-candidate grid and the expanded 328-candidate pool gave these results
(Supplementary Table 1).

Increasing reference depth reduces overall shifts in pairwise margins

The same model pairs reversed under prediction-reference separation and fully disjoint references. At
four reference cells per role, the no-change baseline (NC; zero predicted effect) also overtook CPA under
these designs and observation separation, increasing the count from 10 to 11 of 28 pairs in both Influenza
PBMC training groups. All other depths in both resources gave 10 of 28. Separating only model input
produced no mean-utility ranking reversals. Increasing reference depth reduced the RMS change across
all 28 pair margins for each design with separated scoring references (Fig. 2c).

Standardized MSE and unstandardized delta-RMSE gave identical donor-averaged model rankings in
all 80 evaluated designs (Extended Data Fig. 1). Some donor-specific rankings differed between criteria
(Supplementary Methods).

Score changes from input reassignment depend on scoring references

Changing input controls altered predictions from the selected scGen, CPA and CellOT fits used in
Fig. 2. With observation and prediction references fixed, we replaced an initial, non-overlapping input
block with either scoring-reference block. At the largest reference depths, equal-donor mean standardized
RMS state-prediction changes ranged from 0.084 to 0.124 in Influenza PBMC and from 0.044 to 0.052
in Parse (Fig. 3a). After balanced averaging, using prediction-reference cells as input increased mean
utility; using observation-reference cells decreased it. With shared scoring references, balanced input
reassignment changed predictions without changing mean utility (Fig. 3b).

After subtracting each input’s own baseline, displacement was close to the reference-only displacement
(Fig. 3c). Re-expressing the same predictions and targets in equivalent coordinates preserved MSE to
numerical precision in 15,552 checks. All three state-family mean orderings remained stable at every
depth in all four training groups. In Kang, input reassignment changed the sign of the mean ridge—
CellFlow margin both with the original fixed configurations and after training selection using the same
eight donors; both comparisons ended near a tie (Supplementary Fig. 1 and Supplementary Table 2).[16,
17] Input sensitivity and ranking reversal are distinct outcomes.



Reference-dependent model selection changes program predictions and
program-error ordering

Reference-dependent model selection changed predicted program directions, and observation controls
determined which selected model had lower program error (Fig. 4). With each donor held out from selec-
tion, shared references selected scGen in both Influenza PBMC training regimes; observation-separated
references selected TW, PCA or RBF across folds (Supplementary Table 3). We compared predictions for
the same five cell types against a common measured response. Fully disjoint and observation-separated
selection chose the same fitted models in all 16 leave-one-donor-out folds and both all-eight-donor
selections, giving identical downstream predictions.

The two selection schemes predicted opposite program directions for 75 of 1,480 task—program pairs
under 8-cell training and 65 under the 48-cell cap (Fig. 4a; both absolute scores >0.025). Program
priorities also differed across tasks, while the overall mean profiles retained a dominant interferon-
a response under both selections (Supplementary Fig. 2). Complete counts and threshold, seed and
reference-assignment sensitivities are given in Extended Data Fig. 2a-d and Supplementary Table 3.

Holding selected predictions and treated cells fixed, changing only the observation reference
reversed which selection scheme had lower mean program error under both training regimes (Fig. 4b).
Shared observation controls favoured shared-reference selection; separated observation controls favoured
observation-separated selection. The same reversal occurred in 39 additional same-study donors (Fig. 4c),
evaluating all 37 programs in B cells and combined monocytes with batch- and capture-balanced aver-
aging. Exact error contrasts and cohort, weighting and observation-depth sensitivities are given in
Extended Data Fig. 2e,f and Supplementary Tables 3 and 4.

The consequences of reference design for model selection differed across the evaluated settings.
Whereas shared and observation-separated selection chose different models in Influenza PBMC, both
selected PCA in the external GSE181897 analysis,[18] producing identical predictions for 46 assessment
donors (Supplementary Methods).

Reference design also reverses genetic-perturbation rankings

For 55 unseen two-gene combinations in the Norman K562 CRISPRa screen,[19] we compared a
training-selected direct-effect ridge with three state-output predictors using matched features and scores
(Extended Data Fig. 3). With direct-effect predictions fixed, task-averaged comparisons with additive
and compositional ridge satisfied —V < dg < 0 at 64 and 128 controls per role and reversed from S
to D in all 30 allocations: four of 18 pair-by-depth comparisons. The direct-effect predictor led in task-
averaged utility under both designs at greater depths and against training-selected CPA at every depth.
State-output pair margins were unchanged from S to D.

Evaluation-unit and test choices change model comparisons

Reallocating control cells does not create biological replication. We therefore asked whether model
comparisons also depended on which evaluation units were treated as independent and which tests
were applied. In simulations, Holm-corrected exact-sign testing controlled false-direction errors but had
low power with few independent units; unit-level ¢ tests stayed near nominal error under the Gaus-
sian null. Unstudentized bootstrapping of whole units with few units available, and treating related
tasks or cells as independent, inflated errors (Extended Data Fig. 4). Acquisition links and incomplete
metadata also limited testable units in plate-based perturbation data (Extended Data Fig. 5) and neu-
ral differentiation (Supplementary Methods),[20-22] with metadata gaps across 30 benchmark records
(Supplementary Fig. 3).

Equal-sized evaluation subsets also yielded different decisions. In Sound Life day-7 versus day-0 B-cell
and plasma-cell prediction, alternative maximum donor-batch matchings changed directional decisions
for three model comparisons with predictions fixed (Fig. 5).[23, 24] Two 39-wave matchings gave RBF 28
and 30 wins against two-way ridge, with nominal full-family adjusted P = 0.166 and 0.0186, respectively
above and below 0.05. Excluding training-linked batches left 144 maximum 12-wave matchings: NC led
in 67 and RBF ridge in 77.



Refara audits reference sensitivity and comparison stability

Refara audited six prediction configurations on 55 Norman tasks. For CPA | input reassignment used pre-
dictions generated from the corresponding controls with parameters fixed; scoring-reference reassignment,
reused predictions. We measured sensitivity as the mean absolute change in task-averaged standardized
MSE. At 64 controls per block, changing either scoring reference had about 2.7 times the sensitivity of
changing the input (Table 1). At 1,080 controls per block, the ratio fell to about 1.3; all three sensitiv-
ities decreased with depth. Equivalent representations and input reassignments with fixed predictions
preserved scores (Supplementary Methods).

We calibrated a reporting rule on 27 Norman tasks and assessed 28 others using standardized effect
MSE, the same control pool and evaluated control allocations. At 192 controls and a 0.01 report-
ing gap, single-split scoring reported 323 of 420 directions; 65 failed to maintain the required margin
in assessment. Calibrated reporting retained 165 directions, all exceeding the gap throughout evalu-
ated assessment realizations. Geometry scaling gave identical decisions; other gaps yielded unsupported
directions (Supplementary Methods, “Stability calibration and comparison reporting”).

Discussion

Reference-cell assignment is part of the specification of a perturbation benchmark. Controls supply model
inputs, define observed responses and convert predicted states into effects; changing their allocation can
change model comparisons even when fitted parameters and the metric stay fixed. A score therefore
describes performance under a particular reference design. Declaring that design makes the basis of a
model comparison explicit.

The three control roles explain why reference changes affect model families differently. A common
prediction and observation baseline cancels from the squared-error residual. Under the balanced design
studied here, fully disjoint references reduce state-output utility by the mean squared standardized sep-
aration between references, while fixed direct-effect predictions retain their mean utility. The initial
performance margin then determines whether a ranking reverses. Qur primary observation-separated
design matches model input and prediction centring, preserving equal scores for equivalent direct-effect
and state representations. Fully disjoint evaluation tests sensitivity to an additional change in the
prediction baseline.

Prediction sensitivity and score sensitivity require separate audits. Input changes require predictions
generated from the corresponding controls; scoring-reference changes can be evaluated by rescoring
saved outputs. Balanced averaging can conceal prediction changes in an unchanged mean score, so both
quantities should be reported. Reference-dependent program predictions can motivate biological follow-
up, but require separate validation. For example, an ordering of interferon-y program scores between B
cells and monocytes suggested by earlier fixed-model predictions did not meet its prespecified measured-
response stability criterion (Supplementary Table 5). Refara records these distinctions through explicit
control roles, cell memberships, prediction changes and model comparisons.

Reference stability and biological replication address different questions. Cell reallocations and train-
ing seeds measure sensitivity within an experiment; they do not add independent biological units. The
39 additional donors came from the same study and shared acquisition batches with the original cohort.
Sound Life further showed that choosing different admissible evaluation subsets could change leading
models and nominal test decisions even with predictions fixed. These findings link reference audits to
the definition of evaluation units and the assumptions of the statistical test. Avoiding reuse of donors or
batches alone does not establish independence.

The scope of these results is set by the evaluated configurations, training budgets and reference pools;
some CPA fits were still improving at the budget boundary (Supplementary Table 6). The exact reversal
relation requires squared-error scoring and the stated balanced design. Reporting calibration used held-
out tasks from the same control pool and evaluated allocations; its ranges describe sensitivity within
those allocations, not confidence bounds for new experiments. Benchmark reports should give both the
comparisons retained and those left unresolved. Control assignment should therefore be treated as part of
the benchmark specification. Reporting the controls used for each role, together with prediction and score

sensitivity across plausible assignments, makes model comparisons more interpretable and reproducible.
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Methods

Study design and experimental units

We evaluated fitted perturbation models while reassigning the control cells used as model inputs, predic-
tion references and observation references. The primary Influenza PBMC, Parse and Kang analyses each
used eight donor-level evaluation units, termed roots. Tasks combined cell type and perturbation within
a donor. Control allocations, block permutations and training seeds reused the same biological samples;
they did not add biological replication. The Norman tasks came from one pooled perturbation screen.

The study was not preregistered. The original 84-contrast family was specified before inspection; its
focal model pair, the later 56 construction-shift contrasts and follow-up analyses were chosen after earlier
results. Supplementary Methods gives the timing and available data for each analysis.

PBMC datasets and preprocessing

The Influenza PBMC dataset of Randolph et al. (GSE162632) contains paired mock and 6-h influenza-A-
virus samples from 90 donors in 15 processing batches.[9, 10] A deterministic metadata- and cell-support-
based rule assigned eight batches to evaluation and seven to training. Evaluation required at least 24
mock and eight treated cells in each of five tasks: B cells, CD4 T cells, CD8 T cells, combined monocytes
and combined NK cells. We selected one eligible donor per evaluation batch, with four donors annotated
as AFR and four as EUR, before examining response outcomes. Of 42 donors in the training batches,
40 met the training support rule and supplied 200 donor-task rows. Training and evaluation shared no
donor, processing batch or capture pool. Supplementary Methods gives the donor-selection algorithm.

Parse models were fitted using four donors and evaluated on eight other donors from the same
experiment; donor identity was confounded with donor-specific plate. Metadata-defined cell support
across all 12 donors yielded 722 cytokine-by-cell-type tasks. Evaluation controls comprised 88 donor—
cell-type pools, with 144 PBS cells per pool reused across cytokines. Primary scores weighted the 722
tasks equally within each donor, then the eight donors equally; cell types therefore received weight in
proportion to their eligible task counts.

For both resources, we transformed each cell to counts per 10,000 followed by log(1+ ). We selected
2,000 genes by decreasing sample variance among training untreated cells, broke ties by source-column
order and restored selected genes to that order. Gene scales s, were training-control sample standard
deviations, floored at 0.1. Features, scales and fitted parameters were held fixed during evaluation.

Model training, selection and output adapters

The eight model families were no change, context mean, two-way additive ridge, PCA ridge, RBF kernel
ridge, CPA, scGen and CellOT. The first five emitted direct perturbation effects; the last three emitted
treated expression states. Within each donor—cell-type—condition stratum, including untreated controls,
the smaller training panels used 8 cells in Influenza PBMC and 48 in Parse. Larger panels used all eligible
cells up to 48 and 128, respectively: nysed = Min(nNeligible, Ncap)- Snaller panels were nested within larger
panels, and all models in a group used identical cells. Training-panel size and evaluation reference depth
were varied separately.

Validation held out each of seven training batches in Influenza PBMC and each of four training
donors in Parse. Feature learning used only the fitting donors within each fold. We selected each fam-
ily’s configuration by standardized effect MSE under an observation-separated, two-block design: model
input and prediction centring shared one control block, while the other defined the observed effect. We
scored both orientations, then averaged errors over orientations, tasks within donors and donors equally.
Training was extended when the final checkpoint had the lowest validation error and improved by at
least 1% over the preceding checkpoint, within the limits specified in Supplementary Table 6. Selected
stochastic configurations were refitted with seeds 17, 29 and 43; deterministic models were fitted once.
Supplementary Methods describes the candidate grids, budget amendments and alternative S-versus-O
selection within identical candidate pools (Supplementary Table 1).

CellOT selection compared direct transport in the 2,000-gene space with transport through a 50-
dimensional autoencoder. All four training groups selected the autoencoder. Each encoder and decoder
was fitted within its training fold and held fixed during transport validation. Our scGen implementation
used a cell-type-specific latent perturbation shift that averaged treated-minus-untreated latent mean



differences equally across training donors. Prediction encoded untreated cells by their posterior latent s
means, added the shift and decoded before averaging cells. Its outputs were already on the scored ss
log-expression scale. CPA count-space outputs were normalized over the full native feature axis and log- 55
transformed per cell before averaging. State outputs were centred once, with no further normalization or s

logarithm after centring. Supplementary Tables 6 and 7 and Supplementary Methods specify the fitted 553

configurations and output adapters.

Reference assignments and scoring

For a donor-task unit, let Y bg the treated-cell mean and éobs,g the observation-control mean. The 3
observed effect was Oy, = Y, — Cops g- A state-output model generated M, (Cmodet) from its assigned 35

input controls and was scored as

ng - Og

G 2
1
P’mg = Mm(cmodel)g - Cpred,ga Um = _5 gz::l () . (3) 363

Sg

Direct-effect models were scored as emitted, P,y = Dp,g. Model-input controls were not subtracted ™~
again during scoring. Larger utility indicated better prediction; G = 2,000 for Influenza PBMC and -

Parse.

We evaluated 1,000 control allocations per resource at depths 4, 6 and 8 in Influenza PBMC and
16, 24, 32, 40 and 48 in Parse. Within each untreated stratum, cells were deterministically hash-ranked

and distributed cyclically into three disjoint streams. At depth n, the first n cells in each stream formed
blocks B1, Ba, B3, so lower depths were nested within higher depths for a given allocation. An allocation

label specified the blocks across all strata in the resource.

Tuples followed the order (Cobs, Cpred, Cmodel). We scored all 27 assignments before averaging them ..
into five patterns. S averaged the three tuples (B;,Bj,B;). M, P and O averaged the six tuples ...
(Bj, Bj, B;), (Bj, Bi, B;) and (B;, B;, Bj), respectively, for i # j. D averaged the six permutations of dis-
tinct blocks. Every block consequently had weight 1/3 in each role under each pattern. Treated profiles, ..

feature weights and the predictions associated with each input block stayed fixed.

Each fitted seed was scored separately. We averaged task utilities within roots using the resource- s
specific weights, then role assignments, allocations and fitted seeds, and finally the eight roots equally. =
A strict pairwise reversal required opposite nonzero mean-utility margins under S and the comparison 3
pattern, using the same pair orientation and depth. All 28 model pairs were retained. Each pairwise ss2
comparison within a root required complete data. We calculated the RMS change across the 28 pairwise 33
margins after averaging allocations and roots. Depth-collapsed displays additionally weighted the tested s

depths equally. These summaries describe the evaluated donors and finite control allocations.

Quadratic identities and reversal criteria

Let b; be the mean of block 4, and define ||a||? = G~1 >y a?/s2. The reference-separation term was

1 :
V=l byl O

i#]

For a fixed model-input block, pairing the two assignments of the remaining observation and pre- s
diction blocks cancels the cross term in the squared error. Equal averaging gives Up — Ug = —V for s0s
state-output models and Up = (Up 4+ Up)/2. Under M and S, the common scoring reference cancels 306
and each input block has the same marginal weight, giving Uy; = Ug. Fixed direct-effect predictions s
have the same mean utility under all five patterns because observation blocks retain the same marginal s
weights. Thus a direct-effect-minus-state margin satisfies dp = dg + V, with an S-to-D reversal when 3o

—V < dgs < 0. These relations require fixed treated profiles, feature weights and input-specific pre-
dictions, equal-depth blocks, equal assignment weights and scoring before averaging. Supplementary
Methods gives the P/O expansions, full derivation and allocation-level checks; the historical full-pool
Shared construction is defined separately there.
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Model comparisons and input-reference audits

We also ranked the selected PBMC models by unstandardized delta-RMSE, {G~! > (P — 0,4)%}11/2,
calculated within each target before aggregation. Both criteria used the same predictions, treated cells
and controls. Complete model rankings retained exact ties, and leader sets included every exact maxi-
mum. Rank concordance required a complete finite score vector and a defined Kendall 7;,. Supplementary
Methods describes the aggregation and undefined-score rules, including the historical Pearson, cosine
and retrieval comparators.

Input audits used the selected scGen, CPA and CellOT prediction banks from all four PBMC training
groups. With observation block A and prediction-reference block B fixed, we changed model input from
C to A or C to B using the predictions associated with those blocks. For state prediction F(Z), we
compared raw displacement F(B) — F(C), own-input-centred displacement [F(B) — B] — [F(C) — C],
and reference-only displacement B — C. Squared changes were standardized by the training gene scales
and averaged over genes, tasks, all block permutations, 1,000 allocations and three seeds within each
root. We then took each root’s square root and averaged the eight root RMS values. Utility contrasts
used separately scored seeds. Equivalent-representation checks and numerical precision are documented
in Supplementary Methods.

The supporting Kang comparison used paired control and interferon-g profiles from eight donors,
with B, CD14 Mono, CD16 Mono and CD4 T tasks.[16, 25] Each donor—task supplied 12 stimulated
cells and three disjoint four-cell control blocks, evaluated under all six block assignments. Ridge and
CellFlow[17] received the same input block while observation A and prediction reference B stayed fixed.
CellFlow input changes affected both source cells and their mean principal-component context. Leave-
one-donor-out preprocessing used 5,000 training-selected genes and the same count transformation and
standardized MSE as above. Alongside the original fixed fits, nested training selection fitted features,
scales and models using six donors and validated on the seventh outer-training donor; selected models
were refitted on all seven before outer-donor evaluation. The analyses reused the same eight donors, and
folds shared training donors. Supplementary Methods gives the preprocessing, adapters, original and
selected fits, and diagnostic families (Supplementary Table 2).

Program analysis after model selection

We used the primary training-selected configurations under both Influenza PBMC training regimes. For
each original evaluation donor, we selected a model family under S and O using the other seven donors,
1,000 allocations and eight controls per role. Selection averaged utilities from separately scored seeds
and allocations, then weighted selection donors equally. For the additional cohort, selection used all
eight original donors. Model fitting and checkpoint selection used training donors only; model-family
selection was a separate comparison among those fitted configurations. We also recomputed D selections
and verified the selected fit identities and downstream predictions against O (Supplementary Methods).

Program scores used the fixed 2,000-gene panel, training scales and 37 eligible MSigDB Hallmark
sets.[26, 27] For program H, panel G and effect A,

1 A,

Sg
geHNG

State-output models used B1 for input and prediction centring, giving M,,(B1) — By; direct-effect
models retained their emitted effects. We held predictions and treated profiles fixed while defining the
observed response with shared B1 or separated B2 controls. For seed s, the O-selected-minus-S-selected
program-error contrast was

Ad,s = meall¢. g [(éo,d,c,H,s - Zobs,d,c,H)Q - (2S,d,c,H,s - Zobs,d,c,H)g] . (6)

Negative values favoured O-selected predictions. Errors were calculated separately for seeds 17, 29
and 43, then averaged; deterministic models represented one fit. Original-donor summaries weighted
programs and five cell types equally within donor, then the eight donors equally. Profile and direction
displays used seed-mean program scores. The displayed direction comparison used an absolute-score
threshold of 0.025; top-five program sets were a secondary readout. Supplementary Methods gives tie
rules and secondary readouts (Supplementary Table 3).



The additional cohort comprised B-cell and combined-monocyte tasks from 39 donors in the same
study. These expression data had been examined in an earlier measured-response analysis; the donors
entered neither fitting nor family selection. Each task used 24 controls in three eight-cell blocks and eight
fixed treated cells. We averaged programs and cell types within donor, donors within batch-by-capture-
orientation strata, orientations within batch and the eight batches equally. Selected TW and PCA models
emitted one effect per cell type across donors. Cohort, weighting, program-panel and observation-depth
sensitivities are given in Supplementary Methods and Supplementary Table 4.

Genetic-perturbation evaluation

We evaluated 55 unseen two-gene combinations in the Norman K562 CRISPRa screen.[19] A fixed
hash split the 110 supported combinations equally between training and evaluation; all 105 single-gene
conditions entered training. Additive, compositional-ridge and CPA models[11] emitted absolute states.
A zero-intercept ridge model emitted effects, with its penalty selected by fivefold validation within
the training combinations. CPA also underwent training-side selection followed by a full-training refit
(Supplementary Table 8). Non-targeting controls were separated between training and evaluation within
each of eight capture partitions. Thirty allocations supplied three disjoint blocks at six depths, from
64 to 1,080 cells per role. Features and scales used training controls only. Fitted models, direct-effect
predictions and treated targets stayed fixed while all S/M/P/O/D assignments were scored before task
and allocation averaging. All three direct-effect—state comparisons were retained. The capture partitions
came from one pooled experiment; these comparisons describe within-screen sensitivity.

Statistical comparisons and simulations

Primary reference and program comparisons summarize the evaluated donors and evaluated control
allocations. For the original fixed-configuration analysis, we additionally calculated root-level contrasts
and sensitivity bounds under a repeated-root working model. Calibration failed, so these bounds are
reported as diagnostics, not calibrated 95% confidence intervals. Supplementary Methods, “Diagnos-
tic bounds”, defines the contrast families, working-model assumptions, multiplier construction and
calibration (Supplementary Table 9).

The directional simulation included four methods and all 12 ordered comparisons. For root r, method
m, descendant support n, and ¢ = (1.5,0.5, —0.5, —1.5), utilities were

Upm = 0¢m +V04AGA +V0.4 243 +1/0.8/n,.GE +,/0.8/n,. ZE . (7)

All G and Z draws were independent standard normals across their distinct indices. Shared G terms
induced within-root correlation; descendant support affected precision, while roots remained independent

testing units. We varied separation J, root count, common-root ties, complete-root missingness and

descendant support, with 5,000 replicates per setting—d combination. The full grid and interventions are °

specified in Supplementary Methods, “Simulation design”.
The exact-sign test concerned the conditional root-specific probability 6;;, = rPU,; > U,; |

support, availability and absence of a tie). Available non-tied roots entered a one-sided test of H;; :
8i;.» < 1/2 at every prespecified root position.[28] Under independent roots, the null win count is stochas-

tically bounded by Binomial(K,1/2), where K is the number of non-tied available roots. Rejection

indicates failure of this win-probability null at at least one position; mean-utility contrasts are a distinct
target. Holm adjustment covered all 12 directions at familywise o = 0.05.[29] Fewer than eight non-tied

roots cannot reach the first Holm threshold. Complete-family recovery required all six true directions

and no false direction; true-edge recovery was the fraction of the six true directions recovered.

To compare analysis units and tests under a global null, we generated

Y'r‘tc’m =V 08A7~m =+ v 0'1B'rtm =+ V O~1E'r'tcm7 (8) 516

with independent standard-normal terms across distinct indices and models, R = 2, 3,4,6, 8,12,20,40
roots, eight tasks per root and 20 nominal cells per task. Unequal retained cell counts were aggregated

to the same equal-task, equal-root point mean for each procedure. We compared exact-sign and root

CR1-t tests with centred, paired, unstudentized root-, task- and cell-level bootstraps, using 2,500 repli-

cates per root count. Task- and cell-level resampling treated dependent descendants as independent.



Supplementary Methods gives the row scaling, 499-resample algorithms, zero-standard-error and failure
conventions, and supporting simulations. Binary endpoints used pointwise two-sided 95% Clopper—
Pearson intervals;[30] bounded true-edge recovery used Hoeflding intervals. These intervals quantify
Monte Carlo error under the simulated law.

Acquisition-unit assessment

For GSE306429, we constructed plate-linkage graphs from public metadata before examining expres-
sion or method-comparison results. Connected components defined candidate acquisition units. The
90-direction comparison family required at least 11 non-tied independent roots for the first Holm
rejection at o = 0.05; processed-cell lineage, control/perturbation support and the justification of inde-
pendence remained unresolved, so utilities were reported descriptively. In the Jerber day-52 rotenone
resource,[22] shared differentiation pools connected the evaluated lines into nine candidate components,
below the 11-root requirement for its 56-direction family even if those components qualified as indepen-
dent. Supplementary Methods, “Acquisition and matching”, specifies the graph rules and the separate
benchmark-record screen.

Sound Life matching sensitivity

We compared maximum donor-batch matchings using fixed predictions and utilities for 93 same-pool
donor—year waves in B-cell and plasma-cell data. Each eligible wave formed an edge between its donor
and recorded day-0/day-7 batch; labels had to be nonempty and consistent across visits. A maximum-
cardinality matching selected waves without reusing a donor or batch. The unrestricted graph admitted
39-wave matchings; excluding batches represented among the 37 training batches gave a separate graph
admitting 12-wave matchings. Supplementary Table 7 gives the eight fitted predictors.

For each wave, day-0 controls were split into three disjoint blocks and rotated across input, prediction-
reference and observation-reference roles. The observed effect used all eligible day-7 cells. State outputs
used their assigned input block and were centred once; direct-effect outputs stayed fixed. Rotation
accuracy was 1 — G~ 37 min(z},25)/25, with G = 2,000 and residuals standardized by training day-0
standard deviations floored at 0.1. Wave utilities averaged the three rotations equally, and every selected
wave had equal weight.

Every matching used the same eight-model, 56-direction exact-sign/Holm procedure at familywise
o = 0.05. We enumerated all 144 maximum 12-wave matchings. For the 39-wave graph, exact-rational
optimization of additive objectives provided attainable bounds and witness matchings. A direction was
classified as rejected under every, no or some maximum matchings. It remained unresolved when a non-
rejecting matching was found but a rejecting matching could neither be found nor ruled out. Analogous
checks identified possible leading models. These are finite-graph classifications; sign-test validity addi-
tionally requires the independence and win-probability assumptions. Supplementary Methods gives the
control allocation, graph construction and reconstruction checks.

Software audits and comparison reporting

Refara uses predictions from the corresponding controls for input audits and rescores saved outputs for
scoring-reference audits, with model parameters fixed (Table 1; Supplementary Methods).

We calibrated reporting on 27 Norman tasks and assessed 28 held-out tasks from the same screen.
Both sets used standardized effect MSE and the same control pool, 30 evaluated control allocations and
three input-block choices. For first-minus-second utility mep(7), indexed by development case ¢, model
pair p, control budget b and realization r, the repeated-primary range relative to anchor ry was

By, = max [mepy (r) = meps(ro)]. 9)

Assessment anchor directions were reported only when their absolute margins exceeded By, + 6 + 7,
with reporting gap § and numerical tolerance 7; otherwise they were withheld. Decisions were fixed
from development scores and assessment anchors before checking remaining assessment realizations. A
reported direction was unsupported if any oriented assessment margin was at most § + 7. We recorded
reporting coverage and unsupported directions. Supplementary Methods describes the full rule, variants
and VCC adapter.
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OpenAl tools were used to proofread and reorganize the manuscript and code. The authors take .

responsibility for the work.

Data availability

The study used public datasets from GEO (GSE162632, GSE96583, GSE306429 and GSE133344), Exper-
imentHub (EH2259), Parse Biosciences, the Jerber study and the Allen Institute.[10, 15, 19, 21, 22, 24, 25] °
Source accessions and provider links are listed in the references. The external model-selection test used °

GSE181897.[31]

Source Data and supporting reconstruction materials accompany the submission.

Code availability

Refara source code, a Python package and examples accompany the submission. Author-written 5
reference-design code is distributed under the BSD 3-Clause licence; data and third-party software retain
their respective licences. The package will be made publicly available at https://github.com /hz424/Ref o

ara during peer review.
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Figure 1 | Reference-cell allocation determines effect scores and ranking reversals

a, Three equal-depth control blocks from one biological condition supply observation reference Cyps, prediction baseline Cpreq
and model input C,oqe1. Shared (S) assignments use one block for all roles; disjoint (D) assignments use a different block
for each. Negative standardized squared-error utilities are scored before averaging three shared assignments or six disjoint
permutations. The direct-effect-minus-state margin obeys dp = dg+ V', where V' > 0 is the mean squared standardized distance
between block means. The interval —V < dg < 0 gives strict reversals; open endpoints denote ties. Assignment weights are
equal; treated expression, gene scales, fits and direct-effect predictions are fixed. b, Treated expression Yy becomes measured
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primary protocol O shares input and prediction centring but separates observation controls. Matrices and lines are schematic;

highlighted rows represent one gene.
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8; Parse, 48). a, Standardized RMS prediction displacement. b, Utility (negative standardized MSE) changes when input
matches the prediction or observation reference; squares show balanced input reassignment under shared scoring references. c,
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dots are eight donors, large symbols their equal-weight means, and lines their minimum-maximum ranges. RMS follows averaging
squared changes within donor; utility averages separately scored errors. Both include three seeds and 1,000 allocations, reusing
donor cells. Balanced allocations give identical RMS summaries for the two input changes.
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a Program Predictions with Opposite Directions

8-cell Training 48-cell Training Cap

Program B CD4T CD8 T Mono. NK B CcD4T CcD8T Mono. NK

Adipogenesis 1 2
Allograft Rejection 1
Androgen Response 1 1 1
Apical Junction 2 3
Apoptosis _
Coagulation 1
Complement
DNA Repair
E2F Targets 3
Epithelial-mesenchymal Transition 1 1 1 1 2 1 1
Estrogen Response Late
Fatty Acid Metabolism 1 1 2 1 1 2 2
G2M Checkpoint 1
Glycolysis 1 1 1 1 1
Heme Metabolism
Hypoxia 1
IL2-STAT5 Signaling 1 2 1 1 2
IL6-JAK-STATS3 Signaling 2 1 1
Inflammatory Response
Interferon-a Response
Interferon-y Response

KRAS Signaling up 1 1 4 1 2
Mitotic Spindle 1 1 1
mTORC1 Signaling 2 2
MYC Targets V1 1
Oxidative Phosphorylation 1
p53 Pathway 1 1 3 1
Peroxisome 1
PIBK-AKT-mTOR Signaling 4 2
Protein Secretion 1 1 2 2
Reactive Oxygen Species Pathway _ 2
TGF-B Signaling 3 e 2 2 1
TNF-a Signaling via NF-kB 1
Unfolded Protein Response 2 2
UV Response down 8 2 2 2 1
UV Response up 1 1 1 1 2 1

Xenobiotic Metabolism

Donors with opposite predictions (of 8) ---
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Figure 4 | Reference choices change program predictions and measured model accuracy

Models were selected with shared (S) or observation-separated (O) references (Supplementary Tables 3 and 4). a, Donors (of
eight) with opposite seed-mean predictions and both absolute scores >0.025, across all 37 Hallmark programs and five cell types.
Scores average training-standardized gene effects; white denotes zero. b,c, Program-MSE differences (O—S) for eight original
(b) and 39 additional same-study donors (c); positive values favour S-selected models. Predictions and treated observations
are fixed while observation controls change from shared Bl to separated B2. Lines pair donors; diamonds are equal-donor (b)
or batch/capture-balanced (c) means. Errors are scored before averaging three stochastic-model seeds or one deterministic fit.
Donors recur across regimes; y-axis ranges differ. O and D selected identical fits and predictions in all 18 settings. Mean profiles
and sensitivities are in Supplementary Fig. 2 and Extended Data Fig. 2.

18



a  Win ranges across maximum matchings b All eligible batches (o} Training batches excluded
(39-wave graph) (39-wave graph) (12-wave graph)
M Invariant rejection <> Unresolved Leaders across 144 matchings
RBF — PCA 0O-026-31 . )
Source (O Matching-dependent Never rejects Source NC 67 /144 RBF 77 /144
RBF — TW 0O-026-31
NC || || || NC || || ||
CM — NC O—<>16-29
YRIRS E B N cM E E E
PCA — NC O—<>16-29
w O = E B m ™ E B N
RBF — NC O—<>16-29
PCA || || || || PCA || || ||
TW — NC O—<>16-29 &
T T T T RBF
o 13 2 39 ree O ® O O = E o} EE =
(12-wave graph) CPA CPA
n-12 SG [ ] [ sG [ ] [ ]
RBF — CM (6,0
oT || oT ||
T T T T
0 4 8 12 NC CM TW PCA RBF CPA SG OT NC CM TW PCA RBF CPA SG OT
Source wins per maximum matching Target Target

Figure 5 | Maximum matchings can support different directional decisions

Predictions, reference rotations and per-wave utilities are fixed across donor—batch matchings (models: Supplementary Table 7).
a, Source-model win ranges across admissible maximum matchings for seven directions. Circles mark rejecting and nonrejecting
witnesses; diamonds mark unresolved rejection possibilities. b,c, All 56 directions for the 39-wave graph and the 12-wave
graph excluding training-linked batches. Rows are sources, columns targets. Squares denote invariant rejection, circles matching
dependence, diamonds unresolved certification and crosses no rejection. The strip counts leaders across all 144 maximum 12-
wave matchings. One-sided exact-sign tests use Holm familywise a=0.05. Inference requires independent units and the declared
win-probability null; graph extrema concern recorded admissibility rules. NC, no change; CM, context mean; TW, two-way
ridge; PCA, PCA-64 ridge; RBF, RBF ridge; SG, scGen; OT, CellOT.
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Extended Data Figure 1 | Model rankings under standardized MSE and delta-RMSE

a, Paired ranks of eight models across 80 reference designs (640 model-design pairs), by resource and training regime. Labels
give counts; circle area increases with count. b, Five role designs at reference depths of 4/6/8 cells (Influenza PBMC) or
16/24/32/40/48 (Parse); offsets indicate increasing depth. Solid lines/filled circles show standardized MSE; dashed lines/open
diamonds show unstandardized delta-RMSE. S shares all roles; M/P/O separate input/prediction/observation references; D
separates all three. Both criteria use identical predictions and allocations, averaging assignments, 1,000 allocations, separately
scored seeds and eight equally weighted roots. Training counts are per donor—cell-type—condition stratum, not reference depths;
<48/<128 are caps, using all eligible cells when fewer are available. Models use training-side selection (Supplementary Table 6).
Ties receive average ranks and retain co-leaders. Seeds and allocations reuse biological roots; root-specific concordance is reported
in Supplementary Methods.

20



1191
1192
1193
1194
1195

1196
—— 8-cell training —— 48-cell training cap

a Direction thresholds b Program priorities o7
1198
1199
—~ 100 { 100 1
o\o ;\S 1200
2 80 280 1201
2 Q
g 2 1202
= 60 A 5 60
8 6 1203
s £
o 40 T 40 A 1204
E é 1205
g g .
@2 20 1 % 20 1 1206
£ <
< = -
[l i i 1207
0 T T T T 0 I T T T
0 0.01 0.025 0.05 1 3 5 10 1208
Minimum absolute program score Number of top programs 1209
C  Fitted-seed variation d  Reference-allocation variation 1210
1211
O Shared MW Separate 1212
o ) ‘
! 8 1 % 1213
o o Qo 0.004 - & 5 ¢
= 00034 8 8 § > % g 3 % 1214
Q [} @
o o 4
& < 1215
< 9] °
L 0 1 ° L 0 1216
S k=]
w L ¥ 1217
@ [ ] ]
= B ] = ’ 1218
-0.003 A ]
g n = E -0.004 1 l ! u 1219
= >
9 - e 1220
o = - - - a . . . .
8-cell 48-cap 8-cell 48-cap 8-cell 48-cap 8-cell 48-cap 1221
8 donors 8 donors 39 donors 39 donors 8 donors 8 donors 39 donors 39 donors 1299
€  Single-batch omissions f Cohort and target sensitivity 1223
1224
1225
(? Primary: 2 types - a® 1996
D ~
g 0.003 1 4 cell types 1 LS 1227
@ 5 cell types A s ® 1228
g 1229
S 0 Equal donors { @ ™ ‘
w ° 1230
n ]
s Equal batches ] .
g -0.003 A Without IFN-a 4 s ® s
<)
E  } Deeper target L] ] 1233
Shared Separate Shared Separate -0.004 -0.002 0 1234
Observation reference Program MSE difference (D - S) 1235

Extended Data Figure 2 | Program-interpretation and accuracy sensitivities under updated training 1940
Blue/orange indicate 8-cell training/48-cell cap (Supplementary Table 6); S/D denote shared/disjoint-reference selection. O
selected identical fits and predictions to D in every setting. a,b, Percentages of 40 original donor—cell-type tasks with opposite
program directions (a; both absolute seed-mean scores exceed the threshold) or different top-k sets (b; ranked by absolute
seed-mean score). Points use label 0/input B1; ranges span ten labels and three input blocks. ¢, Program-MSE contrasts for
separately scored seeds 17, 29 and 43 in eight original and 39 additional donors. Input/prediction reference is B1; open circles
use observation B1, filled squares B2. d, All 30 shared and 60 separate assignments, averaging scored seed errors; symbols
follow c. e, Additional-donor estimates omitting each batch; lines pair observation choices. f, Cohort, weighting, program-panel 1216
and deeper-target sensitivities (Supplementary Table 4), with label 0/input B1 and observation B2. Positive MSE_D—MSE S 1247
favours S-selected. Errors average 37 programs unless indicated. Original donors receive equal weight; additional donors balance 124
batches and capture orientations (eight batches; seven in e). Deterministic fits repeat across seeds. Ranges describe same-study ..,
sensitivity, not inferential intervals; deeper targets are defined in Supplementary Methods.
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a Model rankings depend on reference design
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Extended Data Figure 3 | Reference effects in genetic-perturbation prediction

CPA uses training-side selection (Supplementary Table 8). a, Standardized MSE for 55 held-out combinations under shared (S)
and disjoint (D) references; zero effect is a diagnostic baseline. b, Standardized RMS displacement after changing CPA inputs.
¢, Reversals from S among 165 state-model-task pairs under separate prediction (P) or observation (O) references. Points and
bars in a—c show means and full ranges over 30 allocations. d, Effect-minus-state margin divided by reference penalty, each
averaged over tasks and allocations. Shading marks —1 < dg/V < 0, the exact reversal interval; CPA uses a separate vertical
scale. Eight capture partitions belong to one pooled screen.
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a Exact-sign/Holm under 40 null settings (12 ordered directions)
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b Error control depends on the unit
and the testing procedure
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Extended Data Figure 4 | Simulation performance depends on independent replication and test choice

a, Probability of any false directional selection across 40 global-null conditions (5,000 replicates each); orange marks have upper
limits above 5%. b, Hierarchical-Gaussian-null rejection proportions (2,500 replicates per root count). Task/cell procedures
treat descendants as independent; Holm correction covers 12 directions. ¢, Complete-family and true-edge recovery by adjacent-
method separation ||, pooling 10,000 signed-signal replicates per setting. Panels a/c use root-level exact-sign/Holm at familywise
a = 0.05; ¢ starts at eight roots, the first-rejection minimum. Pointwise 95% Monte Carlo intervals use Clopper—Pearson, or

Hoeffding for true-edge recovery. Sign and mean procedures test different hypotheses.
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a Broader recorded-link rules collapse candidate components b The complete spectrum shifts toward fewer, larger components
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1121 Extended Data Figure 5 | Recorded links alter candidate acquisition geometry

1.0» A, Candidate-component count versus largest-component size for 58 plates. Five rules link plates by producer/context, exact
completion date, their union, or unions allowing dates within one or seven days. The dashed line marks the 11 non-tied roots
required for a first Holm rejection among 90 ordered directions at familywise o = 0.05. b, Component-size spectra, each summing
to 58 plates. These exact graph counts do not establish independence.
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Mean absolute score change
Table 1 Score sensitivity to reference-cell reassignment in CPA

Reassigned role Prediction or score update 64 cells/block 1,080 cells/block

(d=28) (d =135)

Model input Select the prediction generated from 0.00854 0.00176
reassigned input cells.

Prediction reference  Re-centre the same state prediction. 0.0235 0.00223

Observation reference Recalculate the observed effect using 0.0234 0.00222

the reassigned controls.

Scores are standardized MSE for input-conditioned CPA, averaged equally over 55 Norman tasks. Entries
average the absolute change in this mean score when one reference role is reassigned and the other two
remain fixed. Larger values indicate greater score sensitivity. Each block contains d untreated cells from
each of eight capture partitions. The 30 allocations reuse cells from the same screen. Full allocation
details, additional depths and fixed-prediction controls are given in Supplementary Methods and Source
Data.
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