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Abstract. A pretrained tabular foundation model already encodes the
normal-data manifold; we turn it into a calibrated cross-modal screen
with no training. Our target is a rare subpopulation of records that look
ordinary in each modality yet sit off the rule binding them. We probe it
by reconstructing each feature from the others under an in-context model
(TabPFN-v2) whose fusion keeps the cross-modal correlations in the score.
The obstacle is that the reference pool is at once the normality model and
the calibration set, so exchangeability fails and the realized false-positive
rate reaches 0.49-0.68 at a nominal 0.10. Masking the diagonal of the
model’s sample-attention matrix largely corrects this in one forward pass,
approximating all n leave-one-out calibration scores. This approximation
does not exactly restore exchangeability, so the guarantee we report is
empirical: a realized false-positive-rate certificate rather than an exact
conformal one. Across a six-pair medical evaluation suite this single-
pass calibration holds the realized false-positive rate near the nominal
level (within about one standard error, FPR < 0.125) on five of six
pairs, with no held-out split and no refitting, at power on par with the
strongest training-free baselines. The fused screen beats both unimodal
screens on rare cell states neither margin resolves. Code is available at:
https://github.com/jose-melo/single-pass-conformal-calibration
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1 Introduction

Co-measuring several modalities pays off only because they are not independent: a
learned cross-modal rule ties them together, the transcriptome predicting surface
protein and an image agreeing with the record [15,7,13]. Each record respects
every margin, yet a small group sits off the joint rule, ordinary in each modality
but atypical across them, and no unimodal screen separates it. OQur aim is to
surface this rare biological subpopulation, an aberrant cell state or clinical stage
rather than a corrupted record, before a downstream fusion model absorbs it
silently.
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We cast the task as anomaly screening over the fused record (Fig. 1). An
in-context tabular foundation model makes it training-free: TabPFN-v2 scores a
record against a reference pool of assumed-clean inliers [14,19], and reconstructing
each feature from the others probes the cross-modal rule, so an inconsistency
inflates the standardized residual [17,6].

A screen is useful only if it controls its er- IIIIIIJ
ror rate. Conformal inference supplies finite- E— B
sample false-positive control under exchange- 7 e < h
ability, a premise our single-pass detector 8 » g '-
meets only approximately, so its control is em- i =
pirical rather than certified, and Benjamini— 5 " -_
Hochberg extends it toward false-discovery- 8 -
rate control across a batch [3,4,18]. To test /* e
this across modality pairs, we assemble an A0 e mada ‘I
evaluation suite of paired medical tables AR [modalty 7] ‘
whose unimodal backbone separates calibra-
tion validity from cross-modal signal. Fig.1. A cross-modal anomaly.

The difficulty is the reference pool’s dou- The starred record is ordinary in each
ble duty, which breaks exchangeability and margin, yet off the RNA«protein
makes the gate over-flag (Sec. 3). Our fix TWe:
masks the sample-attention diagonal, returning all n leave-one-out scores in one
forward pass rather than n refits (Sec. 4), while a correlation-preserving fusion
keeps the screen cross-modal.

Main contributions:

1. Single-pass leave-one-out conformal calibration. Masking the sample-
attention diagonal largely corrects the dual-role bias and recovers all n
calibration scores in one forward pass, its validity certified empirically rather
than by an exact conformal guarantee.

2. A cross-modal anomaly-screening evaluation suite. We assemble an
evaluation suite for empirically calibrated cross-modal anomaly detection
on medical multimodal tables: six orthogonal instrument pairs, a nine-table
clinical validity backbone, and out-of-scope pairs.

3. Correlation-preserving fusion and a scope analysis. A raw-feature
fusion ties the score to the cross-modal coupling: it clears both unimodal
screens on rare cell states neither margin resolves.

2 Related Work

Multimodal fusion and cross-modal anomalies. The strongest medical fusers
for image-tabular, histology—omics, and transcriptome—protein data (TIP [7],
HEALNet [13], RoVTL [11], totalVI [8], Seurat-WNN [10,15]) return a label or
embedding, never a calibrated, error-controlled screen for the event we target: a
record plausible in every margin yet jointly atypical. Cross-modal AD is developed
mostly for industrial inspection: crossmodal feature mapping [5] and M3DM [24]
fuse the two modalities per dataset. Benchmarks like MVTec-3D and a preliminary
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e-commerce error-detection set collect such cases, none distribution-free, medical,
or tabular, and none says which pairs its residual separates. ADBench [9] places
reconstruction among the dependency detectors, predicting those pairs; we make
the prediction quantitative.

In-context detection and conformal error control. TabPFN [14] infers in one
forward pass by conditioning on a reference set, and FoMo-0D [19] repurposes
this for outlier scoring; both emit raw scores with no error control [17,6]. Our
contribution is the error control around it: conformal inference turns any score
into a calibrated p-value under exchangeability [1,3,16], Benjamini-Hochberg
targets FDR control [4,21], and AdaDetect [18] learns the score under it. The
refit-free routes [23,2] cost K or n passes, and in-context calibration is silently
invalid because the pool is both normality model and calibration set. No prior
method calibrates one across fused modalities.

3 Background and Problem Setup

Multimodal records and the cross-modal anomaly. A co-measured record con-
catenates blocks x = (z(), ... () (M) ¢ Rdm d =3 d,, (highly-variable
genes, protein readouts, image embeddings) into one joint table that TabPFN-v2
consumes [20]. A reference pool R = {x1,...,7,} C R? collects assumed-clean
inliers; pathology is never fitted. Our target z, is plausible in every block yet
sits off the joint rule: a dependency anomaly in the ADBench taxonomy [9], as
opposed to a clustered anomaly forming a second mode.

An in-context reconstruction score. A pretrained tabular foundation model
predicts in context, so R acts as a frozen model of normality [14]. We turn this
into a dependency tester by masked reconstruction: for each coordinate j we
predict z; from z_; under the model conditioned on R, scoring the record by its
mean squared standardized residual,

s(z) = %ZM & =Ela; |2, R]. (1)

Here 6’? is the residual variance fit on reference inliers under the same masked
context, so calibration and test standardization stay consistent. Categorical
clinical covariates are one-hot encoded and enter Eq. (1) as numeric coordinates.
A broken inter-block rule inflates s, so Eq. (1) answers to cross-modal inconsistency
rather than marginal extremity, blind to coherent subgroups that reconstruct
well.

Turning a score into a distribution-free gate. Given calibration inlier scores {s;}
(i=1,...,nca) and a query score s(x, ), the conformal p-value is the calibration

rank e s(a
p(x*) _ 1+#{Z~ Szz ( *)}’ (2)

Ncal + 1
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Mutimodal data

B

Fig. 2. Single-pass conformal cross-modal screen. (1) Blocks are concatenated
into one joint table. (2) An in-context model reconstructs each feature from the rest.
(8) Masking the sample-attention diagonal (A;; — —o0) yields all n leave-one-out scores
in one pass. (4) Conformal p-values with Benjamini-Hochberg give power at a valid
FPR.
which under exchangeability of the calibration scores with an inlier query’s is
super-uniform, so thresholding at « controls the FPR, and Benjamini—-Hochberg
then targets FDR control at ¢ [1,2,4,18], with Storey’s inlier-fraction estimator
sharpening the threshold [21]. Both guarantees are exact only under exchange-
ability, which an in-context detector forfeits: the pool R both defines the score
in Eq. (1) and calibrates it, so a calibration point z; € R is scored from inside
its own context while a query sits outside. Its residual deflates and the gate
over-flags, the dual-role bias Sec. 4 removes.
An ordinary mole in the wrong context. The lesion looks benign on its own
and the metadata (age, body site) is unremarkable on its own; what is off is the
combination, since a lesion like this, at this site, in a patient this age, is rare. Fusing
image and record under our method catches it at power 0.93 (vs. k-NN 0.75) at a
controlled FPR of 0.10, against 0.56 for the uncalibrated screen (ISIC row, Table 1).

4 Method

Three design choices make the detector valid and cross-modal: refit-free calibra-
tion, dependency-preserving fusion, and per-pattern recalibration for missing
modalities.

4.1 Single-pass leave-one-out calibration

Scoring every calibration point out of its own context removes the dual-role
bias, and two textbook routes do so at a cost: fixed-context calibration scores a
disjoint held-out set for exact control [16,1] but spends that context, and jackknife
calibration scores each z; against R\ {x;} [23,2] at n refits, prohibitive for a
foundation model. For a model with full quadratic sample attention these n refits
collapse into one (Fig. 2). Placing R as both context and query block, the model
forms a sample-attention matrix A € R™*" at each layer whose diagonal A;;
carries query 7’s self-edge to its own context token. Masking that diagonal before
every softmax gives an approximate leave-one-out score,

S ~ f(l‘z ‘ R\ {l‘z}) after A” — —0Q, (3)
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so each query attends to every reference row but itself, and one pass returns all n
leave-one-out scores {s;}. Test points keep the full pool. Both sets enter Eq. (2),
and Benjamini-Hochberg, or its power-recovering Storey variant, is then applied
at level ¢ [4,21,3,18]. We instantiate the construction on TabPFN-v2 alone, and
every number we report is for that backbone. In principle the argument needs
only three properties of the scorer: (i) full quadratic attention over the context
samples, exposed and maskable at every layer; (ii) in-context conditioning with
no per-query refit; and (iii) a per-feature predictive mean and residual scale to
feed Eq. (1). Whether other in-context tabular models with these properties
behave the same way is untested here.

Two approximations separate our scores from exact exchangeability. Masking
the diagonal still leaves a held-in point reconstructable through correlated neigh-
bours, and across layers its value mixes back through other tokens; both channels
deflate its residual and skew ranks small, an anti-conservative leakage that grows
with feature redundancy and depth. Conversely, each calibration score sees a
context of size n—1 against a test point’s full n, a conservative +1 offset consistent
with the masked/exact scale ratio ~ 1.02. A second masked pass on the query
would restore exact exchangeability; we keep the single-pass form. Its p-values
are therefore not guaranteed super-uniform. The validity certificate we report
is accordingly the per-inlier false-positive rate at the fixed level «=0.10, which
super-uniformity controls directly. Benjamini—-Hochberg at ¢=0.10 characterizes
batch-discovery FDR and is not the certified quantity (Sec. 6). Where redundancy
inflates the leakage, a reference-only prune restores exchangeable calibration at
single-pass cost, with CV+ [23,2] the exact fallback.

Correlation-preserving fusion. Eq. (1) predicts each x; from z_;, reading only
conditional structure, so PCA is harmful: decorrelating a modality collapses
2; = El[z; | x_;] toward the marginal mean and s(x) becomes a whitened
marginal distance blind to the dependency. We keep each modality’s top-variance
raw features, so within- and cross-block correlations survive into Eq. (1), and
rescale each block so a low-dimensional modality is not swamped.

Per-missingness-pattern calibration. At deployment a query is often observed
on only some modalities m C {1,..., M}. We recalibrate under that pattern,
restricting the pool to the same blocks and scoring through one map f(- | R; m):
masked leave-one-out calibration carries over within a pattern, and power tracks
whichever observed modality holds the anomaly.

5 Experimental Setup

Datasets and data use. Our primary suite contains six orthogonal instrument pairs,
two channels probing the same unit: three CITE-seq panels pairing transcriptome
with surface protein (CBMC, 10x PBMC, BMMC) [20], TCGA-BRCA expression
with clinical covariates, ISIC dermoscopy embeddings with clinical metadata,
and 10x Visium H&E histology with spatial expression. The reference pool is
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the majority phenotype (n.et ~102; ISIC 300) and the target is a rare minority
phenotype defined by an independent annotation (cell type, clinical stage, or
diagnosis), never by the features scored. The cross-modal necessity test adds
two deeper CITE-seq panels, Hao (228 proteins) [10] and Triana (197) [22]; a
nine-table clinical backbone [9] certifies calibration validity without cross-modal
structure; and four out-of-scope pairs, Multiome RNA+ATAC, TCGA glioma,
MOFA CLL, and spatial CosMx NSCLC [12], probe the boundary. All datasets
are public, secondary-use, and de-identified; no new human-subject data were
collected, no individual-level clinical decision was made, and ethics/consent
remain those of the original studies or providers. Raw dermoscopic images are
not redistributed: the released code ships precomputed ISIC embeddings and
metadata only, and fetches large public sources from their original providers
under the corresponding terms of use.

Methods and baselines. Every method shares one conformal scaffold and one
score, differing only in calibration. Against our single-pass LOO (Sec. 4.1) and
its Storey variant [21] we place naive in-context conformalization, split confor-
mal, cross-conformal (CV+) [2,23], AdaDetect [18], and the strongest of eight
classical detectors (k-NN, LOF, and others). Trained fusers (totalVI [8], Seurat-
WNN [10,15], TIP [7], HEALNet [13]) return embeddings, not p-values, and
wrapping one would require per-dataset training, so we scope the table to the
training-free regime.

Pipeline. The frozen scorer is TabPFN-v2 [14]; at one operating point a=¢=0.10
under Benjamini-Hochberg [4]. Realized FPR is our validity certificate: at n~ 102
its binomial SE is about 0.03, so we mark a cell valid only inside FPR < 0.125
(nominal plus about one SE) and read borderline verdicts as noisy. In operational
terms a batch of 100 screened inliers then yields roughly 12-13 false flags instead
of 10. That tolerance is acceptable for triage, where a few extra records enter
manual review, and not for diagnosis: a screen used to rule out disease would
need the exact finite-sample guarantee rather than this certificate. Our headline
metric, valid power, is the mean raw power over all six pairs, with each invalid
pair contributing zero. The ISIC valid arm uses a reduced d/n. Masked-LOO
rank fidelity to exact n-refit LOO is measured on the one tractable panel (CBMC
pure-null; d=8, n=45). Suite results use 15 seeds with bootstrap FPR intervals.

6 Results

Validity and power. Masked LOO tracks exact n-refit LOO on the low-dimensional
CBMC null (Spearman 0.975, scale ratio = 1.02); this rank check is feasible
only in that low-redundancy regime, so on the high-d pairs validity rests on the
FPR certificate alone. Pooled across the suite, the 8400 inlier p-values exceed the
uniform diagonal by at most 0.027, empirically super-uniform across thresholds
rather than only at «, and realized FDR is 0.05/0.12/0.23 at ¢=0.05/0.10/0.20. On
the six orthogonal pairs (Table 1, top), Storey-adjusted single-pass LOO controls
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Table 1. One suite, one conformal scaffold, two regimes. Each cell: raw power
(top) over realized per-inlier FPR (bottom), with 95% CIs. Cells with realized FPR
> 0.125 are marked X and their power greyed, for every method including ours, so
the table reads in greyscale. An invalid pair contributes 0 to wvalid power, and bold
marks the best valid construction. Top: six orthogonal pairs. Bottom: nine clinical
unimodal tables, both summary rows reporting valid power; Table 2 gives the per-table
breakdown and the raw mean. best classical = strongest of eight AD detectors; CV+
shown only where its K/n refits were tractable.

conformal constructions AD baselines
dataset modalities naive split single-pass LOO LOO+Storey CV+ AdaDetect best classical
Orthogonal instrument pairs (cross-modal)
)0 L9 . \f 5. d .96 [.01,.9 B 97,
CBMC CITE-seq RNA+prot 1.00 f.o7,1.00) 1 09[ 97,1.00] 0.99 [.95,1.00) 1.00 (.97,1.00] 0.96 (.01,.05)  1.00 [.07,1.00]
0.49 40,581 X 0.07 [.04,.1 0.11 09,13 0.11 09,13 0.081.04,14]  0.08 [0
10x PBMC CITE-seq RNA+14 prot 1.00 r.o7,1.00) 1.00 .97,1.00] 1.00 .97,1.00] 1.00 .97,1.00] 0.9.? r95,1.000  1.00 .97,1.00]
0.53 [.44,.62] X 0.13 [.08,.20) X 0.10 .10,.14 0.12 [.10,.14 0.051.02,10)  0.11[.07,.18
0( 5
BMMC CITE-seq RNA+134 prot L\] r)—}‘[ 071 TT 01?13 [.87,.96] 0';99 1.95,1.00] 0”99; .95,1.00] Ot)f [.94,.99] 1‘010 [.97,1.00]
.57 (48,.66] X 0.08 [.04..14 2.09,.1 9,.13 0.07 [.04,.13 ).12 o7,
0.9 . b b . . .85
TCGA-BRCA expraclin ).94 (88,07 0.68 [59,.76] 0.83 [.75,.89] 0.88 [.51,.03] 0.77 (69,321 0 8? [.78,.90]
0.61[.52,.69] X  0.09 [.05,.15 0.11 [.09,.13 0.11 [.09,.13 0.11107,18]  0.05[.02,.10
ISIC image-+clin 0.99 95,1.000 0.00 L.00,.03] 0.90 (.83,.94] 0.93 (s7,.96)  0.92(86,06) 0.50 (41,50] 0.75 [.67,.82)
0.56 [.47,.65] X 0.13 [.08,.20] X 0.10 [.08,.11 0.10 [.08,.11 0.09 [.05,.1 0.10[.06,.17 0.08 .o
¢ 9 3 2 56 551 . 25 . .
10x Visium (spatial) H&E--expr 0.94 1.88,.071  0.00 [.00,.03) 0.14 (.09,.21) 0.56 [.47,.65) 0.17 (11,.25)  0.00 (.00,.03]
0.68(50.76] X 0.08 (04,14 0.13[.10,.13] X 0.13.10,.13) X 0.080.04,14]  0.09 [0
valid power t 0.00 0.43 0.79 0.80 0.73 0.77
controls FPR 0/6 4/6 5/6 5/6 6/6 6/6
Validity backbone (unimodal, 9 clinical+omics tables)
wvalid power t 0.00 0.25 0.37 0.45 0.41 0.18 0.29
controls FPR 0/9 7/9 8/9 8/9 9/9 9/9 8/9

B RNAonly WM suface protinonly - B - fused(single-pass LOO+Storey)
0.97

092 089

0.76

valid conformal power

Hao Hao Triana Triana
ILC Plasmablast pDC Plasma

Fig. 3. Cross-modal necessity. Valid power (LOO-+Storey) for RNA alone, protein
alone and the fused record on four rare cell states; the fused screen matches or exceeds
both margins on every state.

FPR on five of six at valid power 0.80 (plain LOO 0.79), naive conformalization
is invalid on all six (FPR 0.49-0.68), and split conformal reaches only 0.44.
AdaDetect and k-NN control FPR 6/6 at 0.73 and 0.77. The largest valid margin
is ISIC; on boundary-uncertain Visium raw power 0.56 tops every baseline
(< 0.17) but is uncertified. Visium is also the most redundant pair in the suite,
as H&E morphology and spatial expression measure the same tissue section;
the anti-conservative leakage of Sec. 4.1 grows with feature redundancy, and it
is on this pair that the certificate fails. On the nine clinical unimodal tables,
single-pass LOO+Storey leads at valid power 0.45 (8/9) and plain LOO at 0.37
(8/9), above CV+’s 0.41 (which costs K refits), AdaDetect’s 0.18 and the best
classical detector’s 0.29 (Table 2).

Cross-modal necessity, fusion, and dropout. On the deep Hao and Triana panels
the fused screen clears both unimodal screens on all four rare states (Fig. 3).
Per-modality PCA fusion collapses ISIC power to 0.18. Per-pattern recalibration
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Table 2. Per-table backbone: power over realized FPR, each with a seed-
bootstrap 95% CI. Marking follows Table 1, for every method including ours. mean
power (raw) averages the top number over all nine tables; valid power scores an invalid
table as 0 and is the quantity Table 1 reports. Bold marks the best valid construction:
naive attains the highest raw mean (0.63) but controls FPR on 0/9 tables, so it is never
bolded.

conformal constructions AD baselines
table naive split single-pass LOO LOO-+Storey CV+ AdaDetect best classical
. 0.52 (.23,.80] 0.26 [.00,.53] 0.44 [.20,.70) 0.55 [.27,.83] 0.47 1.26,.68) 0.23 [00,.46]  0.29 [11,.45]
annthyroid 0.17 14,2001 X  0.11[.08,13 0.10 [.08,.12 0.10 [.08,.12 0.10 [.07..12 0.07 [.04,.09 0.10 [.o7
thyroid 0.82 74,.809) 0.45 [18,.72] 0.77 [.66,.86] 0.81 [.70,.90] 0.75 [.66,.84] 0.41 [16,.66) 0.38 [.09,.67]
0.17[.14,.19) X 0.10 [.08,.12 0.10 [.08,.12 0.10 .08 0.10 [.07,.12 0.08 [.05,.11 0.09 [.07,.10
cardio 0.82 75,871 0.35 [.13,.57] 0.48 [.29,.66] 0.68 [.53,.50) 0.46 133,577 0.24 06,447 0.37 [.13,.60]
0.37(.34,.401X  0.10[.07,.13 0.11 ) 0.11[.09,.13 0.08.05,.11]  0.10 [.06 0.121.09,.16
Cardiotocography 0.351.23,.48)  0.05 [.00,.14] 0.09 [.02,.16] 0.20 [.14,.26] 0.11 (.0a,.19) 0.14 [.0a,.28)  0.09 [.00,.23]
0.32[.26,.39] X  0.08 [.06..10 0.11 [.08,.13 0.11 [.08,.13 0.09[.08,.10]  0.08[.06,.11 0.11 (.08
0.60 44,731 0.45 [.29,.58] 0.40 [.24,.55] 0.51 [.3s,.62] 0.36 [.22,.48) 0.09 (00,217  0.17 [.00,.35]
mMOgraphy 0.23[18,.29] X 0.09 [.07..11 0.12 0.12 0.10 .07 0.08 .06 0.11 [.07,.15
breastw 0.98 [.97,.99] 0.68 [.38,.95] 0.93 [.84,.98] 0.99 99,1000  0.97 (.93,.98) 0.14 [00,.35]  0.93 [87,.08]
0.16 [.12,.19) X 0.10 [.07..13 0.11 4 0.11[.09,.14 0.10.08,.13]  0.04[.01,.08 0.10 .06
Pima 0.07 r.0o,.147  0.00 [.00,.00] 0.00 [.00,.00] 0.01 [.00,.03] 0.00 [.00,.00) 0.00 [.00,.00)  0.04 [.00,.11]
0.17[.14,.21] X 0.08 [.06..10 0.10 [.08,.13 0.10 [.08,.13 0.10 [.08,.11 0.07 [.05,.10 0.14 [11,.17] X
. 0.50 .36,.60] 0.11 [.00,.28] 0.35 [.20,.49] 0.41 [.28,.53] 0.44 1.25,.56) 0.28 (11,451  0.28 [.06,.51]
uci-ctg 0.33(.30,.38] X 0.13.09,.19] X 0.13 [.10,.16] X 0.13[.10,.16]X  0.11[.09..14] 0.09 [.06,.11 0.08[.04,.12
uci_wdbe 0.97 .93,1.001 0.08 [.00,.24) 0.25 [.10,.41] 0.26 [.10,.43] 0.17 (.00,.34)  0.07 [.00,.22)  0.09 [.00,.26]
0.70 [.65..76] X 0.14[.11,.17] X 0.12[.10,.14 0.12 . 0.08[.05..10]  0.09 [.07,.12 0.09 [«
mean power (raw)T 0.63 0.27 0.41 0.49 0.41 0.18 0.29
valid power T 0.00 0.25 0.37 0.45 0.41 0.18 0.29
controls FPR 0/9 7/9 8/9 8/9 9/9 9/9 8/9

holds on all 21 ISIC dropout regimes (FPR < 0.111): power moves 0.81—0.79
when the image is dropped and 0.81 —0.45 when the clinical block is dropped.

7 Discussion

Once validity is enforced our method beats the best classical detector, 0.80
against 0.77. The gain comes from the fusion rather than from raw ranking:
the construction is split-free and single-pass, and it reads a cross-modal signal
a marginal k-NN cannot. We default to plain single-pass LOO, using Storey
only when power-limited. Beating both unimodal screens places the signal in
the coupling, and the effect reverses under PCA, which destroys the conditional
structure the score reads. Two conditions gate the method: first, the blocks
must be orthogonal, correlated layers keep a subtype reconstructable; second,
the anomaly must break a dependency, not sit in a low-density pocket: CosMx
NSCLC’s discordant cells are local outliers, reconstruction reading AUROC 0.65
at zero valid power where LOF (0.81) and a supervised probe (0.89) lead, a
clustered anomaly [9].

Limitations. Our validity is empirical: the per-inlier FPR is certified at one
operating point (a=0.10, n~10?), and the masked-pass~exact-refit equivalence
only on the low-dimensional CBMC panel. The clean-pool assumption is untested,
and contamination acts through two channels that both cost power rather than
validity. Contaminants in the calibration set fatten the right tail of {s;}, so an
inlier query’s rank in Eq. (2) rises, p-values grow and the gate turns conservative.
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Contaminants in the contert widen the model of normality and inflate &]2-, SO
a true anomaly’s standardized residual deflates and its score moves toward the
reference bulk. Neither channel pushes the realized FPR up, so we expect it to
hold or fall under contamination, with the loss showing as missed detections.
Measuring where that breakdown sets in, by injecting a known fraction of target-
phenotype records into the reference pool, is the experiment this limitation calls
for.

8 Conclusion

A single masked forward pass turns a frozen tabular foundation model into a
calibrated, split-free screen for rare cross-modal subpopulations. Setting each
query’s self-attention edge to —oo removes the dual-role bias that drives the naive
false-positive rate to 0.49-0.68, and returns every leave-one-out calibration score
at once. On this suite it is the only single-pass in-context route that stays valid,
at power on par with the strongest training-free baselines, and the fused score
flags rare cell states neither modality resolves alone. Future work targets local
contradictions and a finite-sample guarantee in place of the empirical certificate.
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