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Abstract

Pathology foundation models are approaching clinical deployment, yet remain vulnerable to
systematic non-biological variation across centres. Differences in tissue preparation, staining and
scanning are strongly encoded in their representations, enabling shortcut learning and weakening
generalisation across cohorts and institutions. The Robustness Index (RI) quantifies whether
local representation geometry is dominated by biology or by non-biological variation, but its
count-based formulation discards distance information. We show that adding distance weights
changes little because the deeper limitation lies in RI’s pooled, fixed-neighbourhood design,
which obscures sample-level heterogeneity and effectively evaluates only a model-dependent
subset of samples. We introduce the Cross-confounder Robustness Margin (CRoMa), a sample-
resolved measure that directly compares distances to cross-confounder biological matches and
same-confounder biological distractors. By design, CRoMa recasts robustness as a cohort-wide
margin distribution rather than a single pooled score. We evaluated frozen representations from
20 tile-level encoders across three benchmarks and 4 slide-level encoders on a fourth. Rankings
by median CRoMa were broadly consistent across datasets, while the underlying distributions
revealed substantial within-model heterogeneity. Every tile encoder retained a confounder-
dominated lower tail, whose prevalence and severity varied markedly across models. These
distinct robustness profiles frame model selection as a Pareto trade-off between typical and
lower-tail robustness. Higher CRoMa margins were also associated with smaller shortcut-induced
performance drops after supervised adaptation. By turning representation geometry into a
distributional robustness readout that anticipates downstream shortcut susceptibility, CRoMa
provides a principled basis for robustness assessment and model selection.

1 Introduction

Advances in self-supervised learning have ushered in the era of foundation models. By pretrain-
ing on large collections of unlabeled data, these models shift much of the learning burden to the
representation-learning stage, producing general-purpose embeddings that can be adapted to down-
stream tasks with substantially fewer labels [15, 4, 1, 27]. This is especially compelling in medical
domains, where expert annotation is costly and disease prevalence is often long-tailed, leaving
many clinically important tasks without sufficient data for proper supervised training. In com-
putational pathology, this promise is beginning to materialize: models built on foundation-model
representations have started to match or surpass the narrower supervised systems that preceded
them [5, 33, 31, 3, 26].
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The rapid development of pathology foundation models has, however, outpaced our ability to
assess their limitations rigorously [23]. A central vulnerability is their sensitivity to batch effects
introduced by tissue preparation, sectioning, staining, and whole-slide scanning, which are strongly
encoded in their feature spaces [20, 6, 9, 19]. This vulnerability follows from how these models
are pretrained: self-supervised learning rewards representations that capture recurring structure in
the data, allowing technical artifacts that alter the appearance of pathology images to be encoded
alongside biology. Such co-encoding becomes problematic when technical variation aligns with clin-
ical labels. If, for example, one institution contributes mostly malignant cases and another mostly
benign cases, a downstream model can exploit institution-specific staining or scanner signatures
as shortcuts. In that setting, predictions may reflect acquisition artifacts rather than morphology,
undermining generalisability across cohorts and institutions [12, 14, 7]. Robustness to these con-
founders is therefore a core requirement for developing models that can support reliable clinical
deployment.

PathoROB recently formalized this problem by introducing a public benchmark for assessing pathol-
ogy foundation model robustness to non-biological variation [19]. Its central metric, the Robustness
Index (RI), asks whether local neighborhoods in representation space are organized primarily by
biology or by confounder. For each anchor, that is, each sample whose local neighbourhood is being
scored, RI compares cross-confounder biological matches with same-confounder biological distrac-
tors, yielding an interpretable count-based readout of local organization. However, this design has
three structural limitations. First, because RI is count-based, it discards geometry: two models can
have identical neighbour counts while placing biological matches and confounder-driven distractors
at very different distances from the anchor. Second, because RI is ultimately reported as a pooled
aggregate, it compresses heterogeneous sample-level behaviour into a single score, obscuring vul-
nerable tails, localized failure modes, and confounder-specific fragility. Third, RI is defined only for
anchors whose fixed-k neighbourhood contains the typed neighbours needed to form the biological-
versus-confounder contrast. Anchors lacking such neighbours are silently excluded from the pooled
score: different models can be evaluated on different effective subsets of the data, complicating
cross-model comparisons.

To address these limitations, we introduce the Cross-confounder Robustness Margin (CRoMa), a
geometry-aware measure of model robustness in representation space. Rather than counting neigh-
bors within a fixed neighborhood, CRoMa measures, for each sample, the distance margin between
cross-confounder biological matches and same-confounder distractors. This formulation requires
no per-model neighborhood tuning and is defined on every sample, enabling finer-grained anal-
yses that can reveal confounder-dominated subgroups obscured by pooled averages. We evaluate
CRoMa across 20 tile-level and 4 slide-level pathology foundation models on four benchmarks. Model
rankings are broadly consistent across datasets (ρ ≈0.90), and CRoMa closely tracks downstream
shortcut learning, supporting its relevance for deployment-oriented assessment of foundation model
robustness.

2 Methods

We compare three representation-level robustness metrics: the Robustness Index (RI), its distance-
weighted refinement (MaRI), and the Cross-confounder Robustness Margin (CRoMa). All three met-
rics are built from the same typed-neighbour evidence. For each anchor sample, they compare
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cross-confounder biological matches, which share the anchor’s biological label but differ in con-
founder, with same-confounder biological distractors, which share the anchor’s confounder but dif-
fer in biological label. We first define this common setup, then show how each metric aggregates the
resulting evidence: RI as a pooled count of typed neighbours, MaRI as a pooled distance-weighted
analogue, and CRoMa as a per-sample signed margin between the two neighbour types. Figure 1
illustrates the three metrics on a single worked neighbourhood.

RI
Count-based: same SO/OS counts give same RI

Model A Model B

RI = 0.60 RI = 0.60

MaRI
Margin-aware: line thickness indicates stronger influence

Model A Model B

MaRI = 0.43 MaRI = 0.79

(a) Count-identical neighbourhoods can differ in margin.

RI/MaRI undefined
No SO/OS neighbour within k=8

SO=0, OS=0

(b) Fixed-k metrics can be undefined.

CRoMa
Compares mean distance to nearest SO/OS neighbors

Model A

dSO

dOS

CRoMa = −0.61

dOS < dSO (fragile)

Model B

dSO

dOS

CRoMa = 0.57

dOS > dSO (robust)

(c) CRoMa compares nearest typed distances.

anchor SO OS SS OO fixed-k boundary (k=8)

Figure 1: Count- and distance-based robustness metrics. SO neighbours share biology but
differ in confounder, whereas OS neighbours differ in biology but share the confounder. a) RI

counts typed neighbours within a fixed-k neighbourhood and gives both models the same score.
MaRI weights the same evidence by distance (edge width denotes weight), resuling in different
scores for each model. b) If the fixed neighbourhood contains neither typed neighbors, RI and
MaRI are undefined for that sample, which does not contribute to the pooled score. c) CRoMa

compares the mean distance to the nearest typed neighbours, yielding a value for every sample by
construction. Positive values denote biology-dominant geometry and negative values confounder-
dominant geometry.
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2.1 Setup and notation

Each sample i is represented by a feature vector zi extracted using a foundation model, a biological
label yi, a confounder label ci (e.g. its acquisition centre), and a grouping identifier gi denoting
the physical unit from which the sample was derived (a whole-slide image for tile-level samples,
a case for slide-level samples). We refer to the sample being scored as the anchor. Features are
L2-normalized, and candidate neighbours are ranked by cosine distance dij = 1−cos(zi, zj). Before
scoring, samples from the same physical unit as the anchor (gj = gi) are excluded from its candidate
neighbourhood, preventing any metric from benefiting from near-duplicate samples, such as tiles
from the same slide.

For an anchor i and neighbour j, the pair is typed according to whether biology and confounder
match, following the four-way scheme introduced by [6] and adopted in PathoROB [19]. Two pair
types provide the relevant contrast. SO pairs have the Same biological label and an Other con-
founder (yj = yi, cj ̸= ci). They are cross-confounder biological matches and therefore support
a biology-organized representation when close to the anchor. OS pairs have Other biology and
the Same confounder (yj ̸= yi, cj = ci). They are same-confounder distractors and support a
confounder-organized representation when close. The remaining pair types are uninformative and
are therefore excluded from scoring. For both SS and OO neighbors, their proximity to the anchor
cannot be attributed specifically to either biological or confounder signal: SS pairs share both
factors, whereas OO pairs share neither. Accordingly, all three metrics compare only SO and OS
neighbours.

2.2 Robustness Index

We follow the PathoROB definition of the Robustness Index (RI) [19]. For a fixed neighbourhood
size k, let Nk(i) denote the k nearest neighbours of anchor i, after excluding samples from the same
physical unit. Within this neighbourhood, RI counts the two informative neighbour types:

SOi =
∑

j∈Nk(i)

1[yj = yi ∧ cj ̸= ci] (1)

OSi =
∑

j∈Nk(i)

1[yj ̸= yi ∧ cj = ci] (2)

A model is then summarized by the pooled proportion of informative neighbours that are cross-
confounder biological matches:

RI =

∑
i SOi∑

i (SOi + OSi)
(3)

The score ranges from 0, indicating neighbourhoods dominated by same-confounder distractors,
to 1, indicating neighbourhoods dominated by cross-confounder biological matches. Unless stated
otherwise, and to stay consistent with the original PathoROB protocol, we adopt its two-step
procedure for selecting k. First, for each model, we chose the value of k that maximizes biological
k-nearest-neighbour balanced accuracy. We then evaluate all models using the median of these
model-specific optimal values. This choice supports a common evaluation scale, but is not free
of ambiguity: there is no uniquely principled choice of k that is both model-specific and directly
comparable across models. The l slide-level panel is an explicit exception and is evaluated at
per-model k⋆, as detailed below and in Supplementary Section A.12.
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2.3 Margin-aware Robustness Index

Because RI is count-based, it treats all neighbours within the fixed-k set equally, regardless of
their distance from the anchor. Two models can therefore obtain identical RI scores while inducing
opposite local geometries: in one, cross-confounder biological matches lie much closer to the anchor
than same-confounder distractors, whereas in the other, the distractors lie closer than the biological
matches (Figure 1a). Because RI considers only neighbor counts, it cannot distinguish between these
two models. Only a distance-weighted measure can. The margin-aware robustness index (MaRI)
provides a minimal distance-weighted refinement: it preserves the same fixed-k, proportion-based
formulation, but weights each typed neighbour by its distance to the anchor:

wij = exp

(
−dij

τ

)
(4)

where τ > 0 is a temperature parameter. The weighted typed evidence becomes:

SOw(i) =
∑

j∈Nk(i)

wij 1[yj = yi ∧ cj ̸= ci] (5)

OSw(i) =
∑

j∈Nk(i)

wij 1[yj ̸= yi ∧ cj = ci] (6)

resulting in the pooled index:

MaRI =

∑
i SOw(i)∑

i (SOw(i) + OSw(i))
(7)

Smaller values of τ concentrate the score on the closest typed neighbours. As τ grows the weights
flatten and MaRI approaches RI’s unweighted counts. To keep the temperature on the scale of the
distances being weighted, we set τ separately for each model to the median distance among typed
SO/OS neighbours.

Distance weighting changes how typed neighbours contribute to the score, but it does not resolve
the absence of typed evidence within the pre-specified neighbourhood. MaRI therefore inherits a
structural limitation of RI: an anchor i contributes to the pooled score only if its fixed-k neigh-
bourhood contains at least one informative typed neighbour, such that SOi + OSi > 0 (Figure 1b).
Anchors that do not satisfy this condition are not counted as failures but are silently excluded from
the aggregate. Consequently, pooled RI and MaRI are computed over a model-dependent subset of
the evaluation cohort: the anchors for which at least one typed neighbour falls within the selected
neighbourhood. Because this subset can vary across models, nominally comparable scores may
in fact summarize different groups of anchors, undermining direct cross-model comparison. This
limitation is structural rather than incidental, arising directly from the criterion used to select k
(Supplementary Section A.4).

2.4 Cross-confounder Robustness Margin (CRoMa)

CRoMa keeps the distance sensitivity introduced by MaRI while ensuring that every samples gets a
score. Rather than requiring informative neighbours to appear within a pre-specified k-neighbourhood,
it locates the nearest informative neighbours of each type and measures their distance separation
directly (Figure 1c). For each sample i, let dSOm (i) and dOSm (i) denote the mean cosine distances to
its m nearest SO and m nearest OS neighbours:
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dSOm (i) =
1

m

m∑
j=1

di, σSO
j (i) (8)

dOSm (i) =
1

m

m∑
j=1

di, σOS
j (i) (9)

where σSOj (i) and σOSj (i) index the j-th nearest SO and OS neighbours, respectively.

The per-sample robustness margin is defined as:

CRoMam(i) =
dOSm (i)− dSOm (i)

dOSm (i) + dSOm (i)
(10)

This yields a signed, scale-free margin in (−1, 1). Positive values indicate that same-confounder
biological distractors are farther from the anchor than cross-confounder biological matches, con-
sistent with a biology-dominant local geometry. Negative values indicate a confounder-dominant
geometry. Averaging over m neighbours per type reduces sensitivity to single-neighbour outliers.
In contrast to the neighbourhood size k used by RI and MaRI, which can vary between models
and benchmarks, m is fixed a priori and used unchanged across all models and datasets. We set
m = 5, ensuring that no individual neighbour contributes more than one fifth of a typed mean.
Our conclusions are stable across a sweep of m values (Supplementary Section A.3).

Because CRoMa depends on the distance ratio ri = dOSm (i)/dSOm (i) rather than on absolute distances1,
it is invariant to any global multiplicative rescaling of distances within a model. Thus, a model
is not favoured simply because its embedding distances are uniformly larger or smaller: only the
relative separation between cross-confounder biological matches and same-confounder biological
distractors matters. This gives CRoMa a common interpretation across models and datasets, while
retaining a direct geometric meaning. For example, a median CRoMa of 0.7 implies that, for the
typical anchor, the nearest same-confounder biological distractors are approximately 5.7× farther
away than the nearest cross-confounder biological matches2. A complete geometric interpretation
is provided in Supplementary Section A.5.

By construction, CRoMa assigns a score to every sample, provided that at least m SO and m OS

neighbours exist in the evaluation set, a condition satisfied by all benchmarks used in this study
for m = 5. The resulting margins CRoMam(i) therefore define an empirical robustness distribution
over the full evaluation cohort, rather than over the model-dependent support set on which RI and
MaRI are effectively computed. This distribution is the primary robustness readout, because it pre-
serves sample-level heterogeneity that a pooled score necessarily compresses. For compact model
comparison, we summarize it along three complementary axes: central tendency, the prevalence of
confounder-dominant samples, and the severity of robustness failures.

As a robust measure of central tendency, we report the median robustness margin:

CRoMa = mediani CRoMam(i) (11)

1CRoMam(i) = (ri − 1)/(ri + 1)
2At CRoMam(i) = 0.7, ri = (1 + CRoMam(i))/(1− CRoMam(i)) = 1.7/0.3 ≈ 5.7
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The sign of the median indicates whether the typical sample occupies a biology-dominant or
confounder-dominant local geometry. Yet the median alone obscures heterogeneity: two models
may have similar median margins but differ markedly in the prevalence and magnitude of adverse
samples. Because deployment risk is often driven by such samples, we additionally characterise the
lower end of the CRoMa distribution along two axes: prevalence and severity.

Prevalence is measured at the decision boundary. Let F denote the empirical cumulative dis-
tribution function of CRoMam(i). We report:

F (0) = P [CRoMam(i) < 0] , (12)

Since zero is the meaningful boundary between biology-dominant and confounder-dominant ge-
ometry, F (0) provides the fraction of samples whose local neighbourhood is dominated by the
confounder. Severity is measured in the lower tail of the margin distribution. Let Qα denote the
α-quantile of CRoMam(i). We define the lower-tail mean as:

LTMα = E[CRoMam(i) | CRoMam(i) ≤ Qα] , (13)

LTMα measures the average robustness margin among the worst α fraction of samples. We report
LTMα at α = 0.10, corresponding to the mean of the worst decile. Our conclusions are stable across
α ∈ 0.05, 0.10, 0.20 (Supplementary Section A.2).

2.5 Benchmarks

We evaluate all metrics on benchmarks that pair a biological label with the acquisition site that
produced the sample (Table 1; per-cell cardinalities in Figure 2). Three tile-level benchmarks
are taken directly from PathoROB [19]: Camelyon, comprising breast lymph-node tumour and
normal tissue across two centres, TCGA, comprising cancer types sampled across centres, and
Tolkach-ESCA, comprising six oesophageal tissue classes across three cohorts. We refer to the
original PathoROB study for detailed dataset descriptions. To assess whether the same biology–
confounder tension extends beyond tile-level encoders, we additionally curate PcaBiop, a slide-
level benchmark of H&E prostate biopsies sourced from PANDA [2]. Together, these benchmarks
span multiple representation scales, organs, biological label structures, and confounding regimes.
Representative samples from each benchmark are shown in Supplementary Figure 7, illustrating
the visually apparent non-biological variation targeted by these metrics.

Benchmark Level Biological label (#cls) Confounder (#) Samples
Camelyon [19] tile breast LN: tumour/normal (2) medical centre (2) 20,400 tiles
TCGA (4× 4) [19] tile cancer type (4) medical centre (4) 5,760 tiles
Tolkach-ESCA [19] tile oesophageal tissue (6) medical centre (3) 9,000 tiles
PCaBiop slide prostate: benign/cancer (2) medical centre (2) 1,000 slides

Table 1: Evaluation benchmarks span multiple organs and representation scales. The
four cohorts cover multiple organs and biological conditions, as well as tile- and slide-level rep-
resentations. Confounders are non-biological acquisition artifacts from the medical centre that
contributed the sample. Camelyon, TCGA-4x4 and Tolkach-ESCA are taken from PathoROB [19].
PCaBiop is a collection of prostate biopsises sourced from PANDA [2].
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Camelyon
breast LN · tile · 20,400 tiles

5,100 5,100Normal

5,100 5,100Tumour

RUMC
UMCU

TCGA (4×4)
pan-cancer · tile · 5,760 tiles

360 360 360 360BRCA

360 360 360 360COAD

360 360 360 360LUAD

360 360 360 360LUSC

Asterand

Christiana

Roswell P
ark

U. Pittsburgh

Tolkach-ESCA
oesophagus · tile · 9,000 tiles

500 500 500Tumour

500 500 500Regression
tissue

500 500 500Oesophageal
mucosa

500 500 500Gastric
mucosa

500 500 500Muscularis
propria

500 500 500Adventitial
tissue

UKK
WNS

CHA

PCaBiop
prostate · slide · 1,000 slides

250 250Benign

250 250Cancer

KI
RUMC

Figure 2: Each benchmark is balanced across biological class and confounder. Cells show
evaluated samples per biological-class×confounder combination: 5,100 tiles for Camelyon (20,400
total), 360 for TCGA-4x4 (5,760), 500 for Tolkach-ESCA (9,000) and 250 slides for PCaBiop (1,000).
Rows denote biological classes and columns acquisition centres. The paired TCGA-2× 2 design is
shown in Supplementary Figure 16.

2.6 Models

All models are evaluated as frozen feature extractors, so the metrics probe the representations
exposed after pretraining rather than any task-specific adaptation (Table 2). For the tile-level
benchmarks, we evaluate a common panel of 20 tile encoders spanning a broad range of archi-
tecture sizes, pretraining corpus scales, and self-supervised objectives, alongside a natural-image
control (DINOv2-B) reported separately throughout. For the slide-level benchmark, we evaluate 4
whole-slide encoders that aggregate tile-level information into a single slide embedding. Because
robustness estimates may be affected by overlap between a benchmark and a model’s pretraining
domain, we record each model’s disclosed pretraining corpus, to the best of our ability, in Table 2.

2.7 Evaluation protocol

The evaluation protocol is fixed across models within each benchmark, with one exception to the
shared operating-point rule. On the tile-level benchmarks, RI and MaRI use the median-k protocol:
each model’s biological k⋆ is identified first, after which all models are evaluated at the median of
these optima. Since the slide-level panel contains only four encoders, the shared lower median (the
lower of the two central optima) collapses to k = 3 and reduces mean support from 36.9% to 27.0%.
We therefore evaluate slide-level models at each encoder’s biologically selected k⋆. This exception
affects RI, MaRI, their support and biological k-NN accuracy, whereas CRoMa and its distributional
summaries remain k-independent. MaRI additionally uses a per-model temperature τ , and CRoMa

uses m = 5 neighbours per type for all models and benchmarks. For TCGA, PathoROB pro-
vides two native evaluation configurations. We focus on the TCGA-4x4 configuration – four cancer
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Model Method Params WSIs / tiles Dim Pretraining corpus

Tile-level encoders

Virchow2 [35] DINOv2 632M 3.1M / 1.9B 2560 MSKCC (prop.)
Virchow [31] DINOv2 632M 1.5M / 2B 2560 MSKCC (prop.)
UNI2-h [24] DINOv2 681M >350k / >200M 1536 MGB (prop.)
UNI [5] DINOv2 307M 100k / 100M 1024 MGB (prop.)
CONCHv1.5 [8] vision–language 307M 100k / 100M 768 PMC-OA + educational
CONCH [21] vision–language 86M 21.4k / 16M 512 PMC-OA + educational
H-optimus-1 [29] n/d 1.1B >1M / n/d 1536 Bioptimus (prop.)
H-optimus-0 [28] DINOv2 1.1B 500K / 273M 1536 Bioptimus (prop.)
H0-mini [9] distilled (H-opt-0) 86M 6,093 / 43M 1536 TCGA (distilled)
Prov-GigaPath [33] DINOv2 1.1B 171k / 1.3B 1536 Providence (prop.)
Midnight-12k [17] DINOv2 (var.) 1.1B 12k / 384M 3072 TCGA (public)
Prost40M [13] DINO 22M 2k / ∼40M 384 TCGA-PRAD + LEOPARD
Phikon [10] iBOT 86M 6k / 43.3M 768 TCGA (public)
Phikon-v2 [11] DINOv2 307M ∼58k / ∼456M 1024 PanCancer-XL (incl. TCGA)
Hibou-L [25] DINOv2 307M >1M / 1.2B 1024 HistAI (prop.)
Hibou-B [25] DINOv2 86M >1M / 512M 768 HistAI (prop.)
mSTAR [34] distilled (UNI) 307M 11,765 / >116M 1024 TCGA (self-taught)
GPFM [22] distilled (multi-expert) 307M 72,280 / 190M 1024 33 public (TCGA, CAMELYON)
MUSK [32] vision–language 307M ∼33k / 50M 2048 TCGA + PMC-OA + Quilt-1M
GenBio-PathFM [16] JEDI (DINO+JEPA) 1.13B ∼177k / ∼400M 4608 HistAI + TCGA + GTEx + REG
DINOv2-B [27] DINOv2 86M n/a 768 LVD-142M (natural images)

Slide-level encoders

PRISM [30] Perceiver 99M∗ 587k / n/d 1280 Paige (prop.)
TITAN [8] CoCa 48.5M 336k / n/d 768 MGB (prop.)
Prov-GigaPath [33] LongNet 86.3M∗ 171k / 1.3B 768 Providence (prop.)

MOOZY [18] grid ViT 85.8M‡ 77k‡ / 1.7B 768 56 public (TCGA, PANDA)

Table 2: Foundation models overview. ‘n/d’ undisclosed and ‘n/a’ not applicable. Boldface
pretraining corpora include TCGA. ∗ Slide-encoder parameter count as reported by Ding et al. [8].
CONCHv1.5 lists the corpus of its vision trunk, which is initialised from UNI; its vision–language stage
additionally used 1.26M image–caption pairs. Midnight-12k draws tiles online during training, so
384M counts tile draws rather than unique tiles. ‡ MOOZY is pretrained on slide feature grids rather
than on slides directly: a slide available at two magnifications contributes one grid per magnification
(53,286 at 20× and 23,848 at 40×), so the number of distinct WSIs is not separately reported. Its
parameter count comprises a 64.1M slide-and-case encoder and a frozen 21.7M ViT-S patch encoder.

types (BRCA, COAD, LUAD, LUSC) across four medical centres. For completeness, we addition-
ally report results on PathoROB’s paired TCGA-2x2 benchmark (Supplementary Section A.11).
Alongside RI and MaRI, we report each model’s support, defined as the fraction of samples for
which SOi + OSi > 0 within the pre-specified k neighbourhood. CRoMa is defined on the full evalu-
ation cohort by construction. Metric implementations and evaluation manifests are released as an
open-source Python package, croma.

3 Results

We use Camelyon as the primary benchmark and then examine the consistency of the findings across
datasets and representation scales. Camelyon provides the clearest stress test for the proposed
metrics. It is the largest tile-level cohort considered here (20,400 tiles, compared with 9,000 for
Tolkach-ESCA and 5,760 for TCGA; Table 1), giving the most stable basis for per-sample margins
and lower-tail analyses. It also spans the broadest robustness range: encoders extend from clearly

9



biology-dominant to clearly confounder-dominant, whereas the other tile-level benchmarks place
all models in the biology-dominant regime (Section 3.4). Finally, it exposes most sharply the
central limitation of fixed-k scores, with support reaching its lowest range (10 − 46%, compared
with 67− 100% on Tolkach-ESCA and 99− 100% on TCGA-4x4).

3.1 Distance weighting exposes the limits of fixed-k robustness scores

The Robustness Index (RI) evaluates robustness from the composition of a fixed k-nearest-neighbour
set. For each sample, it counts neighbours with the same biological label but a different confounder
(SO) against neighbours with a different biological label but the same confounder (OS; Methods).
This construction captures how many favourable and unfavourable neighbours appear within the
selected neighbourhood, but it is insensitive to where they appear. A cross-confounder biological
match immediately adjacent to the anchor and one lying near the edge of the neighbourhood con-
tribute identically. The same holds for same-confounder distractors.

MaRI was designed as the minimal geometric correction to this count-based score. It preserves
the fixed-k evaluation protocol and the proportional SO/(SO+OS) structure of RI, but weights
typed neighbours by their distance to the anchor (Methods). Thus, samples with identical typed-
neighbour counts can receive different scores when favourable and unfavourable neighbours occupy
different positions in the local geometry. Empirically, this correction is coherent but modest (Table
3). On Camelyon, ∆ = MaRI − RI remains within ±0.07 for every encoder, and model rankings
are nearly unchanged (Spearman ρ =0.99; Table 9). The sign of ∆, however, is informative: it is
positive when favourable SO neighbours are systematically closer than same-confounder distractors
(UNI2-h, +0.033; Virchow2, +0.017), and negative when distractors are closer (Midnight-12k,
−0.070; Virchow, −0.043).

Yet the close agreement between pooled RI and MaRI should not be interpreted as evidence that
distance carries little information. It is instead a consequence of the fixed-k, pooled design, which
imposes two separable constraints. First, fixed neighbourhoods act as a support filter: a sample
contributes to the pooled score only if its selected neighbourhood contains at least one SO or
OS neighbour. Otherwise, it provides no SO/OS contrast and is silently excluded, making the
effective evaluation cohort model-dependent, which complicates cross-model comparisons. Second,
by pooling over the samples that remain, MaRI departs from RI only when SO neighbours are,
in aggregate, systematically closer (or farther) than OS neighbours. Per-sample asymmetries of
opposite sign cancel in these pooled sums, so even large but inconsistently directed typed-distance
gaps collapse to a negligible global correction. This collapse is precisely why a pooled score cannot
see sample-level structure, and motivates the per-sample construction of CRoMa (Section 3.2).

Both effects are visible on Camelyon. At the operating median k, every one of the 20 foundation
models has fewer than half of all samples contributing to RI/MaRI, and more than half of them have
fewer than one quarter (Table 3). Thus, the margin correction rides on a thin, model-specific slice
of the data. Within that subset, the aggregate SO-versus-OS distance asymmetry is mild and in-
consistently directed, leaving little room for MaRI to depart from RI. On Camelyon these two effects
are confounded — thin support and a genuinely undirected asymmetry both predict a small ∆ —
so we defer the disambiguation to Section 3.4, where benchmarks with considerably larger support
leave ∆ just as small and pin the near-equivalence on the pooled design rather than on low support.

This failure mode is not incidental: it’s a direct consequence of how the neighbourhood scale
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is chosen. The operating k is derived from biological k-nearest-neighbour accuracy, computed over
the full dataset. Same-biology, same-confounder (SS) neighbours often dominate the criterion used
to select the scale. Yet these neighbours are discarded by RI and MaRI, which score only the SO/OS
contrast. The selected neighbourhood can consequently be well matched to local biological retrieval
while remaining too small to expose the typed evidence needed for robustness scoring. This mis-
match is visible in the neighbour-rank structure. On Camelyon, even the first typed neighbour
typically appears far beyond the evaluated neighbourhood: pooled across all 20 foundation mod-
els, the median rank at which at least one SO or OS neighbour appears is ≈ 149 among 20,400
candidates (Supplementary Table 12), whereas the evaluated neighbourhood contains only k = 11
neighbours. The full biology-versus-confounder contrast – both a nearest SO and a nearest OS –
lies deeper still. For many anchors, the fixed neighbourhood therefore sits deep inside the SS shell,
before even a single typed neighbour – let alone the contrast required by RI and MaRI – has appeared.

MaRI’s margin-awareness can refine the score where typed evidence is visible, but it cannot re-
cover anchors excluded by construction. This exposes the central limitation of fixed-k robustness
metrics: they condition evaluation on the appearance of typed neighbours within a pre-specified
neighbourhood. As a result, pooled scores reflect a model-dependent subset of the data, complicat-
ing cross-model comparisons. A principled robustness metric requires a different construction: one
that measures the signed distance margin between cross-confounder matches and same-confounder
distractors directly, rather than conditioning on their appearance within a fixed neighbourhood.

3.2 CRoMa defines a typed margin beyond fixed neighbourhoods

The limitations of RI and MaRI arise from the same design choice: robustness is inferred from the
composition of a fixed-k neighbourhood. CRoMa removes this bottleneck by recasting robustness as
a direct distance comparison. For each sample, it asks whether cross-confounder biological matches
(SO) lie closer than same-confounder biological distractors (OS). Rather than restricting the con-
trast to typed neighbours that happen to fall inside a fixed-k window, CRoMa searches outward to
the m nearest neighbours of each type and compares their mean distances (Methods).

This construction yields a signed margin bounded to (−1, 1), positive when biological matches
across confounders are closer than confounder-matched distractors, and negative otherwise. CRoMa
is defined for every sample whenever the required typed reference sets exist in the dataset — that is,
when each biological class co-occurs with at least m confounders, and each confounder with at least
m biological classes. Score definition is therefore governed by benchmark construction rather than
by model-specific neighbourhood geometry. CRoMa consequently evaluates all encoders on the same
eligible population, instead of letting each model determine which samples enter its pooled estimate.

All encoders strongly encode both biological class and acquisition centre. On Camelyon, bio-
logical k-NN accuracy is near-ceiling (0.93 − 0.99), while acquisition centre is almost perfectly
decodable (0.92− 1) across all 20 foundation models. What separates a robust representation from
a shortcut-prone one is therefore not whether each signal is present, but which of the two domi-
nates when they compete locally. We quantify that competition with the median per-sample CRoMa
margin, which asks whether the typical sample lies closer to cross-confounder biological matches or
to same-confounder biological distractors. Model-level medians range from −0.44 to 0.20 (Table 3)
but do not form a smooth continuum. CRoMa separates models into three distinct regimes. At
the top, a biology-dominant group includes Virchow2 and CONCH (both 0.20), GenBio-PathFM and
CONCHv1.5 (both 0.19), followed closely by H0-mini (0.17) and Virchow (0.16). A middle band
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lies close to zero, where biological and confounder structure are nearly balanced: Midnight-12k

(0.11), H-optimus-1 (0.08), H-optimus-0 (0.05), UNI2-h and MUSK (both 0.04), mSTAR (0.02) and
Prov-GigaPath (0.01). Finally, a confounder-dominant tail — 7 of the 20 encoders — drops sharply,
from UNI (−0.03), Hibou-B (−0.09) and GPFM (−0.10) through Phikon and Phikon-v2 (near −0.20)
to Prost40M (−0.32) and Hibou-L (−0.44).

Where fixed-k metrics are defined, their rankings broadly agree with CRoMa on Camelyon (ρ =0.95
versus RI; ρ =0.94 versus MaRI). This agreement is reassuring: CRoMa does not overturn the fixed-k
signal on anchors for which typed evidence is visible. Nevertheless, the metrics are not interchange-
able. H-optimus-1 and Virchow sit close under MaRI (0.677 versus 0.708), yet separate clearly under
CRoMa (0.08 versus 0.16; Table 3). Conversely, UNI2-h and Prov-GigaPath have nearly identical
CRoMa medians (0.04 versus 0.01), but differ substantially under MaRI (0.548 versus 0.369). These
discrepancies reflect the different estimands: RI and MaRI summarize typed evidence only within
a fixed neighbourhood and only on supported anchors, whereas CRoMa measures the signed typed
margin over the full evaluation cohort.

Biological accuracy explains the spread of CRoMa values only weakly (ρ =0.56 against biologi-
cal k-NN accuracy): CONCH, CONCHv1.5, Hibou-B, and Hibou-L all recover biology near-identically
(k-NN accuracy ≈ 0.97), yet span almost the entire CRoMa range. What explains it instead is the
confounder accuracy. Across the 20 pathology encoders, the balanced accuracy with which a k-NN
probe recovers the acquisition centre rank-predicts the CRoMa median almost perfectly (ρ =−0.93):
the more decodable the centre, the more confounder-dominant the margin. The same probe pre-
dicts RI and MaRI at least as well (ρ =−0.95 and −0.94, respectively), so as a device for ranking
encoders no pooled score here recovers much that a centre probe does not. What a scalar probe
cannot express, however, is the shape of the margin distribution below its median: where the lower
tail decouples from the centre it also decouples from the probe — on TCGA-4x4, the benchmark on
which the probe is furthest from ceiling ([0.49, 0.79], against a chance level of 0.25), it rank-predicts
LTM10 at only ρ =−0.21, far below its near-perfect hold on the pooled scores. That gap is where
the per-sample construction earns its keep, and we turn to it next (Section 3.3).

3.3 Per-sample margins expose hidden fragility

A pooled median margin asks whether the typical sample is biology-dominant, but it does not
reveal how frequently, nor how strongly, samples fall on the confounder-dominant side of the distri-
bution. This distinction is important for clinical deployment, where risk may be concentrated in a
vulnerable subset even when the centre of the distribution appears robust. Because CRoMa is defined
at the sample level, it yields a cohort-wide distribution rather than a single aggregate score. This
distribution constitutes the model’s robustness fingerprint on a given cohort. We characterise its
vulnerable tail using two complementary quantities: failure prevalence, the confounder-dominant
fraction F (0), and failure severity, the mean of the worst decile, LTM10 (Methods). Together, these
distinguish typical model robustness from the size and severity of its vulnerable tail. Both are
compact summaries chosen to facilitate comparison across models: the full distribution remains
the primary readout.

On Camelyon, no representation is uniformly robust. Every one of the 20 pathology encoders retain
a confounder-dominated lower tail: all have LTM10 < 0 (Table 3). The prevalence of confounder-
dominated samples, however, varies widely: from 12.9% for Virchow2, the leading encoder by
median margin, to 99.3% for Hibou-L. Median performance, failure prevalence and tail severity are
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Model bio bacc conf bacc RI MaRI ∆ CRoMa F (0) LTM10 support
Virchow2 0.988 0.958 0.806 0.823 +0.017 0.20 0.129 -0.11 31.4%
CONCH 0.971 0.956 0.662 0.626 −0.037 0.20 0.225 -0.20 35.9%
GenBio-PathFM 0.983 0.928 0.842 0.850 +0.008 0.19 0.092 -0.07 38.3%
CONCHv1.5 0.971 0.915 0.774 0.763 −0.012 0.19 0.174 -0.14 46.3%
H0-mini 0.969 0.927 0.741 0.718 −0.023 0.17 0.180 -0.16 38.7%
Virchow 0.980 0.946 0.751 0.708 −0.043 0.16 0.221 -0.18 26.4%
Midnight-12k 0.976 0.984 0.478 0.408 −0.070 0.11 0.354 -0.35 19.8%
H-optimus-1 0.986 0.978 0.664 0.677 +0.013 0.08 0.219 -0.14 17.2%
H-optimus-0 0.982 0.966 0.659 0.652 −0.007 0.05 0.315 -0.15 23.7%
UNI2-h 0.986 0.987 0.515 0.548 +0.033 0.04 0.370 -0.21 13.0%
MUSK 0.958 0.983 0.366 0.297 −0.069 0.04 0.403 -0.22 28.0%
mSTAR 0.979 0.984 0.460 0.434 −0.026 0.02 0.418 -0.18 18.0%
Prov-GigaPath 0.979 0.991 0.375 0.369 −0.007 0.01 0.470 -0.19 14.4%
UNI 0.982 0.999 0.108 0.092 −0.015 -0.03 0.651 -0.22 9.6%
Hibou-B 0.973 0.999 0.057 0.041 −0.017 -0.09 0.737 -0.36 13.4%
GPFM 0.955 0.999 0.034 0.017 −0.017 -0.10 0.753 -0.36 20.9%
Phikon 0.955 1.000 0.009 0.004 −0.005 -0.20 0.905 -0.48 16.6%
Phikon-v2 0.954 1.000 0.019 0.008 −0.011 -0.21 0.932 -0.50 16.9%
Prost40M 0.926 1.000 0.015 0.002 −0.012 -0.32 0.922 -0.64 27.2%
Hibou-L 0.971 1.000 0.013 0.001 −0.011 -0.44 0.993 -0.66 12.1%
DINOv2-B 0.919 0.912 0.561 0.507 −0.053 0.05 0.345 -0.18 68.0%

Table 3: Representation robustness on Camelyon. Pooled results for 20 tile-level pathology
foundation models, ordered by median CRoMa (m=5), with the natural-image control DINOv2-B
shown separately. All models are evaluated at the shared operating point k=11, the dataset median
of the per-model biological k⋆. Columns: biological and confounder k-NN balanced accuracy (bio
bacc and conf bacc; confounder: medical centre); pooled RI and MaRI; ∆=MaRI−RI; median CRoMa;
F (0), the fraction with CRoMa < 0; LTM10, the mean of the lowest decile; and support, the fraction
of samples effectively contributing to RI/MaRI. Bold denotes the best value in each score column
(conf bacc and ∆ are diagnostics).

not interchangeable. Although CONCH matches Virchow2 at the median (0.20), it fails more often
(F (0) = 22.5% versus 12.9%) and more severely (LTM10 = −0.20 versus −0.11). Conversely, CONCH
fails less often than H-optimus-0 (22.5% versus 31.5%), but more severely (−0.20 versus −0.15).
No single pooled score can therefore capture all three properties. For model selection, median mar-
gin and tail severity define distinct axes of robustness, making encoder selection a Pareto problem
(Figure 3). Plotting encoders in this plane exposes the trade-off between typical and worst-tail ro-
bustness, while failure prevalence provides a complementary measure of how broadly vulnerability is
distributed across the cohort. An encoder is dominated if another performs at least as well on both
axes and strictly better on one. Those that survive form the Pareto frontier. On Camelyon, this
frontier contains only two of the 20 pathology encoders: Virchow2 and GenBio-PathFM. Choosing
a representation is therefore a trade-off between typical robustness and tail severity rather than the
maximisation of a single score, and only a per-sample construction makes both axes measurable at
once.
These summaries remain scalar projections, and the full margin distribution retains structure that
none captures. For example, Midnight-12k and H-optimus-1 have markedly different distribu-
tional shapes (Figure 4). The margins of H-optimus-1 are tightly concentrated around the me-
dian, whereas those of Midnight-12k span nearly the full range. The per-sample distribution also
enables finer-grained analysis: distinct modes may identify subpopulations governed by different
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Figure 3: Median and lower-tail CRoMa on Camelyon. Median CRoMa is plotted against
worst-decile mean LTM10 for the 20 pathology encoders evaluated in this study. Higher values are
preferable on both axes. Ringed points form the upper-right Pareto frontier, while shaded points
are dominated on both axes. † marks the Camelyon-exposed encoder (GPFM).
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margin regimes, and linkage to the source samples permits stratification by acquisition centre or
biological class to localise fragility.
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Figure 4: Per-sample CRoMa distributions on Camelyon. Ridgeline distributions for the 20
pathology encoders and the natural-image control (DINOv2-B), ordered by median CRoMa. The
dashed line denotes CRoMa = 0, while shading denotes the confounder-dominant region (CRoMa < 0).
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3.4 Robustness insights are consistent across benchmarks

Having used Camelyon as a stringent test of fixed-neighbourhood robustness, we next asked whether
CRoMa captures a reproducible representation-level signal across benchmarks. We evaluated the
same encoders on TCGA-4x4 (Table 4) and Tolkach-ESCA (Table 5). For completeness, we also
report PathoROB’s TCGA-2x2 configuration in Supplementary Section A.11.

Both datasets provide substantially higher RI/MaRI support: 99% − 100% on TCGA-4x4 and
67%− 100% on Tolkach-ESCA (against 10%− 46% on Camelyon). This is a direct consequence of
the larger operating point these cohorts select (k=71 and 61 respectively, against k=11 on Came-
lyon): a wider fixed neighbourhood is more likely to contain a typed SO/OS contrast. This higher
support lets us revisit the count-versus-margin comparison of Section 3.1 on a far thicker slice of
each cohort and settle the confound left open there. On Camelyon, MaRI barely departed from RI

(∆ = MaRI − RI within ±0.07), but low support left the cause ambiguous: the near-equivalence
could reflect a genuinely undirected typed-distance asymmetry, which the pooled index collapses,
or merely the thin slice on which the pooled margin was evaluated. Were thin support the expla-
nation, the correction should grow once RI and MaRI become defined on most of the cohort. It
does not: ∆ stays within ±0.04 on TCGA-4x4 and ±0.04 on Tolkach-ESCA across all 20 pathology
encoders. The near-equivalence of pooled counts and pooled margins (Spearman ρ =0.99 and 0.98,
respectively) is therefore intrinsic to the fixed-k, pooled design, which is precisely what motivates
the per-sample construction of CRoMa. Where fixed-k scores are defined, CRoMa again broadly tracks
their rankings (ρ =0.95 and 0.93 versus RI, 0.95 and 0.92 versus MaRI on TCGA-4x4 and Tolkach-
ESCA), matching the agreement seen on Camelyon (ρ =0.95 and 0.94; all nine within-benchmark
rank correlations are collected in Table 9).

Across tile-level benchmarks, CRoMa identifies consistent robustness patterns while also reflecting
differences in benchmark difficulty. In contrast with Camelyon, where several encoders showed neg-
ative or near-zero median margins, TCGA-4x4 and Tolkach-ESCA shifted the margin distributions
upward, with CRoMa spanning [−0.01, 0.40] and [0.11, 0.58] respectively. At the median, only one of
the 20 encoders remains confounder-dominant on TCGA-4x4, and none on Tolkach-ESCA. Howver,
this upward shift did not eliminate the failure modes observed on Camelyon: even when the typical
sample was robust, the worst decile remained confounder-dominant for every encoder (LTM10 < 0;
Tables 4 and 5). The per-sample distributions make this visible: on both benchmarks every encoder
keeps mass on the confounder-dominant side of the boundary (Supplementary Figures 10 and 11).
Model rankings were largely stable across datasets (pairwise Spearman ρ ∈[0.88, 0.92]; Table 9).
Encoders ranked among the most robust on Camelyon generally remained competitive on TCGA-
4x4 and Tolkach-ESCA, whereas low-margin models tended to remain lower ranked. The CONCH

family and GenBio-PathFM were consistently among the top five, with H0-mini close behind on
all three and Virchow2 leading Camelyon but slipping to fifth and seventh elsewhere. Prost40M,
Hibou-B, and the Phikon models remained near the bottom.

The main exception was Midnight-12k, which ranked seventh on Camelyon (CRoMa= 0.11) but
first on both TCGA-4x4 (0.40) and Tolkach-ESCA (0.58). Because Midnight-12k was pretrained
exclusively on TCGA, its performance on TCGA-4x4 may partly reflect pretraining–benchmark
overlap. A within-cohort provenance analysis supports this interpretation but also shows that
such overlap is not sufficient to explain robustness (Supplementary Section A.7). Other TCGA-
pretrained models did not show the same advantage on TCGA-4x4: Phikon remained weak overall,
whereas Phikon-v2 exhibited no comparable rank shift, indicating that provenance overlap alone
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is not sufficient to guarantee higher CRoMa. Instead, robustness appears to reflect an interaction
between pretraining provenance, data scale, training recipe, and the intrinsic complexity of the
evaluated samples.

Because median performance and tail severity capture distinct robustness properties, cross-benchmark
consistency is best assessed in the median–tail plane rather than through a single ranking. Sup-
plementary Figures 14 and 15 show that the pattern observed on Camelyon extends to TCGA-4x4
and Tolkach-ESCA: the encoder with the highest median margin does not have the least severe
worst decile, no encoder dominates the plane, and only a small subset lies on the Pareto frontier.
Combining the three tile-level benchmarks requires a scale-free summary because the dispersion of
raw CRoMa margins differs several-fold across datasets. Averaging model medians would therefore
overweight benchmarks with broader score distributions and amplify the in-distribution advan-
tage described above. We avoid both distortions by ranking encoders within each benchmark and
averaging their ranks. Figure 5 plots mean median-CRoMa rank against mean LTM10 rank. Across
benchmarks, only four of the 20 encoders remain undominated – CONCH, GenBio-PathFM, CONCHv1.5
and H-optimus-1 – and none leads on both axes.

These conclusions extend to whole-slide representations. On the PCaBio slide-level benchmark,
CRoMa again separates biological discriminability from confounder invariance (Supplementary Sec-
tion A.12). The confounder is near-perfectly decodable for all four whole-slide encoders, yet me-
dian margins span [−0.41, 0.26], and only PRISM is biology-dominant (CRoMa=0.26). Per-sample
summaries remain non-redundant: PRISM and MOOZY differ sharply in median margin and failure
prevalence but have near-identical worst-decile severity (LTM10 = −0.39 versus −0.41).

Together, these results show CRoMa captures a reproducible representation-level robustness sig-
nal across benchmarks and scales while retaining sensitivity to vulnerable subpopulations. We
next asked whether it can predict the downstream failure mode it is designed to expose: do lower
margins identify models more susceptible to shortcut learning?

3.5 CRoMa predicts downstream shortcut susceptibility

The value of a representation-level robustness metric ultimately lies in its ability to anticipate down-
stream failures under supervised adaptation. We therefore replicate the shortcut-learning protocol
introduced in [19]: linear probes are trained to predict the biological label from frozen embeddings
while the training set is progressively biased by increasingly introducing spurious confounder–
biology correlation, quantified by Cramér’s V . A model that entangles confounders with biology
in representational space hands the probe an exploitable shortcut and should therefore suffer a
larger drop precisely when that shortcut is removed. Performance is thus evaluated on balanced
test sets in which this shortcut no longer supports the prediction: an in-domain setting using con-
founder labels seen during training, and an out-of-domain setting using held-out confounder labels.
APD averages the relative performance drop across the biased training splits with respect to the
balanced baseline (V = 0): values near zero indicate stable generalization, whereas increasingly
negative values indicate stronger shortcut susceptibility. Because its out-of-domain arm requires
held-out confounders, APD is measured on a broader row set than the geometry metrics: it reads each
model’s frozen embeddings over the full in-domain and out-of-domain data pool of every bench-
mark (Table 6), whereas RI, MaRI and CRoMa use PathoROB’s robustness-evaluation view (Table 1).
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Figure 5: Median and lower-tail CRoMa ranks across tile benchmarks. Each of the 3 tile
benchmarks ranks the 20 pathology encoders by median CRoMa (rank 1 = highest median) and by
worst-decile mean LTM10 (rank 1 = mildest tail). The axes show the mean rank across benchmarks,
with lower (=better) ranks plotted toward the upper-right corner. Ringed points form the Pareto
frontier, while shaded points are dominated on both axes. † marks the 9 TCGA-exposed encoders.
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Model bio bacc conf bacc RI MaRI ∆ CRoMa F (0) LTM10 support
Midnight-12k† 0.882 0.559 0.898 0.936 +0.037 0.40 0.140 -0.21 99.4%
GenBio-PathFM† 0.851 0.695 0.757 0.780 +0.023 0.16 0.242 -0.19 99.9%
CONCHv1.5 0.811 0.492 0.828 0.851 +0.024 0.15 0.193 -0.13 100.0%
CONCH 0.790 0.487 0.801 0.825 +0.024 0.15 0.216 -0.15 100.0%
Virchow2 0.825 0.594 0.771 0.795 +0.025 0.13 0.239 -0.17 100.0%
H0-mini† 0.820 0.617 0.737 0.754 +0.017 0.12 0.257 -0.19 99.9%
Virchow 0.789 0.656 0.697 0.706 +0.009 0.09 0.301 -0.18 100.0%
H-optimus-1 0.878 0.676 0.775 0.786 +0.012 0.09 0.220 -0.10 99.8%
UNI2-h 0.847 0.737 0.711 0.725 +0.013 0.07 0.265 -0.12 99.3%
mSTAR† 0.817 0.690 0.696 0.703 +0.007 0.06 0.298 -0.12 99.9%
H-optimus-0 0.846 0.692 0.707 0.711 +0.004 0.05 0.287 -0.11 99.9%
MUSK† 0.724 0.589 0.674 0.680 +0.006 0.05 0.332 -0.14 100.0%
Prov-GigaPath 0.831 0.672 0.683 0.679 −0.005 0.05 0.308 -0.15 99.9%
UNI 0.807 0.712 0.673 0.678 +0.005 0.05 0.320 -0.12 100.0%
Hibou-L 0.759 0.737 0.577 0.541 −0.037 0.04 0.405 -0.25 99.7%
GPFM† 0.759 0.725 0.612 0.604 −0.008 0.04 0.387 -0.15 100.0%
Phikon† 0.792 0.788 0.577 0.577 −0.000 0.04 0.396 -0.20 99.2%
Hibou-B 0.768 0.722 0.600 0.590 −0.010 0.04 0.387 -0.18 99.9%
Phikon-v2† 0.790 0.782 0.550 0.544 −0.006 0.03 0.409 -0.19 99.4%
Prost40M† 0.635 0.718 0.464 0.459 −0.005 -0.01 0.528 -0.25 100.0%
DINOv2-B 0.607 0.580 0.540 0.513 −0.028 0.01 0.468 -0.12 100.0%

Table 4: Representation robustness on TCGA-4x4. Pooled results for the 20 tile-level pathol-
ogy foundation models, ordered by median CRoMa (m=5), with the natural-image control DINOv2-B
shown separately. All models are evaluated at the shared operating point k=71, the dataset median
of the per-model biological k⋆. Columns: biological and confounder k-NN balanced accuracy (bio
bacc and conf bacc; confounder: medical centre); pooled RI and MaRI; ∆=MaRI−RI; median CRoMa;
F (0), the fraction with CRoMa < 0; LTM10, the mean of the lowest decile; and support, the fraction
of samples effectively contributing to RI/MaRI. Bold denotes the best value in each score column
(conf bacc and ∆ are diagnostics). † marks the 9 TCGA-exposed encoders (Table 2).

Across the 20 tile-level pathology encoders, CRoMa consistently tracks this downstream vulnerabil-
ity. Models with biology-dominant margins incurred smaller in-domain drops, whereas models with
confounder-dominant margins showed the largest shortcut-induced degradation (APDID: Spearman
ρ = 0.84 pooled over 60 model–benchmark pairs). The association was weaker out of domain,
but remained directionally consistent (APDOOD: pooled Spearman ρ = 0.78), as expected for an
evaluation that combines shortcut reliance with transfer to unseen confounder labels. We show the
full relationship for Camelyon (Fig. 6). The same pattern holds on TCGA-4x4 and Tolkach-ESCA
(Supplementary Figures 12 and 13), confirming CRoMa captures more than a geometric property of
frozen embeddings: it identifies representations that are more likely to support confounder-based
shortcuts once a downstream predictor is trained. Unlike APD, which requires repeated supervised
training under engineered confounder–label correlations, CRoMa provides an upstream readout of
shortcut susceptibility directly from the representation space.
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Model bio bacc conf bacc RI MaRI ∆ CRoMa F (0) LTM10 support
Midnight-12k 0.976 0.728 0.943 0.941 −0.002 0.58 0.051 -0.08 99.0%
CONCH 0.973 0.654 0.951 0.957 +0.006 0.44 0.045 -0.04 99.8%
CONCHv1.5 0.973 0.633 0.952 0.964 +0.012 0.39 0.043 -0.03 99.9%
GenBio-PathFM 0.981 0.598 0.960 0.964 +0.004 0.39 0.038 -0.02 99.9%
H0-mini 0.967 0.642 0.935 0.946 +0.011 0.38 0.058 -0.07 99.7%
Virchow 0.970 0.703 0.935 0.943 +0.008 0.37 0.053 -0.05 99.6%
Virchow2 0.978 0.613 0.954 0.957 +0.002 0.35 0.040 -0.04 99.6%
MUSK 0.969 0.739 0.924 0.931 +0.008 0.29 0.063 -0.07 99.2%
H-optimus-1 0.977 0.680 0.940 0.949 +0.008 0.26 0.049 -0.04 99.1%
GPFM 0.969 0.841 0.883 0.902 +0.018 0.24 0.095 -0.10 97.6%
H-optimus-0 0.971 0.731 0.911 0.919 +0.007 0.23 0.076 -0.08 98.5%
UNI2-h 0.976 0.767 0.916 0.927 +0.012 0.22 0.064 -0.06 97.7%
mSTAR 0.970 0.818 0.881 0.898 +0.017 0.19 0.087 -0.09 97.7%
Phikon 0.962 0.898 0.772 0.782 +0.010 0.17 0.179 -0.19 81.5%
UNI 0.973 0.835 0.880 0.891 +0.011 0.17 0.086 -0.08 95.3%
Hibou-B 0.967 0.916 0.774 0.775 +0.000 0.13 0.188 -0.17 85.7%
Prov-GigaPath 0.962 0.929 0.707 0.746 +0.039 0.13 0.236 -0.16 79.1%
Prost40M 0.911 0.838 0.701 0.721 +0.019 0.13 0.277 -0.24 96.2%
Phikon-v2 0.956 0.896 0.741 0.746 +0.005 0.12 0.225 -0.17 83.3%
Hibou-L 0.955 0.960 0.624 0.586 −0.038 0.11 0.315 -0.29 67.0%
DINOv2-B 0.905 0.535 0.876 0.867 −0.008 0.18 0.099 -0.07 100.0%

Table 5: Representation robustness on Tolkach-ESCA. Pooled results for the 20 tile-level
pathology foundation models, ordered by median CRoMa (m=5), with the natural-image control
DINOv2-B shown separately. All models are evaluated at the shared operating point k=61, the
dataset median of the per-model biological k⋆. Columns: biological and confounder k-NN balanced
accuracy (bio bacc and conf bacc; confounder: medical centre); pooled RI and MaRI; ∆=MaRI−RI;
median CRoMa; F (0), the fraction with CRoMa < 0; LTM10, the mean of the lowest decile; and
support, the fraction of samples effectively contributing to RI/MaRI. Bold denotes the best value in
each score column (conf bacc and ∆ are diagnostics).

Robustness metrics APD (downstream probe)
Benchmark (RI/MaRI/CRoMa) In-domain Out-of-domain Full pool
Camelyon 20,400 (2) 20,400 (2) 2,002 (3) 22,402 (5)
TCGA-4x4 5,760 (4) 5,760 (4) 2,400 (4) 8,160 (8)
Tolkach-ESCA 9,000 (3) 10,800 (2) 5,500 (2) 16,300 (4)

Table 6: Robustness metrics and APD use different evaluation rows. Entries give tile counts,
with the number of contributing centres or cohorts in parentheses. RI, MaRI and CRoMa use the
PathoROB robustness view. APD uses in-domain and held-out out-of-domain pools from the same
frozen encoders. For Camelyon and TCGA-4 × 4, the robustness rows equal the in-domain rows
and APD adds held-out centres. For Tolkach-ESCA, the robustness view (UKK, WNS and CHA)
and in-domain APD view (WNS and CHA) are distinc. UKK is reused out of domain.
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Figure 6: CRoMa against APD on Camelyon. Columns show in-domain evaluation (left, test
centres held fixed) and out-of-domain evaluation (right, unseen centres). Top row: linear-probe
accuracyon the balanced test set as the centre–biology correlation in the training set increases from
V=0 to V=1. Dashed curves denote the 20 tile-level encoders and error bars are 95% confidence
intervals over repeated seeding. Bottom row: pooled CRoMa(m=5) versus APD, one point per
encoder. Dashed lines mark CRoMa = 0 and APD = 0.
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4 Discussion

The value of a pathology foundation model lies in its ability to capture biologically meaningful sig-
nals while remaining robust to irrelevant non-biological variation. Biological discriminability and
robustness are complementary dimensions of representation quality: a useful representation should
support accurate downstream prediction without allowing batch effects from tissue preparation,
staining or scanning to dominate its geometry. Strong biological encoding is therefore insufficient
when non-biological cues provide an equally accessible shortcut for prediction. In this study, we
show that existing fixed-neighbourhood scores capture a meaningful robustness signal but incom-
pletely characterise its geometry and distribution across samples. By recasting robustness as a
signed distance margin over the full evaluation cohort, CRoMa exposes confounder-dominated pock-
ets hidden by pooled averages and anticipates downstream shortcut susceptibility.

The typed contrast introduced by RI is conceptually well founded: cross-confounder biological
matches signal strong biological structure, whereas same-confounder biological distractors indicate
that non-biological cues are shaping local geometry. Yet RI reduces this contrast to counts and is
therefore blind to margins. MaRI restores geometric information through distance weighting. Its
close agreement with RI, however, exposes a deeper limitation of the fixed-k, pooled design. A sam-
ple contributes only if its pre-specified neighbourhood contains at least one of the neighbour types
entering the score. Otherwise, it is omitted in a model-dependent manner, undermining cross-
model comparability. Pooling over the remaining samples further allows opposing sample-level
asymmetries to cancel. A principled robustness measure therefore requires a different construction:
one that defines the contrast for every sample, preserves its direction and magnitude, and treats
aggregate scores as views of a distribution rather than as the estimand itself.

Treating robustness as a distribution reveals what no pooled aggregate can: no foundation model
is uniformly robust. Even models with biology-dominant median margins retain confounder-
dominated samples, and every evaluated tile encoder exhibits a negative lower tail. The resulting
picture is not a division between robust and non-robust encoders, but a spectrum of robustness
profiles in which central tendency, failure prevalence and failure severity vary partly independently.
Models with similar median margins can therefore differ markedly in how often, and how strongly,
non-biological variation outweighs biological signal: failures may be rare but pronounced, frequent
but modest, or both frequent and severe. Model selection is therefore better framed as a Pareto
problem balancing central tendency against tail severity, rather than driven by a single score. After
aggregating encoder ranks across the three tile benchmarks, only a small subset remains undomi-
nated in the median–tail plane. None, however, leads on both axes.

One encoder nevertheless stood out for its consistency. GenBio-PathFM was the only model on
the median–tail Pareto frontier in all three tile benchmarks, while remaining among the top four
by median CRoMa in each. Its JEDI recipe adds JEPA-based refinement to a DINO-family pre-
training stage [16], departing from the predominantly DINO/DINOv2-only recipes used by con-
temporary pathology encoders. Differences in model scale, data curation, corpus composition and
pretraining–evaluation overlap prevent attributing this consistency specifically to JEPA. The result
nonetheless motivates systematic investigation of hybrid and alternative pretraining objectives for
learning more robust pathology foundation models.

A model that appears robust on average may still be unsuitable if its failures are concentrated
in clinically important subsets. By preserving sample-level heterogeneity, CRoMa reframes robust-
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ness from a pooled ranking statistic into a sample-resolved map of representational vulnerability.
This finer resolution broadens the role of robustness assessment beyond model ranking: low-margin
samples can be interrogated for enrichment of particular biological subclasses, institutions, or pa-
tient characteristics. Such enrichment would reveal structured failure modes concealed by an oth-
erwise acceptable aggregate score. Identifying these pockets could guide targeted data collection,
data augmentation and model pretraining, while motivating evaluation protocols that deliberately
stress the conditions under which robustness is weakest. CRoMa therefore serves not only as a bench-
mark statistic, but also as a diagnostic tool for identifying where transferability is most at risk.

The broad agreement of CRoMa rankings across benchmarks suggests that it captures a repro-
ducible property of learned representations, even as the distributions themselves shift with the
biological task, confounder and cohort. Robustness is therefore neither purely model-intrinsic nor
wholly dataset-specific: some encoders consistently privilege biological over technical structure, but
the extent and location of their failures remain context-dependent. More importantly, CRoMa antic-
ipated downstream shortcut susceptibility: models with more biology-dominant margins sustained
smaller shortcut-induced performance losses. Computed directly from frozen embeddings, it pro-
vides a tractable proxy for transferability before a task-specific predictor is fitted. Comprehensive
evaluation across institutions and population strata requires large, labelled and harmonised cohorts,
together with repeated downstream training — resources that are often unavailable or prohibitively
costly. CRoMa does not replace external validation, but enables a compact, deliberately structured
multi-institutional cohort to identify representations most likely to fail under distribution shift and
and prioritise the models, populations and conditions requiring deeper evaluation.

Taken together, these findings support a more stringent standard for robustness evaluation in
pathology foundation models. By recasting robustness as a distributional property of representa-
tion space rather than a single pooled score, CRoMa measures not only whether a model is robust
on average, but where, and by how much, confounders override biological similarity. Making this
boundary explicit links representation geometry to shortcut susceptibility and directs validation
towards the samples and settings in which transfer is most likely to fail. This sample-resolved
view provides a more rigorous basis for assessing whether pathology foundation models retain
biologically meaningful structure across institutions and populations. Future work should inves-
tigate pretraining strategies that prevent non-biological variation from organising representations
without suppressing clinically relevant signal. Distributional robustness analyses can support this
effort by identifying the biological subclasses, institutions and population subgroups concentrated
in low-margin regions.
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Robert Berke, Fei Tang, and Sebastian Otálora. Training state-of-the-art pathology foundation
models with orders of magnitude less data, 2025. arXiv:2504.05186.

[18] Yousef Kotp, Vincent Quoc-Huy Trinh, Christopher Pal, and Mahdi S. Hosseini. MOOZY: A
patient-first foundation model for computational pathology, 2026. arXiv:2603.27048.
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[27] Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy Vo, Marc Szafraniec, Vasil Khali-
dov, Pierre Fernandez, Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, Mahmoud Assran,
Nicolas Ballas, Wojciech Galuba, Russell Howes, Po-Yao Huang, Shang-Wen Li, Ishan Misra,
Michael Rabbat, Vasu Sharma, Gabriel Synnaeve, Hu Xu, Hervé Jegou, Julien Mairal, Patrick
Labatut, Armand Joulin, and Piotr Bojanowski. DINOv2: Learning robust visual features
without supervision, 2024. arXiv:2304.07193.

[28] Charlie Saillard, Rodolphe Jenatton, Felipe Llinares-López, Zelda Mariet, David Cahané, Eric
Durand, and Jean-Philippe Vert. H-optimus-0. https://github.com/bioptimus/releases/
tree/main/models/h-optimus/v0, 2024.

[29] Marin Scalbert, Charlie Saillard, Thomas Peeters, Liam Gonzalez, Dasha Valter, Fe-
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A Supplementary material
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Figure 7: Biology-matched example samples across acquisition centres. Each benchmark
block shows two biological classes (rows) across all acquisition centres (columns), so within a row
biology is fixed and only the centre changes. Because PCaBiop is a slide-level benchmark, its block
shows representative tiles rather than whole slides, which make the visual differences between
its centres easier to see. The resulting staining, tissue preparation and scanning differences are
well visible: Camelyon’s UMCU tiles are markedly more purple than RUMC’s, and the three
Tolkach-ESCA cohorts differ in overall hue, exactly the non-biological variation a site-invariant
representation must not treat as signal.

A.2 Sensitivity of LTMα to the tail fraction α

The tail-severity summary LTMα requires a tail fraction α, fixed at α = 0.10 in the main text.
Here we show that model comparison by LTMα is insensitive to this choice over a plausible range.
For each benchmark we recompute LTMα per model at α ∈ {0.05, 0.10, 0.20} from the per-sample
CRoMa(m=5) values, rank the models, and measure the Spearman rank correlation between the
rankings induced by different α. Rankings are stable between adjacent tail fractions on every
benchmark (Table 7): the 0.05-vs-0.10 and 0.10-vs-0.20 correlations are ≥ 0.89 throughout, and
the 0.05-vs-0.10 correlation exceeds 0.94 on four of the five benchmarks. As expected, the widest
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comparison (0.05 vs 0.20) is looser because the 5% and 20% tails probe increasingly different
subpopulations. The default α = 0.10 therefore sits in a stable interior region, and the tail-analysis
conclusions do not hinge on it.

Benchmark ρ(0.05, 0.10) ρ(0.10, 0.20) ρ(0.05, 0.20)
Camelyon 0.98 0.99 0.94
TCGA-2x2 0.98 0.94 0.89
TCGA-4x4 0.96 0.90 0.77
Tolkach-ESCA 0.90 0.89 0.69
PCaBiop 1.00 1.00 1.00

Table 7: Rank correlations across lower-tail fractions. Entries are Spearman correlations
between per-model LTMα rankings at α = 0.05, 0.10 and 0.20, computed from CRoMa(m=5) within
each benchmark. Each tile benchmark ranks 20 encoders. PCaBiop ranks 4, so its correlations rest
on a far smaller panel.

A.3 Robustness of CRoMa model comparison to the averaging radius m

CRoMa averages the distances to the m nearest neighbours of each type, fixed at m = 5 in the
main text. Here we show that model comparison is insensitive to this choice over a wide range
of m. For the three tile benchmarks (Camelyon, TCGA-4x4, and Tolkach-ESCA) we take the
pooled CRoMa per model at every integer m ∈ [1, 20] and track both the ranking and the number of
confounder-dominant models (CRoMa < 0). The comparison is essentially invariant across the sweep
(Table 8). Model rankings are highly concordant for every benchmark (Spearman ρ ≥ 0.98 between
the extremes m = 1 and m = 20), and the number of confounder-dominant models is constant
across the full sweep. Increasing m therefore affects only margin magnitudes – and the lower-tail
summaries derived from them – without altering model order or the sign of the dominant signal.
Thus, m = 5 represents a practical operating point rather than a tuned parameter: averaging over
five neighbours limits the contribution of any single neighbour to one-fifth of either type-specific
mean.

Benchmark n ρ(m=1,m=5) ρ(m=5,m=20) ρ(m=1,m=20)

Camelyon 20 0.992 0.989 0.982
TCGA (4× 4) 20 0.992 0.992 0.983
Tolkach-ESCA 20 0.994 0.992 0.988

Table 8: Robustness of CRoMa model comparison to the averaging radius m. For each
of the three tile benchmarks, we report Spearman correlations between the median CRoMa model
rankings at the headline radius m = 5 and each extreme (m = 1, m = 20), and between the two
extremes.

A.4 Why the selected neighbourhood size undercuts fixed-k coverage

Fixed-k metrics derive their neighbourhood size from a biological k-NN criterion: k is chosen to
maximise biological k-NN classification accuracy (Methods). A biological k-NN classifier votes on
the biology label of every neighbour in the window. Since same-biology, same-centre samples are
naturally closer than other neighbour types, the classifier’s accuracy is dominated by the dense SS
pocket surrounding each anchor. On Camelyon, SS neighbours comprise 86–93% of the selected
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window. Maximising that accuracy therefore drives the selected size small (median k = 11 on
Camelyon, per-model optima 7–67), toward the very SS neighbours the robustness metrics discard
as uninformative and rarely extending far enough to capture the typed SO/OS neighbours they score.
The first SO or OS neighbour occurs only at a median rank of approximately 149, far beyond the
operated k = 11. The coverage gap reported in the main text follows directly: a window selected by
an SS-dominated classification objective is, almost by construction, too small to include the typed
neighbours required by RI. Most anchors therefore contain no typed evidence and are silently
excluded from the pooled score. CRoMa avoids this conflict by imposing no fixed neighbourhood at
all, reading each typed neighbour at whatever rank it occurs (Section 3.2).

A.5 A geometric interpretation of the CRoMa margin

Because CRoMai depends only on the ratio dOSm/dSOm , it has a simple reading in the plane of typed
mean distances (dSOm , dOSm ) (Figure 8). Writing this pair in polar coordinates, with

θi = atan2
(
dOSm , dSOm

)
,

gives

CRoMai(m) = tan
(
θi −

π

4

)
.

Thus, CRoMai measures the signed angular deviation from the 45◦ diagonal. Equal typed distances
lie on this diagonal, dSOm = dOSm , and yield CRoMai(m) = 0. Points above the diagonal, where the dis-
tractor is farther away, are robust (CRoMai(m) > 0), and points below it are fragile (CRoMai(m) < 0).
The score is independent of radial distance: moving a point along a ray from the origin scales both
typed distances by a common factor λ > 0, which cancels in the ratio dOSm/dSOm and leaves θi—and
hence CRoMai—unchanged, so all points on a ray share the same margin. This cancellation is pre-
cisely the scale-free property noted in 2.4: only the direction of the typed-distance pair carries
signal, not its length.

This scale invariance is what lets CRoMa margins be compared across settings that hold one factor
fixed and vary the other. The absolute value of dSOm and dOSm is a nuisance quantity: it reflects the
encoder (embedding norm, output temperature, feature dimension) and the benchmark (biological
classes, cohort composition) rather than robustness itself. With the benchmark fixed and the model
varied, an encoder that merely spreads all of its distances wider is not credited as more robust,
because the shared factor λ cancels and only the relative separation of cross- and same-confounder
neighbours—the angle θi—remains. With the model fixed and the benchmark varied, datasets that
sit at different typical distance magnitudes are placed on one common scale, so a model’s margin
on Camelyon reads on the same footing as its margin on TCGA-4x4.

The nuisance is large in practice, not hypothetical. Measuring the plane directly on PCaBiop
(Figure 9) places the 4 slide-level encoders at median typed-distance radii spanning a factor of 80,
so their point clouds sit at four widely separated positions along the diagonal. Their robustness is
unrelated to that position. PRISM and TITAN make the point sharply: they occupy nearly the same
radius yet fall on opposite sides of the diagonal. Reading robustness off the raw typed distances
would therefore rank encoders largely by embedding geometry. Our ratio removes that dependence
by construction.
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Figure 8: CRoMa is the angular offset from the diagonal. In the (dSOm , dOSm ) plane, CRoMai =
tan(θi − π/4): points above the diagonal have more distant OS distractors and positive margins,
points below have negative margins. P and λP lie on one ray, so they share θi and therefore the
same margin.

A.6 Metric rank agreement within each benchmark

Benchmark RI vs MaRI CRoMa vs RI CRoMa vs MaRI
Camelyon 0.99 0.95 0.94
TCGA 4x4 0.99 0.95 0.95
Tolkach-ESCA 0.98 0.93 0.92

Table 9: Pairwise rank correlations among RI, MaRI and CRoMa. Spearman correlations across
the 20 pathology encoders shared by the three tile benchmarks. The three metrics induce nearly
identical model orderings on every tile benchmark: RI and MaRI are almost interchangeable as
rankers, and CRoMa tracks both wherever the fixed-k scores are defined, despite scoring a different
and larger population of anchors. A shared ranking is not interchangeability, however: encoders
with matched MaRI can separate sharply under CRoMa (Section 3.2), and only the per-sample con-
struction exposes the confounder-dominated tail (Section 3.3).

A.7 Pretraining provenance

Midnight-12k was pretrained exclusively on TCGA, so its wide lead on TCGA-4x4—CRoMa=0.40
versus 0.16 for the runner-up, GenBio-PathFM—could partly reflect pretraining overlap. To test
this, we re-scored a larger Tolkach-ESCA cohort that adds the held-out TCGA cases and measured
the resulting robustness gains (Supplementary Table 10). Midnight-12k shows the largest TCGA-
cohort boost of any encoder (2.5× in typed-distance odds), but exposure alone does not explain
it: every encoder gains on this cohort, including the natural-image control (1.21×), and the 9
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Figure 9: The typed-distance plane measured on PCaBiop. One point per slide for the 4
slide-level encoders (m = 5). Outlines enclose 75% of an encoder’s slides and filled markers are
per-encoder medians. Axes are logarithmic because median typed-distance radii span a factor of
80, from 0.010 (Prov-GigaPath) to 0.80 (MOOZY). The log map turns a common rescaling into a
shift along the diagonal, so position along the diagonal is scale and offset from it is robustness:
the angular offset θi − π/4 of Figure 8 becomes a perpendicular displacement from the diagonal of
length |log r|/

√
2, where r = dOSm/dSOm , the side of the diagonal carrying its sign. PRISM and TITAN

illustrates this best: both models sit at nearly the same radius (0.14 versus 0.13) but on opposite
sides of the diagonal (CRoMa = 0.26 versus −0.30). The plane also separates failure modes the sign
alone conflates: Prov-GigaPath is fragile with all typed distances collapsed toward zero, whereas
TITAN is fragile at an ordinary distance scale.

TCGA-exposed encoders are barely separated from the rest (median 1.36× versus 1.26×). Phikon,
also pretrained exclusively on public TCGA, gains only 1.35×. Midnight-12k still leads once the
TCGA cases are removed. Pretraining overlap therefore amplifies, rather than creates, the observed
advantage.
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Model Tolkach-ESCA TCGA extension Boost
Midnight-12k† 0.60 0.82 2.50×
H0-mini† 0.38 0.53 1.47×
Virchow 0.37 0.52 1.45×
Virchow2 0.37 0.51 1.44×
Hibou-L 0.12 0.28 1.41×
UNI2-h 0.23 0.38 1.39×
GenBio-PathFM† 0.41 0.53 1.37×
GPFM† 0.24 0.38 1.37×
Prost40M† 0.14 0.28 1.36×
Phikon† 0.17 0.31 1.35×
H-optimus-0 0.24 0.37 1.32×
MUSK† 0.30 0.42 1.32×
Phikon-v2† 0.13 0.26 1.31×
mSTAR† 0.20 0.32 1.28×
Prov-GigaPath 0.13 0.24 1.26×
H-optimus-1 0.27 0.38 1.26×
CONCH 0.44 0.52 1.24×
CONCHv1.5 0.41 0.49 1.22×
Hibou-B 0.14 0.23 1.22×
UNI 0.18 0.25 1.17×
DINOv2-B 0.17 0.27 1.21×

Table 10: Median CRoMa on Tolkach-ESCA and on its TCGA extension. Median per-sample
CRoMa(m=5) for the 20 tile-level pathology encoders, computed separately over the three original
Tolkach-ESCA cohorts and over the held-out TCGA cases. The boost measures how much further
the nearest same-confounder biological distractors sit (relative to the nearest cross-confounder
biological matches) on the TCGA cases than on the original cohorts. It is the between-cohort ratio
of r = dOSm/dSOm , the typed-distance ratio on which CRoMa is defined (Section 2.4). † marks the 9
TCGA-exposed encoders (Table 2). The natural-image control DINOv2-B is shown separately.
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A.8 CRoMa distributions
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Figure 10: Per-sample CRoMa distributions on TCGA-4x4. Ridgeline distributions for 20
pathology encoders and the natural-image control (DINOv2-B), ordered by pooled median. The
dashed line denotes CRoMa = 0; shading denotes CRoMa < 0. Per-model F (0) and LTM10 are reported
in Table 4.
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Figure 11: Per-sample CRoMa distributions on Tolkach-ESCA. Ridgeline distributions for
20 pathology encoders and the natural-image control (DINOv2-B), ordered by pooled median. The
dashed line denotes CRoMa = 0; shading denotes CRoMa < 0. Per-model F (0) and LTM10 are reported
in Table 5.
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A.9 Downstream shortcut susceptibility
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Figure 12: CRoMa and APD on TCGA-4x4. Columns show in-domain evaluation (left; test centres
held fixed) and out-of-domain evaluation (right; unseen centres). Top row, balanced-test linear-
probe accuracy as the centre–biology correlation in the training set increases from V=0 to V=1;
dashed curves denote the 20 tile-level encoders and error bars are 95% t-intervals over seeds. Bot-
tom row, pooled CRoMa(m=5) versus APD, one point per encoder. Dashed lines mark CRoMa = 0
and APD = 0. Corresponding RI and MaRI correlations are reported in Table 11.
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Figure 13: CRoMa against APD on Tolkach-ESCA. Columns show in-domain evaluation (left;
test centres held fixed) and out-of-domain evaluation (right; unseen centres). Top row, balanced-
test linear-probe accuracy as the centre–biology correlation in the training set increases from V=0
to V=1; dashed curves denote the 20 tile-level encoders and error bars are 95% t-intervals over
seeds. Bottom row, pooled CRoMa(m=5) versus APD, one point per encoder. Dashed lines mark
CRoMa = 0 and APD = 0. Corresponding RI and MaRI correlations are reported in Table 11.
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Metric Camelyon TCGA-4x4 Tolkach-ESCA pooled

APDID

CRoMa 0.88 0.93 0.89 0.84
RI 0.87 0.87 0.97 0.89
MaRI 0.86 0.89 0.95 0.89

APDOOD

CRoMa 0.71 0.87 0.71 0.78
RI 0.73 0.86 0.85 0.76
MaRI 0.70 0.85 0.84 0.74

Table 11: Correlation between representation robustness metrics and downstream
shortcut susceptibility. Spearman ρ across the 20 pathology encoders between the three robust-
ness metrics (RI, MarRI and CRoMa) and downstream shortcut susceptibility (APD). Correlations
are reported for each benchmark, as well as computed jointly over all 60 model–benchmark pairs
(pooled column). Positive values indicate that larger robustness scores are associated with smaller
performance drops. APDID holds test centres fixed. APDOOD uses unseen centres. All three metrics
track APD comparably. Correlations weaken out of domain for all three, where APD additionally
reflects transfer to unseen confounders rather than shortcut reliance alone.
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A.10 Median–tail Pareto frontiers
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Figure 14: Median and lower-tail CRoMa on TCGA-4x4. Pooled median CRoMa against worst-
decile mean LTM10 for the 20 pathology encoders. Higher values are preferable on both axes. Ringed
points form the upper-right Pareto frontier, while shaded points are dominated on both axes. Per-
model F (0) and LTM10 are reported in Table 4. † marks the 9 TCGA-exposed encoders.
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Figure 15: Median and lower-tail CRoMa on Tolkach-ESCA. Pooled median CRoMa against
worst-decile mean LTM10 for the 20 pathology encoders. Higher values are preferable on both axes.
Ringed points form the upper-right Pareto frontier, while shaded points are dominated on both
axes. Per-model F (0) and LTM10 are reported in Table 5.
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median rank
Model CRoMa SO OS

Virchow2 0.20 111 476
CONCH 0.20 97 312
GenBio-PathFM 0.19 114 694
CONCHv1.5 0.19 55 311
H0-mini 0.17 134 393
Virchow 0.16 194 450
Midnight-12k 0.11 241 338
H-optimus-1 0.08 276 550
H-optimus-0 0.05 261 367
UNI2-h 0.04 379 570
MUSK 0.04 195 197
mSTAR 0.02 329 338
Prov-GigaPath 0.01 445 376
UNI -0.03 933 414
Hibou-B -0.09 1211 304
GPFM -0.10 785 193
Phikon -0.20 2216 313
Phikon-v2 -0.21 2909 269
Prost40M -0.32 1817 124
Hibou-L -0.44 9089 327
DINOv2-B 0.05 32 50

Table 12: Typed-neighbour ranks on Camelyon. Models are ordered by pooled CRoMa(m=5).
Median SO and OS ranks summarize, across models, the rank of the nearest cross-confounder biolog-
ical match and same-confounder biological distractor, respectively. Pooled across the 20 encoders,
the first SO or OS neighbour occurs at a median rank of ≈ 149 among 20,400 candidates, sitting
far beyond the k=11 operating point selected by the biological k-NN criterion on Camelyon. This
neighbourhood size is therefore too narrow for the fixed-k metrics RI and MaRI to capture the
typed SO/OS contrast they need. DINOv2-B, the natural-image control, is reported separately for
reference.

A.11 TCGA: the paired 2x2 configuration

For completenes, we additionally report PathoROB’s paired TCGA-2x2 protocol here (Table 13;
composition in Figure 16): 94 balanced quartets, each two biological classes × two centres, with
neighbour-type statistics computed within each quartet and pooled at the level of SO/OS counts
before scoring. Results on this paired configuration align with the observations made on the TCGA-
4x4 benchmark: biology-dominant pooled scores and a confounder-dominant lower tail for every
model, with Midnight-12k leading (CRoMa 0.42 in both).

A.12 Robustness of slide-level representations

Unlike the tile-level panels, the four slide-level encoders were evaluated at their model-specific,
biologically selected k⋆. With only four models, the median (the lower of the two central optima) is
highly sensitive to panel composition and collapses to k = 3 on PCaBiop, reducing mean RI/MaRI
support across the four encoders from 36.9% at per-model k⋆ to 27.0%. We therefore treat the slide-
level panel as an explicit exception to the shared median-k protocol. This preserves each encoder’s
biologically selected neighbourhood scale, although comparisons of RI, MaRI and support remain
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Figure 16: The paired TCGA protocol comprises 94 balanced 2 × 2 quartets. The grid
shows one generic quartet: two biological classes by two medical centres, with 300 tile occurrences
per cell. Class and centre identities vary across quartets, spanning 21 cancer types and 26 centres.
Typed-neighbour counts are pooled across quartets before scoring, for 112,800 tile occurrences in
total. The dataset-wide TCGA-4x4 design is shown in Figure 2.

conditional on model-specific k. CRoMa, F (0) and LTM10 are k-independent and are unaffected by
this choice.

Binary cancer detection. On PCaBiop, the contributing centre was near-perfectly decodable
for all four encoders (confounder k-NN balanced accuracy, 0.992–1), whereas biological balanced
accuracy ranged from 0.716 to 0.971 (Supplementary Table 14). Model-level median CRoMa val-
ues spanned [−0.41, 0.26], with only PRISM exhibiting biology-dominant neighbourhood geometry
(0.26). MOOZY [18] attained the highest biological balanced accuracy (0.971), but its median margin
remained slightly negative (−0.02), illustrating that high biological discriminability does not im-
ply robustness to confounder. The per-sample distributions provided complementary information
(Supplementary Figure 17). PRISM and MOOZY differed in median margin (0.26 versus −0.02) and
failure prevalence (28.8% versus 53.5%), but had similar worst-decile severity (LTM10 = −0.39 versus
−0.41). Whereas the Camelyon analysis distinguished encoders with similar medians but different
lower tails, this comparison holds lower-tail severity approximately constant while median robust-
ness and failure prevalence differ, further illustrating that the three summaries are non-redundant.

ISUP grading. To assess a more granular biological label, we curated PCaBiop-ISUP, which
comprises 3,000 prostate biopsies. Each biopsy comes with its ISUP grade group: grade 0 denotes
benign samples and grades 1–5 denote increasingly aggressive prostate cancer. Whole slides are
still sampled from PANDA, so the confounder remains the medical center that provided the biopsy
(KI vs RUMC). Each ISUP×center cell has exactly 250 biopsies (Supplementary Figure 18). Cell
balance alone does not, however, balance the typed candidate pools in the full 6 × 2 cohort. For
any anchor, the SO pool contains 250 slides of the same grade from the other center, whereas the
OS pool contains 1,250 slides from the five other grades at the same center. This asymmetry would
structurally favour OS evidence in both fixed-k and nearest-neighbour scores. We therefore decom-
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Model bio bacc conf bacc RI MaRI ∆ CRoMa F (0) LTM10 support
Midnight-12k† 0.934 0.739 0.858 0.890 +0.032 0.42 0.124 -0.20 93.3%
GenBio-PathFM† 0.943 0.763 0.840 0.859 +0.020 0.27 0.148 -0.15 92.4%
CONCHv1.5 0.921 0.705 0.832 0.855 +0.023 0.26 0.144 -0.13 98.9%
CONCH 0.912 0.679 0.824 0.849 +0.025 0.25 0.154 -0.15 99.1%
Virchow2 0.928 0.724 0.822 0.841 +0.019 0.24 0.157 -0.15 97.6%
H0-mini† 0.925 0.743 0.792 0.810 +0.018 0.19 0.194 -0.17 95.6%
Virchow 0.909 0.752 0.761 0.775 +0.014 0.17 0.235 -0.26 95.1%
H-optimus-1 0.949 0.762 0.844 0.869 +0.026 0.17 0.144 -0.09 95.1%
UNI2-h 0.943 0.816 0.796 0.821 +0.025 0.13 0.182 -0.11 91.8%
H-optimus-0 0.938 0.778 0.794 0.819 +0.026 0.11 0.193 -0.11 94.3%
mSTAR† 0.929 0.799 0.765 0.778 +0.013 0.11 0.213 -0.13 95.4%
MUSK† 0.887 0.759 0.718 0.726 +0.008 0.10 0.248 -0.17 98.2%
Prov-GigaPath 0.925 0.821 0.728 0.753 +0.025 0.10 0.249 -0.14 92.6%
UNI 0.928 0.833 0.729 0.744 +0.015 0.09 0.243 -0.12 92.4%
Phikon† 0.913 0.884 0.600 0.604 +0.004 0.06 0.360 -0.22 81.8%
GPFM† 0.899 0.844 0.645 0.643 −0.002 0.06 0.318 -0.18 94.9%
Hibou-B 0.909 0.871 0.607 0.605 −0.002 0.06 0.361 -0.22 86.1%
Hibou-L 0.904 0.889 0.559 0.528 −0.031 0.05 0.422 -0.38 78.5%
Phikon-v2† 0.918 0.890 0.587 0.588 +0.001 0.05 0.382 -0.22 81.6%
Prost40M† 0.839 0.850 0.508 0.500 −0.008 0.01 0.463 -0.34 92.5%
DINOv2-B 0.802 0.706 0.612 0.604 −0.008 0.04 0.350 -0.16 99.9%

Table 13: Representation robustness on TCGA-2x2. Pooled results for 20 tile-level pathology
foundation models, ordered by CRoMa (m=5), with the natural-image control DINOv2-B shown
separately beneath. All models are evaluated at the shared operating point k=61, the dataset
median of the per-model biological k⋆. Columns: biological and confounder k-NN balanced accuracy
(bio bacc and conf bacc; confounder: medical centre); pooled RI and MaRI; ∆=MaRI− RI; median
CRoMa; F (0), the fraction with CRoMa < 0; LTM10, the mean of the lowest decile; and support, the
fraction of samples effectively contributing to RI/MaRI. Bold denotes the best value in each score
column (conf bacc and ∆ are diagnostics). † marks the 9 TCGA-exposed encoders (Table 2).

−1.0 −0.5 0.0 0.5 1.0

Per-sample CRoMa

PRISM

MOOZY

TITAN

Prov-GigaPath

Per-sample CRoMa distributions
sorted by CRoMa; shaded: CRoMa < 0 (confounder-dominant)

Figure 17: CRoMa distributions on PCaBiop. Ridgeline distributions for the 4 slide-level en-
coders on PCaBiop, ordered by pooled median. The dashed line denotes CRoMa = 0; shading
denotes CRoMa < 0. Per-model F (0) and LTM10 are reported in Table 14.
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posed the six grades into all
(
6
2

)
= 15 grade-center pairs. Crossing each pair with the two center

yielded a balanced quartets of 1,000 slides, with 250 SO and 250 OS candidates available to every
anchor. RI and MaRI pooled typed-neighbour evidence across occurrences. To weight each grade
contrast equally, the headline CRoMa was the median of the 15 pair-specific medians. F (0) and
LTM10 retained their occurrence-level interpretations and were computed over all occurrence-level
margins, with m = 5 throughout. PCaBiop is a matched 1,000-slide subset of the broader 3,000-
slide PCaBiop-ISUP cohort. It contains both complete grade-0 cells as the benign class and, for
the cancer class, 250 slides total per provider sampled across grades 1–5. The analyses differ in
label resolution, sample composition and evaluation design. They therefore provide related, but
not independent, evidence.

On PCaBiop-ISUP, the medical center remained near-perfectly decodable across the four encoders
(confounder balanced accuracy, 0.990–1), and every encoder had a negative median CRoMa (Ta-
ble 14). MOOZY combined the highest biological balanced accuracy (0.934) with the least negative
median margin (−0.09). PRISM, however, had a slightly lower failure prevalence than MOOZY (65.1%
versus 67.5%), again distinguishing median robustness from the prevalence of confounder-dominant
occurrences. Because PCaBiop-ISUP also differs from binary PCaBiop in sample composition and
evaluation design, the shift towards negative margins cannot be attributed to label granularity
alone. Moreover, PANDA contributed to MOOZY’s pretraining corpus (Table 2): its relative advan-
tage should therefore be interpreted in light of potential pretraining–evaluation overlap.

PCaBiop-ISUP

prostate · slide · paired protocol

250 250ISUP 0

250 250ISUP 1

250 250ISUP 2

250 250ISUP 3

250 250ISUP 4

250 250ISUP 5

KI RUMC

→ 15 grade-pair
quartets

Figure 18: PCaBiop-ISUP is balanced across ISUP grade and contributing centre. Rows
denote ISUP grade groups (grade 0 is benign, grades 1–5 increasingly aggressive prostate cancer)
and columns the acquisition centre. Cells show the evaluated biopsies per ISUP grade×centre
combination: 250 slides in each of the 6× 2 cells, for 3,000 slides in total.
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(a) Cancer detection
Model k⋆ bio bacc conf bacc RI MaRI CRoMa F (0) LTM10 support
PRISM 3 0.968 0.992 0.281 0.195 0.26 0.288 -0.39 10.1%
MOOZY 9 0.971 0.999 0.236 0.181 -0.02 0.535 -0.41 24.3%
TITAN 9 0.915 1.000 0.015 0.001 -0.30 0.895 -0.60 49.1%
Prov-GigaPath 3 0.716 0.995 0.014 0.003 -0.41 0.990 -0.59 63.9%

(b) ISUP grading
Model k⋆ bio bacc conf bacc RI MaRI CRoMa F (0) LTM10 support
MOOZY 11 0.934 0.999 0.077 0.053 -0.09 0.675 -0.45 45.3%
PRISM 3 0.858 0.990 0.063 0.039 -0.14 0.651 -0.51 33.4%
TITAN 1 0.804 1.000 0.001 0.000 -0.39 0.960 -0.61 19.6%
Prov-GigaPath 1 0.656 0.998 0.004 0.000 -0.47 0.993 -0.62 34.5%

Table 14: Robustness of slide-level representations on PCaBiop and PCaBiop-ISUP.
The four slide-level encoders are ordered within each panel by CRoMa (m=5). Biological balanced
accuracy (bio bacc) is reported at the model-specific, biologically selected k⋆; confounder balanced
accuracy (conf bacc) is the maximum over the evaluated k grid. RI and MaRI are pooled at k⋆;
support is the fraction of samples contributing to these fixed-k scores. F (0) is the fraction with
CRoMa < 0, and LTM10 is the mean of the lowest decile. Bold denotes the most favourable value in
each score. a, Binary cancer detection on 1,000 slides. b, Six-class ISUP grading over 3,000 slides.
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